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Summary 
 

During the golden age of biochemistry from 1920s to 1960s, many of the metabolic 

pathways responsible for nutrient usage and energy production in humans and other organisms 

was defined. During this period, glycolysis, Krebs cycle, urea cycle, oxidative phosphorylation 

pathways and the role of ATP were uncovered. Research in this field lost momentum due to the 

rise of new cellular and molecular technologies in conjugation with an overall belief that most 

of the intermediary metabolism has already been unravelled. Interestingly, it was the ongoing 

exploration of cellular biology and diseases that propelled a renewed interest in cellular 

metabolism. Nowadays, metabolites and metabolic pathways have several functions ranging 

from homeostatic regulation, biosynthesis to fuel phenotypic changes and cellular functions. In 

addition, cellular metabolism is also becoming a promising therapeutic target of health 

conditions such as cancer. 

With this renewed interest in cellular metabolism, new technologies and methods are 

also being developed to infer on specific parts of cellular metabolism. Most metabolic probing 

methods are invasive, require large numbers of cells or are technically challenging requiring 

sample pre-processing. Two-photon fluorescence lifetime imaging microscopy is a technique 

which uses a lower number of cells, is non-invasive and is able to follow metabolic changes 

occurring in real-time. This microscopy technique uses cellular autofluorescence emission and 

fluorescence lifetime from NAD(P)H and FAD+ to determine the metabolic profile of cells, tissues 

and organoids.  

The overall goal of this thesis is to characterise the metabolic profile of human stem 

cells and macrophages using two photon fluorescence lifetime imaging microscopy (2P-FLIM) 

concomitant with advanced data and image analysis tools. The specific aims pursued to achieve 

this goal are: (i) modulate human stem cell metabolism using different flow velocities in a 

bioreactor and biochemically validate the spatial distribution of the metabolic profile; (ii) to 
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modulate human stem cell metabolism by promoting anaplerotic metabolic pathways to trigger 

higher levels of osteogenic differentiation, and (iii) to metabolically profile human macrophages 

using a series of metabolic chemical inhibitors in order to classify human macrophages 

polarisation state using machine learning models. 

In chapter 3 of this thesis, it is demonstrated that flow velocity in bioreactors can be 

tuned to modulate complex tissue environments such as the perivascular stem cell niche. Here 

it was observed that lower flow velocities can promote an oxygen gradient from the inlet to the 

outlet regions of the bioreactor due to cellular respiration. Due to this oxygen gradient, cellular 

metabolism is restricted and thus generates a metabolic gradient from oxidative 

phosphorylation to glycolysis from the inlet to the outlet regions.  In chapter 4, osteogenic 

differentiation of human stem cells promoted by osteogenic media was profiled using 2P-FLIM. 

It was observed that osteogenic-differentiated stem cells rely on oxidative phosphorylation and 

anaplerotic pathways as a source of energy and metabolite supply to fuel biosynthetic 

pathways. By adding lactate as an extracellular metabolite, osteogenic differentiation was 

upregulated, concomitant with higher dependence on anabolic pathways such as 

glutaminolysis. Chapter 5 details human macrophages classification using machine learning 

methods trained on 2P-FLIM extracted fluorescence variables. By using 2P-FLIM, fluorescence 

lifetime variables were measured during on-going inhibition of metabolic pathways of polarised 

human macrophages using metabolic enzyme chemical inhibitors. In addition, based on 2P-FLIM 

predictors, machine learning models were trained and used to classify human macrophages 

based on its polarisation state. High classification efficiency was achieved for full field-of-view 

images. This methodology was also applied to classify single-cell human macrophages. 

Overall, the results of this thesis shows that 2P-FLIM is a powerful non-invasive tool to 

explore cellular metabolism. Taking in account the metabolic profile of the cells imaged with 2P-

FLIM, it is possible to tailor cellular metabolism by adding metabolites, inhibitors or controlling 
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flow velocities in bioreactors.  In addition, 2P-FLIM allows real-time continuous monitoring of 

cellular metabolism during cell culture in cells, tissues or organoids due to its non-invasive 

features. This allows long term undisturbed probing of cellular metabolism during longer 

periods of cell culture. Furthermore, 2P-FLIM fluorescence lifetime variables can then be used 

as predictors for machine learning algorithms. 
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Figure 3.3 - Velocity profile, shear stress and oxygen tension inside the perivascular NOC. (A) 

Predicted average flow velocities and wall shear stress as function of the input flowrate. (B) 

Colour map of the flow velocity and wall shear stress distribution in proximity of the cell culture 

surface area at an inlet flowrate of 5 µL min-1. Colour map in top view.  (Scale bar: 1mm.) (C) 

Prediction of the oxygen tension depletion at a cell density of 8.3 x 104 cells cm-2 (corresponding 

to 96 hours of culture) as function of the distance from the inlet and the input flowrate. (D) 

Computed Pe number as a function of flowrate considering an oxygen particle at the middle 

height of the chamber (characteristic length L: 250 µm) in correspondence of the max velocity 

fillet on a section at 3 mm distance from the inlet. .................................................................. 103 

Figure 3.4 - (A) Colour maps of the single cell oxygen uptake rate spatial gradient at 0.5 µL min-

1 (top) and 5 µL min-1 (bottom) at a cell density of 8.3 x 104 cells cm-2 (corresponding to 96 hours 

of culture). Colour maps in top view. (Scale bar: 1 mm.) (B) Prediction of the oxygen tension 

depletion at a flowrate of 5 µL min-1 as function of the distance from the inlet and the cell density 

(i.e. the day of culture). ............................................................................................................ 104 

Figure 3.5 - Multiphoton quantitative intracellular oxygen imaging. (A) Representative images 

acquired at the inlet, middle and outlet areas for both SI-0.2+ and NAD(P)H channels and regions 

of interest (red) used for quantification. (B) Fluorescence intensity ratio of SI-0.2+ per NAD(P)H 

in the inlet, middle and outlet areas in three dynamic culture conditions (static (no flow), 0.5 µL 

min-1 and 0.5 µL min-1) (n=3). Statistical analysis performed using one-way ANOVA and p<0.05. 

(C) Intracellular calculated oxygen tension in the different MOAB areas in three dynamic culture 

conditions (static (no flow), 0.5 µL min-1 and 0.5 µL min-1) (n=3). One-way ANOVA was used to 

detect statistical differences with *p<0.05. .............................................................................. 106 

Figure 3.6 - (A) 2P-FLIM NAD(P)H imaging of hMSC cultured on the MOAB. Representative 

images of the areas imaged after 96 hours cell culture under 0.5 µL min-1 flow rate. (B) Average 

fluorescence lifetimes (τavg) calculated for the inlet, middle and outlet areas with n=4. One-way 

ANOVA was used to verify statistical difference with p<0.05. (C) Normalisation of middle and 

outlet τavg to inlet area of the MOAB at different flow rates. An unpaired t-test was used to verify 

statistical difference with p<0.05. (D) Protein-bound NAD(P)H fluorescence lifetime (τ1) 

obtained with n=4 and no statistical difference between groups, verified by One-way ANOVA. 

(E) Heat map of z scores (normalized according to the mean of the MOAB chamber) of NADPH 

autofluorescence imaging parameters of hMSCs after 96 hours of perfused culture at 0.5 µL min-

1 and 5 µL min-1 flow rates. Each row is a single cell. The data were clustered according the three 

areas: inlet, middle and outlet. ................................................................................................. 108 

Figure 3.7 - Metabolic Validation of flow on hMSCs using 2-NBDG and TMRM. (A) Representative 

multiphoton images acquired at different areas of the MOAB at 0.5μl min-1 using 2-NBDG and 

TMRM, scale bar = 100μm. (B) Fluorescence intensity of 2-NBDG. (C) Fluorescence intensity of 

TMRM. (D, E) Aspect Ratio and Eccentricity calculated of mitochondria staining of TMRM. Paired 

one-way ANOVA was used to determine statistical significance with *p<0.05. ...................... 112 

Figure 3.8 – Cell profiler segmentation and quantification analysis of TMRM staining. (A) Raw 

image before any processing. (B) De-noising plugin effect on raw image. (C) Zoom-in section 

highlighted by red-box, showing individual and connected mitochondria. (D) Segmentation 

color-coding of mithocondria. .................................................................................................. 113 

Figure 4.1 – Experimental Design. SL- sodium lactate; BPTES - Bis-2-(5-phenylacetamido-1,3,4-

thiadiazol-2-yl)ethyl sulphide; α-CHC - α-Cyano-4-hydroxycinnamic. Image created using 

Biorender® ................................................................................................................................ 138 

Figure 4.2 - Validation of osteogenic differentiation of hMSCs incubated in Osteo + or Xpan cell 

culture medium for 14 days. A) Alizarin red staining of hMSCs after 14 days in contact with Osteo 

+ or Xpan medium. B) hMSCs gene expression of osteogenic markers after 14 days of cell culture. 
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C) Z-score heatmap of hMSCs gene expression of osteogenic gene markers after 14 days of cell 

culture. D) PCA distribution and  of hMSCs osteogenic gene expression after 14 days of cell 

culture. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3 ........ 147 

Figure 4.3 - Metabolic profiling of hMSCs incubated in Osteo + or Xpan cell culture medium for 

14 days. A) 2P-FLIM imaging of hMSCs at day 0, 3, 7 and 14 of cell culture incubation. B) NAD(P)H 

τavg measurement of hMSCs at day 0, 3, 7 and 14 of cell culture. C) NAD(P)H protein-bound 

lifetime τ1 at day 0, 3, 7 and 14 of cell culture. D) Optical Redox Ratio (ORR) of hMSCs at day 0, 

3, 7 and 14 of incubation in cell culture medium. E) UMAP distribution of 2P-FLIM NAD(P)H and 

FAD+ fluorescence lifetimes and intensity. F) PCA distribution of 2P-FLIM NAD(P)H and FAD+ 

fluorescence lifetimes and intensity. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-

value≤0.0001 N≥3 ..................................................................................................................... 148 

Figure 4.4 - Extracellular metabolite consumption rates of hMSCs incubated in Osteo + or Xpan 

cell culture medium for 14 days. A) hMSCs glucose consumption at day 2, 5, 8 and 11 of cell 

culture. B) Lactate secretion at day 2, 5, 8 and 11 of cell culture. C) hMSCs glutamine 

consumption at day 2, 5, 8 and 11 of cell culture. #no glutamine consumption, *p-value≤0.05, 

**p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3. .............................................. 149 

Figure 4.5 - Impact of lactate supplementation of osteogenic differentiation media. A) Alizarin 

red staining of hMSCs after 14 days in contact with Osteo +, Osteo + Lact or Xpan medium. B) 

Quantification of Alizarin red staining per amount of DNA after 14 days of hMSCs in Xpan, Osteo 

+ and Osteo + Lact conditions. C) hMSCs gene expression of osteogenic markers after 14 days of 

cell culture. D) PCA distribution of hMSCs osteogenic gene expression after 14 days of cell 

culture. E) Z-score heatmap of hMSCs gene expression of osteogenic gene markers after 14 days 

of cell culture. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3

 ................................................................................................................................................... 151 

Figure 4.6 - 2P-FLIM measurement of lactate supplementation impact on hMSCs metabolism. A) 

2P-FLIM imaging of hMSCs at day 14 of cell culture incubation. B) Optical Redox Ratio (ORR) of 

hMSCs at day 0, 3, 7 and 14 of incubation in cell culture medium. C) NAD(P)H protein-bound 

lifetime τ1 at day 14 of cell culture. D) UMAP distribution of 2P-FLIM NAD(P)H and FAD+ 

fluorescence lifetimes and intensity. E) PCA distribution of 2P-FLIM NAD(P)H and FAD+ 

fluorescence lifetimes and intensity. J) hMSCs glucose consumption at day 2, 5, 8 and 11 of cell 

culture. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3 ........ 153 

Figure 4.7 - Extracellular metabolite quantification of hMSCs after 14 days in cell culture. A) 

hMSCs glucose consumption at day 2, 5, 8 and 11 of cell culture. B) Lactate secretion at day 2, 

5, 8 and 11 of cell culture. C) hMSCs glutamine consumption at day 2, 5, 8 and 11 of cell culture. 

#no glutamine consumption, *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-

value≤0.0001 N≥3 ..................................................................................................................... 154 

Figure 4.8 - Impact of lactate supplementation of osteogenic differentiation media on the 

expression of metabolic genes. A) hMSCs relative fold variation of glutaminolysis genes. B) Z-

score heatmap of genes expression related with glutaminolysis. C) hMSCs relative fold variation 

of poly-hydrolases genes. D) Z-score heatmap of genes expression of poly-hydrolases. E) hMSCs 

relative fold variation of lactate transport and metabolism genes. F) Z-score heatmap of genes 

expression related with lactate transport and metabolism G) PCA distributions of cell culture 

conditions at day 14 based on glutaminolysis, lactate metabolism and poly-hydrolase gene 

expression. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3 .. 156 

Figure 4.9 - Inhibition of osteogenic differentiation using osteogenic medium supplemented 

with BPTES or α-CHC during 14 days of cell culture. A) Schematic detailing the inhibition target. 

B) Alizarin red staining of hMSCs after 14 days in contact with Osteo +, Osteo + Lact, α-CHC or 

BPTES supplemented osteogenic medium, Osteo + medium without glutamine (No Glu) or Xpan 
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OxPhos Oxidative phosphorylation 

PCL Polycaprolactone 

PCA Principal component analysis 

PCR Polymerase chain reaction 

Pen/Strep Penicillin and streptomycin 

PLIM 
Phosphorescence lifetime imaging 
microscopy 

PMT Photomultiplier tube 

PPP Pentose phosphate pathway 

ps Picosecond 

qPCR Quantitative PCR 
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1.1. Research motivation 
 

Ongoing cell biology and disease research has recently renewed an interest in cellular 

metabolism [1]. Cellular metabolism is no longer a self-regulating network of biochemical 

reactions independent detached other biological processes. Instead, metabolism impacts and 

regulates almost every cellular process [2]. As a consequence, fundamental steps of energy 

metabolism are highly conserved throughout species, cell type and complexity of the organism 

of study [3]. 

The proper functioning of metabolic pathways that are involved in the sensing and 

management of nutrients is essential to metabolic homeostasis and its fundamental 

requirements for survival. Stem cells and macrophages are dependent on cellular metabolism 

for cellular division and differentiation or immune responses, polarisation and pathogen-

sensing, respectively. In addition, these processes are evolutionarily conserved [4, 5]. However, 

cellular metabolism is not limited to be a scientific field used to understand complex cellular 

and systemic functions. With the growth of the immunometabolism field and the altered 

metabolic pathways responsible for a wide variety of diseases, cellular metabolism has also 

become an important target of therapeutics [6, 7] 

Cancer, diabetes and autoimmune complications can be traced to impaired metabolic 

pathways [8-10]. In 2020 alone, around 20 million people have been diagnosed with cancer and 

10 million registered deaths due to cancer [11]. In addition, it is estimated that more than 24 

million people have an auto-immune disease in the United States of America alone and, the 

incidence rate of auto-immune diseases is increasing in Europe by 3-7% each year [12, 13]. 

Therefore, there is a need to progress research in these areas to develop new methods of 

treatment and diagnosis. Disease-oriented metabolic research interest is high and since it 

pervades every area of cellular biology there is a huge potential as a therapeutic target.  
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Cancer research has described various metabolic alteration events that enable cancer 

cells to proliferate and survive, suggesting that metabolic pathways are a good target for 

therapeutics [6]. Pharmaceutical components such as phloretin and lonidamine target in 

tumour cells glucose transport across plasma membranes and inhibit hexokinase activity, 

respectively, with both chemical components showings promising results in treating cancer in 

preclinical and clinical patient tissues [14-16]. In addition, pharmaceutical compounds that 

modulate cellular metabolism can be used to increase sensitivity to clinical tumour treatments 

such as radiotherapy one such example being metformin, an antidiabetic drug used to treat type 

II diabetes whereby the combination of metformin with radiotherapy increased tumour cell 

apoptosis and limited tumour growth in oesophageal, lung and colorectal cancer [17-19] 

1.2. Role of metabolism in human stem cells and immunology 

 

Human mesenchymal stem cells (hMSCs) are one cell type with self-renewing and 

multipotent capabilities [20]. In the biomedical and tissue engineering fields, hMSCs are widely 

used for their potential to generate differentiated cells in the adipogenic, osteogenic and 

chondrogenic lineages [21]. 

The differentiation process of hMSCs encompasses phenotypic and biochemical 

changes. These changes are related with an arrest of cell cycle, protein, fatty acids and 

nucleotide synthesis. In addition, there are metabolic changes that occur to be able to trigger 

and sustain the differentiation process [4, 22]. Albeit being a less efficient source of ATP, hMSCs 

rely on glycolysis to be able to keep up with the cellular division process by producing more 

metabolic precursors needed for cell division [4]. After stem cell maturation, osteogenic and 

adipogenic differentiated stems cells are reliant on oxidative phosphorylation as a main 

metabolic pathway, albeit oxidative phosphorylation dependence is not clear for chondrogenic 

differentiation.  [23-25]. Interestingly, induced pluripotent stem cells (iPSCs) have their cellular 

metabolism revert back to glycolysis upon cellular reprogramming. This shift in cellular 
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metabolism from oxidative phosphorylation when cells are mature to glycolysis when cells re-

acquire pluripotency demonstrates that cellular metabolic rewiring is an important feature in 

both hMSCs and iPSCs [26]. 

Within the field of immunology there has been a renewed on the interest in cellular 

metabolism due to the rise in the field of immunometabolism. Several studies regarding the 

metabolism of immune cells has demonstrated that immune cells functions such as pathogen-

related activation and inflammatory or anti-inflammatory responses, are directly correlated 

with changes in metabolic pathways [27-29]. 

One particular immune cell where cellular metabolism is strongly linked to cellular 

phenotype and function is the macrophage. Macrophages adapt their immunologic function and 

behaviour in response to intrinsic or extrinsic stimuli such as tissue environment shifts, 

cytokines, growth factors, fatty acids, prostaglandins and pathogen-derived molecules [30]. 

Initially, this macrophage adaptation of function was defined as two polar opposites: M1 

macrophages as having a pro-inflammatory phenotype; M2 considered as anti-inflammatory 

macrophages [31, 32]. However, studies using human macrophages have shown that the 

polarisation route and associated phenotypic changes of macrophages are not restricted to only 

two phenotypes [33, 34].   

Macrophages are known to be the first line of defence of the innate immune system. 

M1 macrophage polarisation occurs in an inflammatory environment characterised by increased 

signalling of Toll-like receptors (TLR) and interferon (IFN). M1-like macrophages have high levels 

of phagocytic activity, can promote acute inflammatory response by producing pro-

inflammatory cytokines and chemokines which induce T-cell response activation and facilitate 

further phagocytosis [35, 36]. M1-like macrophages are also characterised by elevated antigen 

presentation capacity and, microorganism and matrix debris phagocytosis in the early stages of 

healing [30, 37]. Furthermore, M1-like macrophages are the dominant infiltrating cells that 
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respond to biomaterial implantation[38]. During such an event, macrophages respond by 

triggering an inflammatory response. Depending on the size of the implanted biomaterials, 

macrophages can phagocytize the biomaterial particles or form foreign body giant cells (FBGCs) 

at the biomaterial-tissue interface [39]. In addition, macrophage response to biomaterials is also 

dependent on the biodegradability and surface chemistry of the implant. Degradable 

biomaterials are eroded by extracellular resorption, with or without the involvement of FBGCs 

and phagocytosed within phagosomes. After total resorption of the biomaterial, any associated 

inflammation is resolved. For non-degradable biomaterials, macrophages continue to infiltrate 

the tissue and fuse into FBGCs, remaining on the interface of the implanted biomaterials [40]. 

M1-like macrophages activity takes place in hours or day and therefore require rapid energy 

and reducing molecules required for bacterial activity. Glycolysis is therefore induced upon 

macrophage activation towards a M1-state to achieve rapidly high levels of energy.  

M2-like macrophages have a role in the resolution phase of the inflammatory response. 

Here, M2-like macrophages damp the inflammation processes and promote tissue repair by 

stimulating angiogenesis and tissue remodelling, due to the release of molecules such as 

endothelial growth factor, TGF-β or fibroblast growth factor [37, 41]. M2-like macrophages due 

to their prolonged role on tissue repair, require a long-term sustained energy supply. Oxidative 

phosphorylation pathway is upregulated in M2-macrophages since it provides longer and stable 

amounts of energy. Interestingly, forcing glycolysis in M2-macrophages drives the macrophage 

into a M1-like state. Additionally, forcing oxidative phosphorylation in a M1-macrophage drives 

the macrophage into a M2-like state [42, 43] 

For both stem cell biology and immunology fields there is a clear anchor in cellular 

metabolism in which metabolic shifts occur to meet the energetic and biosynthetic demands of 

cell maturation, phenotype activation or cellular function [27, 44]. Therefore, there is a huge 

interest in exploring cellular metabolism in order to fully understand cellular and molecular 
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processes underpinning cellular biology. This interest is also extended to biomedical research 

and medical research for prevention, detection and treatment of ailments [45, 46]. 

Furthermore, research in cellular metabolism opens the possibility for metabolic engineering in 

which cellular metabolism can be tailored based on metabolic chemical inhibitors or 

extracellular metabolites to modulate cellular metabolism and cellular function [47]. 

For this thesis, two-photon lifetime imaging microscopy (2P-FLIM) was used to probe 

cellular metabolism in a non-invasive manner. 2P-FLIM can map and quantify cellular 

autofluorescence emitted by metabolic co-factors such as nicotinamide adenine dinucleotide 

(NAD(P)H) and flavin adenine dinucleotide (FAD+); which can be used to infer a dominating state 

of oxidative phosphorylation or glycolysis. In addition, 2P-FLIM as a microscopy technique 

complements cellular imaging with spatial resolution. The spatial resolution of 2P-FLIM opens 

the possibility to image different regions of biological samples as well as within different areas 

of a bioreactor. Furthermore, using 2P-FLIM provides the opportunity to measure cellular 

metabolic responses to treatments or metabolic inhibitors in real-time. 2P-FLIM will allow to 

determine the metabolic profile of stem cells and macrophages in response to cell culture 

environmental modifications and chemically-induced treatments as well to measure 2P-FLIM 

fluorescence variables for use in advanced data analysis methods such as predictors for machine 

learning models.  

1.3. 2P-FLIM as a tool for metabolic profiling 

 

Two-photon fluorescence lifetime imaging microscopy (2P-FLIM) is a technique which 

measures and maps the lifetime property of fluorescence emission. The lifetime of the 

fluorescence emission is the time it takes for an excited fluorescence molecule to emit 

fluorescence and return to the ground state [48]. 2P-FLIM encompasses the use of multiphoton 

excitation which reduces photobleaching, photodamage and increase tissue penetration when 

compared with single-photon lasers [49]. 
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2P-FLIM has been mostly used in autofluorescence molecular imaging to study cellular 

metabolism [50]. This technique has gained track due to its high sensitivity to evaluate the 

molecular environment and shifts of molecular conformation of fluorescent molecules. 2P-FLIM 

of metabolic co-factors such as NAD(P)H and FAD+ provides unique observations of cellular 

metabolism in a non-destructive manner with spatiotemporal resolution [51, 52]. 2P-FLIM has 

been applied to several cell types, tissues and 3D cell culture systems providing metabolic 

insights not observed with conventional metabolomics techniques [51, 53-55]. 2P-FLIM of 

NAD(P)H discerns between the fraction of protein-bound NAD(P)H and free NAD(P)H. The 

interaction of metabolic enzymes with NAD(P)H promotes a conformational change in the 

NAD(P)H molecule which results in longer fluorescence lifetimes when compared with free 

NAD(P)H [52, 56]. It has been established that higher ratios of protein-bound NAD(P)H are 

associated with a higher metabolic reliance in oxidative phosphorylation as a source of energy. 

For lower protein-bound NAD(P)H ratios, there is a higher reliance in glycolysis [52]. In addition, 

the ratios and fluorescence lifetimes of NAD(P)H can be combined to calculate the average 

fluorescence lifetime. The average fluorescence lifetime allows for a quicker understanding of 

the metabolic profile being measured with 2P-FLIM [57]. Another parameter extracted from 2P-

FLIM measurements is the fluorescence intensity of NAD(P)H.  

The fluorescence intensity of NAD(P)H has been shown to correlate with the cellular 

concentration of NAD(P)H however fluorescence intensity does not provide information 

regarding the conformational changes of NAD(P)H and therefore is a more limited approach to 

study cellular metabolism [58, 59]. However, to overcome the limitations of fluorescence 

intensity measurements of NAD(P)H, the fluorescence intensity of NAD(P)H and the 

fluorescence intensity of FAD+ can be combined to calculate the optical redox ratio (ORR) [60, 

61]. There are multiple applications of this parameter and some studies utilise different 

equations to calculate the ORR values [61-63]. Therefore, interpretation of ORR results is not 

always straightforward and highly depends on the mathematical equation being applied to the 
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experimental data. Throughout this thesis, ORR will be calculated used a ratio of FAD+ 

fluorescence intensity divided by NAD(P)H fluorescence intensity. When higher values of ORR 

are measured, there is a decrease in the concentration of NAD(P)H and/or a higher 

concentration of FAD+. Therefore, higher ORR values can be associated with a higher activity of 

the electron transport chain or NAD(P)H consuming pathways such as the late stage of 

glycolysis. Whereas, smaller values of ORR are associated with higher Krebs cycle activity or 

NAD(P)H regenerating pathways such as the early stage of glycolysis [64]. However, any 

metabolic pathway utilising either NAD(P)H and FAD+ as a metabolic co-factor can impact the 

ORR ratios. 

2P-FLIM microscopy technique generates a large number of variables. Fluorescence 

lifetime, fluorescence intensity, average fluorescence lifetime and ORR are variables collected 

using only 2P-FLIM. When analysing 2P-FLIM data, all of these variables can be used to 

characterise metabolically a sample or a response to a microenvironmental cues or treatments. 

To fully analyse 2P-FLIM data without compromising trends or significance between variables, 

there is a need to use multivariate statistical analysis methods. These multivariate analysis 

methods such as principal component analysis (PCA) or uniform manifold approximation and 

projection (UMAP) reduce the dimensionality of the data to allow for a quicker visual analysis 

and identification of experimental trends [65, 66] . The use of PCA and UMAP has been establish 

for life sciences and biomedical research with the increase of large datasets generated by 

experimental “omics” setups such as genomics, transcriptomics and metabolomics [67-69].  In 

addition, 2P-FLIM variables can analysed using supervised advanced statistical such as machine 

learning [70]. During the machine learning approach, a subset of 2P-FLIM data, established as a 

training dataset, is used to train a machine learning model such as random forests [71]. After 

training and tuning the machine learning model, this model can be used as a tool to classify 2P-

FLIM experimental groups or predict trends. In particular, random forests allows to determine 

the feature importance of each 2P-FLIM variable used to train the initial random forest model 
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[72, 73]. By determining the feature importance using random forests models, it is possibly to 

uncover or highlight a metabolic shift by understanding the importance of a single 2P-FLIM 

variability for classification of an experimental group. 

1.4. Objectives 

 

The fundamental goal of this thesis is to experimentally expand the repertoire of 

information acquired by 2P-FLIM and subsequent methods of analysis such as machine learning. 

In addition, another goal is to showcase the usage of 2P-FLIM as a non-invasive spatiotemporal 

tool to probe cellular metabolism of stem cell growth, differentiation and polarisation of 

immune cells (Figure 1.1). 2P-FLIM will be used to metabolically characterise cells during various 

experimental conditions and in response to metabolic modulators. Furthermore, metabolic 

shifts measured with 2P-FLIM will be validated using biochemical assays such as quantification 

of glucose uptake and consumption, mitochondrial morphology, mitochondrial membrane 

potential, extracellular metabolite secretion and uptake and qPCR of metabolic-related genes. 

Furthermore, machine learning approaches such as random forests are used to both classify and 

infer on the metabolic properties of cells as well to identify the importance of each relative 2P-

FLIM variable. 

These studies enable the characterisation of cellular metabolic profiles in response to 

environmental conditions and during cell behaviour. In the 1st study, there is a modulation of 

cellular metabolism from oxidative phosphorylation towards glycolysis due to decreased 

availability of oxygen and nutrients, quantified using 2P-FLIM. For the 2nd and 3rd study, cellular 

differentiation and polarisation dictated shifts in cellular metabolism. During these studies, 

metabolic changes were measured using 2P-FLIM and validated using biochemical assays. In 

addition, these studies will uncover new approaches of the 2P-FLIM technique to probe cellular 

metabolism and cellular behaviour whilst applying novel data analysis techniques such as 2P-

FLIM integration with machine learning models. 
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Specific Aim 1: Use 2P-FLIM to probe cellular metabolism non-invasively and in real-

time within a miniaturised bioreactor chamber while tuning hMSCs metabolism to achieve an 

oxygen and a metabolic gradient using different flow velocities, validated using standard 

fluorescence staining. 

Specific Aim 2: Unravelling the time-dependence of stem cell differentiation and link 

metabolic pathways used during osteogenesis using 2P-FLIM. Then using this information to 

metabolically promote osteogenic differentiation, uncovering a potential therapeutic or 

metabolic trigger of hMSCs osteogenic differentiation. 

Specific Aim 3: Evaluate the metabolic profile of human macrophage polarisation 

towards M1-like and M2-like state using 2P-FLIM. Use 2P-FLIM data to train random forests 

models for classification of human macrophages polarisation in both full field-of-view and single 

cell approach. 
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Figure 1.1 - Graphic summary of research objectives 
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2.1. Introduction 

Since its development in the 16th century by Hans and Zacharias Janseen, microscopy 

rapidly found applications in imaging, and soon works by Robert Hooke and Anton van 

Leeuwenhoek were published describing the first visualization of cells [1]. Nowadays, 

microscopic imaging remains a steadfast tool in the life sciences with microscopy techniques 

routinely applied in the biosciences and tissue engineering research fields. Transmission light, 

confocal and fluorescence microscopy are the most commonly used microscopic techniques for 

cell identification, analysis and evaluation of cell response to chemical and mechanical stimuli. 

However, transmission light microscopy gives generic detail of cell responses and is 

predominantly employed to evaluate cell division and proliferation [2]. Confocal and 

fluorescence microscopy often require cell or tissue staining using external fluorophores, either 

alone or bound to antibodies; rendering it an invasive technique as stained cells are not usually 

compatible for further assays [3]. The use of invasive techniques can require pre-treatments or 

fixation regimes which affect cell and tissue physiology, and protein conformation; rendering it 

a destructive end-point technique [4]. Such necessities have generated an increasing demand 

for non-invasive methods of fluorescence microscopy in order to diagnose diseases and 

optimize tissue engineering approaches [5]. The use of non-invasive fluorescent-based 

microscopic techniques can allow real-time analysis of living cells without the requirement cell 

fixation, reducing sample manipulation and interference; while decreasing costs. This literature 

review will discuss emerging non-invasive fluorescent-based imaging technologies in particular 

multiphoton microscopy (MPM) and its applications in fluorescence lifetime imaging 

microscopy (FLIM) for evaluation of cell and tissue behavior. These applications enable high-

resolution in vitro, in situ and in vivo imaging of cells in intact and engineered tissues. Uncovering 

the full potential of non-invasive imaging can provide more accurate results and reduce sample 

manipulation, while avoiding the pitfalls of complex and invasive staining protocols.  
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2.2. Principle of fluorescence 

The interaction of light with matter is underpinned by quantum theory which is the basis 

of most microscopy techniques. Due to the higher mass of protons and their strong 

electromagnetic interaction in the nucleus of an atom, light interacts preferably with electrons, 

characterized by their lower mass; existing at the periphery of atoms. The electron of an atom 

or molecule can absorb the energy of an incident photon of light, promoting a transition to a 

higher energy state – this energy transfer process is called absorption. The energy associated 

with a photon is described by the Einstein-Planck equation (1), with h being Planck’s constant, c 

the speed of light and λ the photon wavelength. The energy gap that the electron must 

overcome in order to jump to the increasing energy state depends on the position of the 

electron, the atom, and the molecular structure of a compound. This is the basis of all 

fluorescence microscopy, whereby excitation light of a defined wavelength generates 

fluorescence emission from an excited fluorophore at an emission wavelength. 

𝐸 =  
ℎ𝑐

𝜆
 

Equation 2.1 – Einstein-Planck Equation 

Prior to the 1930’s a belief was held that this quantic jump could only occur if the energy 

of the photon is equal or above the energy gap of the electron transition [6]. In 1931 this dogma 

was revised. Marie Goeppert-Mayer described an alternative process in her doctoral 

Figure 2.1 - Energy transitions due to light absorption. This transition occurs from ground-state (S0) to a 

higher energy state (S1) and can be promoted by a) one-photon, b) two-photon or c) three-photon 

excitation. 
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dissertation which hypothesized that in specific conditions, such an excitation process could be 

achieved in two-steps [7]. Specifically, two photons whose combined energy would be equal or 

higher to the energy gap could be enough to achieve an electronic transition. According to 

quantum mechanics, a single photon excites the molecule to a virtual intermediate state that 

by recombination with a second photon brings the molecule to the final excited state and higher 

energy level. Only in 1961 was this process first confirmed by Wolfgang Kaiser using a CaF2:Eu2+ 

crystal laser [8]. This quantum process is the basis of MPM (Figure 2.1). 

2.3. Multiphoton microscopy (MPM) 

MPM can be modelled further in a time-dependent Schrödinger equation in which the 

hamiltonian contains an electric dipole moment𝐸⃗ 𝛾 ∙ 𝑟 , where 𝐸⃗ 𝛾 is the electric field vector of 

the photons and 𝑟  is the position operator. 𝜀𝛾 is the photonic energy associated with the electric 

field vector and 𝜀𝑚 is the energy difference between the state m and the ground state. The first 

order solution corresponds to the one-photon excitation and multiphoton transitions are 

represented by higher order solutions. Here, the transition probability between the molecular 

initial state|𝑖⟩, the virtual intermediate state |𝑚⟩ and the final state |𝑓⟩ is given by: 

𝑃~ |∑
⟨𝑓|𝐸⃗ 𝛾 ∙ 𝑟 |𝑚⟩⟨𝑚|𝐸⃗ 𝛾 ∙ 𝑟 |𝑖⟩

𝜀𝛾 − 𝜀𝑚
𝑚

|

2

 

Equation 2.2 – Transition probability equation. 

After excitation of a molecule, by a single or multiphoton approach to S1 energy level; 

the molecule undergoes internal conversion and reaches the lowest vibrational level of the S1 

state. From here the energy can be dispersed in a radiative or non-radiative way followed by a 

return to its ground state. A radiative decay is associated with light emission phenomena while 

non-radiative decay is related to the losing of energy by particle vibration and by heat.  
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Radiative decay can be decomposed further into fluorescence or phosphorescence 

processes. In detail, fluorescence is characterized by short decay time durations (picoseconds 

to nanoseconds) and occurs from S1 to S0 energy level (Figure 2.2). Phosphorescence has a 

longer decay time (micro- to milliseconds) due to intersystem crossing that the molecule must 

undergo to reach the energy state T1 and then convert back to S0.  

The radiative decays of an electron are dependent on the molecular structure, and its 

local environment such as solvent, pH and temperature. The rate of these decays is measured 

by quantum yields whereby a high fluorescence quantum yield results in a higher percentage of 

energy being released by light subsequently rendering a brighter emission and higher number 

of photons being radiated. The absorption and decay pathways that an electron or molecule can 

undergo are graphically represented in a Jabloski Diagram (Figure 2.2). 

In MPM the absorption step in the Jabloski diagram (Figure 2.2) is achieved using light 

amplification by stimulated emission of radiation (LASER). Wavelengths on the ultraviolet (UV), 

visible and near infrared (NIR) range are commonly used as excitation sources in microscopy. 

When going deeper inside of a sample, light scattering dominates the attenuation of light 

Figure 2.2 - Simplified Jabloski diagram. Higher vibrational levels are represented by thin lines. hνA/F/P 
is the energy associated to each photon described by Einstein-Planck's equation (1). h is related to the 
Planck’s constant and νA/F/P with the wave frequency of each transition process. 
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propagation. However, with the use of non-linear optical processes such as two-photon 

excitation, the effects of emission scattering are mitigated. In addition, longer wavelengths can 

be used which increase light penetration and reduce photobleaching due to the confinement of 

the excitation volume in a tissue due to the quantic nature of the multiphoton recombination. 

To accomplish this, intense ultrashort-pulsed lasers in the femtosecond range (~80-250 fs) are 

used [9, 10].  

Therefore, wavelengths applied in MPM have lower energies and less scattering of 

photons occurs when imaging deep inside biological tissues whilst less damage to the samples 

is produced in comparison to conventional confocal/fluorescence microscopy with higher 

photostability and higher laser penetration potential. 

2.4. FLIM microscopy 

Another advanced non-invasive imaging technology facilitated by multiphoton 

microscopy is Fluorescence Lifetime Imaging Microscopy: an advanced microscopy technique 

that generates an image based on the fluorescence intensity and on the spatial distribution of 

excited energy states lifetimes of an endogenous or exogenous molecule of interest on fresh or 

fixed cells, and tissue. FLIM microscopes are designed to measure lifetimes from the 

nanosecond to microsecond (μs-FLIM or PLIM) range. Within cells there are molecules present 

with chemical configurations which enable them to undergo fluorescence emission after 

excitation with a specific UV/Vis wavelength. These components have within their molecular 

structure an aromatic group and a high number of π-bonds which increases fluorescence 

quantum yield and the probability of emitting light of higher intensity [6]. The presence of 

fluorescent residues (tyrosine and tryptophan) in proteins is standardly measured in both 

enzymatic or biochemical assays for protein quantification. [11] 

Since the dawn of multiphoton technology, it has been possible to excite a cell’s 

endogenous fluorophores in order to obtain fluorescence light emission by means of low energy 
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wavelengths that avoid phototoxic properties characteristic of higher energy wavelengths [12]. 

This emission is normally designated as cell autofluorescence. The molecules responsible for the 

autofluorescence emission are aromatic amino acids (tryptophan, tyrosine), serotonin, lipo-

pigments (keratin, melanin), NAD(P)H and FAD (Table 2.1). In tissues, ECM molecules also 

contribute for the overall fluorescence of the sample mostly due to the presence of elastin and 

collagen and their high quantum yield which can be excited to perform SHG.  

As described previously the excitation of a fluorophore can be followed by emission of 

a photon and, depending on the radiative quantum yield of the fluorophore; this process can 

occur by fluorescence, phosphorescence or delayed fluorescence. The predominant emission 

phenomenon measured in FLIM is fluorescence. The fluorescence lifetime of a molecule is the 

time – normally pico- to nanoseconds – that a fluorophore remains in an excited state before 

decaying and emitting a photon. Therefore, fluorophores can be characterized not only by their 

excitation and emission spectra but also by their unique lifetime. Fluorescence lifetime can be 

described by Equation 2.3: 

𝐼𝑓 = α1𝑒𝑥𝑝
−𝑡

𝜏1  +α2𝑒𝑥𝑝
−𝑡

𝜏2  + … + α𝑛𝑒𝑥𝑝
−𝑡

𝜏𝑛  

Equation 2.3 – Fluorescence lifetime exponential decay 

where 𝐼𝑓(𝑡) is the fluorescence intensity at a given time t, 𝛼𝑛 is the fraction of the fluorophore 

that is responsible for a specific τn fluorescence lifetime. The fluorescence lifetime decay of a 

fluorophore can be decomposed in several fractions depending on the molecule and its 

environment – mono-exponential or multi-exponential decay. If the fluorophore has a mono-

exponential decay, 𝛼𝑛 value is 1 whereas in a multi-exponential decay the sum of the various 

fractions 𝛼n is 1.  

Fluorescence microscopy has been one of the most used tools in biological science and 

it is mostly based on the fluorescent intensity of the specific fluorophores being analyzed. This 
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technique is dependent on the light detection efficiency of the system and concentration of 

fluorophores and can result in variable levels of photobleaching and phototoxicity. Contrary to 

fluorescence microscopy, fluorescence lifetime is minimally affected by the aforementioned 

variables, although it is sensitive to fluorophore microenvironment such as changes in pH, 

temperature or presence of FRET donors/acceptors. Therefore, fluorescence lifetime 

measurements provide a more focused and profound analysis than measuring the fluorescence 

intensity [13-15] 

2.4.1. Frequency-Domain and Time-Domain FLIM 

 

Acquisition of FLIM data can be performed in the frequency- or time- domain. Briefly, 

in frequency-domain FLIM; a high frequency modulated laser is used to excite the specimen and 

the fluorescence lifetime is determined by the demodulation and phase shift of the fluorescence 

signal [16]. Consequently, it is possible to determine the lifetime τ, from the measured phase 

shift and from the decrease in modulation from the emitted fluorescence compared with the 

excitation pulse. This will originate two separated lifetimes: τω, lifetime calculated from the 

phase shift and τA, the lifetime obtained from the modulation difference. If the fluorophore has 

a mono-exponential decay, τω = τA. For the analysis of more complex fluorescence lifetime 

decay patterns, measurements can be repeated using multiple modulation frequencies [17]. To 

appropriately apply frequency-domain FLIM it is required to have a modulated light source and 

to be able to extract both the phase and modulation signal from the excitation light and emitted 

light. 

In time-domain FLIM, a short pulse of light is used to excite the sample after which the 

emitted fluorescence is measured in time resulting in curves described by equation 3 [18]. These 

measurements are acquired using a time correlated single photon counting (TCSPC) detector 

where after each excitation pulse, the arrival time of the first photon is monitored at a very high 

resolution [19]. A representative curve of the fluorescence lifetime decay is then obtained by 
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recording the arrival time of the large number of photons being emitted by the sample. This 

time-domain technique is dependent on the detection sensitivity of the TCSPC unit so to avoid 

bias toward photons with shorter lifetimes. Time-gated FLIM is another time-domain FLIM 

technique in which photons are collected at a fixed number in discrete intervals of time using a 

time-gated camera. The sample is excited with a short pulse of light and the emission light is 

measured at two (or more) intervals of time during the fluorescence decay opposite to the 

previous technique where all the photons during a decay are measured. This way, the acquired 

lifetime is independent of laser intensity fluctuations. Increasing the number of time-gates can 

provide more accurate results for multi-exponential decays [20]. 

FLIM measurements can be done in a non-spatially-resolved fluorescence spectroscopy 

by exciting a sample or solution in a cuvette [21]. Although, for biomedical and tissue 

engineering fields it is far more interesting to be able to use FLIM coupled with a microscope 

allowing morphological analysis, decomposition of complex samples by focusing the excitation 

volume or having the possibility to 3D reconstruct a sample. Therefore, FLIM has been 

connected to wide-field [22, 23], confocal [24, 25], multiphoton microscopes [26, 27] and light-

sheet microscopy [28, 29] 

Typically, the choice for the most adequate FLIM microscopy instrument are dependent 

on the specific application and spatial-time resolution besides financial consideration, 

equipment and expertise available. Most of FL/IM systems used in research have been custom-

built by their users. Still, there are some considerations to be made between the different FLIM 

systems: wide-field and confocal microscopy are limited to one-photon excitation while only 

confocal and multiphoton microscopy capable of performing 3D FLIM z-stacks. 
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2.4.2. Fluorescence lifetime imaging microscopy (FLIM) to monitor 

cellular metabolism 

 

All cells require a source of energy to maintain homeostasis and feed energy-consuming 

processes such as cytoskeletal dynamics, transcription, translation and DNA repair. Cell 

metabolism also provides the building blocks for production of nucleotides, phospholipids and 

amino acids [30]. Metabolism in cells has evolved to sense locally available nutrient required to 

supply the cell to fulfil their biomass needs. When nutrients are scarce, cells halt biomolecular 

precursor production (amino acids, nucleotides and acetyl-CoA) and adapt to extract maximum 

free energy from available resources to survive. Differences in metabolic pathways are dictated 

by distinct regulatory mechanisms that can control and adjust the cellular metabolism in 

differentiated and proliferative cells [31]. In most mammalian cells, glucose and glutamine are 

predominantly catabolized and used as sources of carbon, nitrogen and energy. The breakdown 

of glucose follows two major pathways: Glycolysis and Oxidative Phosphorylation (OxPhos) to 

ensure efficient production of functional biomolecules and adenonise 5’- triphosphate (ATP) 

which is the main component of cellular energy and as fuel for important homeostatic reactions 

happening in the cell (Figure 2.3). Glutamine undergoes glutaminolysis which generates 

biomolecules and helps fuel the Krebs cycle. [32, 33]. 
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Glycolysis is the starting point for the breakdown of glucose. It occurs in cell cytoplasm 

and culminates in the formation of pyruvate. From here, pyruvate is shuttled inside the 

mitochondria, aided by mitochondrial pyruvate carriers or, can be used as a substrate to 

produce lactate. In the mitochondria, the starting point of the OxPhos pathway; pyruvate is 

converted to acetyl-CoA which is used to feed the Krebs cycle by producing two electron carrier 

species (NADH and FADH2) and important biomolecules for lipid, amino acid and nucleotide 

synthesis, such as citrate, malate, oxaloacetate and α-ketoglutarate. Afterwards, both NADH 

and FADH2 react with enzymes on the electron transport chain (ETC), specifically, 

NADH:ubiquinone oxidoreductase (complex I) and succinate:ubiquinone reductase (complex II), 

respectively. Here, the passage of electrons between the different protein complexes releases 

energy which is stored as a proton gradient across the mitochondrial inner membrane ending 

Figure 2.3 –Overview of glycolysis and oxidative phosphorylation. OxPhos was divided in two major 
pathways: tricarboxylic acid cycle (TCA) and the electron transport chain (ETC). Major by-products of 
glycolysis and TCA are highlighted as well as a schematic for the ETC process. Figure was created with 
BioRender.com 
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in the formation of adenonise 5’- triphosphate (ATP) from adenosine 5’-diphosphate (ADP) at 

complex V or F1F0-ATPase. Overall, the OxPhos pathway yields 36 mol of ATP per mol of glucose 

consumed and, in addition; it produces CO2 and reactive oxygen species (ROS) while consuming 

O2 (Figure 2.3). In the cytoplasm, pyruvate conversion to lactate occurs without the 

consumption of O2 and with only 4 mol of ATP produced per mol of glucose consumed [31, 34-

36]. 

Glutamine is imported to the cell and used for the production of glucosamine (in 

conjugation with glucose), nucleotides and proteins. Furthermore, it undergoes glutaminolysis 

and is lysed by glutaminase into glutamate and ammonia. Glutamate is then imported into the 

mitochondria where glutamate dehydrogenase converts glutamate into α-ketoglutarate 

generating nicotinamide adenine dinucleotide phosphate (NADPH) while replenishing the Krebs 

cycle (Figure 2.3). The last step of glutamine metabolism makes it an anaplerotic pathway which 

can be used to feed oxidative phosphorylation if glucose concentration is low [32, 33]. 

Aside from the availability of nutrients in the microenvironment, cellular metabolism 

can also be affected by other intrinsic or extrinsic factors such as genetic mutations [37], 

viral/bacterial infection [38], hormone or cytokine response [39], cell density (inhibition by 

contact) [40] or chemical metabolic challengers [41]. Interestingly, cell metabolism can be more 

than just a response to a stimuli or a microenvironment condition. An emerging field, known as 

immunometabolism, has established a definitive relationship between immune cell function 

and metabolism. It is widely acknowledged that M1 polarized macrophages with pro-

inflammatory responses are glycolytic, whilst anti-inflammatory M2 activated macrophages are 

characterized by an oxidative phosphorylation dependent metabolism [42]. The relationship 

between immune cell function and metabolism is also observed in activated effector T-cells and 

activated natural killer (NK) cells [9]. Activated T-cells have a higher dependence on glycolysis 
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compared with naïve T-cells [43]. In addition, activated NK-cells are more reliant in both 

glycolysis and OxPhos when comparing compared with their resting state [44]. 

 In addition to immune cells, stem cells and differentiated cells possess distinct 

metabolic phenotypes. Stem cells are majorly glycolytic whereas their differentiated 

counterpart is more OxPhos. Remarkably, when pluripotency is induced, their metabolic 

features revert back to a glycolytic state present in native stem cells [45]. 

The coupling of FLIM measurements with multiphoton microscopy has opened a new 

modality to probe cellular metabolism in a non-invasive manner. Lakowicz et al. were the first 

to measure the fluorescence lifetime of free and protein-bound nicotinamide adenine 

dinucleotide (NADH) uncovering the potential of gauging this endogenous fluorophore and its 

impact on metabolism [46]. Since NADH has a single-photon excitation wavelength of 360 nm it 

requires powerful and cell damaging excitation sources. With the use of multiphoton 

microscopes this problem is resolved by exciting NADH with 740-760 nm and allowing in vitro 

and in vivo metabolic profiling [47-50]. Following this, Huang et al. reported fluorescence 

spectroscopy and multiphoton microscopy of both NADH and FAD which are spectrally distinct 

at 750 nm and 900 nm excitation wavelengths. In addition, it is possible to separate both light 

emitting species by their emission wavelength provided an adequate 410-490 nm bandpass 

filter for NADH and 510-560 nm bandpass filter for FAD [51]. 

With FLIM it is possible to uncover the role of these factors on the major cellular 

metabolic pathways (Figure 2.3). Therefore, FLIM microscopy opens a pathway for non-invasive 

metabolic imaging and analysis that allows deeper understanding of the connections between 

metabolism and cell function or phenotype, while enabling metabolic probing in real-time. 

Furthermore, it can unveil distinctive metabolic features present in diseases (eg. cancer), 

consequences of external and infer on their impact and improve treatments, immune cell 

function or stem cell differentiation while uncovering cell dependence on a specific metabolic 
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profile. Using a multiphoton microscope (MPM) coupled with a fluorescence lifetime imaging 

microscopy (FLIM) or phosphorescence lifetime imaging microscopy (PLIM) detector, it is 

possible to evaluate NADH and FAD [47, 52, 53], and O2 concentrations using exogenous probes 

[54] (Figure 2.4). An emerging application of such non-invasive microscopy is cell-specific 

metabolic analysis which has found application in tumor biology, immunology and organoid 

research fields [47, 55]. 

NADH fluorescence lifetime typically exhibits a double-exponential decay which is 

decomposed in a short lifetime related with free NADH in the cytoplasm, and a long lifetime 

reflective of enzyme-bound NADH [46]. Following equation 5 is possible to calculate the fraction 

respective to each of them. In a single cell type, the enzymes in which NADH reacts are well 

conserved regions in a cell, meaning that the majority of the shifts in fluorescence lifetime 

Figure 2.4 - Overview of FLIM, PLIM and FRET imaging. i)  in vivo multiphoton FLIM images 
representing the continuous effect of doxorubicin on the optical redox ratio of human prostate 
cancer cell line. Reproduced from Wallrabe et al. (2018) with permission from Springer Nature. ii) 
functionalization strategies for scaffolds/matrixes (a,c) and  dynamics of O2 concentration 
measurements by PLIM (b). iii) intensity-based FRET with estimation of energy transfer efficiency (E%) 
and distance between probes ® used to identify C/EBPa (CCAAT/enhancer binding protein a) 
dimerization. Reproduced from Wallrabe et al. (2005) with permission from Elsevier. 

 



55 
 

fractions are connected with the free-NADH fraction. Generally, when this fraction increases the 

cell metabolic profile is tending towards glycolysis. Conversely, when this fraction decreases, 

the cell is less dependent on glycolysis [56]. Regarding NADH fluorescence intensity, it was been 

shown that increasing glucose concentration in the cell culture medium or adding glycolysis 

inhibitors increases NADH autofluorescence revealing a higher usage of the OxPhos pathway 

[50]. However, NADH fluorescence intensity and lifetime have limited capacity for fully grasping 

the cell metabolic profile, nonetheless, they are well suited for separating distinct cellular 

populations or following disease progression [57].  

The coenzyme nicotinamide adenine dinucleotide phosphate (NADPH) possesses an 

overlapping excitation and emission spectra with NADH and hard to be separated [58]. Although 

the NADPH contribution is 10 times lower than NADH, NADPH still contributes significantly to 

cell autofluorescence [59]. Fluctuations of NADPH levels are intertwined with the long-lived 

component of the fluorescence lifetime decay – protein-bound NADH. NADPH processes two 

major biological functions: acting as an electron source for synthesis of fatty acids, steroids and 

DNA, and a key component in cellular antioxidation systems intertwined with the production of 

reactive oxygen species [60, 61]. Although, it is still important to understand how the metabolic 

profile is being affected in the experimental conditions or to perform a biochemical assay to 

fully understand the impact of NADPH on the cell metabolism. 

Assessing other metabolic co-factors besides NADH can add additional information to 

metabolic profiling. The endogenous molecule flavin adenine dinucleotide (FAD) is commonly 

used due its autofluorescence. After measuring the fluorescence intensity of both co-factors, is 

possible to calculate the redox ratio by following Equation 2.4: 

𝑅𝑒𝑑𝑜𝑥 𝑅𝑎𝑡𝑖𝑜 =
𝐹𝐴𝐷𝑝ℎ𝑜𝑡𝑜𝑛𝑠

𝑁𝐴𝐷𝐻𝑝ℎ𝑜𝑡𝑜𝑛𝑠
 

Equation 2.4 – Redox Ratio Equation 
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This redox ratio has been associated qualitatively with metabolic profiling after 

challenging of the glycolytic or oxidative phosphorylation pathway [27]. During both these 

metabolic pathways, there is a regeneration of fluorescent NADH and during OxPhos; the 

formation of non-fluorescent FADH2. Following Figure 2.3, NADH is converted to non-

fluorescent NAD+ by complex I and FADH2 to fluorescent FAD+ by complex II of the electron 

transport chain. When OxPhos is more active there is more production of FADH2 and therefore 

more FAD+ production leading to a rise of FAD+ fluorescent intensity culminating in an increase 

of the redox ratio. On the contrary, when glycolysis is majorly used to obtain energy, NADH is 

produced increasing its fluorescence emission and FAD+ regeneration has been hindered 

resulting in an decrease of the redox ratio [62]. Furthermore, is possible to combine both 

fluorescence intensity measurements and lifetimes to originate the optical redox ratio (ORR) 

which confirms and better describes the shifts in cellular metabolism (Figure 2.4i) [63]. 

While measuring endogenous FAD/ NADH (redox or optical metabolic imaging) is highly 

informative, frequently there is a need in assessing additional parameters of cell metabolism, 

such as analysis of mitochondrial polarization, oxygen consumption, extracellular acidification, 

lipid droplets production and others. The majority of these additional parameters are measured 

via exogenously introduced or genetically encoded fluoro- and phosphores [64].  

For example, a number of genetically encoded fluorescent protein biosensors (which 

require transfection to be introduced into eukaryotic cells) can serve as indicators of redox, 

peroxide production or NADH:NAD+ ratio [65, 66]. Mitochondrial membrane potential can be 

assessed by intensity- or FLIM-based measurement, with the help of tetramethylrhodamine 

methyl ester dye (TMRM) [67, 68]. TMRM is a membrane permeable molecule which 

accumulates mainly in both the inner mitochondrial membrane and matrix space of live cells 

due to its charge and solubility. The change in TMRM uptake is linked to shifts in the 

mitochondria membrane potential which results in variations of the fluorescence intensity. By 
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measuring the fluorescence intensity at 573 nm and 546 nm, it is possible to estimate the 

mitochondria membrane potential [69]. This molecule, also has the possibility to be used as an 

exogenous multiphoton FLIM probe [70]. 

Table 2.1 – Examples of endogenous fluorophores commonly analyzed and used on FLIM. 

 

Fluorophores 
Excitation peak 

(nm) 
Emission peak 

(nm) 
Fluorescent 
Lifetime (ns) 

Reference 

NAD(P)H 690-730* 425-500 
2.40 (long) 
0.40 (short) 

[71] 

FAD 890* 500-560 
3.38 (long) 
0.12 (short) 

[71] 

Collagen 700-1000* λext/2 
1.7 (long) 
0.3 (short) 

[72-75] 

Elastin 700-1000* 400-650 
1.95 (long) 
0.26 (short) 

[72, 76] 

Tryptophan 
500-580* 

710-730** 
340-385 

3.30 (long) 
0.67 (short) 

[77] 

Serotonin 560; 630 325-400 3.8 [78, 79] 

Keratin 720-800* 360-410 
2.27 (long) 
0.45 (short) 

[78, 80, 81] 

Melanin 800* 500-700 
1.08 (long) 
0.14 (short) 

[78, 80] 

Tyrosine 565-610* 450-550 1.8 [82-84] 

* corresponds to two-photon excitation, ** three-photon excitation and absence of marking 
is a standard 1-photon excitation. Emission wavelengths (λemi) are indicated with 
correspondent fluorescence lifetime (τ) for double and single fluorescence decays. 

 

 

In addition to endogenous or exogenous fluorophores, there is also the possibility to 

employ genetically encoded fluorescent biosensors. One strategy to create these protein 

biosensors involves using circularly permuted fluorescent proteins derived from GFPs [85]. The 

circular permutation joins the original N and C terminal by a peptide linker and a specific 

reporter or binding protein is fused to the new coupled terminal complex originating a 

conformational coupling between fluorescence emission and binding to a molecule of interest 

[86] . This approach has been applied to probe further the glycolysis flux [87], intracellular pH 

[88], NADH/NAD+ [89] and ATP/ADP ratio [90] 
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When performing live cell imaging it is necessary to consider possible contributions of 

the fluorophores described in Table 2.1. Especially where some tissues have fluorophores in 

abundance such as the brain (serotonin) and epidermal (keratin, melanin) tissue. Nonetheless, 

by careful selection of excitation wavelengths and bandpass filters is possible to ascertain the 

contribution of each molecule [51]. 

Live cell imaging using 2P-FLIM has been explored since beginning of the 2000s. This 

technique has been applied in vitro, in vivo and 3D cell cultures such as spheroids or biomedical 

constructs (Table 2.2). After the establishment of protein-bound and free NADH fluorescence 

lifetimes by Lakowicz et al.in 1992, and the possibility to combine FLIM with multiphoton 

microscopy, there was an increasing interest to apply 2P-FLIM of NAD(P)H in live cell imaging 

applications [46, 72]. At first, live cell imaging using 2P-FLIM focused on cancer research due to 

the possibility to distinguish healthy tissue and cancer tissue by differences in cellular 

metabolism due to the established Warburg effect [91]. Afterwards, with advances in cellular 

biology and metabolism, the connection between cellular metabolism with cell type and cellular 

behavior was established. This further increased the research interest in performing 2P-FLIM of 

NAD(P)H in live-cell imaging applications with spatiotemporal resolutions (Table 2.2). Recently, 

new metabolic trends are being observed using 2P-FLIM across multiple tissues and cell types 

such as brain, intestinal, stem cells, immune cells and 3D cell cultures (Table 2.2). In addition, 

new methods of analysis have been employed to 2P-FLIM data. In particular, unsupervised and 

supervised advanced statistical analysis such as PCA and machine learning models, respectively 

[92]. For this thesis, 2P-FLIM live cell imaging was applied to human bone-marrow derived 

mesenchymal stem cells and human macrophages. 
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Table 2.2 – Overview of 2P-FLIM live-cell imaging applications reported in the literature 

Authors Cell type Year Main Finding Reference 

Walsh A. et al 
Human peripheral 

blood derived T-cells 
2021 

2P-FLIM and machine learning 
models can classify T-Cell 

activation 
[92] 

Alfonso-Garcia 
A. et al 

Bovine pericardium 
scaffolds seeded with 

human aortic 
endothelial cells or 

human MSCs 

2017 
2P-FLIM can follow 

recellulariszation of vascular tissue 
constructs 

[93] 

Meleshina A. et 
al 

Human bone-marrow 
MSCs 

2016 
Adipogenic differentiation triggers 
a shift from glycolysis to OxPhos 

[94] 

Ma N. et al 
Chinese hamster 

ovary (CHO-K1) cells 
2016 

Measuring NAD(P)H cellular 
concentrations 

[95] 

Alfonso-Garcia 
A. et al 

Murine macrophages 2016 
2P-FLIM can measure murine 

macrophage polarization based on 
cellular metabolism 

[96] 

Walsh A. et al 
Primary human 

breast tumor biopsy-
derived organoids 

2014 

Fluorescence lifetime and 
fluorescence intensity ratios of 

NAD(P)H/FAD+ can measure tumor 
response to anticancer drugs and 
detect drug-resistant organoids 

[97] 

Blacker T. et al 
HEK293 cell line and 

murine cochlear 
explants 

2014 
NADPH is associated with higher 

protein-bound fluorescence 
lifetimes 

[98] 

Yaseen M. et al. 
In vivo murine 
cerebral cortex 

2013 
Measuring in vivo brain metabolic 
transients with decreased OxPhos 

in anoxia conditions 
[99] 

Stringari C. et al 
Murine small 

intestine tissue 
2012 

Lower fluorescence lifetimes are 
associated with glycolysis and can 

identify high proliferative cells 
[100] 

Konig K et al., 
3D human salivary 

gland stem cell 
spheroids 

2011 
Adipogenic differentiation 

increases fluorescence lifetimes 
and reduces fluorescence intensity 

[101] 

Sun Y et al., 
In vivo hamster 

carcinogenesis model 
2009 

Diagnosis of oral carcinoma in an 
in vivo setting with lower 

fluorescence lifetimes in tumor 
tissues 

[102] 

Dimitrow E. et 
al 

Human skin tissue 2009 
Melanin impacts  fluorescence 

lifetimes and can be used to 
diagnose melanoma 

[80] 

Uchugonova A. 
et al 

Murine and human 
stem cells 

2008 
Stem cells can be imaged together 

with SHG 
[103] 

Skala M., et al. 

MCF10A human 
breast epithelial cell 

line and hamster 
cheek pouch model of 

oral cancer 

2007 
Cancer cells were distinguished by 
normal epithelial cell by decrease 

fluorescence lifetime 
[91] 
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2.4.2.1. Mesenchymal stem cells 

 

Mesenchymal stem cells (MSCs) are a non-hematopoietic subpopulation of cells with 

potential to differentiate into various tissues such as cartilage, fat and bone [104]. As well, MSCs 

induce a regenerative microenvironment by secreting bioactive molecules that inhibit tissue 

scarring, apoptosis, promoting angiogenesis and stimulate cellular division of tissue intrinsic or 

progenitor cells [105]. Due to these features, MSCs are a promising therapeutic tool for clinical 

applications such as tissue engineering and stem cell-based therapy. Nonetheless, MSCs need 

to be extensively evaluated for their properties and possible applications.  

MSCs are found in various tissues in the human body, such as bone marrow, fat tissue, 

and muscle. However, they are mainly dormant and available in small quantities [106]. For tissue 

engineering and stem-cell based therapies, most strategies require adult MSCs to be isolated, 

expanded to large numbers or differentiated into mature cells [107]. Advances in stem cell 

biology have showed that cellular metabolism has an important role in dictating cellular fate 

[108]. 

Glycolysis is a specific feature of stemness and the major pathway to ensure stem cell 

survival and proliferation [109]. Compared with OxPhos, glycolysis has lower rates of ATP 

production. However, proliferating stem cells have metabolic requirements, such as 

biomolecules, that extend beyond ATP levels [31]. Specifically, glycolysis fuels the synthesis of 

amino acids and nucleotides via the pentose phosphate pathway (PPP) [30]. However, stem cell 

glycolysis still requires the contribution of oxidative phosphorylation with production of 

biosynthetic intermediates and ATP generation. Known as the Warburg effect, aerobic glycolysis 

in stem cells converts most of the pyruvate produced during glycolysis to lactate in the presence 

of oxygen [30] . Vander Heiden et al., estimated that glycolysis in proliferating cells only used 5 
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to 10% of the pyruvate to fuel oxidative phosphorylation while the remaining pyruvate is 

converted to lactate [31]. 

MSC differentiation promotes a metabolic switch depending on the differentiation 

pathway. MSCs cultured under chondrogenic conditions retain their glycolytic activity 

highlighted by reduced oxygen consumption and OxPhos activity [110]. The glycolytic 

dependence during chondrogenic differentiation is also highlighted by the increased secretion 

of glycosaminoglycan (GAGs) in hypoxic (4% O2) cell culture conditions. Interestingly, higher O2 

concentrations such as normoxia negatively impact chondrogenic differentiation [111]. MSCs 

undergoing osteogenic or adipogenic differentiation are reliant on oxidative phosphorylation 

for most of their energy production. Osteogenic or adipogenic differentiation promotes a 

decrease in glycolytic enzymes while increasing oxygen consumption and mitochondrial 

biogenesis [112, 113]. Remarkably, slow-proliferating, differentiated cells can be reprogrammed 

to achieve pluripotency. These induced pluripotent stem cells (iPSCs) are also characterised by 

having a high glycolytic metabolic flux [114]. The metabolic reprogramming required to achieve 

pluripotency demonstrates that glycolysis is a metabolic hallmark of pluripotency (Figure 2.5).  

Metabolic flexibility fuels MSCs functions, however it is important to take in account 

that metabolic pathways are sensitive to oxygen levels, availability of metabolic substrates such 

as pyruvate and glutamine, and pH levels [115]. This high sensitivity of MSCs to environmental 

conditions is sometimes overlooked and can mask important metabolic profiles when pursuing 

research in MSCs metabolism and bioenergetics. A study from Chen et al., reports activation of 

oxidative phosphorylation during MSCs osteogenic differentiation. Since this study did not 

account for contributions of mitochondrial uncoupling generating larger number of viable 

mitochondria or nonmitochondrial oxygen consumption by using metabolic inhibitors, it was 

not clear if the increase of oxygen consumption is entirely indicative of oxidative 

phosphorylation [112]. As a counter-point Eses et al., observed no changes in oxidative 
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phosphorylation when stimulating osteogenic differentiation in MSC-like stromal cell line ST2 

cells by activation of the WNT signalling pathway, possibly due to a high pyruvate concentration 

in the cell culture medium [116]. Nonetheless, with the increasing interest in cellular 

metabolism, new techniques are being developed to continue to probe and highlight the 

metabolic shifts occurring during osteogenic differentiation. These techniques such as the usage 

of biorthogonal reagents in combination with cell-compatible click chemistry or improving 

isolation of organelles in a live cell are being currently developed to further probe cellular 

metabolism at a single-cell level [117, 118]. In addition, more information regarding the impact 

of environmental cues in MSCs differentiation is being uncovered such as the impact of oxygen, 

biomaterial stiffness or paracrine signalling [119-121].  

With a full grasp on MSCs metabolic dependence during differentiation, it is possible to 

tweaks to cell culture conditions and environments to promote higher cell survival and cellular 

differentiation for applications in tissue engineering and stem-cell based therapies.  

Metabolic 2P-FLIM has the potential to uncover non-invasively and in real-time the 

differentiation of stem cells in order to gain deeper understanding of the full metabolic shifts 

Figure 2.5 – Metabolic profile of mesenchymal stem cells, differentiated stem cells and induced pluripotent 
stem cells. 
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occurring during cell differentiation. Quinn et al., followed stem cell differentiation by using only 

two-photon microscopy highlighting the usage of the optical redox ratio (ORR) and followed 

with analysing mitochondria morphology, in particular MitoTrackerTM staining intensity and 

range of fractal clustering. A higher dependence upon oxidative phosphorylation was observed 

for both adipogenic and osteogenic stem cell differentiation. In addition, it was observed an 

increase in fractal clustering of mitochondria after 28 days in cell culture, reflecting elongation 

and maturation of interconnected mitochondrial networks increasing fatty acid synthesis and 

oxidative phosphorylation. [122]. Another study by Meleshina et al., used 2P-FLIM of NAD(P)H 

and FAD+ to follow MSCs differentiation towards osteogenic or chondrogenic differentiation 

[123]. Here, it was observed a shift towards glycolytic metabolism during chondrogenic 

differentiation whilst a metabolic shift to OxPhos was observed during osteogenic 

differentiation. However, for the studies reported by both Quinn and Meleshina, cell culture 

conditions of hMSCs are not fully described. There is no description of glucose concentration 

pyruvate or glutamine concentrations added to the within the media and these metabolites 

serve as important sources of carbon for metabolic pathways. 

To conclude, research in hMSCs metabolism during cell differentiation mostly shows a 

trend towards oxidative phosphorylation in osteogenic and adipogenic differentiation whilst 

chondrogenic differentiation seems to be more reliant on glycolysis. However, some reported 

studies do contradict this trend [124, 125]. This might be due to the differences in MSCs 

differentiation protocols from lab to lab, from the concentrations of metabolites to cell density. 

There appears to be a wide dispersion of methodologies to promote MSC differentiation which 

makes the understanding of cell differentiation being dependent on a specific metabolic 

pathway difficult to make. One way to avoid these common pitfalls is a full transparency 

regarding the cell culture conditions including medium formulation and validate the metabolic 

shifts using multiple biochemical assays. 
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2.4.2.2. Macrophages 

 

Cellular metabolism is known to regulate macrophage function and polarisation with 

current research highlighting the role of metabolic reprogramming in macrophage activation 

[126]. The first described functions of macrophages were phagocytosis and microbial killing 

[127]. Later research demonstrated that macrophages have important roles on host defence, 

tissue homeostasis and tissue repair [127]. To accommodate different functions, macrophages 

adopt various activation states. Macrophage activation states depend on the microenvironment 

stimuli and amount of cytokines and chemokines produced by other immune cells [128]. 

Macrophage polarisation has been classically dived into two major macrophage polarisation 

subsets: pro-inflammatory M1 macrophages and anti-inflammatory M2 macrophages. Each 

polarisation subset is related to a specific immune response, in which promoting or resolving an 

inflammation process is a critical factor. However, macrophage polarisation in many physiology 

and pathologic environments is present on a continuum spectrum, involving high plasticity and 

heterogeneity of macrophages that do not fit the simplified M1/M2 classification [129]. 

Therefore, precise regulation of macrophage activation is required for disease control and to 

ensure tissue homeostasis. When macrophage function becomes dysregulated or the ratio 

between M1/M2 macrophages is unbalanced, disease complication can arise such as chronic 

wounds or excessive deposition of scarring tissue [130]. Due to the direct connection between 

cellular metabolism and macrophage function, immunometabolism has emerged recently as a 

focus of research in immunology associated with chronic inflammatory diseases, cancer or 

atherosclerosis [42, 131]. 

M1 macrophages in vitro are often polarised using potent activators such as interferon-

gamma (IFNγ) and lipopolysaccharide (LPS). These activated macrophages are known as 

exhibiting an inflammatory phenotype [132]. This inflammatory phenotype is crucial as a first 

systemic response to pathogens and other viral aggressions. Pro-inflammatory macrophages 
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polarisation occurs in the beginning of the inflammatory response, lasting some hours. Due to 

the quick activation and rapid function of M1 macrophages, there is a need for fast generation 

of ATP and biomolecules. Immunometabolic research has demonstrated that glycolysis is 

upregulated in M1 macrophages to fulfil this demand of fast energy [133] with M1 macrophages 

are known for also having impaired OxPhos [42]. Although glycolysis produces lower amounts 

of ATP compared with OxPhos, its quick activation is a major advantage in response to pathogen 

infection [134]. Glycolysis in M1 macrophages not only produces quick ATP for phagocytosis and 

secretory functions but also fuels the pentose phosphate pathway [134]. The combination of 

glycolysis with pentose phosphate pathway supports the inflammatory phenotype of 

macrophages by generating amino acids for protein synthesis, nucleotides and NADPH for 

production of reactive oxygen species (ROS) [126]. Furthermore, glycolysis also generates 

pyruvate which can fuel OxPhos, in particularly the tricarboxylic acid cycle (TCA). In M1 

macrophages  the TCA cycle is disrupted in two ways: after the production of citrate, and after 

production of succinate [135]. Increased synthesis of acetyl coenzyme A (Acetyl-CoA) from 

citrate meets the biosynthesis demands of fatty acids, lipids and prostaglandins [136]. Fatty acid 

synthesis, downstream from citrate and acetyl-coA is an integral part of the inflammatory 

response and organizes the plasma membrane for inflammatory signalling [137]. In addition, 

the accumulation of succinate results in the stabilisation of HiF1-α and IL-1β [138]. HIF-1α 

stabilisation regulates the inflammatory response in M1 macrophages in environments with 

variable oxygen levels whilst IL-1β acts as a proinflammatory cytokine with pleiotropic 

regulation on other cells [139, 140]. 

M2 macrophage metabolism is in sharp contrast to inflammatory macrophages. These 

anti-inflammatory macrophages have longer term functions when compared with short-lived 

inflammatory macrophages. M2 macrophages are involved in maintaining tissue homeostasis 

as well to ensure tissue repair and angiogenesis [141, 142]. These roles require sustained 

amounts of energy for longer periods of time contrary to M1 macrophages. As a consequence, 
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upregulation of oxidative phosphorylation is observed since OxPhos is able to sustainably 

produce higher amounts of ATP and other biosynthetic metabolites compared with glycolysis 

[42]. Anti-inflammatory macrophages have an intact TCA cycle and enhanced mitochondrial 

OxPhos. In addition, increased fatty acid oxidation, fatty acid synthesis and glucose uptake has 

been observed in M2 macrophages and deemed necessary to fuel OxPhos [143].  

Many metabolic studies of macrophages are established in in vitro settings. In such 

experiments, macrophages are cultured (often on plastic) and polarised to a desired state using 

different stimuli such as IFNγ, LPS or interlukin-4 (IL-4). However, the metabolic changes 

observed in macrophages in an in vitro platform remain to be fully appreciated in an in vivo 

setting [126]. One of the layers of complexity is the abundance of carbon sources in cell culture 

medium, whereas in contrast, nutrient competition in vivo can impact macrophage metabolism 

and therefore polarisation [144].  

Current metabolomics methods have limitations to fully evaluate the metabolic profile 

of immune cells. Metabolomics techniques are invasive, require large cell numbers and intense 

sample processing [145, 146]. 2P-FLIM due to its non-invasive methodology, requires low 

number of cells and allows the possibility for real-time in vivo imaging. 

2P-FLIM has been previously applied to infer on macrophage polarisation and metabolic 

profile in vitro and in vivo conditions. Alfonso-Garcia et al., demonstrated the use of 2P-FLIM to 

validate the polarisation of murine macrophages in vitro. Here, murine macrophages were 

polarised towards an M1 phenotype using IFNy + LPS and to M2 macrophage using IL-4/IL-13. 

Macrophage polarisation was verified using immunohistochemistry to check for specific 

polarised macrophage markers such as iNOS for M1 macrophage and arginine for IL-4/IL-13. 

Using 2P-FLIM, a higher ratio of free NAD(P)H was observed for M1 macrophages, revealing a 

higher dependence on glycolysis when compared to M2 macrophages [147]. In addition, a study 

by Szulczewski et al., demonstrated the possibility to use 2P-FLIM for in vivo characterisation of 
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stromal macrophages. Here, 2P-FLIM was used combined within an intravital imaging murine 

model. Here, the metabolic profile of macrophages was observed concomitant with the 

metabolic profile of tumour cells. Interestingly, it was observed that macrophages in a tumour 

microenvironment have higher FAD intensity whilst tumour cells have higher NADH levels. It 

was also observed that macrophages have a more glycolytic profile than tumour cells [148]. 

Both these studies showcase the potential of 2P-FLIM to be used as a methodology for 

metabolic characterisation of macrophages and other immune cells in in vitro or in vivo setting. 

2.5. Advanced methods of 2P-FLIM data analysis 

2P-FLIM microscopy generates large amounts of experimental data. During 2P-FLIM, 

several experimental variables are collected at the same time. In a single data acquisition 

process, fluorescence intensity, fluorescence lifetimes, fraction of fluorescence lifetime are 

collected. Furthermore, τavg and ORR variables can be calculated using this raw data. In addition, 

cell type and experimental conditions are variables used to define the experimental group. 

Usually, the variables that define experimental groups are common to all experimental 

methodologies in research. However, comparing with other common experimental tools such 

as confocal microscopy, colorimetric assays, PCR or flow cytometry, 2P-FLIM generates more 

than 1 or 2 dependent variables. 2P-FLIM of NAD(P)H to study cellular metabolism relies on the 

application of double exponential decay to raw data. The application of a double exponential 

decay to 2P-FLIM data allows the extraction of 6 dependent variables: τ1, τ2, α1, α2, τavg and 

NAD(P)H fluorescence intensity. In this thesis, NAD(P)H intensity values with FAD+ fluorescence 

intensity to calculate the ORR. Therefore, throughout this thesis, the 2P-FLIM experimental 

setup derives 6 dependent variables. With this amount of variables that 2P-FLIM can generate, 

multivariate data analysis can be applied. These data analysis methods such as PCA and UMAP 

are useful to increase data interpretability without any information loss and possibly establish 

new correlations while determining variable importance. Furthermore, machine learning 
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models and application to biomedical sciences has started to gain traction. These advanced 

algorithms can allow the determination of important features for the outcome observed, to 

classify or predict experimental trends. 

Multivariate data analysis techniques have been applied to large datasets in biomedical 

sciences. The application of multivariate data analysis techniques have been used to data mining 

and different “omics” approaches such as genomics, transcriptomics and metabolomics [149-

151]. Consequently, the widespread and application of high-throughput techniques and the 

establishment of large public data bases will increase the relevance of PCA and UMAP analysis 

in biomedical research. 

2.5.1. PCA 

Principal component analysis is one of the most widely used techniques for data 

visualization and to reduce data dimensionality while preservation most of the information 

[152]. The application of PCA ranges from theoretical physics to meteorology, biology, chemistry 

and engineering [149, 153]. PCA analyses a dataset with multiple experimental observation 

described by various inter-correlated dependent variables. PCA is a descriptive tool that needs 

no distributional assumptions regarding original data distribution. This means the original data 

does not require to a Gaussian or logarithmic distribution to be able to apply PCA. The main goal 

of PCA is to extract information from the dataset and express this same information as a set of 

orthogonal variables. These orthogonal variables are known as principal components. PCA 

analysis plots these principal components while representing the pattern of similarity between 

experimental observations [154]. To ensure data visualization and reduce data dimensionality, 

PCA uncovers new variables which are linear functions of the original variables present in the 

data set. These new variables maximize variance while being uncorrelated with each other. To 

find these new variables, PCA, reduces data variabilities to an eigenvalue/eigenvector problem. 

Here, the eigenvalues are calculated between the dependent variables correlation matrix [155]. 
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The dataset to be analysed by PCA comprises of experimental observations I described by J 

dependent variables generating a I x J matrix A. During the processing steps, the dependent 

variables are normalised so that the mean of each variable is equal to 0. In addition, if variables 

are measured in different units, there is a standardization processing. The standardization 

processes divides each variable by the square root of the sum of all the squared elements of the 

same variable. Afterwards, PCA components are determined by applying singular value 

decomposition to matrix A and calculated by the product of the matrix of left singular vectors 

by the diagonal matrix of singular values [154]. After the calculation of two principal 

components, these are plotted by attributing principal component 1 to xx axis and the second 

principal component analysis for yy axis. Principal components are uncorrelated and ordered in 

such way that the kth PC has the kth largest variance amongst all principal components [156] 

(Figure 2.6). For this thesis, a custom built python code for the calculation of PC1 and PC2 was 

written. This code is available in Computer Code Appendix 1. 

PCA as a multivariable analysis tool has been used for data analysis in methodologies 

that generate a wide range of dependent variables or wide range of observations. A study by 

Alonso-Gutierrez et al., used PCA analysis of proteomic results to direct metabolic engineering 

of Escherichia coli to improve production of terpenes by upregulation of the mevalonate 

pathway [157]. Here Alonso-Gutierrez used as dependent variable the relative enzyme 

expression values of several strands of modified E.Coli. These relative expression values were 

compared with the production of terpenes and PCA was used plot the strands of E.coli in order 

to determine which enzyme expression levels promote higher production of terpenes. In 

addition, by analysing the multiple principle components, it was concluded that increased 

terpene production is associated with overexpression of terpene synthase enzyme combined 

with a balanced expression of the upstream enzymes in the mevalonate pathway. This 

methodology provides a guided method to increase the production of terpene by E.Coli for 

biotechnology applications.  



70 
 

 

PCA is also used to analyse genomic data. PCA analyses of genomic data, allows the 

discovery of a specific sample population structure or other latent effects on specific groups of 

data such as batch errors or variability [158]. The application of PCA to genomic data is also of 

high interest due to the large number of genes and the complexity of biological networks. 

Therefore, presenting this data visually enabling clustering for gene expression levels allows to 

determine the expression of certain genes required to observe a specific phenotypic outcome 

[159]. A study by Granucci et al., demonstrated another application of PCA analysis [160]. Here, 

dendritic cells were matured by exposure to gram-negative bacteria and a kinetic study of 

dendritic cells gene expression was performed using a microarray. During the several time-

points, gene expression levels were measured and plotted in a PCA plot. In the PCA plot, the 

gene expression levels change after stimulation of dendritic cells reaching the biggest difference 

when compared with unstimulated dendritic cells at 18 hours. Afterwards, there is no changes 

until 48 hours after stimulation. The gene expression profile of dendritic cells is determinant of 

cellular phenotype and function. Using PCA revealed a pattern in a kinetic treatment study 

which conveyed diverse genetic profiles of dendritic cells at different time points. 

Figure 2.6 – Schematic of PCA algorithm to calculate principal components of a dataset [154] 
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PCA is an advanced statistical tool useful to be employed in large datasets or databases, 

as well, for samples with high numbers of dependent variables. The use of PCA allows the 

visualization of complex datasets and the clustering of experimental observations with similar 

dependent variables values. Therefore, it is possible to quickly identify samples that have higher 

variance or share similarities. This clustering can also promote a quick method for early 

classification of experimental samples, with applicability toward 2P-FLIM data.  

2.5.2. UMAP 

Uniform Manifold Approximation and Projection (UMAP) is a dimensionality reduction 

tool used to visualize complex datasets with multiple dependent variables [161, 162] (Figure 

2.7). Therefore, UMAP has a similar role and application as PCA. PCA, as described before, uses 

linear combinations of variables to generate orthogonal variables that capture the variance 

present in the dataset. However, UMAP estimates a topology of datasets with large numbers of 

dependent variables and uses this information to produce a low dimensional (2D or 3D) 

orthogonal plot that preserved the relation between data points [161]. Comparing with PCA, 

UMAP analysis preserves better the elements of datasets. In particular, UMAP conserves local 

variance and global relationships between distinct experimental groups [163]. UMAP analysis 

has become particularly useful to define or classify different cell types in heterogeneous 

populations based on data from single-cell RNA-seq experiments [164, 165]. A study by Shifrut 

et al., demonstrated the application of UMAP analysis on RNA-seq data to screen for regulators 

of primary Human T-cell stimulation and immunosuppression [166]. Here, Shifrut et al., isolated 

primary CD8+ T-cells from Human donors. Using CRISPR-Cas9 gene editing technique, the 

authors were able to conduct a target screening using large single guided RNAs (sgRNAs). Due 

to the large numbers of data collected during the target screening, UMAP was used as a data 

visualization tool. By applying UMAP to the one thousand most variable genes, Shifrut et al., 
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were able to observe dataclustering identifying stimulated and unstimulated T-cells in two 

individual Human donors [166]. 

2P-FLIM generates high numbers of dependent variables which can vary and respond 

to the experiment setup, there is a possibility of having large numbers of experimental 

observations. Walsh et al., applied UMAP as a data visualization tool to observe the distribution 

of activated or quiescence T-cells [92].  In this study Walsh el al., cultured human T-cells and 

induced an activated phenotype using anti-CD2-CD3-CD28 antibodies and applied 

immunofluorescence to distinguish the population of activated and quiescent T-cells. 2P-FLIM 

microscopy images were collected at different time points after the activation procedure. 

Afterwards, 2P-FLIM variables were used as a dataset to perform UMAP analysis. UMAP showed 

a clear trend and separation of activated and quiescent T-cell across all Human donors. The 

UMAP application was then the starting point to apply machine learning algorithms for T-cell 

Figure 2.7 – Schematic illustration of UMAP algorithm [160]. 
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classification [92]. For this thesis, we applied UMAP analysis on 2P-FLIM variables. The python 

code needed to apply UMAP to 2P-FLIM variables is available on Computer Code Appendix 2. 

2.5.3. Machine learning 

Machine learning is defined as a field of computer science that gives computers the 

ability to learn without being explicitly programmed [167]. Machine learning evolved from the 

study of pattern recognition and computational learning theory in artificial intelligence. In 

particular, machine learning is established by algorithms that learn form a large dataset and 

makes prediction on the data [168, 169]. Recent advancements in advanced computing and 

imaging systems in the biomedical research field has provided a rise in new research dimension 

[170]. Large datasets are obtained from a single experiment whereby the degree of complexity 

increases with a higher number of conditions and dependent variables. The increasing size of 

experimental data requires precise machine learning-based data mining algorithms. Machine 

learning in biomedical research is usually based on deep learning-based approaches. Here, 

machine learning tasks are divided in two broad categories: unsupervised and supervised 

learning. In biomedical research, unsupervised tasks are associated to clustering of data whilst 

supervised machine learning algorithms are associated with the prediction of a categorical 

outcome (classification) [170]. 

Unsupervised learning algorithms are capable of detecting patterns in data without any 

kind of user supervision, such as, labelling. By being independent of labels or descriptions, 

unsupervised machine learning techniques are easier to implement and are suitable for 

exploratory analysis [171]. Unsupervised machine learning algorithms have already been 

covered in this chapter. Examples of unsupervised machine learning algorithms are PCA and 

UMAP. PCA and UMAP analysis use the dependent variables of experimental samples to 

establish relationships and orthogonal coordinates at lower dimension plots (2D or 3D). 
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Supervised machine learning methods are used to predict or classify an outcome of 

interest. These methods are used in prediction tasks were the objective is to forecast or classify 

a specific outcome of interest [172]. As an example, supervised machine learning algorithms can 

be used to determine the activation state of T-Cells or the presence of a disease [92, 173]. There 

are wide variety of supervised machine learning algorithms that can be applied to various types 

of dataset. In this chapter, there is going to be a focus on supervised machine learning 

algorithms that are commonly used in biomedical research and are applied later in this thesis. 

The three major supervised machine learning algorithms for biomedical research data are 

regression, support vector machines (SVM) and random forests [172]. 

The regression algorithm is a traditional parametric linear or logistic regression model. 

The regression algorithm is easily interpretable and easy to implement. However, the optimal 

function form of a regression algorithm and the interactions between variable must be specified 

before applying the algorithm. In addition, application of the regression algorithms to variables 

that are highly collinear makes the classification algorithm prone to over fitting. An over fitting 

classification algorithm occurs when the trained model does not make accurate predictions on 

the testing data [172].  

SVM algorithm treats each predictor (dependent variable) as dimensions in a high 

dimensional space. Here, the algorithm identifies the best hyperplane to separate the samples 

into classes. SVM also tries to find the hyperplane with the maximum margin between the two 

closest points in space. This algorithm is adequate for highly complex data such as datasets 

including text, values and images or when the number of predictors is higher than the number 

of experimental observations. However, SVM models are prone to overfitting and the metrics 

for how the variables are combined to optimize the hyperplane are not provided [174]. Billah et 

al., applied SVM methods to gastrointestinal collected during endoscopic procedures to detect 

polyps [175]. In this study, Billah et al., use a computer aided method that improved the polyp 
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detection rate and can be used to find important regions. The images features are extracted 

from endoscopic images and were used to train a SVM model. After training the SVM models, 

public databases were used as a validation dataset and outperform state-of the-art 

methodologies with an accuracy of 98.23%. 

Random forests use decision trees methods that automatize the detection of 

interaction and non-linear effects (Figure 2.8). The predictors are divided and stacked to build 

decision trees to be combined in a large aggregated forest. Random forests algorithm, can also 

build numerous trees where the dataset is re-sampled to generate an aggregate tree by 

averaging all re-sampled trees reducing the possibility of overfit. These decision trees are also 

visually interpretable, have lower risks of overfitting and the variable importance to for the 

classification algorithm is also provided [176] . 

 

 

 

Figure 2.8 – Schematic of random forests decision trees algorithm [167]. 
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For this thesis, regarding supervised machine learning, the random forests algorithm is 

the optimal choice. 2P-FLIM variables have non-linear interactions, random forests reduce 

overfitting of data with high prediction accuracy and variable importance can be extracted 

which can be useful to pinpoint a 2P-FLIM variable highly impacted during a treatment or a 

variable crucial for the classification process. 

The predictive random forests models are non-parametric, hard to over-train, robust to 

outliners and fast to train. Random forests models train individual decision trees base on the 

dataset, both independent and dependent variables. Every tree is built using a random subset 

of samples and variables. For each tree, a different training set is created by random re-sampling 

of the original dataset. This sampled dataset is known as training set. The remaining 

experimental observations are described as “out-of-bag (OBB) samples. When the decision tree 

is being calculated, variables are randomly selected from all available variables and are 

evaluated by their ability to split the data. The random selection of variables for splitting data 

ensures a low correlation between trees and prevents over-fitting of a random forests model 

[176]. The variable resulting in the largest decrease in splitting error, or impurity, is chosen to 

separate the samples at each node. Afterwards, the remaining variables are tested again and so 

on until there are no more variables. In random forests the measure of impurity is known as Gini 

impurity. After the training dataset is used in the random forests model, the terminal nodes 

contain either samples belonging to the same class or contained a specified number of samples. 

The variables of the random forests model are also tweaked to increase prediction accuracy. 

This is done by tuning the parameters of ntree and mtry which comprise the number of decision 

trees used in the forest models as well the number of nodes used. After the model has been 

fully trained, the random forest models can subsequently be used to predict classes of new 

samples. General cross-validation procedures are unnecessary to predict the classification error 

of a random forests model. The cross-validation performance is already built-in as each tree has 

been trained by re-sampling and test OOB data. This result is usually expressed as the OOB error 
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rate [177]. In addition to built-in cross-validation, random forests models calculates the 

estimates of variable importance for classification. The importance of variables is useful to 

understand the relevance of a variable for a specific data set. The importance scores can be used 

to identify biomarkers or to remove non-informative variables [178, 179]. The variable 

importance scores are calculated by testing the OOB samples both with and without the variable 

being analysis. Another value to understand variable importance in the Gini importance 

variable. The gini importance value is calculated as the sum of the gini impurity decrease of each 

node of the model used. After random forests model training and tuning, the trained model can 

be used to predict its efficiency to classify random samples. The quantification of the prediction 

ability and the ability to classify samples is done by plotting receiving-operator characteristic 

curves (ROC) and calculation their respective area under the curve (ROC-AUC). For this thesis, a 

R code was used to tune and calculate random forests models parameters (Computer Code 

Appendix 3). 

Lunetta et al., use random forests models to identify risk-associated single nucleotide 

polymorphisms (SNPs) in genome-wide analysis [180] . Here, Lunetta et al., used random forests 

models to screen risk-associated SNPs from a pool of irrelevant SNPs. One the main advantages 

of using random forests highlighted by Lunetta et al., is that there is no need to have a proposed 

model of genetic interactions to uncover which SNPs are correlated with diseases since all 

variables are screened during the model training. Qian et al., also used random forest analysis 

in combination with 2P-FLIM to evaluate the differentiation rates of human pluripotent stem 

cell derived cardiomyocyte [181]. In this study Qian et al., induced cardiomyocyte differentiation 

from induced pluripotent stem cells using a fifteen different protocols and cell lines with varying 

cell densities. After 12 days of cell culture, cardiomyocyte differentiation was measured by flow 

cytometry using cardiac troponin T fluorescent labelling. Afterwards, UMAP was used to plot all 

experimental observations and corresponding 2P-FLIM variables in a 2D plot, highlighting the 

metabolic shifts occurring during cardiomyocyte differentiation at different time points. 
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Random forests models were used to classify between high and low differentiation efficiency 

rate of cardiomyocytes and variable importance was also calculated. When using all 2P-FLIM 

variables to predict the efficacy of the classification model, Qian et al., observed a 0.91 receiver-

operator characteristic area under the curve value (ROC-AUC). The application of UMAP and 

random forest by Qian et al., to 2P-FLIM variables showcase a non-invasive method that 

accurately predicts the efficiency of cardiomyocyte differentiation from human pluripotent 

stem cells at early differentiation stages. This early classification processes can be used to screen 

and validate methodologies to promote cardiomyocyte differentiation at earlier time-points 

instead of validating the protocol efficiency at cardiomyocyte differentiation end-point.  

This thesis will focus on the use of 2P-FLIM to uncover metabolic pathways of human 

mesenchymal stem cells and human macrophages in response to cell behaviour, 

microenvironment cues or treatments, in a non-invasive and in real-time. In addition, 

biochemical validation of metabolic trends are performed and advanced data analysis methods 

employed to explore the metabolic trends measured including 2P-FLIM feature importance 

highlighting possible therapeutic targets. 
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3.1. Abstract 

The stem cell niche at the perivascular space in human tissue plays a pivotal role in 

dictating the overall fate of stem cells within it. Mesenchymal stem cells (MSCs) in particular, 

experience influential microenvironmental conditions, which induce specific metabolic profiles 

that affect processes of cell differentiation and dysregulation of the immunomodulatory 

function. Reports focusing specifically on the metabolic status of MSCs under the effect of 

pathophysiological stimuli – in terms of flow velocities, shear stresses or oxygen tension – do 

not model heterogeneous gradients, highlighting the need for more advanced models 

reproducing the metabolic niche. Organ-on-a-chip technology offers the most advanced tools 

for stem cell niche modelling thus allowing for controlled dynamic culture conditions while 

profiling tuneable oxygen tension gradients. However, current systems for live cell detection of 

metabolic activity inside microfluidic devices require the integration of microsensors. The 

presence of such microsensors poses the potential to alter microfluidics and their resolution 

does not enable intracellular measurements but rather a global representation concerning 

cellular metabolism. Here, we present a metabolic toolbox coupling a miniaturised in vitro 

system for human-MSCs dynamic culture, which mimics microenvironmental conditions of the 

perivascular niche, with high-resolution imaging of cell metabolism. Using fluorescence lifetime 

imaging microscopy (FLIM) we monitor the spatial metabolic machinery and correlate it with 

experimentally validated intracellular oxygen concentration after designing the oxygen tension 

decay along the fluidic chamber by in silico models prediction. Our platform allows the 

metabolic regulation of MSCs, mimicking the physiological niche in space and time, and its real-

time monitoring representing a functional tool for modelling perivascular niches, relevant 

diseases and metabolic-related uptake of pharmaceuticals. 
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3.2. Introduction 

 
The perivascular spaces of many organs contain adult progenitor cell populations in 

a microenvironment called the perivascular stem cell niche, which presents specific 

conditions to maintain multi-lineage potential and self-renewal capacity [1, 2]. This is a 

complex and dynamic milieu, where stem cells respond to specific biochemical and 

mechanical cues. The perivascular niche is an open system, inhabited by heterogeneous 

cellular populations while physicochemical factors such as oxygen concentration, nutrient 

availability, signalling factors as well as pH, shear stress or temperature, contribute to its 

homeostasis [3]. Dysregulation of the niche’s microenvironment, associated with hypoxia, 

inflammation or metabolic reprogramming, has recently been shown to elicit niche-related 

pathologies [4, 5]. The influence of cellular metabolism on the overall fate of cells is eliciting 

Figure 3.1 - Mesenchymal stem cells (MSCs) reside within perivascular spaces called perivascular niches, 
which exert regulatory control on the stem cells by interstitial flow levels and defined oxygen tension 
gradients leading to a specific spatial metabolic profile. 
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a specific interest. It has long been established that cellular metabolism is intrinsically linked 

to cell behaviour and phenotypic status; with one of the earliest historical reports in 1924 

detailing the Warburg Effect exhibited by cancer cells when in states of aerobic and 

anaerobic metabolism [6]. Only recently has the appreciation of cellular metabolism begun 

to gather attention in stem cell biology; with a pivotal role of metabolic state in 

accompanying cell fate towards proliferation, quiescence or differentiation. Shifts in the 

balance between a glycolytic metabolic profile and the mitochondrial oxidative 

phosphorylation (OxPhos) define the contribution of adult progenitor and stem cells to the 

renewal and homeostasis of their native tissue [7-10].  

 

Among the different cell populations involved in niche homeostasis, Mesenchymal 

stem cells (MSCs), which are multipotent cells present in all vascularized tissues [11]; are 

emerging as key players in the modulation of the overall niche response and organization 

[12, 13]. Moreover, due to their immunomodulatory properties, human mesenchymal stem 

cells (hMSCs) have been extensively applied as therapeutic agents [14, 15]. However, in vitro 

manipulation is shown to alter cell metabolism influencing hMSC’s functional properties 

during in vitro expansion [16]. Several reports have examined the effect of flow, shear stress 

and pressure on stem cell differentiation and mineralisation, but reports specifically 

focusing on the metabolic status of cells in such conditions are rather lacking [17-20]. 

Despite efforts in improving standard 2D culture protocols [21-23], advanced tools for 

controlled and physiologically relevant in vitro cultures of hMSCs are still necessary for 

enhancing knowledge on their metabolic behaviour both in vivo and ex vivo. Advanced in 

vitro models of the stem cell niche offer the possibility of studying directly and manipulating 

human stem cell populations, within biomimetic microenvironments, with the potential of 

providing valid alternatives to animal models in studying tissue renewal and pathogenesis 

[24]. Such niche-on-a-chip (NOC) systems include fluidic devices that recapitulate relevant 
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feature of the in vivo niche microsystem within fluidic channels for dynamic cell culture [24-

27]. These systems can also facilitate defined mechanical stimulation (in terms of shear 

forces) and spatiotemporal control of biomolecular transport by recapitulating flow 

velocities at interstitial levels. However, these systems do possess important limitations in 

their ability to reproduce the mechanical and mass transport field variables present in a 

native perivascular niche. 1) Microfluidic bioreactors can be utilised to generate a controlled 

cellular metabolism capitulating that present in the perivascular niche, by the engineering 

of a defined oxygen tension gradient [28-30] that mimics the spatial oxygenation at the 

interface between blood vessels and the stem cell niche (Figure 3.1) [31, 32]. Standard 2D 

cell culture methods are limited in that they typically impose uniform static normoxic or 

hypoxic oxygen environments. 2) Cellular metabolism in vitro is usually assessed using end-

point staining assays which provide intracellular quantification but are an end-point 

assessment that requires culture sacrifice. 3) Microsensor integration within organ-on-chip 

platforms can enable continuous metabolic monitoring and recording by accessing the 

specific molecules involved in cellular metabolism. However, such sensors often operate via 

enzymatic or biochemical mechanisms which can influence the cellular microenvironment 

and respiration. The dimensions of currently available microsensors confines their use to 

extracellular readings, meaning that they are limited to indirect assessment of global cellular 

metabolism [33].  

Advanced imaging technologies are becoming valuable tools for live label-free 

assessment of intracellular behaviour, and can be applied for metabolic profiling at a single-

cell level [10]. Among the available fluorescence microscopy methods, Fluorescence 

Lifetime Imaging Microscopy (FLIM) has emerged as a key technique capture interaction of 

specific biomolecules in living cells. It provides high photon efficiency, lifetime accuracy, 

real-time measurements, high spatial resolution, and does not require staining or labelling 

of fluorophores. Widespread FLIM applications consist in mapping intracellular 
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temperature, viscosity, pH as well as measuring ions, glucose or oxygen concentration. FLIM 

can capture the signals emitted by endogenous fluorophores such as NAD(P)H or FAD, 

providing a readout of the metabolic state of the samples under investigation[34, 35]. Here, 

we present a metabolic toolbox that couples a micro-physiological system (MPS) for hMSCs 

dynamic culture capable of simultaneous imaging of intracellular metabolism at a high 

resolution. Predictive modelling was employed to engineer a declining gradient in oxygen 

tension and validated using a previously calibrated non-invasive imaging technology 

applicable to this miniaturised optically accessible bioreactor (MOAB). Using FLIM we were 

able to monitor the adaptive modes of metabolic machinery employed in addition to 

visualising the correlating oxygen concentrations, glucose uptake and mitochondrial 

membrane potential and morphology occurring at these points which were in validation 

with our in silico model. These results present a new method and technology to 

preferentially pattern an in silico-modelled metabolic gradient which will be of enormous 

benefit to the community in modelling perivascular niches, the relevant diseases, and also 

the bioavailability and metabolism-related uptake of pharmaceuticals. Additionally, the 

imaging toolbox presented in this perivascular niche example offer the potential to achieve 

multiparametric single-cell metabolic evaluation in dynamic cultures. 

 

3.3. Materials and methods 

 

3.3.1.  Microfluidic bioreactor 

 

The MOAB is a miniaturized bioreactor for interstitial flow perfusion and high-

resolution imaging. It is fabricated by injection moulding of medical grade PC and consists 

in one main body and three independent lids that magnetically seal on it. In its closed 

configuration every lid hosts a rectangular base (3 mm x 6 mm x 0.5 mm, volume = 9 µL) cell 
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culture chamber with a glass surface for cell seeding and real-time imaging. Silicon tubes 

were perpendicularly connected to the chambers (at the inlet and outlet) allowing for 

perfusion of cell culture medium. The perfusion was performed by a high precision syringe 

pump (NE-1600, NEW ERA, Pump Systems Inc.). The MOAB was maintained at 37°C and 5% 

CO2 during cell culture and fitted on a heating stage to maintain the correct temperature 

during image acquisition.  

 

3.3.2. Human mesenchymal stem cells (hMSCs) culture 

 

Bone marrow derived human MSCs (hMSCs) from Lonza® were expanded in 

Dulbecco’s Modified Eagle’s Medium (DMEM) – Low glucose (Sigma Aldrich), supplemented 

with 10% Foetal Bovine Serum (FBS) and 1% Penicillin Streptomycin (Pen/Strep). hMSCs at 

P3 were seeded in each of the three MOAB’s culture chambers, after overnight pre-

conditioning in complete DMEM, at a cell density of 3.5 x 104 cells/cm2. The culture 

chambers were incubated at 37°C and 5% CO2 for 3 hours to allow hMSCs adhering to the 

surface before beginning flow perfusion. 

 

 

3.3.3. Mathematical modelling 
 

A Computational Fluid Dynamic (CFD) analysis was performed to investigate the 

velocity profile and shear stress distribution inside the cell culture chamber at the cellular 

level.  

A 3D, stationary model was created in COMSOL Multiphysics® 5.2 (Burlington, MA, 

USA). The medium flow through the micro bioreactor was simulated by implementing the 

Navier-Stokes equation and the continuity equation for local conservation of momentum 
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and mass, respectively. The flow was assumed laminar and fully developed at the entrance 

of the chamber with inlet velocity values computed starting from the selected flowrate 

range (0.5-5 µL min-1). The mass transfer model assumed MM rate of uptake of oxygen by 

the cells (Table 2). 

 

Table 3.1 - Model parameters and values used for the computational analysis 

Oxygen diffusion coefficient 

 

3.3.4. Quantitative intracellular O2 imaging 
 

 We measured intracellular O2 tension by using conjugated polymer 

nanoparticles for high-resolution O2 imaging in living cells. The nanoparticle probes (bead 

name: SI-0.2+) are constituted by a substituted conjugated polymer (polyfluorene) 

covalently bounded with a phosphorescent metalloporphyrin which emits in far red 

wavelengths, in a low oxygen environment, due to Fluorescence Resonance Energy Transfer 

(FRET) mechanism. Details on the manufacturing and fluorescence properties of the 

copolymer complexes can be found in [38]. After seeding hMSCs inside the MOAB, the 

staining with nanoparticles was achieved by incubation at 8 μg/mL for 16 hours to allow for 

probes internalization. The culture chambers were washed twice with DMEM medium. 

Oxygen diffusion coefficient DO2 2x10-9 m2 s-1 [36] 

Dynamic viscosity η 8.4x10-4 Pa s [36] 

Michaelis-Menten constant for 
oxygen uptake 

Km,O 4.05x10-9 mol cm-3 [37] 

Maximum uptake rate of oxygen Vmax 100 fmol h-1 cell-1 [37] 
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Imaging and related measurements were performed, after 96 hours perfusion at 0.5 µL min-

1, with two-photon microscope (Olympus BX61WI) in phenol red-free DMEM.  

The excitation wavelength was set at 760 nm and emission wavelength signal was 

detected in two bandpass filters at 455-490 nm for the fluorene backbone (460 nm) and 

580-638 nm for the Pt(II)-porphyrin complex [38].  

In order to correlate the fluorescence intensity signal with the intracellular oxygen 

tension, a semi-calibration curve was obtained (Figure Appendix 4). To achieve this, stained 

hMSCs were imaged inside of the MOAB in static condition to ensure an oxygen 

homogenisation. First, the stained hMSCs were imaged in normoxia environment followed, 

in a separate experiment, by imaging in hypoxia conditions with the respiratory ability of 

the cells inhibited. To achieve this, cells were incubated at 37’C for 1 hour using 2.5 μM of 

Rotenone and 10 μM Antimycin A as these metabolic inhibitors act upon complex I and III 

of the electron transport chain, negating the cell ability to consume oxygen. Using the same 

excitation power, and photomultiplier (PMT) detector settings, hMSCs cells grown in a 

MOAB device for 3 days at 0.5 µL min-1 flow rate. Afterwards, they were stained and imaged 

using the multiphoton microscope. Imaging analysis was performed using ImageJ to select 

ROI areas and calculate their mean grey value.  

 

3.3.5. 2P-FLIM analysis 
 

2P-FLIM was performed using a custom upright (Olympus BX61WI) laser 

multiphoton microscopy system equipped with a pulsed (80 MHz) Titanium: sapphire laser 

(Chameleon Ultra, Coherent®, USA), water-immersion 25x objective (Olympus, 1.05NA) and 

temperature controlled stage at 37°C. During the measurements, the syringe pump was 

working with the flow-rate adequate to the experiment being performed (5μl min-1 or 0.5μl 

min-1) or in static conditions for the O2 probe calibration measurements.  
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Two photon excitation of NAD(P)H fluorescence was performed at the excitation 

wavelength of 760 nm. A 455/90 nm bandpass filter was used to isolate the NAD(P)H 

fluorescence emission. 512 x 512 pixel images were acquired with a pixel dwell time of 3.81 

μs and 30 s collection time. A PicoHarp 300 TCSPC system operating in the time-tagged 

mode coupled with a photomultiplier detector assembly (PMA) hybrid detector (PicoQuanT 

GmbH, Germany) was used for fluorescence decay measurements yielding 256 time bins 

per pixel. TCSPC requires a defined “start”, provided by the electronics steering the laser 

pulse or a photodiode, and a defined “stop” signal, realized by detection with single-photon 

sensitive detectors. The measurement of this time delay is repeated many times to account 

for the statistical nature of the fluorophores emission. For more detailed information on 

this the reader is referred elsewhere[39]. 

Fluorescence lifetime images with their associated decay curves for NAD(P)H were 

obtained and region of interest (ROI) analysis of the total cells present on the image was 

performed in order to remove any background artefact. The decay curved was generated 

and was fitted with a double-exponential decay without including the instrument response 

function (IRF) (Equation 3.1). 

𝐼(𝑡) = 𝐼(0)[𝛼1𝑒
−𝑡
𝜏1 + 𝛼2𝑒

−𝑡
𝜏2 ] + 𝐶 

Equation 3.1 – Fluorescence Intensity decay fitted with a double-exponential decay curve 

 

 I(t) corresponds to the fluorescence intensity measured at time t after laser 

excitation; α1 and α2 represents the fraction of the overall signal proportion of a short and 

long component lifetime component, respectively. τ1 and τ2 are the long and short lifetime 

components, respectively; C corresponds to background light. χ2 statistical test was used to 

evaluate the goodness of multi-exponential fit to the raw fluorescence decay data. In this 

study all the values with χ2 < 1.3 were considered as ‘good’ fits. 
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For NAD(P)H, the double exponential decay was used to differentiate between the 

free (τ1) and protein-bound (τ2) NAD(P)H. The average fluorescence lifetime was calculated 

using equation 3.2. 

 

𝜏𝑎𝑣𝑔 =
(𝜏1 × 𝛼1 + 𝜏2 × 𝛼2)

(𝛼1 + 𝛼2)
 

Equation 3.2 – Average fluorescence lifetime calculation 

 

Images were also analysed at single-cell level to evaluate cellular heterogeneity. The 

z score was calculated for each cell NAD(P)H fluorescence imaging parameter starting from 

the mean values along the MOAB chamber for 0.5 µL min-1 and 5 µL min-1 groups 

respectively; then a heat map was built accordingly.  

 

3.3.6. 2-NBDG and TMRM staining for metabolism validation 
 

hMSCs were seeded in the MOAB following the protocol described as previously 

described. After 3 days of culture in static or under 0.5 µL min-1 or 5 µL min-1 flow rate the 

cells were stained using 100 µM of 2-NBDG or 250 nM of TMRM. Afterwards, the MOAB was 

incubated at 37°C for 30 minutes or 1 hour for TMRM or 2-NBDG. Then, the MOAB was 

washed using PBS and cell culture medium flow was restored for at least 2 hours before 

imaging. Fluorescence images were acquired using the same multiphoton system described 

before. An excitation wavelength of 850 or 860 nm was used to excite 2-NBDG or TMRM, 

respectively. Fluorescence emission was collected using photomultiplier tubes (PMT) with a 

wavelength range of 502-547nm and 580-638 nm for 2-NBDG and TMRM, respectively. 

Acquired images were analysed using CellProfiler™ with a custom built project pipeline [40].  
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3.3.7. Statistical analysis 

 

 
The data obtained was evaluated for statistical significance as described in the 

figure legends. Results are depicted throughout this manuscript as the mean ± standard 

deviation. Statistical analysis was performed using PRISM (GraphPad Software, La Jolla, CA, 

USA). All data sets were assumed to be normally distributed which was confirmed using the 

Shapiro-Wilks test to test for normal distribution. Unpaired, Paired t-test or One-way 

ANOVA (where appropriate) were used to establish statistical differences. Statistical 

significance was set at p < 0.05. 

 

3.4. Results  

 

3.4.1. The microbioreactor for hMSCs culture 

 
 

The culture platform employed in this study is a miniaturized optically accessible 

bioreactor (MOAB), recently reported for culturing hMSCs inside a dynamic MPS [41] (Figure 

3.2A, B). The walls of the MOAB microchambers are fabricated from oxygen-impermeable 

polycarbonate (PC, with an oxygen diffusion coefficient of 8.0 x 10-8 cm2 s-1) [28]  thus 

enabling a stable and linear gradient of the oxygen tension (Figure 3.2C).  

3.4.2. Intracellular label-free investigation of hMSCs metabolism 
 

Transparent PDMS microfluidic chips permit non-invasive optical monitoring of the 

MOAB microchamber for the duration of the experimentation. However, to perform high-

resolution imaging, immersion objectives are necessary and the refractive index (n) of the 

viewing surface needs to be as close as possible to that of the objectives. PDMS (with n=1.43) 

generates optical aberrations on the excitation laser pathway; therefore, the overall optical 

quality is generally poor. Moreover, PDMS membrane thickness cannot be reduced substantially 
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without interfering with the performance of the device [42]. We integrated a rectangular glass 

slide (having n = 1.53 and a thickness of 0.15 mm) inside each fluidic chamber that 

simultaneously serves as a surface for cellular adhesion to enable high-resolution microscopy 

(Figure 3.2C).  

Figure 3.2 - Microfluidic bioreactor and experimental setup. (A) The Miniaturized Optically Accessible 
Bioreactor (MOAB) device, composed of a Polycarbonate (PC) body with three independent rectangular 
base flow chambers for cell culture and real-time high-resolution imaging. (B) “Plug and play” seeding of 
human-MSCs (hMSCs) inside the fluidic chamber for interstitial-like perfusion. (C) By using MOAB a 
defined oxygen tension gradient can be imposed by controlling the flow perfusion and cell density while 
simultaneous real-time high-resolution measurement of the metabolic activity by the detection of the 
bound NAD(P)H fluorescence emission can be performed. (D) Non-invasive measurement of cellular 
metabolism of hMSCs cultured inside MOAB, using a two-photon (2P) microscope fitted with 
Fluorescence Lifetime Imaging Microscopy (FLIM) detectors. The result is the NAD(P)H fluorescence 
decay and a colour coded picture indicating pools of free and enzyme-bound NAD(P)H quantified by their 
respective fluorescence lifetimes fractions. The free NAD(P)H corresponds to the short τ1 lifetime with 
corresponding fraction α1, representative of a glycolytic profile, while the protein-bound NAD(P)H is 
related with the long τ2 and α2 fraction, indicating oxidative phosphorylation (OxPhos). 
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3.4.3. Optimization of the MPS culture conditions 

 
The spatial and temporal distribution of the oxygen tension across a microfluidic 

chamber depends on the uniformity of the flow field and on the oxygen consumption rate 

of cells exposed to this flow. A computational approach was employed to establish a defined 

perfusion regime at the inlet to create a specific oxygen gradient along the principal flow 

direction, while ensuring physiological physical stimulation to cells. 

 

3.4.4. Prediction of interstitial flow velocities and shear stress 
 

CFD analysis (COMSOL Multiphysics®) validated in previous work [26] predicted the 

velocity distribution profile and the levels of shear stress acting in the MOAB microchamber. 

Interstitial flow velocities in body tissues generate from convective transvascular flows and 

are reported to range within 0.1-5 µm s-1, in physiological conditions, reaching up to 10 µm 

s-1 during inflammation [43]. Four flow rates (0.5, 2, 3.5 and 5 µL min-1) were simulated, 

yielding average velocity values in the range 0.5-6 µm s-1 (Figure 3.3A). 

The estimated wall shear stress, resulting from the flow rates applied (0.5, 2, 3.5 

and 5 µL min-1), ranged from an average value of 0.0005 dyne cm-2, at the lowest flowrate 

(0.5 µL min-1), to 0.005 dyne cm-2 at the highest (5 µL min-1) (Figure 3.3A).  

 

3.4.5. Flow-dependent oxygen concentration profile    
                    

Next, a mass transport analysis was implemented (COMSOL Multiphysics®) to 

predict the oxygen tension profile with consideration of hMSCs oxygen consumption across 

the culture chamber. The cellular consumption rate was modelled as an oxygen sink by 

defining a steady state flux, dependent on cell density, along the cell adhesion surface of 
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the MOAB chamber while assuming a uniform distribution of cells. Single cell consumption 

rate was assumed to depend on both the cell type and on local oxygen availability, following 

the Michaelis-Menten (MM) equation [37]. As a boundary condition we imposed an oxygen 

partial pressure of 16.7% at the inlet of the MOAB chamber, based on experimental 

measurements [44].  

From this simulation the oxygen concentration profile gradually decreased across 

the chamber given a fixed cell number, and its gradient rapidly decreased with flow velocity 

(Figure 3.3C). At high flow velocity, the contribution of advection prevailed on diffusion 

within the medium; and in this case it was represented by a 90% increase of the Peclet 

number (Pe) at the highest flow rate (Figure 3.3D). Moreover, at a fixed reference cell 

density of 6 x 104 cells cm-2, the oxygen tension exponentially decreased with the flowrate 

Figure 3.3 - Velocity profile, shear stress and oxygen tension inside the perivascular NOC. (A) Predicted 
average flow velocities and wall shear stress as function of the input flowrate. (B) Colour map of the 
flow velocity and wall shear stress distribution in proximity of the cell culture surface area at an inlet 
flowrate of 5 µL min-1. Colour map in top view.  (Scale bar: 1mm.) (C) Prediction of the oxygen tension 
depletion at a cell density of 8.3 x 104 cells cm-2 (corresponding to 96 hours of culture) as function of 
the distance from the inlet and the input flowrate. (D) Computed Pe number as a function of flowrate 
considering an oxygen particle at the middle height of the chamber (characteristic length L: 250 µm) 
in correspondence of the max velocity fillet on a section at 3 mm distance from the inlet.  
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due to the hMSCs oxygen uptake. Simulating cellular O2 consumption decays at the two 

opposite flowrates (i.e. 0.5 and 5 µL min-1) highlights diverse oxygenated 

microenvironments as function of the distance from the inlet (Figure  3.4A). Besides the flow 

velocity, the other element influencing the overall oxygen tension profile is the cell density. 

We investigated four cell density values (41.6, 83.3, 166.6 and 333.3 x 103 cells cm-2), 

representing the cells doubling during the days of culture, at one fixed flowrate of 0.5 µL 

min-1, which is the lowest in the MOAB working range. At every cell doubling, the oxygen 

tension gradient got steeper generating always more hypoxic conditions at the chamber 

outlet. After four doublings, the oxygen tension at the outlet reached 0%, representing the 

upper limit working condition of our system in time. This computational approach informed 

the preparation of the optimal experimental working conditions. The numerical results 

demonstrated the feasibility to simulate in vitro the varying intensities at which fluids 

extravasate into the stem cell interstitium, due to changes in blood vessel permeability. 

 

 

 

B A 

Figure 3.4 - (A) Colour maps of the single cell oxygen uptake rate spatial gradient at 0.5 µL min-1 (top) and 
5 µL min-1 (bottom) at a cell density of 8.3 x 104 cells cm-2 (corresponding to 96 hours of culture). Colour 
maps in top view. (Scale bar: 1 mm.) (B) Prediction of the oxygen tension depletion at a flowrate of 5 µL 
min-1 as function of the distance from the inlet and the cell density (i.e. the day of culture). 
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3.4.6. Quantitative intracellular oxygen measurement 

 
 

To assess and validate the predicted cell oxygen uptake gradient being formed 

inside of the MOAB, we sought to experimentally quantify intracellular oxygen. To ensure 

the most physiologically relevant measurements, we performed fluorescence intensity 

based measurements inside the MOAB using an intracellular phosphorescent probe [45].  

Specifically, we used a SI-0.2+ nanosensor probe composed of fluorine building blocks which 

act as an energy donor and an antenna for platinum(II) meso-bis(pentafluorophenyl)bis(4-

bromophenyl)porphyrin (PtTFPPBr2) [38]. This conjugated polymer exhibits favourable 

properties to be used a multiphoton system due to its high intensity fluorescence emission, 

cell permeability and Förster resonance energy transfer (FRET) properties which is impacted 

in varying oxygen concentrations. At higher oxygen concentrations this probe is quenched, 

and lower amounts of energy are transferred from the backbone to metalloporphyrin 

complex resulting in a decrease of emission intensity at 640-680 nm.  
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After hMSCs incubation with the probe for 16 hours, it was possible to establish a 

calibration curve (Figure Appendix 4) by detecting the fluorescence emission intensity in 

cases of uptake activity in normoxic conditions and uptake when a compromised cellular 

oxygen consumption rate was engineered by suppression of cells respiratory activity.  

hMSCs were cultured inside the MOAB for 96 hours at a flow rate of 0.5 µL min-1 

and 5 µL min-1. Afterwards, they were stained using SI-0.2+ and imaged directly in the 

perfused chamber with a multiphoton microscope while maintaining the same flow rate. 

Three areas of the MOAB were analysed: inlet, middle and outlet (Figure 3.5A). Two images 

were acquired at the same time, one for NAD(P)H emission (as a reference signal) and 

another for the SI-0.2+ probe emission wavelength. Afterwards, the emission intensity in the 

cell area was calculated and a ratio of both acquisitions was performed. A statistically 

significant increase in the ratio 630/460 from the inlet area of 1.09 ± 0.04, to 1.44 ± 0.10 in 

the middle, and finally 1.68 ± 0.17 in the outlet area (Figure 3.5B) was detected in the case 

Figure 3.5 - Multiphoton quantitative intracellular oxygen imaging. (A) Representative images acquired at 
the inlet, middle and outlet areas for both SI-0.2+ and NAD(P)H channels and regions of interest (red) 
used for quantification. (B) Fluorescence intensity ratio of SI-0.2+ per NAD(P)H in the inlet, middle and 
outlet areas in three dynamic culture conditions (static (no flow), 0.5 µL min-1 and 0.5 µL min-1) (n=3). 
Statistical analysis performed using one-way ANOVA and p<0.05. (C) Intracellular calculated oxygen 
tension in the different MOAB areas in three dynamic culture conditions (static (no flow), 0.5 µL min-1 and 
0.5 µL min-1) (n=3). One-way ANOVA was used to detect statistical differences with *p<0.05. 
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of 0.5 µL min-1 while no detectable significant overall increase resulted in the case of 5 µL 

min-1. As described previously [38], an increase of the 630/460 ratio is correlated with 

decreasing oxygen levels due to decrease of the efficiency of energy transfer from the 

fluorine backbone to the metalloporphyrin. By applying our semi-calibration curve (Figure 

Appendix 4), it was possible to correlate the intensity measurements of the 630/460 ratio 

to partial oxygen values and obtain an estimation of the intracellular oxygen levels. Here, 

we calculated that the inlet oxygen levels are on average 16.6 ± 0.4 %, 13.1 ± 1.0 % in the 

middle and 10.7 ± 1.7 % at the outlet when the system is perfused at 0.5 µL min-1 with 

statistically significant differences between each area (Figure 3.5C) Conversely, an increase 

in the flow rate to 5 µL min-1 leads to oxygen levels of 15.6 ± 0.7 at the outlet. Therefore, we 

were able to observe a direct effect on the intracellular oxygen levels by the flow rate and 

cell culture environment. This result agrees with the predictions of the in silico model (Figure 

3.4). In this in silico model, taking as example the 0.5 µL min-1 group, a similar decreasing 

trend in oxygen distribution from the inlet (≈16.5%) to the outlet (≈11.5%) region is 

calculated in our model (Figure 3.3). 

 

3.4.7. Two-photon fluorescence lifetime imaging microscopy (2P-FLIM) 

evaluation of cellular metabolism 
 

2P-NAD(P)H FLIM was performed on the MOAB at specific locations (similar to the 

intracellular oxygen measurements): inlet, middle and outlet in order to fully delineate any 

metabolic heterogeneity of these cells. The MOAB was perfused at the flow rate of 0.5 µL 

min-1 and 5 µL min-1 and was imaged after 96 hours of culture (Figure 3.6A).  
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FLIM analysis of hMSCs at these locations revealed a decreasing gradient in the 

average fluorescence lifetime while the protein bound NAD(P)H lifetime remains stable 

(Figure 3.6B,C). The calculated average fluorescence lifetime for the inlet, middle and outlet 

are 1.545 ± 0.012 ns, 1.415 ± 0.070 ns, 1.325 ± 0.045 ns, respectively (Figure 3.6). In addition, 

the middle and outlet values are statistically significantly decreased when compared to inlet 

values. The calculated average fluorescence lifetime (τavg) has been used regularly in 

previous works as a unique and easy value to quickly discriminate between cellular 

metabolic states [46-48]. A higher τavg is reflective of a higher fraction and/or lifetime of the 

τ2 demonstrative of a more OxPhos dependent metabolism. These observations are 

illustrative of a lower dependence of the cells to use OxPhos and therefore becoming more 

glycolytic.  

Figure 3.6 - (A) 2P-FLIM NAD(P)H imaging of hMSC cultured on the MOAB. Representative images of the 
areas imaged after 96 hours cell culture under 0.5 µL min-1 flow rate. (B) Average fluorescence lifetimes 
(τavg) calculated for the inlet, middle and outlet areas with n=4. One-way ANOVA was used to verify 
statistical difference with p<0.05. (C) Normalisation of middle and outlet τavg to inlet area of the MOAB 
at different flow rates. An unpaired t-test was used to verify statistical difference with p<0.05. (D) Protein-
bound NAD(P)H fluorescence lifetime (τ1) obtained with n=4 and no statistical difference between groups, 
verified by One-way ANOVA. (E) Heat map of z scores (normalized according to the mean of the MOAB 
chamber) of NADPH autofluorescence imaging parameters of hMSCs after 96 hours of perfused culture 
at 0.5 µL min-1 and 5 µL min-1 flow rates. Each row is a single cell. The data were clustered according the 
three areas: inlet, middle and outlet. 
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However, protein-bound NAD(P)H fluorescence lifetimes (τ2) remain stable with 

2.703 ± 0.084 ns, 2.718 ± 0.058 ns, 2.719 ± 0.216 ns, for the inlet, middle and outlet, 

respectively (Figure 3.6C).  

The same experiment was performed at a higher flow rate (5 µL min-1) (Figure 

Appendix  5). According to our multiphysics numerical analysis (Figure 3.3, 3.4), the oxygen 

tension profile inside the fluidic chamber in this condition, follows a linear (R2 = 0.97) decay, 

along the principal flow direction, with a higher lower slope with respect to the 0.5 µL min-

1 condition. To better understand the changes in cellular metabolism between 5 µL min-1 

and 0.5 µL min-1, a normalisation of the middle and outlet areas to the inlet area was 

performed. As observed in Figure 3.6C, the average fluorescence lifetimes at 5 µL min-1 are 

higher than the 0.5 µL min-1 flowrate being statistically significantly higher in the outlet area. 

With higher values of τavg, the cells experiencing 5 µL min-1 flow rate results to be more 

spatially dependent on OxPhos than in the case of lower flow rate values. In conjugation 

with the computational mass transport analysis, the non-significant change of τavg at a higher 

flow rate can be correlated to the availability of oxygen inside the MOAB. As the cells 

experience higher oxygen levels in their environment, they will be less reliant on the use of 

glycolysis. 

While the reported data in Figure 3.5B,C and D refer to average fluorescence 

lifetime values, the FLIM detection system was also able to detect single cell NADPH 

autofluorescence emission at a single-cell resolution (Figure Appendix 6). hMSCs 

heterogeneity inside the MOAB chamber was assessed within the inlet, middle and outlet 

areas. The heat-map representation (Figure 3.5E) of the z score of NADPH autofluorescence 

parameters confirmed metabolically similar cells clustering at the inlet, middle and outlet 

areas which is in strong agreement with the global observation of fluorescence lifetimes at 

these regions, while revealing intra-area heterogeneity. There do exist a small number of 

outliers per region which are starkly visible in the heatmap which do impact descriptive 
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statistics of Skewness, Kurtosis and coefficient of variances. This is due to the smaller 

number of cells used in these particular analyses.   

 

3.4.8. Validation of metabolic changes by 2-NBDG and TMRM staining 
 

To gain further insight into the adaptive metabolic machinery being utilised in this 

system and to gain spatial biochemical information about hMSCs under this declining 

oxygen gradient; 2-[N-(7-nitrobenz-2-oxa-1,3-diazol-4-yl)amino]-2-deoxy-d-glucose (2-

NBDG) was first employed which is a commonly used fluorescence glucose analogue to 

estimate glucose uptake by cells [49-51]. This fluorescent compound enters the cells by the 

glucose transporter 1 (GLUT1) and glucose transporter 2 (GLUT2). Here, it undergoes 

phosphorylation by hexokinase preventing its efflux by the cell [52, 53]. 2-NBDG is a direct 

competitor of glucose in both glycolysis and transport which made it an interesting molecule 

to correlate directly glucose metabolism and uptake [54-56]. 

Recent literature has demonstrated that 2-NBDG staining is a non-specific cellular 

stain and its fluorescence intensity is not necessarily correlated with glucose transport [57]. 

Initial characterisation of 2-NBDG to measure glucose uptake was performed in E.Coli [58]. 

In particular, 2-NBDG uptake in bacteria is mediated by a mannose or a glucose/mannose 

transport system [59].Specifically, Yamada et al., characterised 2-NBDG mediated transport 

by GLUT2 in Cos1 and Min6 pancreatic beta cells. Here, the uptake of 2-NBDG by GLUT2 was 

highly selective, inhibited by excess glucose and blocked when using a glucose transport 

inhibitor [60]. Throughout this thesis, hMSCs were used. Segev et al., measured the 

expression levels of GLUT1-4 and concluded that GLUT1 and GLUT2 are expressed in hMSCs. 

However, higher expression levels of GLUT1 are observed at earlier time-points and during 

cell differentiation comparing with GLUT2 [61].  A study by Souza et al., have validated that 

inhibiting GLUT1 expression using CRISPR-Cas9 gene editing in 5TGM1 myeloma cells did 
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not impact 2-NBDG uptake. In addition, Souza et al., showed that 2-NBDG uptake was also 

independent of competing glucose concentrations [62]. Another study by Hamilton et al., 

used a L929 fibroblast cell line which expressed GLUT1 as its only glucose transporter, to 

correlate 2-NBDG fluorescence with glucose uptake. By using chemical inhibitors, 

overexpression of GLUT1 transporters and siRNA mediated knockdowns, Hamilton et al., 

were able to modulate glucose uptake in the cells but not 2-NBDG uptake [63]. To conclude, 

these reports demonstrate that 2-NBDG is not an accurate measurement of glucose uptake 

in cells expressing GLUT1. Since hMSCs mostly utilise GLUT1 as the major glucose 

transporter, the results obtained might not correlate directly with glucose uptake. However, 

currently, there are no glucose-specific fluorescence stains that allow measurements of 

glucose uptake that could be applied to the MOAB without compromising oxygen and 

nutrient gradients and achieving single-cell resolution.  

In our study we used 2-NBDG to determine glucose uptake by hMSCs inside of the 

MOAB in static conditions or under a determined flow rate (Figure 3.7). Here we observed 

that the 0.5 μL min-1 flow rate induced a statistically significant reduction of 2-NBDG 

fluorescence intensity from the inlet to the outlet region of approximately 33%. When using 

5 μL min-1 as a flow rate there was no statistical different effect on the fluorescence intensity 

of 2-NBDG inside of the cells (Figure 3.7B). The 0.5 μL min-1 results demonstrate that there 

is a reduction of 2-NBDG uptake from the inlet to the outlet region. Therefore, cells in the 

outlet are less metabolically active compared with the inlet region. Using 5 μL min-1 flow 

rate this effect is not noticeable. Although an increasing trend of 2-NBDG uptake can be 
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observed in the middle region, it is not enough to determine a discernable and statistically 

significant difference. 

Additionally we employed Tetramethylrhodamine methyl ester (TMRM); a 

fluorescence compound which accumulates in the mitochondria intermembrane space in 

an inverse proportion manner in the same MOAB conditions.  

For this study, a custom cell profiler algorithm was used to quantify TMRM staining 

intensity and mitochondria morphology (Figure 3.8). This script uses the raw image (Figure 

3.8A) and applies a de-noising filter to highlight mitochondrial structures (Figure 3.8 B, 

Computer Code Appendix 7). Afterwards, the software identifies the mitochondria by taking 

into account the difference in fluorescence intensity of stained mitochondria and the low-

intensity background. The segmentation of mitochondrial structures allows the calculation 

of fluorescence intensity, aspect ratio and eccentricity of individual mitochondria or merged 

mitochondria. These calculations are done directly in the cell profiler built-in software [40, 

64]. 

 

 

Figure 3.7 - Metabolic Validation of flow on hMSCs using 2-NBDG and TMRM. (A) Representative 
multiphoton images acquired at different areas of the MOAB at 0.5μl min-1 using 2-NBDG and TMRM, 
scale bar = 100μm. (B) Fluorescence intensity of 2-NBDG. (C) Fluorescence intensity of TMRM. (D, E) 
Aspect Ratio and Eccentricity calculated of mitochondria staining of TMRM. Paired one-way ANOVA was 
used to determine statistical significance with *p<0.05. 
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Here, we stained hMSCs with TMRM and imaged in static conditions or when 

subject to flow. In Figure 3.7 C, there is a statistically significant decreasing trend of TMRM 

fluorescence intensity from the inlet to the middle and to the outlet regions in both flow 

rates investigated (0.5 μL min-1 and 5 μL min-1. Using 0.5 μL min-1, we detected a sharper 

decline in TMRM fluorescence intensity ranging at 22.2% from the inlet to the middle region 

and 50.3% from the inlet to the outlet region. In comparison with a flowrate of 5 μL min-1, 

we detected a drop of 19.6% from the inlet to the middle and 36.8% from the inlet to the 

outlet regions.  

Another parameter available from TMRM staining is observation of mitochondrial 

morphology. Regarding this; we used both aspect ratio and eccentricity as measurements 

of shape and roundness (or elongation) of mitochondria (Figure 3.7 D, E). Aspect ratio is a 

ratio between the major and minor axis length of the ellipse equivalent to the mitochondria 

and eccentricity is a measure of how much a shape deviates from being circular, with a 

perfect circle having 0 eccentricity [65, 66]. Figure 3.7D, we can observe a statistically 

significant decrease using a 0.5 μL min-1 flow rate from 1.640 ± 0.006 to 1.594 ± 0.016 and 

to 1.515 ± 0.009 from the inlet to the middle and outlet regions, respectively. Whilst for 5 

μL min-1, we only have a statistical significant decrease by comparing the inlet and outlet 

regions with 1.639 ± 0.012 and 1.603 ± 0.008, respectively. The eccentricity results present 

in Figure 3.7E show a similar trend. At 0.5 μL min-1 there is a statistically significant reduction 

Figure 3.8 – Cell profiler segmentation and quantification analysis of TMRM staining. (A) Raw image before 
any processing. (B) De-noising plugin effect on raw image. (C) Zoom-in section highlighted by red-box, 
showing individual and connected mitochondria. (D) Segmentation color-coding of mithocondria.  
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of eccentricity from the inlet, to middle and outlet regions from 0.729 ± 0.005, to 0.684 ± 

0.013 and 0.658 ± 0.005, respectively. For 5 μL min-1, the only statistical significant trend is 

observed from the inlet to the outlet regions corresponding to a decrease from 0.726 ± 

0.004 to 0.718 ± 0.003. These results illustrate a reduction of mitochondria size and increase 

of its roundness particularly when using 0.5ul min-1 flow rate.  

 

3.5. Discussion 
 

Perfused in vitro cultures of hMSCs have demonstrated the influence of flow-associated 

shear stress on MSCs commitment to the mesengenic lineages [67, 68]. In this study,  precise 

control enables interstitial flow velocities and low-level shear forces as well as generate a 

transitional oxygen concentration profile in space and time with the aim of mimicking an 

interface representative of the one that hMSCs experience near blood capillaries and within the 

stem cell niche. Due to the MOAB oxygen-impermeable polycarbonate, the only source of free 

oxygen to reach inside the microchamber is the oxygenated culture medium flowing from the 

inlet. The combination of constant flow of fresh medium with the consumption of oxygen by the 

cells modulates an oxygen tension in the microenvironment, leading to the establishment of a 

spatial oxygen gradient (Figure 3.2C). In addition, the integration of a glass slide to in the MOAB 

facilitates real-time visualisation of cellular metabolism by means of a two-photon (2P) 

microscope fitted with FLIM detectors (Figure 3.2C). Harvesting the autofluorescence properties 

of NAD(P)H provides an insight to the metabolic state of cells [69-71]. This is based on the 

presence of mixed pools of free and enzyme-bound NAD(P)H that can be individually discernible 

by their respective fluorescence lifetimes. Here, we focused on the use of 2P-NAD(P)H FLIM. 

NAD(P)H is characterised by a multi-exponential fluorescence decay, which is fitted using a 

double-exponential curve with an average fluorescence lifetime (τavg) obtained from the two 

different states fluorescence lifetimes and corresponding fractions (τ1,2,α1,2) [72-75]. A 
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representative NAD(P)H fluorescence decay, its fitting and residuals are shown in Figure 3.2D. 

The free NAD(P)H corresponds to the short τ1 lifetime (~0.4 ns) with corresponding fraction α1 

while the protein-bound NAD(P)H is related with the long τ2 (>1.5 ns) and α2 fraction [72, 76, 

77]. NAD(P)H is a co-factor of important steps of the metabolic pathways, including glycolysis, 

OxPhos and pentose phosphate pathway [78].  

CFD analysis predicts the velocity distribution profile and levels of shear stress 

acting in the MOAB. The highest shear stress predicted to act on cells reached 0.001 dyne 

cm-2 which is orders of magnitudes lower than the values reported for shear stress-induced 

MSCs differentiation [17, 67, 68]. The velocity profile together with shear stress were 

uniformly distributed at the bottom of the culture chamber with 75% of the surface 

simulating values within a 10% variation (Figure 3.3B). This simulation predicts equal 

mechanical stimulation (in terms of shear stress) to the cells. Afterwards, mass transport 

simulation analysis allowed us to predict oxygen concentration by delineating the effect of 

varying flowrates on oxygen diffusion and the impact of cell density on the oxygen 

availability thus, on the overall normoxic-hypoxic gradient within this MPS. Oxygenation 

levels within different body tissues and organs vary greatly. For example, the oxygen tension 

in lungs and liver ranges from 13% to 10% while in bone marrow or brain it reaches values 

from 7% down to 4% [30-32] or even lower (2%) [79]. By tuning the input flow rates of the 

MOAB, coupled with an appropriate cell density (relative to cellular oxygen consumption) 

and modelling this in silico, tuning the input flow parameters in the MOAB, we were able to 

recapitulate specific physiological oxygenation levels and a predefined oxygen 

concentration decay along the principal flow direction. This represents a functional tool that 

could be useful in modelling the perivascular niche present in various organs, besides the 

bone marrow niche modelled here, which is the one primarily investigated to elucidate its 

role in MSCs differentiation [11, 80, 81]. Experimental measurement of oxygen 

concentration in the MOAB shows a reduction of oxygen levels from the inlet to the outlet 
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regions. This effect of downstream depletion of oxygen levels in microfluidic platforms has 

been previously reported [82, 83]. Mehta et al., reported a similar approach of fluorescence 

intensity measurements and observed a decreasing trend of oxygen levels from the inlet to 

outlet areas of a flow bioreactor with a direct dependency on cellular density and a flow 

rate of 0.5 µl min-1 [83]. Other approaches have employed electrode-based or extracellular 

fluorescence probes to quantify dissolved oxygen in cell culture medium [84-87]. However, 

these approaches lack the opportunity to quantify intercellular oxygen concentrations 

directly and are more susceptible to experimental error [83, 88]. Moreover, our approach 

allows direct quantification within microfluidic cultures contained in compact system 

without the need of complex channels geometries, multilayered structures or modulation 

of gases within the culture chamber itself [28]. In order to further validated the metabolism 

hMSCs cultured in this system, we then employed 2P-FLIM NAD(P)H to directly evaluate the 

impact of this transient oxygen tension on cellular metabolism. Here, a gradient from 

OxPhos in the inlet to glycolysis in the outlet region was measured. This trend shows an 

adaptation of cellular metabolism in response to environmental conditions, specifically 

oxygen; which was predicted to decline along the flow chamber in response to predefine 

flow rates according to our computational analysis and later validated with our oxygen 

probe (Figure 3.3, Figure 3.5). As reported on literature, in reduced presence of oxygen the 

cells adapt from an aerobic to anaerobic metabolism [6].  

The observed trend of decreasing τavg and its connection to an increase in glycolysis 

was been reported several times in literature [34, 46, 89]. Walsh et al., demonstrated a 

decrease in NAD(P)H τavg in aggressive types of cancer cells, known for being more reliant in 

glycolysis- a hallmark for their metabolic behaviour [90, 91]. The work by Meleshina et al., 

showed a contrast between MSCs subjected to osteogenic differentiation and 

undifferentiated MSCs. The latter were characterized by a lower NAD(P)H lifetimes 

associated with their glycolytic metabolic profile[34]. Our 2P-FLIM results clearly 
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demonstrate a decrease of τavg at the outlet of the MOAB chamber which is correlated with 

higher dependence on the glycolytic pathway by hMSCs as they are farther away from the 

fluidic chamber inlet. Nonetheless, NAD(P)H  protein-bound lifetimes (τ1) are constant. 

According to Blacker et al., τ1 is an indicator of the ratio of NADPH and NADH [92]. These 

two species are difficult to separate due to spectroscopy similarities however, a longer τ1 is 

associated with a higher presence of intracellular NADPH. In the results obtained, these 

values remain the same which is indicative of a constant ratio of NADPH/NADH pools. 

 NADPH is a metabolic co-factor more involved in anabolic pathways whose 

presence is less relevant for glycolysis and OxPhos [78]. Using our 2P-FLIM to distinguish 

between OxPhos and glycolysis, we can be confident that the OxPhos metabolic pathway is 

the one most affected by the lack of oxygen, in specific the enzymatic reactions steps that 

are dependent of oxygen such as the electron transport chain, as already described in 

literature [93]. By increasing the flow velocity from 0.5 µL min-1 to 5 µL min-1 flow rate, there 

is a reduction on the heterogeneity across the total area of the MOAB chamber.  

Single-cell analysis was also performed revealing intra-area heterogeneity as well 

with some variation between single-cells. Future studies to investigate this heterogeneity 

further and definitively ascertain the impact of variable flow conditions are ongoing would 

benefit from the analysis of thousands of cells per experimental group, which is possible; 

necessitate the incorporation of machine learning (t-distributed stochastic neighbour 

embedding, t-SNE; or similar approaches) [48].  

Our results strongly correlate the increase of glycolytic behaviours with the 

decrease of oxygen availability predicted in silico (Figure 3.4), which was validated and 

quantified in vitro (Figure 3.5, Figure 3.6). The relationship between oxygen availability and 

metabolism has been widely addressed in many studies where often the metabolic switch 

promoted by the lack of oxygen is majorly due to the hypoxia-inducible factors (HIFs) [94-

97]. These transcription factors are composed by a stable β-subunit and two α-subunits in 
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which of HIF1α is oxygen-labile [98, 99]. Reducing the levels of oxygen promotes the 

stabilisation and inactivates the HIF prolyl hydroxylases which results in increased levels of 

intracellular HIFs [100, 101]. After activation, these factors can promote the expression of 

genes related with the glycolytic pathway such as:  glucose transporter 1 (GLUT1), increasing 

glucose uptake; lactate dehydrogenase A, converting pyruvate to lactate; and pyruvate 

dehydrogenase kinase 1 (PDK1) which inhibits the role of pyruvate dehydrogenase reducing 

the pyruvate uptake by the mitochondria consequently reducing OxPhos and oxygen 

consumption[102]. Therefore, there is a correlation between the oxygen availability and 

cellular metabolism, validated by our oxygen measurements and 2P-FLIM.  

A hypoxic environment and higher dependence of glycolysis can induce an increase 

of glucose uptake [103, 104]. However, our 2-NBDG results at 0.5 μL min-1 show a decrease 

in glucose uptake from the inlet to the outlet region. This might be due to an overall 

reduction of cellular metabolism and ATP production promoted by lower oxygen and 

glucose availability as low nutrient concentrations have been shown to decrease NADH and 

ATP levels [105, 106]. When using 2-NBDG at 5 μL min-1 flow rate, there is no significant 

trend observed. This result could be attributed to downregulated OxPhos (Figure Appendix  

5) although with a higher nutrient availability compared with a 0.5 μL min-1 flow rate which 

increases glucose uptake to try to rescue ATP production levels against their oxygen limited 

OxPhos [107].  

TMRM staining was used to connect the metabolic profiles observed with 

mitochondrial membrane potential and shape. As the mitochondria membrane potential 

(Δψm) decreases, more of TMRM accumulates originating in a higher fluorescence signal 

intensity. In addition, it allows one to analyse mitochondrial morphology, establishing a 

direct connection with cellular metabolism [108, 109]. The reduction of TMRM fluorescence 

intensity has been associated with an increase of Δψm, as cationic TMRM accumulates in 

lower amounts in a less negatively polarised mitochondria [108, 110]. Δψm is generated by 
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the proton pumps in the electron transport chain and functions as an energy storage during 

OxPhos. This potential, associated with the proton gradient, constitutes the transmembrane 

potential of hydrogen ions that are used to fuel ATP synthase and produce ATP[111]. The 

more stable the Δψm values, the higher the amount of intracellular ATP and even in hypoxia 

or inhibition of OxPhos, the Δψm can be rescued by ATP-consumption formed during 

glycolysis [112, 113]. Our results suggest that the Δψm cannot be adequately maintained in 

both flow rates, with reduced stability at 0.5 μL min-1. This indicates that the intracellular 

levels of ATP in cells at the middle and outlet are lower compared with cells in the inlet 

region. The decreasing potential of ATP production can be due a culmination of limited 

availability of nutrients (for instance glucose) and the impact of reduced oxygen on 

metabolism. The TMRM results strongly correlates with our previous 2-NBDG experiment 

with lower glucose consumption and availability at 0.5 μL min-1, and an attempt to rescue 

ATP production by the middle area cells due to higher nutrient availability at 5 μL min-1 

(Figure 3.7A).  

Furthermore, mitochondria shape and morphology are inextricably linked to 

metabolism and its function[109]. Mitochondria fusion (elongated) is associated with 

increased ATP production while fission (circular) is associated with impaired OxPhos and 

glycolytic dependent metabolism. Both fusion and fission processes can occur due to 

metabolic demands and nutrient availability[114, 115]. Our results (Figure 3.7D, E) confirm 

that mitochondria in outlet cells are smaller and more circular when compared with 

mitochondria in the inlet regions. This occurs due to the lower availability of nutrients and 

oxygen (Figure 3.5) in the outlet regions versus the higher nutrient and oxygen levels at the 

inlet. In addition, the fission process occurring in outlet cells is also indicative of a more 

glycolytic dependent metabolism as verified by Figure 3.6.  

The results measured with 2-NBDG and TMRM validate what was implicit in Figure 

3.5 and Figure 3.6. The cells in the inlet, middle and outlet regions adapt their metabolism 
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according to nutrient availability and oxygen levels. Here, they adjust their glucose uptake, 

mitochondria membrane potential and morphology in response to environmental cues 

promoting a glycolysis dependent metabolism and to achieve functional ATP levels. 

While there are some reports of FLIM being applied to fluidic systems [116, 117],  

this paper demonstrates the first case of 2P-FLIM metabolic characterization of stem cells 

in a microfluidic bioreactor without the use of microsensors or disruptive end-point assays 

[33, 118]. Not only that, this study directly links and validates in silico modelling to real-time 

non-invasive imaging of oxygen concentration gradients followed by its impact on cellular 

metabolism which is validated by glucose consumption, mitochondrial membrane potential 

and mitochondrial morphology- all non-invasively. Recently, 2P-FLIM analysis has becoming 

increasing applied to microfluidic platforms due to 2P-FLIM non-invasive features. 2P-FLIM 

has been applied to bioreactors which mimic retinal, tumour and hepatic 

microenvironments [119-121]. In addition 2P-FLIM in bioreactors applications has been 

used to establish a single-cell sorting platform of yeast based on fluorescence lifetime [122]. 

In particular, an interesting application was to evaluate the role of tumour 

microenvironment on natural killer (NK) cells [120]. In this study by Ayuso et al., the 

bioreactor platform mimicked the tumour microenvironment resulting in gradually reduced 

NK cells cytotoxic capacity leading to compromised NK cells function. After removing NK 

cells from the tumour microenvironment, NK cells exhaustion persisted for an extended 

period of time. Here, 2P-FLIM was able to detect metabolic changes in NK cells after 1-week 

incubation period in the tumour bioreactor revelling lower optical redox ratios of NK cells 

when exposed to tumour microenvironment [120].   

The focus of other future studies could be the use of 3D substrates with different 

morphologies in order to understand their mechanical impact on cellular metabolism and 

the oxygen distribution [26, 123, 124]. In addition, the real-time, label-free metabolic 

analysis coupled with the possibility to model oxygen distribution can be used as a more 
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physiological relevant cancer drug screening platform. For example, one major trigger of 

tumour angiogenesis is a pathological hypoxia achieved due to a decrease in blood flow, 

reduced vascularization and increase in oxygen consumption [125]. 

3.6. Conclusions 
 

This work developed and validated a miniaturized platform for profiling stem cell 

metabolism in a niche-on-a-chip configuration. In this study, using in silico modelling, it was 

predicted that this bioreactor could sustain a microphysiological environment with transient 

spatial oxygen tension distribution typical of the perivascular stem cell niche. This was 

confirmed by microscopy-based real-time quantification of intracellular oxygenation 

highlighting a correlating gradient in single cell intracellular oxygen concentration. Finally, 

in this study high-resolution FLIM measurements of hMSCs metabolism was performed 

which allowed us to assess the generation of an oxygen-dependent metabolic profile. A 

decrease of the average fluorescence lifetime of NAD(P)H is indicative of a higher reliance 

on glycolysis as the chamber gets more hypoxic towards the outlet. In addition, these 

metabolic changes were validated by 2-NBDG and TMRM staining to account for glucose 

uptake, Δψm, and mitochondria morphology. It was demonstrated that we can tune the 

metabolic shift by controlling the environmental oxygen tension through perfusion 

flowrates and cell density. This toolbox is an innovative in vitro platform that can allow 

tuneable and measurable oxygen tension gradients that can achieve appreciable impacts on 

cellular metabolism. This advanced transient microenvironment can recapitulate aspects of 

intravital niches providing a reliable tool for diseases modelling and drugs screening. 
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Chapter 4 - 2P-FLIM unveils time-dependent 
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4.1. Abstract 

Tissue engineering and regenerative medicine benefits from thorough understandings 

of biochemical and biophysical processes involved during differentiation of human 

mesenchymal stem cells (hMSCs), a common source of therapeutic cells. This understanding can 

aid in generating large numbers of differentiated cells required for stem cell therapy and in 

developing tissue constructs that resemble native tissue properties. hMSCs require energy to 

fuel discrete biosynthetic pathways in order to multiply and to differentiate into specific cell 

lineages. It has been shown that hMSCs have different metabolic profiles when undergoing 

differentiation. In particular, undifferentiated hMSCs are reliant on glycolysis. However, when 

hMSCs differentiate towards an osteogenic phenotype, hMSCs rely on oxidative 

phosphorylation as a source of energy. In this study the metabolic profile of hMSCs was 

evaluated during osteogenic differentiation over 14 days using a non-invasive live-cell imaging 

platform- two-photon fluorescence lifetime imaging microscopy (2P-FLIM) which images and 

measures NADH fluorescence. During osteogenesis, we observe a higher dependence on 

oxidative phosphorylation for cellular energy; concomitant with an increased reliance on 

anabolic pathways. We validated this metabolic profile using qPCR and extracellular metabolite 

analysis and clarified a higher reliance of glutaminolysis in the earlier time-points of osteogenic 

differentiation. Based on the results obtained, we sought to promote further glutaminolysis 

during osteogenic differentiation. Increasing media concentrations of glutamine has been 

previously demonstrated to have a negative impact on cellular differentiation. Therefore, an 

indirect method of promoting glutaminolysis was explored so as not to impact cellular 

differentiation. Lactate has been shown to promote glutamine uptake via c-Myc activation 

triggering expression of glutamine transmembrane transporters and glutaminase 1. Therefore 

we chose to increase extracellular lactate concentrations to drive increased glutaminolysis rates 

leading to higher levels of mineral deposition, measured by alizarin red staining, and osteogenic 
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differentiation validated by gene expression. Lactate supplementation of osteogenic medium 

also promoted upregulation of lactate metabolism and increased the expression of 

transmembrane cellular lactate transporters, resulting in increased uptake of lactate. Higher 

rates of lactate dehydrogenase gene expression coupled with higher NADH fluorescence 

intensity demonstrate a possible conversion of lactate to pyruvate. During this conversion, 

NADH is formed by the reverse enzymatic reaction of lactate dehydrogenase, generating higher 

concentration of NADH observed by increases in NADH fluorescence intensity. In order to 

evaluate the importance of glutaminolysis and lactate metabolism in osteogenic differentiation, 

these metabolic pathways were shut down using BPTES and α-CHC respectively which led to 

reduced hMSC mineralisation. In summary, we showed that hMSCs osteogenic differentiation 

has a time-dependent metabolic profile and a metabolic shift that is observed as early as day 3 

of cell culture. Osteogenic differentiation was demonstrated to be directly dependent on 

OxPhos and on glutaminolysis and validated using biochemical assays. Furthermore, 

extracellular lactate is an essential metabolite to ensure osteogenic differentiation as a 

metabolic fuel and signalling molecule to promote glutaminolysis. These findings have 

significant impact in generating potent approaches towards bone tissue engineering in vitro and 

in vivo by engaging directly with metabolite driven osteogenesis.  
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4.2. Introduction 

Human mesenchymal stem cells (hMSCs) are adherent multipotent somatic cells with 

potential for tissue engineering and regenerative medicine due to its capacity of differentiation 

to, among others, osteogenic lineages [1, 2]. One facet of tissue engineering and regenerative 

medicine aims to develop patient-specific tissue that captures the functional properties of 

native tissues. Tissue engineered constructs could then be transplanted back to the patient, with 

minimal host rejection and superior integration [3]. 

Tissue engineering and regenerative medicine approaches require interaction and 

integration with host tissue and cells through incorporation of appropriate physical and cellular 

signals [4]. Appropriate physical and cellular signals of tissue engineered constructs will promote 

higher therapeutic potential and maximize tissue integration in host autologous transplants. 

Therefore, an extensive biological, biochemical, biomechanical and metabolic characterisation 

of hMSCs and their fully mature counterparts is required to ensure adequate development of in 

situ tissues for tissue engineering constructs. In addition, a complete hMSCs characterisation 

will ensure the development of a 3D cellular construct with similar features and functions as the 

target tissue. Matching these properties to fully mature cells and tissue is crucial for the 

development of functional connective tissue. Ke et al., developed 3D trachea like constructs that 

match native tissue properties by including separate cartilage and smooth muscle regions. To 

achieve this, Ke et al., used polycaprolactone and hMSCs hydrogels. Then, Ke et al., proceeded 

to 3D print the construct and evaluated the mechanical properties. Here, it was observed that 

the printed constructs had similar biological and mechanical properties compared with native 

trachea tissue [5]. Another study by Kim et al., demonstrates the use of a layer-by-layer 

fabrication of a meniscus construct combined with co-cultures of bovine MSCs and 

chondrocytes. Kim et al., designed the construct in order to have a three distinguishable layers: 

superficial, middle and deep zone with different mechanical properties and included a cross-
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section hollow fibre to ensure nutrient transport for arears inside the construct [6]. Skardal el 

al., developed hydrogel bioinks for 3D printing of constructs that mimic both mechanical and 

biochemical properties of printed tissue constructs. To produce the bioinks, Skardal et al., 

obtained bioactive factors from decellularised tissue and controlled the mechanical properties 

of the bioink by using different cross-linker molecules. Skardal et al., were able to stimulate 

cellular development in printed bioconstructs due to the signal molecules, growth factors and 

cytokines included in the bioink composition [7]. These studies showcase a manipulation of 

cellular microenvironment by modifying mechanical, biochemical and metabolic properties 

which improved cell proliferation, maturation and integration with scaffolds, whilst mimicking 

native tissue properties.  

The material properties of bone tissue are regulated by cellular activity [8]. This cellular 

activity encompasses the balance of resorption and deposition of bone tissue which primarily is 

composed of a mineralised collagen matrix. Mendez-Ferrer et al., study demonstrated that GFP-

tagged MSCs directly contribute to bone remodelling by differentiating to osteoblasts [9]. 

Another study by Park et al., showed that bone marrow cells have all known MSCs 

characteristics and can migrate to the injury site to supply new osteoblasts during fracture 

healing [10]. Furthermore, in a murine bone fracture model, it was showed that 85% of 

osteoblasts were derived from MSCs with leptin-receptor (LepR+) [11]. These cellular features 

and cellular behaviour are influenced by micro-environmental factors such as hormones, 

circulating metabolites, oxygenation and oxidative stress [12, 13]. In physiological conditions, 

bone is maintained by a balanced control of deposition of collagen matrix by osteoblasts and 

reabsorption of mineral deposits by osteoclasts. During diabetes, osteoporosis and other 

metabolic diseases, the continuous remodelling of bone is disrupted [14-16]. In diabetes, bone 

formation is hindered by the reduction of insulin levels and other pancreatic anabolic hormones 

such as low insulin-like growth factor 1 (IGF1). Lower IGF1 hormone levels has been showed to 

supress hMSCs differentiation into osteoblasts [17]. Osteoporosis is a disease characterised by 
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decreases in both bone quantity and quality [18]. Aging and menopause are known systemic 

conditions that can promote osteoporosis [18]. Aging promotes changes in cellular morphology, 

reduction of proliferative capacity of MSCs, reduction in telomease activity and telomere length 

[19]. Furthermore, MSCs capacity to differentiate into various tissue types is dependent with 

age. A study by Stolzing et al., demonstrated that MSC aging promotes a shift in balance of MSC 

differentiation towards an adipogenic lineage at the expense of osteoblast differentiation [20]. 

This loss in osteoblast differentiated cells promotes bone loss in both men and women by an 

increase of bone resorption versus bone formation. Menopause accelerates osteoclast 

activation and reabsorption of bone mineral due to hormonal imbalances [21, 22]. To conclude, 

in osteoporosis, bone resorption mechanism is not compensated by osteoblastic bone 

formation, generating weaker and more fragile bones. Contrastingly, for osteopetrosis, there is 

an increase in bone density due deficient bone reabsorption by osteoclasts. This deficiency in 

bone reabsorption is due to gene mutations that impair osteoclast function by interfering with 

proton pumps, chloride membrane channels and carbonic anhydrase II. These gene mutations 

reduce proton production and secretion of chloride needed to promote bone reabsorption [23].  

hMSCs differentiation towards an osteogenic, adipogenic or chondrogenic lineage is 

accompanied by changes in phenotype, gene expression, protein secretion and cellular 

metabolism that occur in a time-dependent manner [24]. Metabolic regulations of hMSCs 

differentiation are still not fully understood [25]. Stem cells in general rely on glycolysis for 

energy when undifferentiated. Such a profile that is dependent on glycolysis facilitates a quick 

turnover of energy whilst producing biomolecules required for cellular proliferation [26]. hMSCs 

continue to utilize glycolysis as the main source of energy during chondrogenic differentiation 

[27]. However, there is a metabolic switch to oxidative phosphorylation (OxPhos) during hMSCs 

differentiation towards adipogenic or osteogenic lineages [28, 29]. In addition, it has been 

showed that an increase in oxygen consumption and increase of mitochondrial activity are 

important for osteogenic differentiation of hMSCs [28, 30]. Most recently, glutamine 
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metabolism has been shown to have an important role during hMSCs differentiation into 

osteogenic lineages [31]. 

Two-photon fluorescence lifetime imaging (2P-FLIM) is a powerful technique for non-

invasive probing and monitoring of cellular metabolism. This technique is based on the 

fluorescence properties of nicotinamide adenine dinucleotide (NAD(P)H) and flavin adenine 

dinucleotide (FAD). NAD(P)H fluorescence lifetime consists of short- and long-lifetime 

components corresponding, respectively, to free and protein-bound forms [32]. NAD(P)H is an 

important metabolic co-factor that drives ATP production and other anaplerotic metabolic 

pathways. NAD(P)H drives glycolysis in the cytoplasm and oxidative phosphorylation (OxPhos) 

in the mitochondria. Therefore, longer fluorescence lifetimes are associated with higher ratios 

of protein-bound NAD(P)H revealing a higher dependence of OxPhos as a source of ATP. 

NAD(P)H fluorescence signal, specially protein-bound NAD(P)H (τ1), can be used to infer 

quantitatively in NADPH concentrations[33]. NADPH has an important role in lipid, amino acid 

and nucleotide biosynthetic pathways as well reactive oxygen species (ROS) protection [34]. 

FAD+ is also an important metabolic co-factor for OxPhos. Specifically, FAD+ is a proton acceptor 

during the Krebs cycle and a proton donor on the electron transport chain (ETC) [35]. The ratios 

of the fluorescence intensities of FAD and NAD(P)H (FAD/NAD(P)H) are referred to as optical 

redox ratio and it can be used to estimate the metabolic profile of cells or tissues [36]. 2P-FLIM 

has been used as a technique to investigate cellular metabolism in a variety of cells, tissues and 

organoids [37-39]. After imaging, the sample can be still used for further metabolic, biochemical 

or histological validation [40]. In addition, it is possible to include machine learning models to 

the data analysis to further understand the impact of metabolic treatments [41]. 

hMSCs metabolic probing during differentiation using 2P-FLIM has been previously 

reported yet several  of these studies have been limited to direct observation of metabolic 

changes at a specific time-point without other biochemical validation such as evaluation of 
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extracellular fluxes, measuring metabolites concentration or observing mitochondrial shape or 

biogenesis. In addition, considerations regarding hMSCs source and media formulation are also 

not made [42-44].  

One study reported by Meleshina et al., applied 2P-FLIM to monitor hMSCs metabolic 

profile while in osteogenic differentiation culture for 21 days [42]. An increase of OxPhos was 

verified in hMSCs as early as day 7 of cell culture. In addition, the authors suggest that reliance 

on OxPhos osteogenic differentiation of hMSCs increases when cellular proliferation is less 

pronounced. However, Meleshina et al., work does not detail the complete media formulation 

used to induce osteogenic differentiation in the study. Therefore, it is difficult to determine if 

cells were differentiated in supraphysiological conditions impacting both hMSCs differentiation 

and cellular metabolism. Furthermore, Meleshina et al., study does not probe the cellular 

metabolic profile of differentiated hMSCs using standard techniques. Media formulation in 

particular, are one important consideration overlooked when investigating hMSCs 

bioenergetics, possibly influencing cellular metabolism due to supraphysiological levels of 

nutrients [28, 30, 45]. 

In this study, we profile hMSCs osteogenic differentiation using 2P-FLIM to uncover 

metabolic shifts. 2P-FLIM has non-invasive properties allowing live cell imaging during cell 

culture. Afterwards, the metabolic profiles observed during hMSCs osteogenic differentiation 

were validated using extracellular metabolite measurements and gene expression analysis 

(Figure 4.1).  2P-FLIM τavg parameter allowed the determination of an OxPhos profile during 

osteogenic differentiation. However, increased OxPhos is associated with higher ORR 

parameters due to a higher mitochondrial electron transport chain (ETC) activity. This increase 

in ETC activity, converts NADH to NAD+ reducing NADH fluorescence intensity and increases 

FAD+ concentration increasing FAD+ fluorescence intensity. Instead, 2P-FLIM ORR results show 

a decrease in ORR during osteogenic differentiation. This occurs due to higher NADH 
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concentrations resulting in an increase of NADH fluorescence intensity. Therefore, during 

osteogenic differentiation, hMSCs rely on OxPhos and on metabolic pathways such as 

anaplerotic pathways that promote the generation of NADH. 

Another aim of this study was to drive further osteogenic differentiation by promoting 

specific anaplerotic pathways. . We hypothesize that supplementing osteogenic differentiation 

medium with exogenous lactate could promote higher glutaminolysis rates and higher yields of 

cellular differentiation.   Glutaminolysis has been shown by Yu et al., to be crucial in ensuring 

adequate osteogenic differentiation of hMSCs [31]. In that study, blocking glutaminolysis using 

a chemical inhibitor of glutamate synthase (GLS) negatively impacted osteogenic cellular 

differentiation by reducing mineral deposition verified by alizarin red staining. In addition, Yu et 

al., identified alpha-ketoglutarate production to be critical for proliferation and differentiation 

of hMSCs [31]. Due to the importance of glutamine and glutaminolysis to osteogenic 

differentiation, we decided to drive further osteogenic differentiation by upregulating 

glutaminolysis. In that manner, an increased uptake of glutamine and glutaminolysis rate 

culminating in alpha-ketoglutarate production will increase osteogenic cell differentiation as 

demosntrated by increasing mineral deposition. Perez-Escuredo et al., have demonstrated that 

lactate uptake by monocarboxylate transporter 1 (MCT1) promotes glutamine uptake and 

metabolism in oxidative cancer cells by c-Myc activation [46].  

Figure 4.1 – Experimental Design. SL- sodium lactate; BPTES - Bis-2-(5-phenylacetamido-1,3,4-thiadiazol-
2-yl)ethyl sulphide; α-CHC - α-Cyano-4-hydroxycinnamic. Image created using Biorender® 
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4.3. Materials and methods 

4.3.1. Mesenchymal stem cell culture 

Human mesenchymal stem cells (hMSCs) were purchased from Lonza® were cultured at 

passage 3-4 in expansion media (Xpan) prepared with Dilbecco’s Modifed Eagle’s Medium 

(DMEM), 1000 mg/L low glucose (Sigma-Aldrich) containing 10% fetal bovine serum (FBS) 

(Gibco® by Life Technologies) and 2% Penicilin Streptomycin (Pen-Strep) (Sigma Aldrich) at 37°C 

with 5% CO2. To initiate osteogenic differentiation, osteogenic media (Osteo +) was prepared 

by adding 0.2% (v/v) dexamethasone, 1% (v/v) β-glycerol phosphate and 0.029% (v/v) ascorbic 

acid as supplements to Xpan media. 

For lactate supplementation of Osteo + media, 75 mM of lactate was used as a sodium 

salt, to avoid changes in extracellular pH (Osteo + Lact). For metabolic inhibition studies, either 

5 mM of α-CHC or 10 μM BPTES were added to Osteo + media.  

4.3.2. Two-photon fluorescence lifetime imaging microscopy (2P-FLIM) 

2P-FLIM was performed on hMSCs seeded in 35mm petry dishes. 2P-FLIM was achieved 

using a custom upright (Olympus BX61WI) laser multiphoton microscopy system equipped with 

a pulsed (80 MHz) titanium:sapphire laser (Chameleon Ultra, Coherent®, USA), water-

immersion 25× objective (Olympus, 1.05NA) and temperature-controlled stage at 37 °C. Two 

photon excitation of NAD(P)H and FAD+ fluorescence was performed at the excitation 

wavelength of 760 and 800 nm, respectively. A 458/64 nm and 520/35 nm bandpass filter were 

used to isolate the NAD(P)H and FAD+ fluorescence emissions based on their emission spectrum.  

512 × 512 pixel images were acquired with a pixel dwell time of 3.81 μs and 30 s 

collection time. A PicoHarp 300 TCSPC system operating in the time-tagged mode coupled with 

a photomultiplier detector assembly (PMA) hybrid detector (PicoQuanT GmbH, Germany) was 

used for fluorescence decay measurements, yielding 256 time bins per pixel. TCSPC requires a 

defined “start”, provided by the electronics steering the laser pulse or a photodiode, and a 



140 
 

defined “stop” signal, realized by detection with single-photon sensitive detectors. The 

measuring of this time delay is repeated many times to account for the statistical variance of 

the fluorophore’s emission. For more detailed information, the reader is referred elsewhere 

[47]. Fluorescence lifetime images with their associated decay curves for NAD(P)H were 

obtained, with a minimum of 1x106 photons peak, and region of interest (ROI) analysis of the 

total cells present on the image was performed in order to remove any background artefact. 

The decay curved was generated and fitted with a double-exponential decay without including 

the instrument response function (IRF) (Equation 4.1). 

 
𝐼(𝑡) = 𝐼(0)[𝛼1𝑒

−𝑡
𝜏1 + 𝛼2𝑒

−𝑡
𝜏2 ] + 𝐶 

 

Equation 4.1 – Double exponential decay curve fo NAD(P)H FLIM analysis 

 

I(t) represents the fluorescence intensity measured at time t after laser excitation; α1 

and α2 represent the fraction of the overall signal proportion of a short and long component 

lifetime, respectively. τ1 and τ2 are the long and short lifetime components, respectively; C 

corresponds to background light.  Chi-square statistical test was used to evaluate the goodness 

of multi-exponential fit to the raw fluorescence decay data. In this study, all of the fluorescence 

lifetime fitting values with χ2 < 1.3 were considered as ‘good’ fits. For NAD(P)H, the double 

exponential decay was used to differentiate between the protein-bound (τ1) and free (τ2) 

NAD(P)H. The average fluorescence lifetime was calculated using Equation 4.2. 

 
𝜏𝑎𝑣𝑔 =

(𝜏1 × 𝛼1 + 𝜏2 × 𝛼2)

(𝛼1 + 𝛼2)
 

 

Equation 4.2 – Average fluorescence lifetime calculation 

 

Intensity-based images of NAD(P)H and FAD+ were acquired, and their ratio was 

calculated using Equation 4.3 to obtain the optical redox ratio (ORR). 
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Equation 4.3 – Optical redox ratio calculation 

 

4.3.3. qPCR 

hMSCs were lysed and re-suspended in 1 ml of TRIzol, briefly vortexed and 200 μL of 

chloroform was added. Samples were centrifuged at 12,000g for 15 minutes at 4°C to achieve 

phase separation. The aqueous phase was separated to a fresh RNAse free microtube. RNA 

precipitation was performed by adding 2 μL of glycol-blue and 500 μL of isopropanol. RNA 

pellets were washed using 1 mL of 70% of ethanol. RNA pellets were re-suspended in 20 μL of 

RNAse free water. RNA yield and purity was measured using a NanoDropTM. To estimate total 

RNA concentration, absorbance values obtained at 260 nm were obtained. 260/280 and 

260/230 absorbance ratios were calculated to estimate RNA purity. A 260/280 ratio of ~1.8 and 

a 260/230 ratio of ~1.8 were deemed acceptable for RNA purity. cDNA transcription was 

performed with High capacity cDNA reverse transcription kit from Applied BiosystemsTM 

according to manufactures instructions. A mastermix solution was prepared by adding RNase 

inhibithor, MultiscribeTM reverse transcriptase enzyme, RT® buffer, random primers and 100 

mM of dNTP Mix. RNA samples was added to the mastermix to achieve a reaction volume of 20 

μL. A thermal cycle was performed with a heating step of 25 °C for 10 minutes, 37 °C for 120 

min, followed by 85 °C for 5 minutes. A 100% conversion rate was assumed to determine cDNA 

concentration. 

Gene expression was analysed using a custom PrimePCR® designed plate using SYBR® 

Green primers according to manufactures guidelines. Here, 10 μL of Universal SYBR® Green 

Supermix is added to each well of the 96-well plate to reconstitute the dried PCR primers. 4 μL 

of cDNA samples were added to each well and nuclease-free water was used to achieve 20 μL 

 
𝑂𝑅𝑅 =

𝐹𝐴𝐷+

𝑁𝐴𝐷(𝑃)𝐻
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of reaction volume.  All primers were purchased from Bio-Rad laboratories. Accession numbers, 

Unique Assay ID, Amplicon Length, Gene name and symbol are present in Table Appendix 1. 

Primer sequences remain Bio-Rad laboratories proprietary information and are not available. 

PCR primers specificity are verified and guaranteed by the manufacturer. qPCR was performed 

on a fastPCR 96-well plate instrument (Applied Biosystems) to obtain comparative ΔΔCt values. 

Gene expression was compared between samples using the 2-ΔΔCt method [43]. QPCR data was 

normalized to β-actin gene expression.  

Z-score heatmaps of gene expression values were generated by calculating the z-score 

of each sample and plotted in a heatmap. Z-score values are obtained using Equation 4.4: 

𝑧 =
𝑥 − 𝜇

𝜎
 

Equation 4.4 – Z-score calculation 

The z-score (z) is calculated using 𝑥 the observed value, μ the mean value of the sample 

and σ is the standard deviation of the sample. 

4.3.4. Metabolite analysis 

For metabolite analysis, cell culture medium was collected at 2, 5, 8 and 11 days after 

being in contact with cell cultures. For extracellular measurement of glucose, the 

ChromaDazzleTM Glucose Assay kit from AssayGenie was used. Here, glucose standards were 

prepared by dissolving glucose stock solution 300 mg/dL in distilled water with concentrations 

ranging from 0 to 300 mg/dL to prepare a standard curve. Cell culture medium samples and 

standards were diluted 1/100 in o-toluidine reagent from AssayGenie. Samples were incubated 

in a boiling water bath for 8 minutes and cooled down in ice for 4 minutes. 200 μL were added 

to clear-bottom 96 well plates and absorbance values were measured in a microplate reader at 

630 nm. 
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Extracellular measurements of lactate was performed using an L-Lactic acid colorimetric 

assay by AssayGenie. Here, lactate standards were obtained by sequentially diluting a 10 mM/L 

lacatate standard to obtain a standard curve with the concentration ranging from 0 to 7 mM/L. 

Samples and standards were added directly to 96 well plates and diluted 60x in chromogenic 

solution. For samples with increased exogenous lactate, 12x dilutions were performed. Samples 

were incubated at 37 °C for 5 minutes and read in a microplate reader at 530 nm.  

Extracellular measurements of glutamine were performed using ChromaDazzleTM 

Glutamine Assay kit from AssayGenie. This kit is based on the hydrolysis of glutamine to 

glutamate and formation of a colorimetric product. First, a standard curve was calculated by 

diluting glutamine stock solution 100 mM in distilled water. Standards with concentrations from 

0 to 2 mM were obtained. Enzymes A and B from the kit were reconstituted according to 

manufacturer’s instructions. Extracellular culture medium and standards were added to clear-

bottom 96-well plates and diluted 10x in assay solution containing enzymes. The enzymatic 

reaction was stopped at 40 min at room temperature with a stop reagent and absorbance values 

were measured in a plate reader at 550 nm. 

In this study, there is an interest in measuring glucose and glutamine consumption. 

Therefore, to calculate metabolite concentration equation 4 was used.  For glucose initial 

concentration was assumed 1000 mg/L and 2.0mM for glutamine concentration according to 

manufactures formulations. Extracellular lactate concentration measurements are presented 

directly without using Equation 4.5. In addition, for lactate measurements in lactate 

supplemented osteogenic medium, were corrected by taking in account the amount of lactate 

added exogenously.  

Chapter 5  𝛥[𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒]𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 = [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒]
𝑖𝑛𝑖𝑡𝑖𝑎𝑙

− [𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑡𝑒]
𝑓𝑖𝑛𝑎𝑙

 

Equation 4.5 – Calculation of hMSCs metabolite consumption. 
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4.3.5. PCA and UMAP 

 

Uniform Manifold Approximate and Projection (UMAP) and Principal Components 

Analysis (PCA) were used as data visualisation tools to visualize clustering within 2P-FLIM data 

variables (Python). For this analysis, all images acquired (at least 3 per sample and condition) 

were used as plot points and 2P-FLIM variables or gene expression data were used as variables. 

Covariance error ellipses with confidence values of 99% were calculated and plotted in PCA 

graphs. Mahalanobis distance, two-sample Hotellings T2 statistic, F-value, Critical F-Value and P-

values were calculated to ensure statistical significant separation of PCA clusters [48]. (Table 

Appendix 4, Code available in Computer Code Appendix 8).  

4.3.6. Alizarin red staining and DNA quantification 

hMSCs were fixed with 4% paraformaldehyde (PFA) and alizarin red staining was 

performed for 30 minutes with a solution of 1% alizarin red in distilled water and imaged with a 

10x objective using an Olympus BX41TF brightfield microscope. Alizarin red molecules bind to 

calcium molecules and generate a birefringent insoluble red complex [49]. Alizarin red stained 

cells were dissolved for 30 minutes in 10 % (v/v)  acetic acid. Cells were lifted with a cell scrapper 

and transferred to microtubes and heated until 85 °C for 10 minutes. The tubes were centrifuge 

at 20,000 g for 15 minutes and 10% (v/v) ammonium hydroxide was added.  Samples were 

pipetted in triplicate on a 96 well plate and absorbance was measured in a plate reader at 

405nm. 

For sample lysis, hMSCs were rinsed twice using cold phosphate buffer saline solution 

(PBS) and were digested using a lysis buffer containing 0.2% v/v Triton X100, 10 mM Tris pH 8, 

1 mM EDTA and DNAse free water. Afterwards, the cells suspended in lysis buffer were 

transferred to microtubes and sonicated for 60 seconds to ensure complete cellular lysis. 
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DNA quantification, was performed using a PicogreenTM biochemical assay on digested 

samples according to manufacturer’s protocol. Here, PicoGreenTM was diluted in 10 mM Tris-

HCL, 1 mM EDTA with pH 7.5 (TE). A DNA stock solution (100 μg/mL) was dissolved in TE solution 

and serial dilution from 0 to 200 ng of DNA/mL was performed to establish a calibration curve. 

Afterwards, 10 μL of each standard and sample were added in triplicate to a black flat bottomed 

96 well plate and further 190 ul of diluted PicoGreenTM in TE solution were added. Fluorescence 

emission was read at 520nm using an excitation wavelength of 480nm in a plate reader with 

0.93 seconds per well of dwell time.  

4.3.7. Statistics 

Statistical analysis was performed using GraphPad Prism 9 (GraphPad Software, USA). 

Where appropriate, one-way analysis of variance (ANOVA) or two-way ANOVA were used as 

statistical tests followed by Tukey's multiple comparison. Results are presented as mean ± 

standard deviation and differences are considered as statistically significant for p-value ≤ 0.05. 
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4.4. Results 

4.4.1. Osteogenic differentiation is dependent on oxidative 

phosphorylation in a time-dependent way 

hMSCs were incubated in Xpan and Osteo + cell culture for 14 days. At day 7 and day 14 

of incubation, hMSCs were fixed using paraformaldehyde (PFA) and stained with alizarin red to 

verify mineral deposition and osteogenic differentiation (Figure 4.2A). After 14 days of 

incubation a noticeably higher mineral deposition in Osteo + medium conditions was observed, 

associated with increased osteogenic differentiation (Figure 4.2A, Figure Appendix 9). 

hMSCs osteogenic gene expression was quantified with qPCR, after 14 days of cell 

culture incubation in either Xpan or Osteo + medium (Figure 4.2 B, C, D). There is a statistically 

significant higher expression of (2.3-fold increase) alkaline phosphatase (ALPL) and (2.19-fold 

increase) prostaglandin-endoperoxide synthase 2 (PTGS2) gene expression in hMSCS when 

incubated in Osteo + medium (Figure 4.2B). All remaining osteogenic genes have no statistically 

significant expression between Osteo + and Xpan conditions. PCA visualization of osteogenic 

gene expression revealed a statistical significant segregation between hMSCs incubated in Xpan 

or Osteo + cell culture medium with p-value<0.05 and F-value higher than critical F-value (Figure 

4.2C, Table Appendix 4). A z-score heatmap based on osteogenic gene expression shows similar 

results with a higher expression of ALPL and PTGS2 in Osteo + conditions after 14 days of 

incubation (Figure 4.2C). 
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2P-FLIM of NAD(P)H and FAD+ revealed a time-dependent metabolic shift for hMSCs in 

osteogenic medium (Figure 4.3). At day 0 there is no statistically significant differences in τavg, τ1 

or ORR values between hMSCs incubated in Xpan or Osteo + media (Figure 4.3 B, C, D). On day 

3 of cell culture, there is a statistically significantly higher (1.097 ± 0.04 ns versus 1.167 ± 0.004 

ns) τavg and (2.683 ± 0.027 ns versus 2.800 ± 0.039 ns) τ1 values concomitant with lower (0.724 

± 0.020 versus 0.615 ± 0.021) ORR values (Figure 4.3 B, C, D). With an increase of the incubation 

period, the trends observed at day 3 become more accentuated. NAD(P)H fluorescence  τavg 

(1.167 ± 0.004 ns at day 3, versus 1.236 ± 0.010 ns at day 7 and 1.316 ± 0.011 ns at day 14) and 

τ1 (2.800 ± 0.039 ns at day 3, versus 2.979 ± 0.053 ns at day 7 and 3.146 ± 0.015 ns at day 14) 

become higher in Osteo + treated cells while in Xpan conditions, these fluorescence variables 

Figure 4.2 - Validation of osteogenic differentiation of hMSCs incubated in Osteo + or Xpan cell culture 
medium for 14 days. A) Alizarin red staining of hMSCs after 14 days in contact with Osteo + or Xpan 
medium. B) hMSCs gene expression of osteogenic markers after 14 days of cell culture. C) Z-score 
heatmap of hMSCs gene expression of osteogenic gene markers after 14 days of cell culture. D) PCA 
distribution and  of hMSCs osteogenic gene expression after 14 days of cell culture. *p-value≤0.05, **p-
value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3 
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have constant values. Similarly, ORR values continue to decrease in Osteo + conditions after day 

3 (0.615 ± 0.021 ns at day 3, versus 0.534 ± 0.029 ns at day 7 and 0.585 ± 0.012 ns at day 14) 

Figure 4.3 - Metabolic profiling of hMSCs incubated in Osteo + or Xpan cell culture medium for 14 days. 
A) 2P-FLIM imaging of hMSCs at day 0, 3, 7 and 14 of cell culture incubation. B) NAD(P)H τavg measurement 
of hMSCs at day 0, 3, 7 and 14 of cell culture. C) NAD(P)H protein-bound lifetime τ1 at day 0, 3, 7 and 14 
of cell culture. D) Optical Redox Ratio (ORR) of hMSCs at day 0, 3, 7 and 14 of incubation in cell culture 
medium. E) UMAP distribution of 2P-FLIM NAD(P)H and FAD+ fluorescence lifetimes and intensity. F) PCA 
distribution of 2P-FLIM NAD(P)H and FAD+ fluorescence lifetimes and intensity. *p-value≤0.05, **p-
value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3 
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while hMSCs in Xpan medium have stable ORR values (Figure 4.3 B, C, D). 

Uniform Manifold Approximation and Projection (UMAP) and Principal Component 

Analysis (PCA) were used as exploratory data visualisation tools to infer the metabolic profile of 

hMSCs undergoing osteogenic differentiation at several time-points during cell culture (Figure 

4.3 E, F). All 2P-FLIM NAD(P)H and ORR variables were used to generate the UMAP and PCA 

plots. UMAP revealed that for later time-points, such as day 7 and day 14, there is a strong 

separation between hMSCs incubated in Osteo + medium and hMSCs incubated in Xpan medium 

(Figure 4.3 E). For earlier time-points, there was no segregation between hMSCs incubated in 

both cell culture medium conditions (Figure 4.3F, Table Appendix 4). When applying PCA, there 

is a clear and statistically significant segregation of cells treated with Osteo + media at day 7 and 

day 14 compared with Xpan-treated hMSCs. (Figure 4.3 F, Table Appendix 4).  

To further validate the time-dependent metabolic shifts during osteogenic 

differentiation, cell culture medium was collected during media exchanges at days 2, 5, 8 and 

11. Glucose, lactate and glutamine concentrations were measured using colorimetric assays 

(Figure 4.4 A, B, C). Regarding glucose, there is statistically significant higher glucose 

consumption (2.42- fold increase) when cells are incubated in Xpan medium at all time-points 

(Figure 4.4A). For lactate, there is an increasing trend of lactate secretion in both Xpan and Osteo 

+ treated hMSCs during the incubation period. For day 11, there is a statistically significant  

Figure 4.4 - Extracellular metabolite consumption rates of hMSCs incubated in Osteo + or Xpan cell 
culture medium for 14 days. A) hMSCs glucose consumption at day 2, 5, 8 and 11 of cell culture. B) 
Lactate secretion at day 2, 5, 8 and 11 of cell culture. C) hMSCs glutamine consumption at day 2, 5, 8 
and 11 of cell culture. #no glutamine consumption, *p-value≤0.05, **p-value≤0.01, ***p-
values≤0.001, ****p-value≤0.0001 N≥3.  
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higher lactate secretion of hMSCs incubated in Xpan medium (4.660 ± 0.384 mM) compared 

with hMSCs in Osteo + (3.295 ± 0.406 mM) cell culture conditions (Figure 4.4B). Lastly for 

glutamine, there is a statistically significant higher glutamine consumption at day 2 of hMSCs in 

Osteo + (1.417 ± 0.017 mM) compared with Xpan (1.000 ± 0.041 mM) cell culture conditions. 

For the remaining time-points there is a decreasing trend of glutamine consumption for both 

cell culture media conditions (0.01-fold for Osteo + and 0.32-fold for Xpan) (Figure 4.4C).  

4.4.2. Lactate supplementation promotes higher mineral deposition and 

impacts metabolism 

hMSCs osteogenic differentiation promoted a metabolic shift towards OxPhos and 

increased dependence on anabolic pathways such as glutaminolysis. Here, increased 

dependence of glutaminolysis and anabolic pathways was induced by adding exogenous lactate 

to osteogenic medium. 

Lactate supplementation of osteogenic medium yielded a higher mineral deposition 

after 14 days of incubation with a higher amount of alizarin red staining when compared with 

Osteo + medium (Figure 4.5A,B). Osteogenic genes expression was measured by qPCR in hMSCs 

incubated in Osteo +, Xpan and Lactate supplemented osteogenic medium (Figure 4.5 C, D, E). 

There is a statistically significant increase in SRY-Box Transcription Factor 9 (SOX9) (2.7-fold 

increase) and Osteopontin (SPP1) gene expression (15.47-fold increase) in hMSCs when 

osteogenic medium is supplemented with lactate compared with Osteo + and Xpan cell culture 

medium (Figure 4.5C, E). RUNX2 gene expression is also slightly higher in lactate supplemented 

osteogenic medium compared with Xpan (1.39-fold increase) and Osteo + (1.87-fold increase) 

incubation medium (Figure 4.5 C, D). PCA distribution plot of cell culture conditions of hMSCs at 

day 14 shows a statistically significant segregation between hMSCs incubated in Osteo + Lact, 

Osteo + and Xpan based on the expression of their osteogenic genes with p-value<0.05 and 

calculated f-value higher than critical f-value (Figure 4.5D, Table Appendix 4). ALPL, BGLAP, 
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PTGS2 have similar gene expression values in hMSCs when incubated in osteogenic medium 

with and without lactate supplementation, as observed in the bar plot and the z-score heatmap 

(Figure 4.5 C, E).  

 

Figure 4.5 - Impact of lactate supplementation of osteogenic differentiation media. A) Alizarin red staining 
of hMSCs after 14 days in contact with Osteo +, Osteo + Lact or Xpan medium. B) Quantification of Alizarin 
red staining per amount of DNA after 14 days of hMSCs in Xpan, Osteo + and Osteo + Lact conditions. C) 
hMSCs gene expression of osteogenic markers after 14 days of cell culture. D) PCA distribution of hMSCs 
osteogenic gene expression after 14 days of cell culture. E) Z-score heatmap of hMSCs gene expression 
of osteogenic gene markers after 14 days of cell culture. *p-value≤0.05, **p-value≤0.01, ***p-
values≤0.001, ****p-value≤0.0001 N≥3  
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2P-FLIM imaging of NAD(P)H was conducted at day 14 of cell culture (Figure 4.6A). 2P-

FLIM revealed a statistically significant lower τavg when supplementing osteogenic medium with 

lactate (1.148 ± 0.005 ns) compared with non-supplemented osteogenic medium (1.187 ± 0.014 

ns) (Figure 4.6B). However, τavg of Osteo + Lact (1.148 ± 0.005 ns) is statistically significantly 

higher compared with hMSCs incubated in Xpan medium (1.108 ± 0.002 ns) (Figure 4.6B). ORR 

calculations showed statistically significant lower ORR values for Osteo + Lact medium (0.547 ± 

0.016 ns) compared with other cell culture medium formulations (0.779 ± 0.016 ns for Xpan and 

0.668 ± 0.011 ns for Osteo +) (Figure 4.6C).  

The decrease in τavg and decrease of ORR ratios demonstrates a direct metabolic impact 

on differentiating hMSCs when cell culture medium is supplemented with lactate when 

compared with non-supplemented. A decrease in τavg is associated with increased free NAD(P)H 

and a decrease in ORR is also related with an increase in NAD(P)H fluorescence intensity. The 

increase in NAD(P)H can be a direct result of increase glutaminolysis resulting in NADH 

regeneration in the conversion of glutamate to alpha-ketoglutarate as well with NADH 

production by reconversion of lactate to pyruvate [50, 51].  
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UMAP distribution analysis of 2P-FLIM results shows a separation between Xpan, Osteo 

+, Osteo + Lact (Figure 4.6 D). PCA shows a slight overlap of Osteo + lact with Osteo + and Xpan 

medium conditions. Nonetheless, statistical analysis of PCA clustering revealed a statistical 

Figure 4.6 - 2P-FLIM measurement of lactate supplementation impact on hMSCs metabolism. A) 2P-FLIM 
imaging of hMSCs at day 14 of cell culture incubation. B) Optical Redox Ratio (ORR) of hMSCs at day 0, 3, 
7 and 14 of incubation in cell culture medium. C) NAD(P)H protein-bound lifetime τ1 at day 14 of cell 
culture. D) UMAP distribution of 2P-FLIM NAD(P)H and FAD+ fluorescence lifetimes and intensity. E) PCA 
distribution of 2P-FLIM NAD(P)H and FAD+ fluorescence lifetimes and intensity. J) hMSCs glucose 
consumption at day 2, 5, 8 and 11 of cell culture. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, 
****p-value≤0.0001 N≥3 
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significant segregation with p-value<0.05 and calculated f-value higher than critical f-value 

(Figure 4.6 E, Table Appendix 4). 

Regarding metabolite consumption and secretion, lactate supplementation promotes 

statistically significant lower glucose consumption compared with Xpan medium at early time-

points. At day 5 and 8, lactate supplementation of osteogenic medium slightly increases (2.26-

fold change) with statistical significance the amount of glucose consumption compared with 

Osteo + medium (Figure 4.7 A). At day 11, lactate supplementation promotes a decrease of 

hMSCs glucose consumption (Figure 4.7 A). For lactate secretion measurements of lactate 

supplemented osteogenic medium, exogenous lactate medium contribution was taken in 

account and the values were corrected.  hMSCs incubated in Osteo + Lact conditions have an 

increasing trend of lactate secretion until day 11 (Figure 4.7 B). Here, there is a statistically 

significant higher secretion of lactate when hMSCs are present in Xpan media (202.67 ± 47.84 

mM) when compared with the other cell culture conditions (59.33 ± 12.47 mM for Osteo + Lact 

and 92.67 ± 23.57 mM) (Figure 4.8B). When hMSCs are incubated in Osteo + Lact medium, there 

is a higher consumption of glutamine at day 2 (1.827 ± 0.009 mM) compared with other cell 

culture medium (1.417 ± 0.017 for Osteo + and 1.000 ± 0.041 for Xpan) (Figure 4.7 C). For the 

remaining time-points there is a sharp decrease in glutamine consumption for lactate 

supplemented osteogenic medium (Figure 4.7 C). 

Figure 4.7 - Extracellular metabolite quantification of hMSCs after 14 days in cell culture. A) hMSCs 
glucose consumption at day 2, 5, 8 and 11 of cell culture. B) Lactate secretion at day 2, 5, 8 and 11 of cell 
culture. C) hMSCs glutamine consumption at day 2, 5, 8 and 11 of cell culture. #no glutamine 
consumption, *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3 
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4.4.3. Lactate supplementation promotes higher glutaminolysis, lactate 

metabolism and poly-hydrolases gene expression 

hMSCs were incubated for 14 days in Xpan, Osteo +, and Osteo + Lact cell culture 

conditions. Afterwards, the expression of genes related with glutaminolysis, poly-hydrolases, 

lactate metabolism, lactate transport was measured using qPCR (Figure 4.8). Osteo + Lact cell 

culture medium promoted an increase in expression of glutaminolysis related genes such as 

GOT1 (2.17- fold), GOT2 (1.461-fold), GLS (2.73-fold) and GLUD1 (1.64-fold) when compared 

with non-supplemented osteogenic medium (Figure 4.8 A, B). Osteo + Lact induced an increase 

expression of P4HA1 (2.15-fold), P4HA2 (3.12-fold) and specially P4HA3 (1.97-fold) poly-

hydrolases when compared with Osteo + medium (Figure 4.8 C, D).  
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Figure 4.8 - Impact of lactate supplementation of osteogenic differentiation media on the expression of 
metabolic genes. A) hMSCs relative fold variation of glutaminolysis genes. B) Z-score heatmap of genes 
expression related with glutaminolysis. C) hMSCs relative fold variation of poly-hydrolases genes. D) Z-
score heatmap of genes expression of poly-hydrolases. E) hMSCs relative fold variation of lactate 
transport and metabolism genes. F) Z-score heatmap of genes expression related with lactate transport 
and metabolism G) PCA distributions of cell culture conditions at day 14 based on glutaminolysis, lactate 
metabolism and poly-hydrolase gene expression. *p-value≤0.05, **p-value≤0.01, ***p-values≤0.001, 
****p-value≤0.0001 N≥3 
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Furthermore, Osteo + Lact medium also promoted the increase expression of lactate 

transporter genes such as SLC16A1 (2.78-fold), SLC16A3 (2.15-fold), SLC16A4 (2.00-fold) and 

lactate metabolic genes LDHAL6A (19.89-fold), LDHAL6B (1.09-fold), LDHA (5.16-fold), LDHB 

(1.89-fold), LDHC (2.12-fold) (Figure 4.8 E, F). Finally, PCA distribution of cell culture conditions 

calculated based on the expression of metabolism related genes showed a statistical significant 

segregation between Osteo +, Osteo + Lact and Xpan cell culture conditions with p-value<0.05 

and calculated F-value higher than critical F-value (Figure 4.8 G).  

4.4.4. Blocking glutaminolysis and lactate absorption impacts osteogenic 

differentiation 

Lactate supplementation of osteogenic medium promoted higher hMSCs mineral 

deposition and upregulation of glutaminolysis and the reconversion from lactate to pyruvate as 

measured by τavg, ORR, metabolites consumption and gene expression. To validate an 

osteogenic differentiation dependent on glutaminolysis and lactate transport/metabolism, 

these metabolic pathways were blocked using chemical inhibitors. To inhibit glutaminolysis 

BPTES; a chemical competitor of glutamate synthase enzyme, the first step of the glutaminolysis 

pathway was used. Inhibiting this enzyme has showed to inhibit the glutaminolysis pathway 

[52]. Regarding lactate transport, α-CHC was used. This chemical component inhibits the uptake 

of lactate by blocking SLC16A1 transported [53]. This transmembrane transporter was showed 

to be the main entry point of lactate in hMSCs cells [54] (Figure 4.9 A). 

When treating hMSCs during 14 days with Osteo + medium supplemented with α-CHC, 

BPTES or no glutamine added (No Glu), there is a reduction of alizarin red staining 

demonstrating lower mineral deposition (Figure 4.9 B). We further validated this result by 

calculating the amount of alizarin red stain per amount of DNA. Here, we noticed a statistically 



158 
 

significant reduction of ARS when hMSCs are incubated in Osteo + medium supplemented with 

either α-CHC or BPTES (Figure 4.9 C). 

α-CHC treatment promotes an increasing trend of glucose consumption being 

statistically significantly higher at day 11 when compared with Osteo + medium and Lactate 

supplemented Osteo + medium. BPTES has an increasing trend of glucose consumption until day 

Figure 4.9 - Inhibition of osteogenic differentiation using osteogenic medium supplemented with BPTES 
or α-CHC during 14 days of cell culture. A) Schematic detailing the inhibition target. B) Alizarin red staining 
of hMSCs after 14 days in contact with Osteo +, Osteo + Lact, α-CHC or BPTES supplemented osteogenic 
medium, Osteo + medium without glutamine (No Glu) or Xpan medium. C) Quantification of Alizarin red 
staining per amount of DNA after 14 days of hMSCs in various cell culture conditions. D) hMSCs glucose 
consumption at day 2, 5, 8 and 11 of cell culture. E) Lactate secretion at day 2, 5, 8 and 11 of cell culture. 
F) hMSCs glutamine consumption at day 2, 5, 8 and 11 of cell culture. #no glutamine consumption, *p-
value≤0.05, **p-value≤0.01, ***p-values≤0.001, ****p-value≤0.0001 N≥3  
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5. Afterwards, there is a decrease of glucose consumption until day 11 (Figure 4.9D). α-CHC 

treated hMSCs have an increasing trend of lactate secretion during the period of incubation. At 

day 11, there is a statistically significant higher lactate secretion when compared with Osteo + 

or Lactate supplemented Osteo + medium. For BPTES, there is a stable lactate secretion during 

the incubation period. In addition, BPTES treatment promotes a statistically significant decrease 

of lactate when compared with all of the other cell culture medium conditions (Figure 4.9E).  

α-CHC supplemented osteogenic medium promotes a decreasing trend of glutamine 

consumption whilst being statistically significantly higher when compared with Xpan at day 2.  

At later time-points, a-CHC treated hMSCs have a decreasing trend of glutamine 

consumption (Figure 4.9F). As expected, BPTES supplementation of osteogenic medium has a 

negative impact on glutamine consumption. With BPTES treatment hMSCs did not consume any 

glutamine during cell culture (Figure 4.9F). 

2P-FLIM of NAD(P)H was performed to assess the impact of α-CHC and BPTES on hMSCs 

metabolism after 24 hours treatment (Figure 4.10A). hMSCs τavg and ORR measurements are not 

directly impacted by α-CHC treatment, resulting in no statistical significance in all cell culture 

conditions for both τavg and ORR parameters (Figure 4.10B, C). For BPTES, the presence or 

removal of glutamine resulted in distinct metabolic profiles and impacted τavg and ORR 

measurements. The removal of glutamine from osteogenic medium statistically significantly 

decreased τavg (0.90-fold decrease) of hMSCs compared with Xpan, Osteo+ and Osteo+ Lact cell 

culture medium condition (Figure 4.10D). Regarding ORR, BPTES treatment of osteogenic 

medium and the removal of glutamine from osteogenic medium resulted in an increase of 1.10-

fold and 1.17-fold of ORR, respectively, when compared with other cell culture medium 

conditions (Figure 4.10 E). 
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Figure 4.10 – 2P-FLIM validation of metabolic inhibition by α-CHC and BPTES after 24 hours. A) 2P-
FLIM imaging of hMSCs in different cell culture conditions B) NAD(P)H τavg measurement of hMSCs 
after 24 hours of α-CHC treatment. C) Optical Redox Ratio (ORR) of hMSCs after 24 hours of α-CHC 
treatment. D) NAD(P)H τavg measurement of hMSCs after 24 hours of BPTES treatment.  E) Optical 
Redox Ratio (ORR) of hMSCs after 24 hours of BPTES treatment. *p-value≤0.05, **p-value≤0.01, ***p-
values≤0.001, ****p-value≤0.0001 N≥3  
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4.5. Discussion 

In this study, hMSCs osteogenic differentiation was achieved using osteogenic medium 

and validated by mineral deposition and osteogenic gene expression. During the osteogenic 

differentiation, 2P-FLIM was used to monitor the metabolic profile of hMSCs. This technique 

showed that hMSCs in osteogenic medium are more dependent on OxPhos as a source of energy 

than hMSCs in Xpan medium. Also, 2P-FLIM highlighted a higher dependence on glutaminolysis 

and anabolic pathways verified by increased glutamine consumption. Osteogenic medium was 

supplemented with lactate to upregulate glutaminolysis and other anabolic pathways. Here, 

lactate supplementation of osteogenic medium drove increased mineral deposition and higher 

osteogenic gene expression when compared with non-supplemented osteogenic medium. 

Again, 2P-FLIM revealed a higher dependence of anabolic pathways and higher ratio of free 

NAD(P)H. The higher ratio of free NAD(P)H is a consequence of glutaminolysis and re-conversion 

of lactate into pyruvate. Osteogenic differentiation dependence on glutaminolysis and lactate 

re-conversion to pyruvate was validated by inhibiting glutaminolysis using BPTES and lactate 

uptake using α-CHC. The use of each metabolic inhibitor resulted in a decrease in mineral 

deposition and metabolite uptake. Furthermore, it was demonstrated that inhibiting 

glutaminolysis resulted in higher ORR ratios, validating that lower ORR ratios can result from 

higher glutaminolysis rates. 

As expected Osteo + cell culture medium promotoed osteogenic differentiation of 

hMSCs (Figure 4.2A, B, C, D). We observed increased mineral deposition measured by the higher 

amount of alizarin red staining. In addition, a higher fold of expression of osteogenic genes such 

as alkaline phosphatase (ALPL) and prostaglandin-endoperoxide synthase 2 (PTGS2) were 

measured compared with hMSCs in growth medium. Nakamura et al., demonstrated that ALPL 

inhibition supressed osteogenic differentiation and overexpression of ALPL resulted in increased 

osteogenic differentiation in murine MSCs. Nakamura et al., results demonstrate that ALPL is an 
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important marker to establish differentiation of MSCs [55]. Another study by Beheshtizadeh et 

al., using a in silico approach, determined that increased PTGS2 expression upregulates 

osteogenesis and its regulatory pathways [56]. In this study, we verified increased levels of 

osteogenic differentiation observed by increased mineral deposition and increased gene 

expression levels of ALPL and PTGS2. Therefore, higher mineral deposition and increased levels 

of ALPL and PTGS2 gene expression are associated with higher osteogenic differentiation. 

 To profile hMSCs metabolism undergoing differentiation, we imaged hMSCs at several 

time-points during cell culture, using non-invasive 2P-FLIM (Figure 4.3A). hMSCs treated with 

osteogenic medium showed a higher τavg, as early as day 3, reflective of a metabolic shift towards 

OxPhos as a consequence of a higher proportion of longer lifetime and protein-bound NAD(P)H 

[32, 57] (Figure 4.3B). Also, τ1 lifetimes are higher in osteogenic conditions, highlighting higher 

amounts of NADPH and anabolic activity [33, 58] (Figure 4.3C).  

Varying interpretations of ORR are reported in previous studies [41, 59] and for this 

study, we adopt a lower ORR reflecting a higher fraction of NAD(P)H and a lower FAD+ associated 

with upregulation of Krebs cycle. This ORR interpretation allows for easier and quicker analysis 

of impact of NADH-dependent metabolic pathways. An increased generation of NADH will result 

in a decreased ORR (Equation 4.3)[60, 61]. Osteogenic medium induced lower ORR possibly to 

fuel both OxPhos and anabolic pathways (Figure 4.3D). These metabolic results are in agreement 

with the literature; higher OxPhos and anabolic pathways dependence during osteogenic 

differentiation [28, 42, 62]. However, we are the first to uncover a metabolic switch as early as 

day 3.  

UMAP and PCA distribution analysis of 2P-FLIM variables confirmed a time-dependent 

metabolic switch during osteogenic differentiation. Taking into account 2P-FLIM variables in the 

UMAP analysis, there is noticeable a separation between Xpan and Osteo + treated cells at day 

7 and day 14 (Figure 4.3E). PCA analysis revealed also a separation at day 7 and 14 between 
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these culture conditions (Figure 4.3F). Overall, the statistical significance and the distance 

between PCA and UMAP clusters of both cell culture conditions increases with longer incubation 

periods. The usage of PCA and UMAP as data-visualisation tools allows to quickly analyse the 

gene expression and metabolic difference of hMSCs in different cell culture conditions [41, 63]. 

Mahalanobis distance, Two-sample Hotellings T2 test, F-value, F-critical and P-values were 

calculated to ensure statistical significance between PCA cluster groups (Table Appendix 4). The 

clear and statistically valid segregation of cell culture and hMSCs profiles demonstrate the 

possibility to use PCA and UMAP not only as data-visualisation tools but to possibly be used as 

classification tools.  

Extracellular metabolite analysis confirms 2P-FLIM metabolic results. Osteo + treated 

hMSCs have lower glucose consumption compared with Xpan treated hMSCs cultures 

demonstrating a lower reliance on glycolysis when treated osteogenic medium [58]. Regarding 

lactate production, there is no statistically significant differences between Xpan and Osteo + 

media except for at day 14. Glucose consumption and lactate secretion results demonstrate that 

during osteogenic differentiation hMSCs continue to produce lactate in spite of decreasing 

glucose consumption. Since lactate secretion values are not impacted by lower glycolytic rates 

other metabolites are being used to fuel OxPhos. With presence of glutamine and pyruvate in 

cell culture medium, these metabolites are used as metabolic fuel in anaplerotic pathways [64, 

65]. Interestingly, the peak of glutamine consumption occurs at earlier time-points followed by 

a decreasing trend, demonstrating a time-dependence of the glutaminolysis pathway. 

Nonetheless, for Osteo +, glutamine is used at a higher rate when comparing with Xpan cultures   

The trends observed with 2P-FLIM and extracellular metabolite quantification, confirm 

a metabolic switch towards OxPhos by reduction of glucose consumption while showing a higher 

dependence of glutaminolysis at earlier time-points. The metabolic switch towards a more 

OxPhos dependence is a known feature of differentiated cells and it has been demonstrated to 
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occur also during osteogenic differentiation [28, 66]. Interestingly, glutamine has been shown 

to be a critical metabolite to achieve osteogenic differentiation [31]. One study by Yu et al., 

demonstrated that glutamine is an important metabolite to achieve osteogenic differentiation 

by its anaplerotic role in feeding the Krebs cycle by proxy of alpha-ketoglutarate. In addition, 

this study demonstrated that glutamine removal impacts osteogenic differentiation by decrease 

of alizarin red staining [31]. Interestingly, Gayatri et al., demonstrated that increasing glutamine 

concentrations 10-fold supresses osteogenic differentiation of human and murine MSCs [67]. 

Therefore, to promote glutaminolysis and anaplerotic pathways and consequently promote 

earlier osteogenesis, the glutaminolysis pathway rate needs to be increased without increasing 

extracellular concentrations of glutamine. 

To achieve a higher rate of glutaminolysis, we decided to upregulate the glutaminolysis 

pathway by modifying the Osteo + cell culture medium formulation. Pérez-Escuredo et al., 

showcase the upregulation of glutamine uptake and glutaminolysis promoted by increased 

lactate concentration on oxidative tumour cells. In this study, extracellular lactate secreted by 

tumour cells acts as a signalling molecule that increase the expression of glutaminolysis-specific 

enzymes such as glutamine transporter ASCT2 and glutaminase 1 (GLS1) by c-Myc activation. 

Pérez-Escuredo et al., study demonstrates how extracellular lactate can promote increased 

glutaminolysis [46]. Following this approach, we decided to increase exogenous lactate levels in 

the Osteo + medium to promote higher glutaminolysis and hMSCs osteogenic differentiation 

and mineral deposition. To account for pH changes due to increased lactate concentration, 

exogenous lactate in the form of sodium lactate was used to stabilize pH values [46]. 

Lactate supplementation of osteogenic media yielded a higher mineral deposition and 

osteogenic differentiation (Figure 4.4A, B, C, D). Regarding osteogenic gene expression, an 

increased expression of ALPL, SOX9, SPP1 and RUNX2 genes was observed in osteogenic 

medium supplemented with lactate. Works in literature demonstrated that gene expression of 
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ALPL, SOX9, SPP1 and RUNX2 genes is related with higher osteogenic differentiation levels [68, 

69]. Fernandez-Moure et al., verified that MSC from the cortical fraction of the bone had higher 

osteogenic differentiation potential correlated by increase gene expression levels of ALPL and 

SPP1 [68].  In addition, a study by Friedl et al., demonstrated that hMSCs osteogenic 

differentiation promoted by mechanical strain results in increase ALPL, SOX9 and RUNX2 gene 

expression [69]. However, lactate supplementation of osteogenic medium did not translate to 

increased gene expression of BGLAP and PTGS2. Wang et al., analysed the dynamic and 

temporal expression profiles of osteogenic differentiation gene markers of hMSCs. In Wang et 

al., study, hMSCs were grown in osteogenic differentiation medium during 28 days and alizarin 

red staining was used to verify osteogenic differentiation. Here, increased BGLAP gene 

expression due to osteogenic differentiation was only verified at day 21 of cell cultures and not 

at earlier time-points [70]. While PTGS2 gene expression is required for osteogenic 

differentiation as it was verified in Figure 4.2, we do not observe that increased levels of 

osteogenic differentiation are associated with increased expression levels of PTGS2. Huang et 

al., analysed the spatiotemporal expression of PTGS2 and targeting the expression of PTGS2 in 

monolayer cultures, negatively impacts osteogenic differentiation [71]. In addition, another 

study by Yoon et al., used PTGS2 inhibitors during osteogenic differentiation of hMSCs. In this 

study by Yoon et al., following hMSCs differentiation, the inhibition of PTGS2 negatively 

impacted ALPL and calcium contents in inflammatory environments. However, in non-

inflammatory conditions, ALPL expression and calcium contents were not impacted by PTGS2 

inhibition, suggesting a non-specific role in osteogenic differentiation [72]. Huang et al., and 

Yoon et al., work demonstrates that PTGS2 is essential for earlier bone formation especially in 

inflammatory environments but is not required to be continuously expressed for later time-

points osteogenic differentiation. In this study, the increased gene expression of ALPL, SOX9, 

SPP1 and RUNX2 is associated with hMSCs osteogenesis and follows the trend observed in 

literature. In addition, the non-upregulation of BGLAP and PTGS2 are not synonymous of poor 
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osteogenic differentiation. BGLAP and PTGS2 upregulation is not observed at the time-points of 

this study experiments or critical to ensure osteogenic differentiation in non-inflammatory 

environments.  

Using 2P-FLIM, we observed a shift in metabolism when supplementing osteogenic 

medium with lactate (Figure 4.6A). A lower τavg shows an increase in free NAD(P)H fraction in 

the cytoplasm concomitant with a reduction of protein bound-NADH. This shift in NAD(P) 

fraction is associated with higher metabolic dependence on glycolysis (Figure 4.6 B ). 

Simultaneously, there is a decrease in ORR associated with OxPhos and anaplerotic metabolic 

pathways such as glutaminolysis (Figure 4.6 C). UMAP and PCA distribution analysis of 2P-FLIM 

data revealed a segregation between the hMSCs treated with Osteo + SL, Osteo + and Xpan 

medium (Figure 4.6 D, E). This shows that the three cell culture formulations promote distinct 

metabolic properties in hMSCs. 

Extracellular metabolic secretion of lactate supplemented osteogenic medium treated 

hMSCs increased slightly glucose consumption, maintained similar levels of lactate secretion 

and increased glutamine consumption at earlier time points (Figure 4.7 A, B, C). To account for 

exogenous lactate supplementation, lactate secretion measurements were corrected when 

measuring extracellular lactate. This trend shows similar glucose consumption and lactate 

secretion to Osteo + medium whilst showing higher glutaminolysis level at early time points.  

Metabolic gene expression revealed for most genes, higher expression levels when 

hMSCs are incubated for 14 days in osteogenic lactate supplemented cell culture medium 

(Figure 4.8). Glutaminase (GLS) (1.73-fold), glutamate dehydrogenase 1 (GLUD1) (0.63-fold), 

glutamic-oxaloacetic transaminase 1 (GOT1) (1.16-fold) and glutamic-oxaloacetic transaminase 

2 (GOT2) (0.46-fold) are glutaminolysis related genes and are highly expressed when hMSCs are 

incubated in Osteo + cell culture medium (Figure 4.8 A, B). These glutaminolysis genes are 

responsible for the conversion of glutamine to glutamate and the conversion of glutamate to 
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alpha-ketoglutarate in the cytoplasm and the mitochondrial matrix [73, 74]. Alpha-ketoglutarate 

can then be used to fuel the Krebs cycle and OxPhos in hMSCs [75]. Furthermore, P4HA1 (1.15-

fold), PAHA2 (2.11-fold) and P4HA3 (0.97-fold) are highly expressed in Osteo + Lact cell culture 

conditions (Figure 4.8 C, D). These poly-hydrolases are located within the endoplasmic 

reticulum, are activated by the presence of alpha-ketoglutarate and are crucial for the formation 

of the collagen triple helix. The incomplete hydroxylation of proline residues impacts collagen 

triple helix formation reducing collagen secretion to the cytoplasm and lastly reducing 

extracellular secretion of collagen [76]. The ability to secrete high amounts of extracellular 

matrix such as collagen I is a known feature of osteoblasts and important during bone formation 

[77]. Lactate metabolic genes are also highly expressed in lactate supplemented osteogenic 

medium when compared with non-supplemented osteogenic medium. SLC16A1 (1.78-fold), 

SLC16A3 (1.15-fold), SLC16A4 (1.00-fold) gene expression levels increase in lactate osteogenic 

supplemented medium compared with osteogenic medium. SLC16A1, SLC16A2, SLC16A3, 

SLC16A4 are responsible for the transport of lactate across the plasmatic membrane (Figure 4.8 

E, F). SL16A1 in particular has been showed to express MCT1 one of the main membrane 

transporter of lactate in hMSCs [78] . LDH (4.16-fold for isoform A, 0.88-fold for isoform B, and 

1.12-fold for isoform C) is also highly expressed in all isoforms when treating hMSCs with Osteo+ 

cell culture medium. LDH is responsible for conversion of pyruvate to lactate and is capable of 

performing the reverse enzymatic reaction [79]. The upregulation of LDH gene expression 

without an increase in extracellular lactate concentrations demonstrates that LDH has a higher 

ratio of reverse enzymatic reaction compared with the forward reaction. Glutaminolysis and 

lactate gene expression demonstrate that exogenous lactate supplementation of lactate 

medium promotes upregulation of glutaminolysis while increasing lactate uptake and re-

conversion to pyruvate in hMSCs.  

PCA metabolic gene expression analysis revealed a statistically significant segregation 

between all cell culture conditions (Figure 4.8 G). This confirms that lactate supplementation of 
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osteogenic medium is having a direct impact on hMSCs metabolism. hMSCs when treated with 

Osteo + Lact medium have higher level of glutaminolysis rate, higher uptake of lactate, higher 

rates of lactate conversion to pyruvate and higher secretion levels of collagen. These metabolic 

shifts can be therefore responsible for higher levels of osteogenic differentiation. 

The gene expression panel used in Figure 4.6, Figure 4.7 and Figure 4.8 demonstrate 

differentiating and metabolic pathways trends. Using the qPCR data obtained with hMSCs at 

day 14 of cell culture, a search for RNAseq libraries was conducted to establish a relationship 

between the upregulation observed in some gene and known signalling pathways. During this 

search, there was a focus on finding the expression of common genes at similar time points. A 

RNAseq study by Liu et al., focussed on comparing transcriptomic profile of hMSCs at day 7 of 

cellular differentiation towards a osteogenic or adipogenic lineages. In Liu et al., RNAseq library 

there is an upregulation of the valine, leucine and isoleucine amino acid pathway . This pathway 

according to Kyoto Encyclopedia of Genes and Genomes (KEGG) is highly dependent on pyruvate 

metabolite [80]. In addition, focal adhesion, protein digestion and absorption and ECM receptor 

interaction are upregulated. Another upregulated cellular pathway matched in Gene Ontology 

database is the metabolic processes pathway, including extracellular matrix organization, cell 

matrix interaction and cell adhesion [80]. One separate study has demonstrated that PTGS2 and 

RUNX2 have increased pathway upregulation with multiple binding sites associated with cellular 

growth and proliferation. RUNX2 and PTGS2 were showed to interact with the GTF2I promotor 

which upregulates ALPL and BGLAP gene expression [81]. Unfortunately, there were no findings 

pertaining the regulation of metabolic genes during osteogenic differentiation published in 

RNAseq libraries. 

After showing the importance of glutaminolysis and lactate in osteogenic differentiation 

we decided to block glutaminolysis using BPTES or removing glutamine (No Glu) from the 

osteogenic medium, as well as blocking the uptake of lactate using α-CHC (Figure 4.9 A). BPTES 
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impacts directly the GLS enzyme whilst α-CHC inhibits the SLC16A1 transporter, responsible for 

lactate uptake. Aliziran red staining and extracellular metabolic analysis shows that inhibiting 

lactate uptake and glutaminolysis impacts negatively osteogenic differentiation. 

2P-FLIM NAD(P) measurements of the metabolic profile of hMSCs after 24 hours 

treatment demonstrated that α-CHC does not impact either τavg or ORR redox ratio at earlier 

treatments times. Since α-CHC directly inhibits a transmembrane transporter responsible for 

lactate uptake, the impact on metabolism might not be pronounced in short culture times 

probably due to the pyruvate available on the medium which can evade lactate uptake to be 

converted back to pyruvate while generating NADH. However, BPTES treatment or removal of 

glutamine significantly impacted hMSCs metabolism after 24 hours. Removal of glutamine 

produced a statistically significant decrease of τavg possibly generated by the cell compensating 

the absence of an essential metabolite by increasing glycolysis to fuel the Krebs cycle for cellular 

differentiation. ORR measurements show a statically significant increase in BPTES and no 

glutamine osteogenic medium. This trend is a direct opposite from what is observed 

experimentally with upregulated glutaminolysis in this study. Increased ORR due to BPTES or 

removal of glutamine results from a reduction of NADH availability due to not being regenerated 

during glutamate conversion to alpha-ketoglutarate [41].  

Lactate was added to osteogenic medium in the presence of BPTES and α-CHC in order 

to complement glutaminolysis and lactate transport inhibition studies in hMSCs. Lactate 

supplementation of osteogenic medium with BPTES was not able to rescue osteogenic 

differentiation. In addition, lactate supplementation of osteogenic medium with α-CHC was also 

not able to promote osteogenic differentiation (Figure Appendix 10). This results demonstrates 

that osteogenic differentiation supplemented with lactate impacts directly both metabolic 

pathways: glutaminolysis and lactate uptake.  
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Lactate supplementation was able to promote further osteogenic differentiation. This 

was validated by increased mineral deposition and gene expression of osteogenic markers. The 

metabolic shifts promoted by the exogenous lactate drove increased glutaminolysis and lactate 

uptake. Glutaminolysis upregulation was validated by increased gene expression of 

glutaminolysis-related genes, decreased τavg and ORR and increased glutamine consumption in 

early time-points of differentiation. In particular, 2P-FLIM NADH results showcase an impact of 

increased glutaminolysis in real-time with increased the fraction of free NADH and increased 

NADH concentration. Lactate role in metabolism was also observed to be upregulated with 

extracellular lactate supplementation. The impact on lactate metabolic upregulation occurs 

concurrently with glutaminolysis upregulation. 2P-FLIM of NAD(P)H have similar trend by 

intracellular formation of pyruvate by lactate re-conversion generating free NADH. Increased 

gene expression of SL16A1, the major transmembrane transport of lactate, shows cells 

adaptability to exogenous lactate concentrations, followed by LDH upregulation which 

translates to LDH enzyme responsible for converting lactate to pyruvate. Furthermore, 

inhibition of any isolated pathways negatively impacted osteogenic differentiation and was not 

able to be rescued by lactate supplementation. The conjugation of these results validate the 

role of glutaminolysis in hMSCs osteogenic differentiation following the trend observed by Yu 

et al. in which blocking glutaminolysis with BPTES negatively impacted osteogenic 

differentiation [31]. It seems that both metabolic pathways are essential for osteogenic 

differentiation, glutaminolysis metabolic pathway and the direct and indirect role of lactate in 

hMSCs metabolism.  In this study, a new role for lactate in osteogenic differentiation of hMSCs 

was uncovered. Here, lactate can act indirectly on osteogenic differentiation as a signalling to 

upregulate glutaminolysis and directly by being used as metabolic fuel to regenerate pyruvate. 

In particular, this study demonstrates for the first time the importance of lactate for hMSCs 

differentiation. Only recently, has lactate started to be understood as a fuel source and a distinct 

signalling molecule instead of just a metabolic by-product. Lactate is becoming an interesting 
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metabolite and has been showed to contribute to reduce inflammatory cell signalling [82]. 

Furthermore, the only study demonstrating the impact of extracellular lactate on stem cells was 

a study by Gatie et al. In this study, Gatie et al., observed that increasing extracellular lactate 

stimulates murine embryonic stem cells differentiation towards extraembryonic endoderm cells 

in vitro [83].  

This study demonstrates the possibility to modulate hMSCs differentiation using 

extracellular metabolites. The importance of glutaminolysis in osteogenic differentiation was 

verified. As well, new roles for lactate metabolite were uncovered while promoting increased 

hMSCs osteogenic differentiation. This work demonstrates not only the importance of essential 

metabolites in osteogenic differentiation but also showcases 2P-FLIM as a method to uncover 

and validate metabolic profiles of hMSCs non-invasively in real-time. This new metabolic 

viewpoint in stem cell differentiation should be taken in account when promoting stem cell 

differentiation in vitro. Importantly, the metabolic environment during cell culture or cell 

maturation should be established to either promote higher differentiation rates of hMSCs or to 

simulate metabolic properties of native tissue. Furthermore, for tissue engineered constructs 

the use of lactate as a coating or as a biocompatible material in the form of lactic acid can 

promote further stem cell differentiation and diminish inflammation in the implantation site. 

The metabolic role of lactate as fuel and signalling molecule is still a new approach to a 

metabolite that is traditionally considered as a metabolic by-product and established as a 

cellular metabolism endpoint. Current research is now shining a new light on the impact of 

exogenous lactate impact on cellular function. However, research in various cell types using 

numerous methodologies is still require to establish the various roles and potential impact of 

lactate. 
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4.6. Conclusion 

In this study, we uncovered a time-dependent metabolic shift during osteogenic 

differentiation highlighted by 2P-FLIM, histology and extracellular metabolite measurements. 

Here, we showed that osteogenic differentiation is a phenotypic and metabolic process that 

occurs in a time-dependent manner reliant on glutaminolsysis and lactate. The inhibition of 

these pathways using BPTES and α-CHC and removal of metabolites impacts negatively 

osteogenic differentiation. We manage to modulate the metabolism of differentiating hMSCs 

by increasing extracellular concentration of lactate in order to increase mineral deposition and 

osteogenic differentiation. The supplementation of osteogenic medium with lactate promoted 

higher osteogenic differentiation, glutaminolysis, lactate metabolism and end-point poly-

hydrolises gene expression. At latter time-points, lactate supplemented osteogenic cells have 

already separate metabolism compared with cells in non-supplemented osteogenic medium 

and Xpan growth medium. We believe this study provides further information on the metabolic 

shifts occurring during hMSCs differentiation as well the role of glutaminolysis and extracellular 

lactate in osteogenic differentiation. Furthermore, lactate supplementation of osteogenic 

medium can improve tissue engineering applications by increasing osteogenic differentiation of 

hMSCs seeded in biomimetic scaffolds. This study approach to use non-invasive 2P-FLIM 

combined with UMAP and PCA can further uncover and modulate cellular metabolism in order 

to promote higher differentiation rates in hMSCs. 
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5.1. Abstract 

In this study, fluorescence lifetime imaging of NAD(P)H-based cellular autofluorescence 

is applied as a non-invasive modality to classify two contrasting states of human macrophages 

by proxy of their governing metabolic state. Macrophages were obtained from human blood-

circulating monocytes, polarised using established treatments, and metabolically challenged 

using small molecules to validate their responding metabolic actions in extracellular 

acidification and oxygen consumption. Fluorescence lifetime imaging microscopy (FLIM) 

quantified variations in NAD(P)H-derived fluorescent lifetimes in large field-of-view images of 

individual polarised macrophages also challenged, in real-time with small molecule 

perturbations of metabolism during imaging. We uncover FLIM parameters that are pronounced 

under the action of carbonyl cyanide-p-trifluoromethoxyphenylhydrazone (FCCP) which 

strongly stratifies the phenotype of polarised human macrophages. This stratification and 

parameters emanating from a FLIM approach, served as the basis for machine learning models. 

Applying a random forest model, identified three strongly governing FLIM parameters, achieving 

a ROC AUC value of 0.944 when classifying human macrophages. 

5.2. Introduction 

Two-photon fluorescence lifetime imaging microscopy (2P-FLIM) is a non-destructive 

modality that can interrogate exogenous and endogenous fluorophores. 2P-FLIM provides high 

spatial and temporal resolution to image murine and human cell types,  2D and 3D cell cultures, 

and biopsies in vitro and in vivo [1-3]. 2P-FLIM allows reduced nicotinamide adenine 

dinucleotide (NAD(P)H) and flavin adenine dinucleotide (FAD+) to be studied and quantified 

using 2P-FLIM, giving insight into cellular metabolism [2-4]. The average time for a fluorophore 

to return to the ground state from the excited state while emitting fluorescence is known as the 

fluorescence lifetime. NADH and NADPH fluorescence properties are identical, and hence 

NAD(P)H refers to these intracellular pools combined [5]. NAD(P)H is noted as having a long 
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fluorescence lifetime when enzyme-bound and a short fluorescence lifetime when free in the 

cytoplasm. NAD(P)H fluorescence properties offer extended information into NAD(P)H 

protein/enzyme binding [4]. 2P-FLIM facilitates quantification of NAD(P)H fluorescence lifetimes 

and its respective proportions. In addition, 2P-FLIM can be used as microscopy-based spatial 

approach and applied to limited cell numbers, which is beneficial in assessing limited sample 

numbers or validating metabolism-based therapies [6, 7].  

Macrophages are essential components of the host immune response and key 

regulators of homeostatic function. In addition to host defence, macrophages are intimately 

involved in tissue homeostasis and play a key role in pathologies including heart failure, diabetes 

and cancer [8]. Macrophages adopt specific polarisation states, ranging in a spectrum, to 

accomplish various functions and mechanisms of action. Here, classically activated (M1) and 

alternatively activated (M2) macrophages occupy opposite ends [8, 9]. In vitro, M1-macrophage 

behaviour can be evoked using IFNγ and/or microbial products such as LPS. M1-macrophage 

phenotype is defined by secretion of significant amount of pro-inflammatory cytokines; TNFα 

and IL-1β, enhanced endocytosis and ability to kill intracellular pathogens. [10, 11].  

M2-macrophage behaviour exists more heterogeneously and can be triggered by IL-4 

or IL-13, IL1-β, TGF-β, IL-6, phagocytosis of apoptotic cells or association with a tumour 

microenvironment, respectively generating M2a, M2b, M2c, M2f and tumour-associated (TAM) 

macrophages. [12-14]. M2 macrophages exhibit decreased expression of protein membrane 

markers, such as CD14 and CCR5, and increased fibronectin-1 production. In addition, M2 

macrophages are also characterised by downregulation of pro-inflammatory cytokines [11, 15, 

16]. Most often, macrophage behaviour is assessed by end-point assays using cytokine 

measurements, gene analysis and staining of surface markers. However, there is a gathering 

shift towards non-invasive modalities to speed up this process and obtain spatio-temporal 

analysis. Two recent examples of this include the use of raman microscopy to map the lipidomic 
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spatial signature of polarised macrophages [17], and the use of average fluorescent lifetime 

parameters to discern murine macrophage phenotype [18].  

We use an imaging-based approach, primarily focusing on metabolic machinery 

characteristically employed by polarised human macrophages. Macrophage metabolism poses 

a huge potential in the next generation of therapeutics for inflammatory disease. Human 

macrophage function and metabolism are inextricably linked [19]. IFNγ activated human 

macrophages (IFNγ-M1) are primed for enhanced inflammatory responses by stabilising HIF1α 

levels, activation of the JAK-STAT pathway, and increased production of IL-1β, all of which are 

dependent on enhanced levels of glycolysis [20]. Alternatively activated human anti-

inflammatory macrophages, most often observed in vitro through stimulation with IL-4 (IL-4-

M2), are defined by an intact tricarboxylic acid cycle (TCA), enhanced OxPhos, increased fatty 

acid synthesis (FAS), and fatty acid oxidation (FAO) [19, 21]. In a nutshell, IFNγ-M1 macrophages 

are more active in glycolysis, while IL-4-M2 macrophages are more dependent on oxidative 

phosphorylation for their energy production. When assessing metabolism and bioenergetics, 

most methods are based on extracellular flux assays, measurement of cellular oxygen 

consumption, exogenous staining, radio-labelling nutrients and gas chromatography – mass 

spectrometry (GC-MS). Metabolism probing methods require a substantial amount of sample 

processing yet still pose limitations due to short lived oxidative metabolites [22-25].  

2P-FLIM imaging of NAD(P)H acquires five fluorescence lifetime variables (τ1, τ2, α1, α2, 

τavg) and one fluorescence intensity-based variable (ORR) descriptive of the polarisation linked-

metabolic state of IFNγ-M1 and IL-4-M2 macrophage phenotypes. Furthermore, additional 

information can be obtained from these measurements by real-time perturbation of basal 

metabolism and metabolic capacity. To achieve this, sequential knockdown of intercellular 

pathways and uncomplexing of mitochondrial coupling is performed via metabolic inhibitors. 
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For data visualisation purposes, we applied the Uniform Manifold Approximate and 

Projection (UMAP) technique, instead of principal component analysis (PCA), due to its 

processing speed, capability to preserve the global and local structures of the data, and ability 

to use non-metric distance functions [26]. For in-depth statistical analysis, machine learning 

algorithms are employed for classification/supervised pattern recognition. Machine learning 

algorithms have been used to characterise DNA- and RNA-binding proteins, determine genetic 

and epigenetic contributions of antibody repertoire diversity, and to classify chronic 

periodontitis patients based on their immune cell response to ex-vivo stimulation with ligands 

[27-29]. In addition, machine learning algorithms can be used to group samples into different 

classes (for example, in this study, IFNγ-M1 vs IL-4-M2, based on 2P-FLIM variables) whilst 

determining which variables are the most important for this task [30]. For our work, we 

employed the random forests algorithm for the classification task due to random forests high 

prediction accuracy, robustness to outliers, and possibility to obtain the relative importance of 

each variable [31, 32].  

Another advantage of the random forests model is that we can use the OOB (out-of-

bag) error estimate to determine the values of the hyper-parameters. OOB error makes random 

forests especially suitable for small datasets, where we do not have additional data for 

validating the model. The hyper-parameters of the random forests model are the number of 

trees (ntree) and number of variables selected for the best split at each node (mtry). The OOB 

error of the final optimal random forests model serves as the estimate of the model’s prediction 

error.  

The trained random forests model can be used to distinguish between the different 

populations of macrophages and to measure which 2P-FLIM variables are the most important 

for this differentiation. In our study, we used all data points obtained from both full field-of-

view (FoV) and donor-specific single cell images for training and validating the random forests 
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model. Thus, there is no extra data available for testing our trained model. Therefore, to 

demonstrate the predictive ability and efficiency of the trained model, we calculated the area 

under the receiver operating characteristics curve (ROC-AUC), in which the specificity and 

sensitivity of the trained model are plotted. The ROC curve is an evaluation metric for binary 

classification problems. ROC curves plot the true positive rate against false positive rate at 

various threshold values. The AUC is the measure of the ability of a classifier to distinguish 

between classes and is used as a summary of the ROC curve. An ROC-AUC value smaller than 

0.5 suggests no discrimination, 0.7 to 0.8 is considered acceptable, 0.8 to 0.9 is considered 

excellent, and more than 0.9 is considered outstanding [33]. Similar applications of machine 

learning methods have been explored by Walsh et al., for classification of activated t-cells and 

Qian et al., for quality control of cardiomyocyte differentiation [34, 35]. 

We hypothesise that 2P-FLIM of NAD(P)H and FAD+ provides quantitative information 

to evaluate and identify human-derived macrophage polarisation by proxy of their metabolism. 

2P-FLIM of NAD(P)H and FAD+ has strong clinical potential fuelled by the emergence of 

metabolic approaches to treat disease and inflammation. To test our hypothesis, we derived 

human macrophages from blood-circulating monocytes and polarised them into IFNγ-M1 or IL-

4-M2 macrophages. We confirmed human macrophage cytokine and gene expression-related 

polarisation, while human macrophage metabolic behaviour was assessed via traditional 

extracellular flux assays. Finally, 2P-FLIM was applied during which real-time responses of 

photonic variables to metabolism-challenging small molecules were measured. This study 

establishes 2P-FLIM as a method to discriminate IFNγ-M1 and IL-4-M2 macrophages, which is 

most pronounced by macrophages differential responses when treated with FCCP. This allows 

the accurate classification of macrophage polarisation using machine learning methods, e.g., 

the random forests model, and to evaluate single-cell heterogeneity.  Our work reports, for the 

first time, the classification of human macrophages by random forests using data obtained from 

real-time metabolic perturbations triggered during 2P-FLIM.  
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5.3. Materials and methods 

5.3.1. Human blood monocyte-derived macrophage isolation 

 

This study was approved by the research ethics committee of the School of Biochemistry 

and Immunology, Trinity College Dublin and was conducted in accordance with the Declaration 

of Helsinki. Leucocyte-enriched buffy coats from anonymous healthy donors were obtained with 

permission from the Irish Blood Transfusion Board (IBTS), St. James's Hospital, Dublin. Donors 

provided informed written consent to the IBTS for their blood to be used for research purposes. 

PBMC were isolated and differentiated into macrophages as described previously [36]. The 

purity of CD14+CD11b+ macrophages was assessed by flow cytometry and was routinely >95% 

(Figure Appendix 11).  

5.3.2. Cytokine measurements 

Macrophages (1 x 106 cells/ml) were treated with IFNγ (20 ng/ml) or IL-4 (20 ng/ml) for 

24 hours. Supernatants were harvested, and cytokine concentrations of TNFα and IL-10 were 

quantified by ELISA (eBioscience) according to the manufacturer’s protocol. 

5.3.3. Real-time PCR 

Macrophages (1 x 106 cells/ml) were treated with IFNγ (20 ng/ml) or IL-4 (20 ng/ml) for 

24 hours. RNA was extracted using High-Pure RNA Isolation Kits (Roche) and assessed for 

concentration and purity using the NanoDrop 2000c – UV- Vis spectrophotometer. RNA was 

equalised and reverse transcribed using the Applied Biosystems High-Capacity cDNA reverse 

transcription kit. Real-Time PCR Detection System (Bio-Rad Laboratories, California) was used 

to detect mRNA expression of target genes. PCR reactions included iTaq Universal SYBR Green 

Supermix (Bio-rad Laboratories), cDNA Taqman fast universal PCR Master Mix and pre-designed 

TaqMan gene expression probes (Applied Biosystems) for CXCL9, CXCL10, MRC1, CCL13, and the 
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housekeeping gene, 18S ribosomal RNA. The 2– ΔΔCT method was used to analyse relative gene 

expression.  

5.3.4. Seahorse analyser 

Macrophages were cultured at 1 x 106 cells/ml for six days prior to re-seeding at 2 x 105 

cells/well in a Seahorse 96-well microplate and allowed to rest for five hours prior to  stimulation 

with IFNγ (20 ng/ml) and IL-4 (20 ng/ml) for 24 hours. The Seahorse cartridge plate was hydrated 

with XF calibrant fluid and incubated in a non-CO2 incubator at 37°C for a minimum of eight 

hours prior to use. Thirty minutes prior to placement into the Seahorse XF/XFe analyser, cell 

culture medium was replaced with complete XF assay medium (Seahorse Biosciences, 

supplemented with 10 mM glucose, 1 mM sodium pyruvate, 2 mM L-glutamine, and pH adjusted 

to 7.4) and incubated in a non-CO2 incubator at 37°C. Blank wells (XF assay medium only) were 

prepared without cells for subtracting the background oxygen consumption rate (OCR) and 

extracellular acidification rate (ECAR) during analysis. Oligomycin (1 mM, Cayman Chemicals), 

carbonyl cyanide-p-trifluoromethoxyphenylhydrazone (FCCP) (1 mM, Santa Cruz 

biotechnology), rotenone (Rot) (500 nM), and antimycin A (AA) (500 nM) and 2-deoxy-D-glucose 

(2-DG) (25 mM, all Sigma-Aldrich) were prepared in XF assay medium and loaded into the 

appropriate injection ports on the cartridge plate and incubated for ten minutes in a non-CO2 

incubator at 37°C. OCR and ECAR were measured over time with sequential injections of 

oligomycin, FCCP, rotenone and antimycin A and 2-DG. Analysis of results was performed using 

Wave software (Agilent Technologies). The rates of basal glycolysis, maximal glycolysis, basal 

respiration and maximal respiration were calculated as detailed in the manufacturer's protocol 

and supplied in Table 5.1. 
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Table 5.1 - Calculation of basal glysolysis, max glycolycic, basal respiration, max rate 

Rate Calculation 

Basal 

glycolysis 

Average ECAR values prior to oligomycin treatment – non-

glycolytic ECAR 
Max 

glycolysis 

Average ECAR values after oligomycin and before FCCP 

treatment 
Basal 

respiration 

Average OCR values prior to oligomycin treatment – 

nonmitochondrial OCR 
Max 

respiration 

Average OCR values after FCCP and before 

rotenone/antimycin A treatment 
ECAR- extracellular acidification rate; OCR- oxygen consumption rate; FCCP- carbonyl cyanide-p-

trifluoromethoxyphenylhydrazone  

5.3.5. Two-photon fluorescence lifetime imaging microscopy (2P-FLIM) 

 

2P-FLIM was performed on 24 hours-polarised macrophages seeded in ibidi® Luer μ-

slides with a 0.8 mm channel height. 2P-FLIM was achieved using a custom upright (Olympus 

BX61WI) laser multiphoton microscopy system equipped with a pulsed (80 MHz) 

titanium:sapphire laser (Chameleon Ultra, Coherent®, USA), water-immersion 25× objective 

(Olympus, 1.05NA) and temperature-controlled stage at 37 °C. Two photon excitation of 

NAD(P)H and FAD+ fluorescence was performed at the excitation wavelength of 760 and 800 

nm, respectively. Several studies have reported that two-photon excitation in the range of 720-

760nm can be used to selectively excite NAD(P)H, while for FAD+ a excitation wavelength above 

900nm is commonly used [5, 37].A 458/64 nm and 520/35 nm bandpass filter were used to 

isolate the NAD(P)H and FAD+ fluorescence emissions based on their emission spectra[5].  

512 × 512 pixel images were acquired with a pixel dwell time of 3.81 μs and 30 s 

collection time. A PicoHarp 300 TCSPC system operating in the time-tagged mode coupled with 

a photomultiplier detector assembly (PMA) hybrid detector (PicoQuanT GmbH, Germany) was 

used for fluorescence decay measurements, yielding 256 time bins per pixel. TCSPC requires a 

defined “start”, provided by the electronics steering the laser pulse or a photodiode, and a 

defined “stop” signal, realized by detection with single-photon sensitive detectors. The 

measuring of this time delay is repeated many times to account for the statistical variance of 
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the fluorophore’s emission. For more detailed information, the reader is referred elsewhere 

[38].  

Fluorescence lifetime images with their associated decay curves for NAD(P)H were 

obtained with a minimum of 1x106 photons peak. After imaging, the background noise was 

removed. This was performed by defining regions of interest (ROI) of the cells on the 2P-FLIM 

image. Consequently, lower values of photons/pixel are removed from analysis improving the 

signal-to-noise ratio (Figure Appendix 12). 

The decay curved was generated and fitted with a double-exponential decay without including 

the instrument response function (IRF) ( 

Equation 5.1) 

  
𝐼(𝑡) = 𝐼(0)[𝛼1𝑒

−𝑡
𝜏1 + 𝛼2𝑒

−𝑡
𝜏2 ] + 𝐶 

 

 

Equation 5.1 - Fluorescence Intensity decay fitted with a double-exponential decay curve 

 

I(t) represents the fluorescence intensity measured at time t after laser excitation; α1 

and α2 represent the fraction of the overall signal proportion of a short and long component 

lifetime, respectively. τ1 and τ2 are the long and short lifetime components, respectively; C 

corresponds to background light.  Chi-square statistical test was used to evaluate the goodness 

of multi-exponential fit to the raw fluorescence decay data. In this study, all of the fluorescence 

lifetime fitting values with χ2 < 1.3 were considered as ‘good’ fits. For NAD(P)H, the double 

exponential decay was used to differentiate between the protein-bound (τ1) and free (τ2) 

NAD(P)H. The average fluorescence lifetime was calculated using Equation 5.2 

 
𝜏𝑎𝑣𝑔 =

(𝜏1 × 𝛼1 + 𝜏2 × 𝛼2)

(𝛼1 + 𝛼2)
 

 

Equation 5.2 - Average fluorescence lifetime calculation 
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Intensity-based images of NAD(P)H and FAD+ were acquired, and their ratio was 

calculated using Equation 5.3 to obtain the optical redox ratio (ORR). 

 
𝑂𝑅𝑅 =

𝐹𝐴𝐷+

𝑁𝐴𝐷(𝑃)𝐻
 

 

Equation 5.3 - Optical redox ratio calculation 

 

From the images acquired using 2P-FLIM, single-cell - analysis was performed using a 

custom-made script on Cell Profiler® [39]. The single-cell analysis was conducted in a similar way 

as the global 2P-FLIM analysis. 

 

5.3.6. Macrophage classification and machine learning 

Uniform Manifold Approximate and Projection (UMAP) was used for data visualisation, 

in order to determine the clustering of 2P-FLIM imaging datasets in global- and single-cell 

analysis[26]. UMAP was implemented in Python, and the plots obtained in Graphpad. Random 

forests were applied to classify IFNγ-M1 and IL-4-M2 macrophages in both full FoV and single-

cell donor-specific approaches. Random forests classification was implemented in R. Random 

forests hyperparameters include the number of decision trees in the forests, the number of 

features considered by each tree when splitting a node, and the maximal depth of each tree; 

the best hyperparameters were determined through grid search with the highest accuracy and 

by determining the lowest OBB error rates (Table 4, 5). α1 variable was removed from the 

random forests model due to its deterministic relationship with α2 variable (Figure Appendix 

13). Receiver-operating curves (ROC) were plotted, and areas under the curves (AUC) values 

were calculated without the employment of a testing dataset. In addition, random forests 

feature selection was utilised to evaluate the weight of each 2P-FLIM variable to determine its 

relative importance in macrophage classification for both overall and single cell datasets. 
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Support vector machine (SVM) and logistic regression models were compared with random 

forests model and yielded similar performance on the experimental data split to 80% training 

and 20% testing  

5.3.7. Statistics 

Each experiment was performed in at least four healthy donors (defined by N) with 3-4 

technical replicates run for each experiment (defined by n), depending on the assay type. 

Normality tests were performed to determine the normal distribution of the data. For ELISA and 

PCR data, one-way ANOVA and Tukey’s test were used for comparing more than two groups. 

For Seahorse data, repeated-measures one way ANOVA was used to account for the variance in 

basal metabolism across donors. All statistical analysis was performed on GraphPad Prism™ 9.00 

(GraphPad Software). 

 

 

 

 

Figure 5.1 - Overview of experimental work. Image created using biorender.com 
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5.4. Results 

5.4.1. Macrophage polarisation with IFNγ and IL-4 induces metabolic 

reprograming 

Human blood-derived macrophages were polarised by incubating in cell culture media 

containing IFNγ (M1) or IL-4 (M2) for 24 hours. Polarisation was confirmed using ELISA and RT-

PCR. Cellular metabolic activity was analysed using a sequence of metabolic enzyme inhibitors, 

and the inhibitors effect was measured by extracellular acidification ratio (ECAR), oxygen 

consumption ratio (OCR) and 2P-FLIM (Figure 5.1).  

 A slightly higher amount of TNFα production was obtained for IFNγ-M1 when compared 

with IL-4-M2 macrophages. Regarding IL-10, a statistically higher production was measured in 

IL-4-M2 when compared with IFNγ-M1 and untreated macrophages (Figure 5.2A, D). For gene 

expression, a higher amount of CXCL9 and a statistically significant increase in CXCL10 in IFNγ-

M1 macrophages were observed (Figure 5.2B, C). In addition, MRC1 and CCL13 were further 

expressed in IL-4-M2 macrophages when compared with untreated and IFNγ – M1 macrophages 
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(Figure 5.2, F). IFNγ-M1 macrophages have a higher dependence on aerobic glycolysis, whilst IL-

4-M2 macrophages are more reliant on oxidative phosphorylation.  

We used extracellular acidification (ECAR) and oxygen consumption ratios (OCR) to 

certify this metabolic behaviour which is linked to macrophage polarisation. For ECAR and OCR, 

we used four different metabolic modulators in succession: oligomycin, FCCP, Rot+AA and 2-

DG, to evaluate cellular metabolism (Figure 5.3). IFNγ-M1 macrophages exhibited a higher ECAR 

and lower OCR in response to the treatments added, whilst IL-4-M2 and untreated macrophages 

had lower ECAR and higher OCR (Figure 5.3 A,D). After plotting ECAR and OCR curves, the areas 

under the curves (AUC) were measured to reflect basal glycolysis, maximal glycolysis, basal 

respiration and maximal respiration.  

IFNγ-M1 macrophages have a statistically significant increase of basal and max 

glycolysis when compared with untreated macrophages (Figure 5.3 B,C). In addition, all 

Figure 5.2 - Validation of macrophage polarisation of IFNγ-M1, IL-4-M2, and untreated (UT) macrophages. 
(A,B) ELISA of inflammatory cytokine TNFα and anti-inflammatory  IL-10 in IFNγ-M1, IL-4-M2, and 
untreated (UT) macrophages. (C,D,E,F) Evaluation of CXCL9, MRC1, CXCL10, and CCL13 gene expression 
in IFNγ-M1, IL-4-M2, and untreated (UT) macrophages. *p<0.05, **p<0.01, ***p<0.001, N= 6 donors.  
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macrophage types have similar basal respiration, whilst IL-4-M2 macrophages have a 

statistically significant increase in max respiration when compared with untreated macrophages 

(Figure 5.3E, F). 

5.4.2. 2P-FLIM captures metabolic shifts on IFNγ and IL-4 treated 

macrophages  

2P-FLIM harvests NAD(P)H and FAD+ autofluorescence to infer cellular metabolism. 

NAD(P)H enzyme-bound state is characterised by a longer fluorescence lifetime, whilst NAD(P)H 

free-state has a shorter fluorescence lifetime. NAD(P)H and FAD+ fluorescence intensity is 

measured in order to calculate the ORR (Equation 4). These fluorescence features enable the 

distinction between an OxPhos or glycolytic-dependent metabolism [1, 2, 34, 40-43]. 

Figure 5.3 – Macrophage metabolic profiling of IFNγ-M1, IL-4-M2, and untreated (UT) macrophages. (A,D) 
Extracellular acidification ratio (ECAR) and Oxygen consumption ratio (OCR) profile of IFNγ-M1, IL-4-M2, 
and untreated (UT) macrophages when treated sequentially with oligomycin, FCCP, rotenone + antimycin 
A and 2-DG. (B,C,E,F) Area under the curve (AUC) values calculated from ECAR and OCR between each 
treatment. *p<0.05, **p<0.01, ***p<0.001, N= 6 donors.  
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For this experiment, we seeded unpolarised macrophages in ibidi® Luer μ-slides in static 

conditions, and polarised the macrophages using IFNγ or IL-4 for 24 hours. These macrophages 

are derived from the same donors as per those presented in Figure 5.2, Figure 5.3. Afterwards, 

we followed the same subjection of metabolic enzymatic inhibitors applied in the ECAR/OCR 

experiment in which we treated the macrophages with oligomycin, FCCP, Rot+AA and 2-DG. 

During the time-course of the experiments the field of view was maintained so as to record 

single-cell metabolic variations (Figure Appendix 14, Figure Appendix 15). 

Figure 5.4 - 2P-FLIM Metabolimaging analysis. (A) Time-course imaging of representative (same field of 
view throughout) IFNγ-M1 macrophages, scale bar:100μm (B,C) Average fluorescence lifetime (τavg) and 
optical redox ratio (ORR) values for IFNγ-M1 and IL-4-M2 when treated sequentially with oligomycin, 
FCCP, rotenone + antimycin A and 2-DG of a representative donor. (D) z-score heatmap of 2P-FLIM 
acquired data for 6 donors separated by macrophage polarisation and metabolic inhibitor, each individual 
row corresponds to an imaging field.   
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We derived the average fluorescence lifetime (τavg) and optical redox ratio (ORR) of IFNγ-

M1 and IL-4-M2 macrophages from the full FoV of 2P-FLIM data and observed an increasing 

trend of τavg in response to the application metabolic enzymatic inhibitors. With the exception 

of 2-DG, in which a decrease of τavg was observed for both macrophage phenotypes (Figure 

5.4B). Regarding ORR, there is a slight decreasing trend of ORR, followed by a raise in ORR with 

the 2-DG treatment for IFNγ-M1 macrophages. For IL-4-M2 macrophages, there is a decrease in 

ORR with the oligomycin treatment, followed by stabilisation with FCCP and Rot+AA, and finally 

an increase elicited by 2-DG (Figure 5.4C). We compiled all the full FoV 2P-FLIM variables: τ1, τ2, 

α1, α2, τavg and ORR into a representative z-score heatmap, stratified according to macrophage 

Figure 5.5 – Phasor Analysis of NADH FLIM variables in Basal and FCCP conditions. A) Basal Phasor with 
values set at 3.4 ns (red) and 0.4 ns (green) and all donors basal FLIM data distribution , B) Histogram of 
all donors normalised to pixel intensity in basal conditions, C) Histogram distribution of a representative 
donor normalised to pixel intensity in basal conditions, D) FCCP Phasor with values set at 3.4 ns (red) and 
0.4 ns (green) and all donors FCCP FLIM data distribution, E) Histogram of all donors (N=6) normalised to 
pixel intensity in FCCP conditions and F) Histogram distribution of a representative donor normalised to 
pixel intensity in FCCP conditions. Ψ value is the non-overlapped area for both curves in each plot when 
compared with the total area occupied by both curves. A higher Ψ value determines a better segregation 
between data sets. 
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type and metabolic inhibitors across all donors. IFNγ-M1 macrophages have lower τ1, τ2, τavg and 

ORR values when compared with IL-4-M2 macrophages (Figure 5.3D). 

Phasor analysis was applied to the raw FLIM data (Figure 5.5). Here, we plotted the 

phasor maps while fixing the lifetimes at 3.4 ns and 0.4 ns as indicated in literature [44]. 

Furthermore, we generated histogram plots that showcase the distribution of the data in the 

phasor plot as well as the difference between IFNγ-M1 and IL-4-M2 macrophages (Figure 5.5). 

Phasor analysis of 2P-FLIM data determined a higher segregation between FCCP treated IFNy-

M1 macrophages and IL-4-M2 macrophages compared with basal IFNy-M1 macrophages and IL-

4-M2 macrophages distributions of fluorescence lifetimes. During this measure, percentage of 

separation, Ψ, between both distribution lifetimes was calculated. Ψ values show that FCPP 

treatment promote an increase of 13% in the separation of IFNy-M1 macrophages and IL-4-M2 

macrophages fluorescence lifetime distributions. 
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5.4.3. 2P-FLIM variables allow the classification of IFNγ-M1 and IL-4-M2 

macrophages 

Uniform Manifold Approximate and Projection (UMAP) was applied to full FoV 2P-FLIM 

variables associated with IFNγ-M1 and IL-4-M2 macrophages as a data visualisation tool. The 

coordinates for each image were defined using a cosine distance function computed using the 

2P-FLIM variables: τavg, τ1, τ2, α1, α2 and ORR (Figure 5.6A). UMAP representation of 2P-FLIM 

variables acquired during FCCP treatment provides a separation between IFNγ-M1 and IL-4-M2 

macrophages (Figure 5.6B).  

 

 

Figure 5.6 – UMAP and Machine learning analysis of 2P-FLIM data. (A) UMAP plot of 2P-FLIM variables 
after each treatment each dot corresponds to an individual imaging field. (B) UMAP plot of 2P-FLIM 
variables after FCCP treatment, each dot corresponds to an individual imaging field. (C) Receiver-operator 
curve and area under curve values of random forests machine learning model applied to 2P-FLIM data 
after FCCP treatment. (D) 2P-FLIM weight features determined by mean decrease accuracy and mean 
decrease Gini of random forests model used to classify macrophages. 
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Random forests classification models were established to classify macrophage 

polarisation from 2P-FLIM variables when treated with FCCP (Table 5.2). To adequately train the 

random forests model, we removed α1 2P-FLIM variable as it exhibit a negative correlation with 

α2 variable (Figure Appendix 13). Receiver operator characteristic (ROC) curves of our dataset 

reveal high accuracy for predicting macrophage polarisation in the full field of view during FCCP 

(AUC=0.944), when using 2P-FLIM variables as predictors (Figure 5.6C). When using τ1, τ2 and 

τavg, as the only 2P-FLIM variables in the same trained random forests a high prediction accuracy 

was still achieved (AUC=0.934) (Figure 5.6C). Next, the mean decrease accuracy and mean 

decrease Gini returned by the random forests model reveal that τ1, τ2 and τavg are the most 

important 2P-FLIM variables for macrophage classification and data segregation (Figure 5.6D). 

 

PCA and t-SNE analysis were applied to full FoV 2P-FLIM variables associated with IFNγ-

M1 and IL-4-M2 macrophages as complementary data visualisation tools (Figure 5.7). PCA 

analysis, when focusing only on FCCP treatments showed a segregation between IFNγ-M1 and 

IL-4-M2 macrophages, however there is a slight overlap of the confidence ellipses (Figure 5.7 C). 

t-SNE analysis, did not revealed any segregation between IFNγ-M1 and IL-4-M2 macrophages 

2P-FLIm variables profile (Figure 5.7 D).  

Table 5.2 – Hyper-parameters, OBB, ROC-AUC and confusion matrix of full FoV random forests model. 

Donor (No. of data 
points) 

ntree mtry OOB 
(%) 

ROC-AUC      TP FP FN TN 

All Donors – Full FoV (36) 100 2 16.67 0.944 16 2 4 14 
ntree –number of trees; mtry- number of variables selected for the best split at each node; OBB- out-of-bag error; 
ROC-AUC – area under receiver operating characteristics curve;  TP – true positive; FP – false positive; FN – false 
negative; TN – true negative 
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5.4.4. 2P-FLIM classification models are sensitive to cell heterogeneity 

Macrophage polarisation heterogeneity at a single-cell level was evaluated within each 

donor in response to the FCCP treatment (Figure 5.8). Here, we utilised Cell Profiler® to evaluate 

and track single-cell metabolic shifts (Figure 5.8A). A representative donor UMAP reveals two 

clusters, one majorly occupied by IFNγ-M1 macrophages and the other occupied by IL-4-M2 

macrophages (Figure 5.8B). 

 

Figure 5.7 – PCA and t-SNE data visualization of 2P-FLIM variables obtained from full FoV collected during 
the course of metabolic treatments (A, B). PCA data visualization of 2P-FLIM variables obtained from full 
FoV collected during FCCP treatments and representation of 99.9% confidence ellipses derived from 3 
standard deviations of the data presented for each group of samples (C). t-SNE data visualization of 2P-
FLIM variables obtained from full FoV collected during FCCP treatments (D) 
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Afterwards, we established new random forests models trained with single-donor 2P-

FLIM variables. The new random forests models were trained using τavg, τ1, τ2, α2 and ORR as 

predictors, obtained from single-cells. The random forests hyper-parameters were tuned based 

on the lower OBB estimate (Table 5). Subsequently, we evaluated trained random forests 

models accuracy by plotting ROC-AUC curves (Figure 5.8 C, Table 5.3). From Figure 5.8 C and 

table 5 it is noticeable that single-cell classification performance is affected by donor variability 

during the FCCP treatment. Donors D, E and A have the highest ROC-AUC values and lowest OOB 

errors. Finally, we measured the weighting of each 2P-FLIM variable via the random forests 

classification model for higher ROC AUC donors, and found that τ1, τ2, τavg and α2 are the most 

important variables for classifying macrophage type at a single-cell level (Figure 5.8 D,E). 

 

 

Figure 5.8 - Single-cell 2P-FLIM imaging analysis. (A) Single-cell analysis using a custom-built Cell Profiler® 
script, scale bar=100µm. (B) Single-cell UMAP clustering of a representative donor after FCCP treatment 
using 2P-FLIM variables. (C) Receiver-operating curves (ROC) of random forests model for classification 
of macrophages of all human donors used in this study. (D) Mean decrease in accuracy and (E) mean 
decrease in Gini of each 2P-FLIM variable returned by the random forests model. 
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Table 5.3- Hyper-parameters, OBB, ROC-AUC and confusion matrix of single-cell donor-specific random 
forests models. 

Donor (No. of data 
points) 

ntree mtry OOB (%) ROC-AUC TP FP FN TN 

A (170) 400 5 23.53 0.791 55 22 18 75 
B (155) 200 3 38.06 0.650 29 42 17 67 
C (232) 100 2 30.17 0.760 93 36 34 69 
D (199) 300 4 10.05 0.937 98 5 15 81 
E (179) 150 2 19.55 0.843 69 18 17 75 
F (212) 150 3 28.77 0.735 127 13 48 24 

ntree –number of trees; mtry- number of variables selected for the best split at each node; OBB- out-of-bag error; 

ROC-AUC – area under receiver operating characteristics curve;  TP – true positive; FP – false positive; FN – false 

negative; TN – true negative 

 

5.5. Discussion 

In this study, we use macrophage polarisation as a model system to demonstrate the 

effectiveness of random forests, applied to 2P-FLIM parameters influenced by metabolic 

perturbations (Figure 5.1). The polarisation of human macrophages is often crudely described 

as two opposite phenotypes: classical activation (IFNγ-M1-Macrophages) and alternative 

activation (IL-4-M2-macrophages). The higher production of TNFα in IFNγ-treated human 

macrophages and low IL-10 production are evidence of a macrophage classical activation [45] 

(Figure 5.2 A, B). In contrast, treating human macrophages with IL-4, an increase in IL-10 

production and higher expression of MRC1 and CCL13, are characteristic of an alternative 

activation of macrophages [46, 47] (Figure 5.2 D, E and F). Furthermore, we performed flow 

cytometry of polarised macrophages using antibodies to detect CD80, CD86, CD163 and CD206 

surface markers, further validating the intended macrophage polarisation (Figure Appendix 11). 

Extending from this, extracellular flux analysis was performed. Extracellular flux measurements 

revealed a higher acidification ratio (ECAR) and a lower oxygen consumption ratio (OCR) for 

IFNγ-M1-macrophages during the different stages of metabolic inhibition when compared with 

IL-4-M2 macrophages (Figure 5.3 A, D). By calculating the basal glycolysis rate and maximum 
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glycolysis, IFNγ-M1-macrophages presented higher glycolytic rates (Figure 5.3 B, C). The 

acidification (from ECAR) is linked with the production of lactate as a by-product of glycolysis, 

which reduces extracellular pH [20]. Regarding IL-4-M2 macrophages, a reduced ECAR and 

increased OCR during the extracellular flux treatments (Figure 5.3 A, D) together with a higher 

max respiration potential was observed when compared with untreated macrophages. 

However, no difference was observed at the basal respiration measures (Figure 5.3 E, F). ECAR 

and OCR calculated results are associated with a higher dependence of OxPhos as a more active 

metabolic machinery in IL-4-M2 macrophages. In order to fuel the upregulation of the TCA cycle 

and the ETC, the mitochondria need to consume more oxygen at the complex IV site of the 

electron transport chain [21, 48]. 

We next sought to underline 2P-FLIM as a complimentary and more advantageously, a 

non-invasive spatial evaluation of macrophage metabolism reflecting macrophage induced 

polarisation. Recapitulating the sequence of metabolic enzyme inhibition which formed a basis 

of the extracellular flux analysis, sequential 2P-FLIM micrographs of IFNγ- or IL-4-polarised 

macrophages were acquired (Figure 5.4 A).  A reduced τavg, observed with IFNγ-M1 macrophages 

reflects a higher relative amount of free NAD(P)H (which has characteristic short fluorescence 

lifetimes), indicative with glycolysis [41, 49]. In contrast IL-4-M2 macrophages had higher τavg - 

reflective of OxPhos, due to increased proportion of longer lifetime, protein-bound NAD(P)H [1, 

34] (Figure 5.4 B). Varying interpretations of ORR are reported in previous studies [34, 50] and 

for this study, we adopt a lower ORR reflecting a higher fraction of NAD(P)H and a lower FAD+ 

associated with upregulation of OxPhos (Equation 4)[2]. IL-4-M2 macrophages exhibited a lower 

ORR across the treatments in contrast with IFNγ-M1 macrophages, validating a higher 

dependency of IL-4-M2 macrophages on OxPhos when compared with IFNγ-M1 macrophages. 

A heatmap overviewing the 2P-FLIM output variables was compiled showcasing the shifts 

promoted by the different treatments in both phenotype-directed human macrophages (Figure 

5.4 D). With IL-4-M2 macrophages, there is a noticeable increase in τ1, τ2 and τavg and an 
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appreciable decrease in ORR when compared with IFNγ-M1 treated macrophages. The trending 

increase of NAD(P)H fluorescence lifetimes is further exacerbated after treatment with FCCP in 

IL-4-M2 macrophages. Indeed, given the ability of FLIM to imaging and measure NAD(P)H and 

FAD+ others have employed small molecules to gain further information about the dynamics of 

metabolic machinery in states of disease and differentiation. For instance, during stem cell 

osteogenic differentiation, Guo et al., tested oligomycin A (mitochondrial respiration inhibitor) 

as an experimental treatment in parallel to standard osteogenic media. A decrease in NAD(P)H 

average lifetime was calculated (therefore reduced oxidative phosphorylation), increased 

lactate production, lower oxygen consumption and osteogenic differentiation [51]. The 

heterogeneous response towards metabolic inhibitors by IFNγ-M1 or IL-4-M2 macrophages 

yields clustering patterns in the two-dimensional projected space via the UMAP method (Figure 

5.6 A). When analysing each treatment individually, measurements emanating from the FCCP 

treatment yielded the highest segregation across all donors between IFNγ-M1 and IL-4-M2 

macrophages (Figure 5.6 B). In addition, our phasor analysis also demonstrates a higher 

segregation of IFNγ-M1 and IL-4-M2 macrophages when using FFCP treatment (Figure 5.5). 

Albeit, the limitation in pre-defining values for the fluorescence lifetime variables such as τ1 and 

τ2 can mask important predictors for random forests.  

Higher NAD(P)H fluorescence lifetimes such as τ1, τ2 and τavg are attributable to two 

major factors: increases in NADPH concentrations and microenvironmental shifts [42, 52]. FCCP 

functions as an uncoupler of mitochondria inner membrane allowing unhinged proton flux to 

the mitochondria matrix causing a reduction of mitochondrial pH, increasing effectively the 

fluorescence lifetime of NAD(P)H. The unhinged proton flux due to FCCP compliments existing 

studies whereby Schaefer et al., reported an increased NAD(P)H fluorescence lifetime due to 

reduced mitochondria pH elicited by FCCP treatment [53, 54]. Another consequence of FCCP 

treatment is an increase in ETC activity indicated by increased oxygen consumption of IL-4-M2 

macrophages (Figure 5.3 D). Increased ETC activity promotes an increase of NADH and FAD+ 
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directly impacting the ORR. One would have expected the ORR to increase after the FCCP 

treatment as observed in IFNγ macrophages. However, for IL-4-M2 macrophages, the ORR 

begins to decrease. FCCP induction of maximal ETC activity increases the demand for NADH and 

FADH2 causing a concomitant increase of the FAO and TCA cycle activity already upregulated in 

IL-4-M2 macrophages [55] . This demand results in a reduced pool of FAD+ and an increase of 

NADH, effectively reducing ORR [55-57]. The higher heterogeneity in FCCP response is due to 

the effect of FCCP on the mitochondrial membrane and the higher dependence of FAS/FAO of 

IL-4-M2 macrophages basally [21]. Blacker et al. reported the FCCP impact in great detail where, 

when seeking to separate NADH and NADPH fluorescence in live cells and tissues using FLIM, 

inhibiting mitochondrial oxidative phosphorylation in wild-type HEK293 cells using rotenone 

(10 μM) or uncoupling using FCCP (1 μM) [58]. Blacker et al., study provides excellent insight 

into NADH and NADPH dynamics and separation, and the treatment of FCCP has a similar effect 

on HEK293 cells as the IFNγ-M1 macrophages reported in our study. Whereby FCCP has less a 

significant impact on our IL-4-M2 macrophages. Here, FCCP uncoupling promotes higher ETC, 

higher TCA activity impacting the ORR and, at the same time, a decreased mitochondrial pH 

increases the fluorescence lifetimes of NAD(P)H [53, 54]. Regarding IFNγ-M1 macrophages, their 

lower dependence on ETC, TCA, FAO and lower mitochondria membrane potential while 

producing most of ATP by glycolysis, makes the impact of FCCP on the mitochondria and 

fluorescence lifetimes less pronounced.  

Random forests models were applied to study the endpoint variables of the 2P-FLIM 

obtained during the FCCP treatment of IFNγ-M1 macrophages and IL-4-M2 macrophages. 2P-

FLIM measurements contain a minimum of 24 cells per field-of-view and culminate in total of 

36 data points used for random forests training. For random forests training, a low OBB error 

rate and a high ROC-AUC of 0.944 was achieved when classifying a population of IFNγ-M1 and 

IL-4-M2 macrophages (Figure 5.6 C, D, Table 5.2). When random forests classification was 

performed using only three predictors: τ1, τ2 and τavg, the ROC-AUC classification accuracy 
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decreased slightly to 0.934 (Figure 5.6 C). When applying random forests for feature importance 

based on mean decrease in accuracy and mean decrease in Gini, τ1, τ2 and τavg are the best 

performing 2P-FLIM variables for classifying an IFNγ-M1 or an IL-4-M2 macrophage when 

subjected to the FCCP treatment (Figure 5.6 D). Determining the best 2P-FLIM variables as τ1, τ2 

and τavg implies that these FLIM features are divergent in IFNγ-M1 and IL-4-M2 macrophages. 

This outcome agrees with our previous results showing that FCCP highly impacts the NAD(P)H 

fluorescence lifetimes in IFNγ-M1 and IL-4-M2 macrophages (Figure 5.4D). This accuracy of 2P-

FLIM to classify cell phenotype compliments the random forests machine learning models 

approach of Walsh et al.,  classifying CD3+ and CD3+CD8+ T-cell activation [34].  

Precise regulation of macrophage activation state is key to understanding disease 

control, tissue homeostasis and implant response, with this regulation shown to be directly 

related with macrophage intracellular metabolism [21]. Therefore, impaired macrophage 

metabolism results in compromised homeostasis such as the case of diabetes, the foreign body 

response to biomaterials, obesity or cancer [59, 60]. Depending on the investigation being 

applied, shifts observed in cellular metabolism, cytokine production or gene expression are 

typically a cumulative output from a broad population. We investigated the clustering pattern 

of IFNγ-M1 macrophages and IL-4-M2 macrophages using single-cell data within individual 

donors (Figure 5.8 A, B), and found that the IFNγ-M1 macrophage and IL-4-M2 macrophage 

appeared as separate clusters within a donor. Classifying IFNγ-M1 and IL-4-M2 macrophages at 

a single-cell level yielded some varied results, with four donors providing acceptable predicting 

performance (OOB<31%; ROC AUC>0.75)  (Figure 5.8C, D).  There is some cell-to-cell variability 

which could stem from the uptake capacity of FCCP and other treatments in our experiments as 

well the underlying health of the donors which is not available [61, 62]. Nonetheless, for the 

four donors with the most superior performance during classification, τ1, τ2, τavg and α2 are the 

most potent variables highlighted by the random forests model, which agrees with the case of 

full FoV analysis. Future efforts to improve single-cell classification include increasing the overall 
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number of cells analysed to ensure a stronger classification. In addition, by observing phenotypic 

IFNγ-M1 and IL-4-M2 macrophage cell surface markers (examples include CD80, CD86, CD163 

and CD206, respectively) during the imaging process by immunofluorescence or other modes of 

tagging, it would be possible to improve the classification efficiency. [63].  

2P-FLIM imaging has several advantages when compared with traditional metabolic 

assays and methods to classify and validate macrophage metabolism. 2P-FLIM enables spatial 

and temporal resolution in a non-invasive manner, allowing single-cell and cell-to-cell 

evaluations into cellular heterogeneity in a basal and interrogated mode. 2P-FLIM requires no 

fixation nor staining of cells and can be performed in real-time with only a small number of cells. 

In this work, we demonstrated the feasibility of using 2P-FLIM as a tool to distinguish and classify 

opposing human macrophage polarisation states based on cellular metabolism and 

fluorescence lifetimes variables. Visualisation of the data showed a clear classification of IFNγ-

M1 and IL-4-M2 macrophages in response to FCCP during real-time imaging in a full FoV. The 

excellent performance of machine learning models, applied on the data extracted from the non-

invasive technique, underlines further the efficiency of this workflow. This workflow can be 

easily adopted to non-invasively characterise macrophage polarisation in in vivo models and in 

vitro multicellular organoid models. These organoid models can be developed to study foreign 

body interactions, biomaterial assessment, pharmaceutical research and screening and clinical 

applications such as disease diagnosis.   

5.6. Conclusion 

In this study, we employed 2P-FLIM microscopy and random forests models to classify 

polarised IFNγ-M1 and IL-4-M2 macrophages. Here, we promoted macrophage polarisation 

using IFNγ and IL-4 cytokine to drive M1 and M2 macrophages like phenotype. Macrophage 

polarisation was validated using PCR, ELISA, extracellular flux assay and measuring oxygen 

consumption. After obtaining polarised macrophages from 6 human donors, 2P-FLIM was 



206 
 

performed in a static chamber in which multiple metabolic challengers were added following a 

time-course. UMAP was applied to 2P-FLIM acquired variables and showed a higher segregation 

of 2P-FLIM variables acquired from of IFNγ-M1 and IL-4-M2 macrophages during FCCP 

treatment. Random forests analysis of the FoV revealed a low OOB error of 16.67 and a high 

0.944 ROC-AUC curve value determining a high efficiency on classifying macrophage 

polarisation in a FoV 2P-FLIM image. Single-cell 2P-FLIM measurements of FCCP treatment 

response of IFNγ-M1 and IL-4-M2 macrophages revealed sing-cell heterogeneity as well as 

donor-to-donor variability revealed by varying OOB error and ROC-AUC values. This study 

showcases 2P-FLIM of NAD(P)H as a methodology to classify macrophages based on their 

response to a metabolic challenger. This promotes the possibility of using 2P-FLIM to classify 

cells or macrophage polarisation in samples with low cell numbers or in diseased tissues. This 

approach can be used further to classify multiple types of immune cells based on their metabolic 

profile. 
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6.1. Summary 

With the rising interest in cellular metabolism to fully characterise diseases, either as a 

diagnostic tool or as a target of therapy, new methodologies are welcomed to fully appreciate 

the metabolic profile of cells, tissues or organoids. Current metabolomics techniques lack real-

time analysis, spatial distribution and require a high amount of cells and samples. The objective 

of this thesis was to broaden and expand the applications of 2P-FLIM to monitor and modulate 

cellular metabolism as well to apply machine learning models to 2P-FLIM fluorescence variables. 

2P-FLIM will be an important tool to explore cellular metabolism in cells, tissues and organoids 

with both non-invasive and spatial capability that other methodologies do not possess.  

Furthermore, 2P-FLIM allows continuous monitoring of cellular metabolism which open the 

door to ongoing time-dependent evaluation of metabolism. During the course of this thesis, the 

advantages of using 2P-FLIM were explored. In particular, 2P-FLIM was applied in limited cell 

numbers experiments, measuring of NAD(P)H intensities and metabolic cell profiles of 3D cell 

culture models agreeing with biochemical validation and literature [1-3]. 

In chapter 3 it was established that flow velocity in bioreactors can directly impact 

cellular metabolism due to oxygen and nutrient availability, and this is detectable by 2P-FLIM. 

This was verified by using an oxygen fluorescence label to measure the oxygen gradient being 

formed by cellular respiration from the inlet to the outlet region of the bioreactor. Then, 2P-

FLIM was used to evaluate cellular metabolism from the inlet to the outlet region due to 2P-

FLIM spatial capabilities. Here, a metabolic gradient from the inlet region to the outlet region 

was observed. hMSCs in the inlet region have a metabolic profile more dependent on OxPhos 

while hMSCs in the outlet region are more dependent on glycolysis as a course of energy. This 

metabolic trend fits with the availability of oxygen in the cell cultures. As OxPhos requires 

oxygen to produce ATP, the reduction of oxygen availability forced the hMSCs to adapt to a 

metabolic profile reliant on glycolysis. This chapter showcases the important non-invasive and 
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spatial property of 2P-FLIM, as with current methodologies it would be experimentally 

challenging to study different regions of the same bioreactor in a non-invasive way. Not only 

could 2P-FLIM infer the metabolic profile of hMSCs, it was possible to validate the metabolic 

shifts occurring using fluorescent labels of mitochondria and glucose uptake validating the 

metabolic shifts occurring.  

Chapter 4 describes the metabolic shifts occurring during osteogenic stem cell 

differentiation using 2P-FLIM. A gradient of increased oxidative phosphorylation and anabolic 

pathways including glutaminolysis was observed when human stem cells undergo osteogenic 

differentiation using 2P-FLIM. In addition, gene expression and extracellular metabolite 

measurements validated the metabolic trends being observed. The trend observed during 

osteogenic differentiation of hMSCs gave rise to the hypothesis to drive anabolic pathways and 

glutaminolysis using non-invasive methods. To achieve this goal, lactate was added to promote 

higher glutaminolysis levels as observed in literature. Lactate promoted higher levels of mineral 

deposition, osteogenic differentiation and upregulated anaplerotic pathways including 

glutaminolysis culminating in higher expression of collagen producing genes. The chemical 

inhibition of glutaminolysis or re-absorption of lactate impacted negatively the osteogenic 

differentiation of stem cells validated by alizarin red staining. As a final result of chapter 5, not 

only was osteogenic differentiation upregulated using an extracellular metabolite upregulating 

anabolic pathways, it was shown that lactate could be act as a signalling molecule and source of 

energy to promote osteogenic differentiation.  

Finally, for chapter 5, human macrophages were polarised towards a M1 or M2 state 

using IFNy or IL-4, respectively. Then, 2P-FLIM was used to monitor macrophage response to a 

selection of inhibitors while maintaining the same field-of-view. The selection of inhibitors, in 

specific FCCP, allowed to unlock the different metabolic profiles of human macrophages by 

ensuing different metabolic responses measured by 2P-FLIM. The collected 2P-FLIM variables 
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were then used to train random forests models to classify human macrophages polarisation in 

a full field-of-view or single-cell level. Random forest models were able to classify human 

macrophages accurately and with lower error when encompassing all of the human donors used 

in the experiment. For single-cells analysis in single donors, random forests were able to classify 

single-cell macrophages according to their polarisation state albeit with higher donor-

dependent error rates. This chapter showcased the ability to separate human macrophages 

polarisation based on their metabolism, to follow short term impacts of inhibitors on cells as 

well to apply machine learning models to 2P-FLIM variables as a future research or diagnosis 

tool requiring lower amounts of human cells, especially important for tissue biopsies. 

6.2. Limitations 

While these studies and this thesis showcase 2P-FLIM application in cellular metabolism 

is important to be cognisant of some 2P-FLIM limitations. 2P-FLIM technique is limited regarding 

the long-lifetime of NAD(P)H. Noticeably, the longer lifetime is only referred to as protein-bound 

NAD(P)H. While there is no doubt regarding the conformational changes that promote this 

fluorescence lifetime shift, there is a contribution of NADPH directly on the observed values [4]. 

This means that effects of higher metabolic dependence on glycolysis could possibly be masked 

by higher NADPH values due to ROS production or upregulation of NADPH dependent pathways 

[5]. These results can attenuate fluorescence lifetime values and can make post-analysis 

complicated, especially if there is a known contribution of ROS production. Nonetheless, during 

this thesis, there was always an effort to validate 2P-FLIM findings using other approaches such 

as fluorescence labelling, qPCR and measuring extracellular metabolite concentrations to avoid 

simplistic analysis of metabolic profiles. 

Regarding chapter 3, there is the limitation of using 2-NBDG as a glucose uptake 

fluorescence molecule. In particular, it has been demonstrated that 2-NBDG experiments are 

limited and might not translate to a direct measure of glucose uptake [6]. Initial characterisation 
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of 2-NBDG as measure of glucose uptake was performed in E.Coli [7]. In particular, it has been 

shown that 2-NBDG uptake in bacteria is mediated by a mannose or a glucose/mannose 

transporter system [8]. Later studies, evaluated the possibility to use 2-NBDG to monitor glucose 

transport in mammalian cells [9]. Specifically, the work by Yamada et al., characterised GLUT2 

mediated 2-NBDG transport in Cos1 and MIN6 pancreatic beta cells. Here, the uptake of 2-NBDG 

in these cells was highly selective and competitively inhibited by excess D-glucose and blocked 

when using a glucose transport inhibitor.  In addition, high 2-NBDG staining and fluorescence 

emission is often correlated with high glycolytic activity in activated CD8+ T-Cells [10, 11]. 

However, a study by Sinclair et al., compared 2-NBDG quantification with a well-established 

radiolabelled 3H-2DG assay and inhibited glucose transporters using Cytochalasin B, 4,6-O-

ethylidene-α-D-glucose and 2-DG as a direct substrate competitor for 3H-DG. Here, there was 

no impact on 2-NBDG staining when treating T-cells with glucose transporter inhibitors, excess 

2-DG or glucose, contrary to what was observed with 3H-2DG treatment. The data presented by 

Sinclair et al., demonstrate that there is a different transport pathway between radiolabelled 2-

DG and 2-NBDG in T-Cells therefore, concluding that glucose transport and 2-NBDG are not 

mediated by a common transporter. Despite this conclusion, 2-NBDG is still used in some 

research, such as biomedical research using mesenchymal stem cells and also T-cells as a glucose 

uptake assay [12, 13]. As alternatives, to measure glucose uptake, radiolabelled glucose such as 

3H-2DG is a well-established methodology. However, 3H-2DG experiments require specific 

equipment, training and are limited to whole populations without mixture of cells or single-cell 

resolution [6]. 

For the specific bioreactor application of chapter 3, there was a need to use a 

fluorescence label with single-cell resolution to not compromise the metabolic 

microenvironment occurring in the closed bioreactor. However, no well-established alternatives 

of fluorescence labelling to 2-NBDG with single-cell resolution have been developed. Some 

companies have started to produce colorimetric assays to measure glucose uptake by blocking 
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cellular metabolism using 2-DG and oxidising 2-DG6P to generate NADPH to generate a 

fluorescent signal with a working enzyme. Nonetheless, this alternative would not be adequate 

for bioreactor live-cell imaging.  

Regarding chapter 3 application of 2-NBDG, there were other experimental 

methodologies such as 2P-FLIM, O2-sensitive fluorescence molecules and TMRM staining that 

can validate the metabolic profile of hMSCs in the MOAB environment. The culmination of these 

results points towards an increase of glycolytic activity from the inlet to the outlet region of the 

MOAB. Therefore, it would still be appropriate to assume that increased glycolytic activity could 

be connected with increased glucose uptake. Nonetheless, future experiments using novel 

fluorescent labels of glucose could be performed to validate the results obtained using 2-NBDG. 

In chapter 4, there is a limitation of only using one biological donor of hMSCs, therefore, 

there is an overall homogeneity of the data observed. To further improve the validity of this 

study, the results obtained should be validated using more biological donors. Another small 

limitation is regarding the cell culture medium used. For hMSCs cell culture, low glucose 

concentration DMEM medium was used. This medium formulation aligns better with in vivo 

conditions. However, the tissue engineering field usually uses high glucose medium promoting 

supraphysiological levels of glucose but elevated levels of osteogenic differentiation [14, 15]. In 

this study, the goal was to uncover metabolic trends, modulate them and unexpectedly, a new 

role of lactate as an important metabolite for osteogenic differentiation was uncovered. 

Nonetheless, this lactate importance for osteogenic differentiation can also be tested in high 

glucose conditions. However, high glucose cell culture conditions have a lower clinical relevancy 

and can be detrimental for stem cell proliferation and differentiation [16-18]. 

Regarding chapter 5, there is clearly the presence of donor heterogeneity at a single-

cell level since some random forest models achieved lower error values in some donors. In order 

to improve this algorithm access to additional identifiers of donors (such as sex, general health, 
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age) would be required, as well to increase immensely the number of donor to generate a 

database of 2P-FLIM variables acquired from polarised macrophages [19]. In addition, the use 

of FACS-sorting conjugated with 2P-FLIM of NAD(P)H or immunostaining could be done to 

exclude non-polarised macrophages to ensure the quality of the data acquired and to be used 

in training and validating the random forests models. [20, 21]. However, special attention would 

be required to not overlap and influence the spectral properties of NAD(P)H and the 

immunofluorescence molecule at the time of 2P-FLIM data acquisition.  

6.3. Future work 

In this thesis, the importance of cellular metabolism in various fields has been 

reemphasized with 2P-FLIM as a powerful modality to uncover this. Ranging from cancer, stem 

cell biology and immunology there is a huge potential to uncover new cellular processes 

dependent on metabolism as well as new therapeutic targets. To properly investigate cellular 

metabolism in real-time without cell numbers limitations and with spatial resolution there is a 

need to use 2P-FLIM as an exploratory tool. 2P-FLIM as an exploratory tool for cellular 

metabolism can be applied in a wide range of cells, organoids and tissues. However, it seems 

the best application of 2P-FLIM to explore metabolism in vitro would be in samples with low 

cells number such as human tissue biopsies or to study tissue-resident macrophages. 

Regarding the thesis, additional studies are need to validate lactate as a trigger of 

osteogenesis. We explored its usefulness in low glucose conditions. Since high glucose 

conditions are usually used in a tissue engineering setting it would be interesting to observe the 

impact of lactate in such conditions. 

 Another future study to follow would be the usage of different macrophages 

polarisation cytokines such as LPS. Since macrophage polarisation works as a spectrum it would 

interesting to follow up the results using different types of macrophage polarisation. However, 
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machine learning models for classification are limited to only two classes. So, machine learning 

application for multiple types of macrophage polarisation simultaneously would be limited. 

The development of new optical instruments and analysis methods broaden the 

applications of 2P-FLIM for metabolic probing in various research fields as well for medical 

applications. In particular for cancer therapeutics, 2P-FLIM can be used to follow extracellular 

vesicles (EVs) based treatment [22]. By following EVs with particular RNA sequences associated 

with fluorescence probes, 2P-FLIM can be used as high-throughput sequencing methods to 

detect specific oncogene expression. In addition, using these EVs to deliver anti-tumour RNA 

sequences can not only detect cancer but also to treat cells while being tracked using 2P-FLIM 

[22, 23]. Ongoing technological advancements can also broaden the applications of 2P-FLIM. 

Slepkov et al., have integrated simultaneous FLIM and coherent anti-Stokes Raman scattering 

(CARS) microscopy to provide another layer of information to metabolic imaging [24]. Using 

such equipment would allow to collect FLIM data to elucidate NAD(P)H microenvironment as 

well to probe directly certain metabolites and lipid presence at a cellular level. Furthermore, 

improved resolution achieved by sub-diffraction-limited resolution can provide improved 

information regarding NAD(P)H microenvironment and explore mitochondrial heterogeneity 

[25, 26]. Towards a medical setting, FLIM can be used combined with endoscopy. Sun et al., 

developed a clinically compatible FLIM endoscopic system to allow for in vivo imaging during 

surgical procedures [27]. In particular, this system was tested in intraoperative setting for 

imaging of head and neck squamous cell carcinoma. Nonetheless, other similar applications 

such as colonoscopy or esophagogastroduodenoscopy (EGD) can be combined with FLIM and 

machine learning algorithms to provide early and fast detection of tumour tissues [28].  

FLIM or 2P-FLIM can also help to expand current experimental techniques. Usually, in 

biomedical research there mostly interest in fluorescence intensity or detection of fluorescence 

at a particular wavelength. FLIM brings fluorescence lifetime, a unique optical parameter to be 
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used in methodologies that are already using fluorescence emission as an experimental variable. 

Specifically, fluorescence lifetime is a useful parameter to unmix fluorescence emissions 

allowing for current imaging or detection methodologies to not be limited to the number of 

wavelength-specific sensor panels [29]. Therefore, an interesting application of FLIM to a known 

experimental technology is to combine with flow cytometry or other high-throughput methods 

[30]. Here, faster and improved single-cell analysis is achieved and possible spectral overlaps 

due to fluorescence emission or unavailability of appropriate targeting fluorescence probes are 

resolved [31].  

Machine learning models continue to be developed and applied in the biomedical field 

[32]. These new algorithms are currently being employed in biomedical research but also at the 

point of care testing and clinical trials [33]. These models allows build predictions of long-term 

disease progressions and outcomes, to diagnose patients based on medical methodologies as 

well to evaluate therapeutic efficiency paving the way to a more personalised medicine [34]. 

Improving the accuracy of each machine learning model is dependent on: developing new 

models applied to particular types of datasets; improving or increasing the size of datasets. To 

tackle the first issue, developing new machine learning models requires interdisciplinary 

collaborations and it might be difficult to develop a one-size-fits-all machine learning model. 

Therefore, some research fields have resorted to used tailored machine learning models such 

as engineering and biomedical fields [35, 36].  

The improvement of datasets will allow better predictions and classifications of the 

experimental classes. To improve datasets, experimental setups must be carefully planned and 

allow the full characterisation of an experimental group using other methodologies before using 

the data as a training or validation data set [37, 38]. Another possibility to improve machine 

learning models would be to use large datasets such as medical information databases. In 

particular, medical information databases are rapidly growing experimental datasets and 
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machine learning application can highlight risk factors, important variables or identify 

therapeutics. However, most medical databases are yet not available electronically and the 

usage of such sensitive databases can put the privacy of patients at risk and currently, new 

privacy protection strategies are being developed [39, 40]. 

6.4. Conclusions 

The studies in this thesis have yielded impactful insight into cellular metabolism, 

specifically in the case of mesenchymal stem cells and macrophages. In addition, they demystify 

examples of usage and methodology that can be applied to 2P-FLIM showcasing its strength as 

a metabolic exploratory tool in different settings. These findings contribute to the overall 2P-

FLIM metabolic field as these new ways to improve and apply 2P-FLIM in research are a go-to 

for researchers through the use of biochemical validations, machine learning algorithms and 

metabolic modulation. Ultimately, the key findings from this thesis are summarised below: 

 2P-FLIM successfully determined spatial metabolic variations in a flow 

bioreactor. Here, a metabolic gradient from the inlet to the outlet region was measured. 

Specifically, hMSCs in the inlet region had a higher dependence on oxidative 

phosphorylation while stem cells closer to the outlet regions had higher glycolytic 

dependence. In addition, it was shown that this metabolic gradient was promoted by 

decreased intracellular oxygen as cells were consuming it in the inlet regions. This 

information can be used to modulate complex gradient environments in bioreactors 

and are also important for research that utilises low flow in their bioreactors. 

 

 2P-FLIM can measure metabolic shifts during cell culture incubation. 

Here, 2P-FLIM was mapped and measured the metabolic profiles of hMSCs in cell 

culture during osteogenic differentiation showing that 2P-FLIM can explore not only 

quick metabolic changes but also to follow long term metabolic profiles 
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 Lactate is an important metabolite for osteogenic cell differentiation. 

Lactate supplementation of osteogenic medium promoted higher levels of osteogenic 

differentiation validated by increased expression of osteogenic genes and higher 

mineral deposition 

 

 Human macrophage polarisation can be classified using machine 

learning methods by proxy of their metabolism. 2P-FLIM was used to explore the 

metabolic profiles of polarised human macrophages. It was noticed that due to the 

metabolic profile of polarised macrophages the differences between M1 and M2 

macrophages become accentuated when treating the macrophages with FCCP. 

Afterwards, using 2P-FLIM variables to observe this difference, these variables were 

then used as predictors in machine learning algorithms, obtaining high rating of 

classification. 

 

Collectively these finding exemplify the potential of 2P-FLIM as an exploratory 

metabolic tool. It can be used as a non-invasive tool, with spatial translation and to generate 

variables for machine learning models. Afterwards, this data can then be used to classify cell 

type based on metabolism, uncover new metabolic pathway dependence and identify new 

therapeutic targets. 
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import pandas as pd 

from sklearn.preprocessing import StandardScaler 

import matplotlib.pyplot as plt 

from sklearn.decomposition import PCA 

digits =pd.read_csv("C:\\Users\\...\\csv") 

print (digits) 

FLIM_data = digits[ 

   [ 

     't1', 

     't2', 

     'a1', 

     'a2', 

     'tavg', 

     'orr', 

                      ] 

    ].values 

scaled_FLIM_data = StandardScaler().fit_transform(FLIM_data) 

pca = PCA(n_components=2) 

principalComponents = pca.fit_transform(scaled_FLIM_data) 

plt.scatter( 

    principalComponents[:,0], 

    principalComponents[:,1], 

    ) 

plt.gca().set_aspect('auto') 

plt.xlabel('PCA dimension 1') 

plt.ylabel('PCA dimension 2') 

plt.title('PCA projection of M1 vs M2', fontsize=18) 

exit() 

 

 

 

Computer Code Appendix 1 – PCA python code for PCA analysis. PCA python code was run in Spyder 
version 5.0 running internal Python version 3.8.10 
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import pandas as pd 

import umap 

import seaborn as sns 

from sklearn.preprocessing import StandardScaler 

import matplotlib.pyplot as plt 

import matplotlib.patches as mpatches 

digits =pd.read_csv("C:\\Users\\...\\.csv") 

print (digits) 

FLIM_data = digits[ 

   [ 

     't1', 

     't2', 

     'a1', 

     'a2', 

     'tavg', 

     'orr' 

      ] 

    ].values 

scaled_FLIM_data = StandardScaler().fit_transform(FLIM_data) 

embedding = reducer.fit_transform(scaled_FLIM_data) 

embedding.shape 

plt.scatter( 

    embedding[:,0], 

    embedding[:,1], 

    ) 

plt.gca().set_aspect('auto') 

plt.xlabel('PCA dimension 1') 

plt.ylabel('PCA dimension 2') 

blue_color= mpatches.Patch(color="blue",hatch="/", label= "Basal") 

orange_color= mpatches.Patch(color="darkorange", label="Olygomycin") 

green_color= mpatches.Patch(color="green", label="FCCP") 

Computer Code Appendix 2 – UMAP python code for PCA analysis. UMAP python code was run in Spyder 
version 5.0 running internal Python version 3.8.10 
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red_color= mpatches.Patch(color="red", label= "Rot/AA") 

purple_color=mpatches.Patch(color="mediumorchid", label="2-DG") 

plt.legend(handles=[blue_color,orange_color,green_color,red_color,purp

le_color],loc="best") 

plt.title('UMAP projection of M1 vs M2', fontsize=18) 

exit() 
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Data<-read.csv("C:/Users/.../….csv",  

               header=TRUE, stringsAsFactors=TRUE)[ ,-4] 

head(Data) 

train<-sample(nrow(Data), 0.75*nrow(Data), replace=FALSE) 

TrainSet<-Data[train, ] 

ValidSet<-Data[-train, ] 

library("randomForest") 

library("caret") 

library('pROC') 

#step 0 create a RF model with randomly chosen values for mtry and 

ntree# 

control<-trainControl(method="repeatedcv", number=10, repeats=3) 

tunegrid<-expand.grid(.mtry=4) 

set.seed(123) 

RF0<-train(x=TrainSet[ ,-1], y=TrainSet[ ,1], method="rf", ntree=150, 

maxnodes=8, trControl=control, tuneGrid=tunegrid) 

print(RF0) 

#step 1-tune the parameters mtry and ntree# 

control<-trainControl(method="repeatedcv", number=10, repeats=3, 

search="grid") 

tunegrid<-expand.grid(.mtry=c(1:5)) 

RFlist<-list() 

for (ntree in c(100, 150, 200, 250, 300, 350, 400)) { 

  set.seed(123) 

  RFi<-train(x=TrainSet[ ,-1], y=TrainSet[ ,1], method="rf", 

ntree=ntree, maxnodes=8, trControl=control, tuneGrid=tunegrid) 

  key<-toString(ntree) 

  RFlist[[key]]<-RFi 

} 

results<-resamples(RFlist) 

summary(results) 

dotplot(results) 

#step 2-get the optimal value of mtry when ntree is 100# 

Computer Code Appendix 3 – Random forests model R code. Random forests R code was run in Rstudio 
with R version 4.1.1 
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control<-trainControl(method="repeatedcv", number=10, repeats=3, 

search="grid") 

tunegrid<-expand.grid(.mtry=c(1:5)) 

set.seed(123) 

RFj<-train(x=TrainSet[ ,-1], y=TrainSet[ ,1], method="rf", ntree=250, 

maxnodes=8, trControl=control, tuneGrid=tunegrid) 

print(RFj) 

plot(RFj) 

#step 3-compare# 

control<-trainControl(method="repeatedcv", number=10, repeats=3) 

tunegrid<-expand.grid(.mtry=1) 

set.seed(123) 

RF1<-train(x=TrainSet[ ,-1], y=TrainSet[ ,1], method="rf", ntree=250, 

maxnodes=8, trControl=control, tuneGrid=tunegrid) 

print(RF1) 

sink(file="OOB+Confusion_DonorH.txt") 

#step 4-fit the data with the optimal combination of mtry and ntree# 

set.seed(123) 

RFfinal<-randomForest(x=TrainSet[ ,-1], y=TrainSet[ ,1], ntree=250, 

mtry=1, maxnodes=8, importance=TRUE, proximity=TRUE) 

print(RFfinal) 

plot(RFfinal) 

sink(file = NULL) 

sink(file="VariableImportanteGlobal_DonorH.txt") 

#variable importance -- top 4# 

varImpPlot(RFfinal, sort=T, n.var=4, main="Top 4 important variables") 

var.imp<-varImpPlot(RFfinal) 

var.imp<-as.data.frame(var.imp) 

var.imp 

sink(file = NULL) 

sink(file="ROC+AUC_DonorH.txt") 

#ROC curves + AUC 

pred_test <- predict(RFfinal, ValidSet, type="prob", norm.votes=TRUE, 

predict.all=FALSE, proximity=FALSE, nodes=FALSE) 

head(pred_test) 

pred_test <- data.frame(pred_test) 
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pred_test_roc <- roc(ValidSet$Row_Labels, pred_test$M1) 

textdata<-as.data.frame(pred_test_roc[["sensitivities"]]) 

textdataB<-as.data.frame(pred_test_roc[["specificities"]]) 

textdata 

textdataB 

auc(pred_test_roc) 

plot(pred_test_roc) 

sink(file=NULL) 

exit () 
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Figure Appendix 4 - Fluorescence intensity measurements of intracellular oxygen. A) Representative 
images of hMSC acquired in Normoxia (21%) and Hypoxia (0%) conditions. B) Linear regression and 
coefficient of determination calculated for the 630/460 ratio measured from ROI areas (n=3). At least 3 
images for each n-value were obtained. 
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Figure Appendix  5 - 2P-Photon FLIM of NAD(P)H of hMSC cultured in the MOAB with 5μL min-1 . A) 
Calculated average fluorescence lifetimes for the inlet, middle and outlet region. B) Protein-bound 
lifetimes measured for the inlet, middle and outlet region. n=3. One-Way ANOVA was used for to verify 
statistical difference with p-value < 0.05 

. 
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Figure Appendix 6 - Single-cell 2P-Photon FLIM of NAD(P)H of hMSC cultured in the MOAB with 5μL min-

1 . Representative comparison between the α1  parameter in single cells analysed at the inlet (right) and 
outlet (left) respectively. Scale bar: 50 µm 
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[   1] [Images] 

  To begin creating your project, use the Images module to compile a list of files and/or folders 

that you want to analyze. You can also specify a set of rules to include only the desired files in 

your selected folders. 

[   2] [Metadata] 

  The Metadata module optionally allows you to extract information describing your images 

(i.e, metadata) which will be stored along with your measurements. This information can be 

contained in the file name and/or location, or in an external file. 

[   3] [NamesAndTypes] 

  The NamesAndTypes module allows you to assign a meaningful name to each image by which 

other modules will refer to it. 

[   4] [Groups] 

  The Groups module optionally allows you to split your list of images into image subsets 

(groups) which will be processed independently of each other. Examples of groupings include 

screening batches, microtiter plates, time-lapse movies, etc. 

[   5] [EnhanceOrSuppressFeatures] 

The de-noising filter. Should use “Enhance” function, with Feature “Speckles” and Feature size 

10 

[   6] [IdentifyPrimaryObjects] 

 

 [   7] [MeasureObjectSizeShape] 

 

[   8] [MeasureObjectIntensity] 

 

[   9] [ExportToSpreadsheet] 

 

 

 

 

 

 

Computer Code Appendix 7 – Cell profiler code used to calculate mitochondria morphology and 
fluorescence intensity. Cell profiler version 4.0 
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Table Appendix 1 – Gene symbol, name, accession number, unique assay ID and amplicon length of 
genes used for qPCR 
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Figure 4.2 
Mahalanobis 

Distance 
Two-Sample T2 

Stats 
F-

Value 
Critical F-

Value 
P-value Significance 

Osteo vs Xpan 4.121 25.478 9.554 9.552 0.025 YES 
       

Figure 4.3       

Osteo vs Xpan 
(D0) 

1.165 8.151 3.89 3.467 0.2063 NO 

Osteo vs Xpan 
(D3) 

1.986 23.665 11.295 3.467 0.105 NO 

Osteo vs Xpan 
(D7) 

3.223 62.314 29.748 3.467 0.044 YES 

Osteo vs Xpan 
(D14) 

5.32 169.823 81.052 3.467 0.012 YES 

       

Figure 4.5       

Osteo vs Xpan 3.105 49.152 11.264 9.552 0.048 YES 

Xpan vs Lact 11.06 183.472 68.802 9.552 0.0005 YES 

Lact vs Osteo 6.4905 63.19 23.696 9.552 0.006 YES 
       

Figure 4.6       

Xpan vs Osteo 5.569 139.584 65.431 3.682 0.01 YES 

Osteo vs Lact 3.127 43.992 20.621 3.682 0.0472 YES 

Lact vs Xpan 3.888 68.019 31.884 3.682 0.0289 YES 
       

Figure 4.8       

Osteo vs Xpan 7.513 84.666 31.75 9.552 0.0034 YES 

Xpan vs Lact 5.232 41.059 15.397 9.552 0.0127 YES 

Lact vs Osteo 4.942 36.641 13.74 9.552 0.0151 YES 

 

 

 

 

 

 

 

 

 

 

 

Table Appendix 4 – Mahalanobis distance, Hotelling T2 stats, F-value, Critical F-Values, P-value and 
significance results of PCA statistical significance analysis 
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import numpy as np 

import pandas as pd  

from scipy.stats import chi2 

 

#Euclidian Difference Vector between Centroids - Excel 

digits4 =pd.read_csv("C:\\Users\\...\\r.csv") 

print (digits4) 

#number of variables 

numbvar=2 

##pooled covariance## 

dataGp1=digits[['x','y']] 

dataGp2=digits2[['x','y']] 

##Centroid values##   

y_mu = digits4 

cov1 = np.cov(dataGp1.values.T) 

inv_covmat1 = np.linalg.inv(cov1) 

cov2 = np.cov(dataGp2.values.T) 

inv_covmat2 = np.linalg.inv(cov2) 

#pooled variance-covariance matrix 

size1=digits.shape[0] 

size2=digits2.shape[0] 

Sp= (((size1-1)*cov1)+((size2-1)*cov2))/((size1+size2-2)) 

inv_covSp = np.linalg.inv(Sp) 

## Calculate Mahalanobis ## 

left = np.dot(y_mu, inv_covSp) 

CalcMahal = np.dot(left, y_mu.T) 

mahal=np.sqrt(CalcMahal) 

mahal.diagonal() 

  print ('mahal=',mahal)                                 

Computer Code Appendix 8 – PCA statistical analyses code. PCA statistical analysis code was run in Spyder 
version 5.0 with internal python version 3.8.10 
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###End Mahalabonis### 

###Start Hotelling two-sample T2 stats###### 

T2=(size1*size2)/(size1+size2)*(CalcMahal) 

print('T2 Stats=',T2) 

###End T2 Hotelling Statistic### 

###Starts F-Critical#### 

T2F=((size1+size2-numbvar-1)/(numbvar*(size1+size2-2)))*T2 

print ('F-value=',T2F) 

##End T2H F-Value## 

Fcritical  = (numbvar,size1+size2-numbvar-1) 

#From Fcritical matrix - first number is number of fredom 

degress numerator 

#From Fcritical matrix - second number is number of fredom 

degress denominator 

# alpha - always use 0.05 

# use degrees of freedom and alpha to calculate the critical F-

Value# 

##https://www.danielsoper.com/statcalc/calculator.aspx?id=4## 

##Check Critical F- Value calculator if T2F is higher than 

Critical F, then 

#data is signifcative# 

##Calculation of P-value##  

df=numbvar-1 

pvalue = chi2.pdf(mahal,df=df) 

print ('pvalue=',pvalue) 

 

##FinishedStats## 

Exit() 
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Figure Appendix 9  - Alizarin red staining of hMSCs after 21 days of incubation in either Xpan or Osteo+ 
cell culture media. 
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Figure Appendix 10 – Supplementation of Osteo + cell culture medium with lactate and metabolic 
inhibitors. (A) Alizarin red staining of hMSCs after 14 days of cell culture in several cell culture medium 
formulations. (B) Alizarin red quantification per DNA of hMSCs after 14 days of cell culture  
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Figure Appendix 11 - Validation of macrophage polarisation using Flow Cytometry. Primary human 
macrophages were left untreated (UT), treated with IFNγ (20 ng/ml) or IL-4 (20 ng/ml) for 24 hours. Cells 
were stained for M1 maturation surface markers CD80, CD86, and M2 surface markers CD163, CD206, 
and analysed by flow cytometry. (A-D) Representative histograms depicting median fluorescence 
intensity (MFI) of surface markers. Bar graphs depict MFI as a percentage to the control (untreated cells) 
(N = 3). All data is represented as Mean ± SEM and analysed by One Way Anova with Dunnett’s multiple 
comparisons test. 
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Figure Appendix 12 - Dispersion plot distribution of photons/pixel per fluorescence lifetime variable 
value. A) τ1, B) τ2, C) α1, D) α2, E) ORR distribution based on NADH results, F) ORR distribution based on 
FAD results and G) τavg,. These values are obtained after background removal 
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Figure Appendix 13 - Correlation matrix of 2P-FLIM NAD(P)H variables with correlation values displayed 
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Figure Appendix 14 - 2P-FLIM of IFNγ-M1 macrophages for basal conditions, Oligomycin, Carbonyl 
cyanide-p-trifluoromethoxyphenylhydrazone (FCCP), Rotenone with Antimycin A and 2- Deoxy-D-glucose 
treatments with the concentrations detailed in the main manuscript. All treatment images collected at 
the 30 mins of treatment and color-coded for different NADH FLIM variables 
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Figure Appendix 15 - 2P-FLIM of IFNγ-M2 macrophages for basal conditions, Oligomycin, Carbonyl 
cyanide-p-trifluoromethoxyphenylhydrazone (FCCP), Rotenone with Antimycin A and 2- Deoxy-D-glucose 
treatments with the concentrations detailed in the main manuscript. All treatment images collected at 
the 30 mins of treatment and color-coded for different NADH FLIM variables. 


