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Abstract 

Cardiomyocytes inside the heart are densely packed with parallel columns of 

myofibrils and mitochondria. Growing evidence indicates a strong correlation between 

alterations in this sub-cellular ultrastructure and the alterations in energy metabolism 

during various pathological conditions of heart. The central hypothesis explored in this 

thesis is that changes in cardiac sub-cellular architecture in pathological conditions 

can also affect cardiac bioenergetics by interfering with various mechanisms of 

intracellular energy transport. Type 1 diabetic cardiomyopathy is an ideal candidate 

for a model disease state to understand this hypothesized interplay between 

ultrastructure and metabolism. It exhibits many common conditions which accompany 

heart failure, such as increased mitochondrial reactive oxygen species production and 

decreased reserve of creatine phosphate.  

In a preliminary study, 2D electron microscope images collected from control and 

streptozotocin induced type I diabetic rat hearts were analysed. It was found that 

diabetic cardiomyopathy leads to an increased mitochondrial fission and formation of 

large mitochondrial clusters. Further analysis showed that effective surface-to-volume 

ratio of mitochondrial clusters increases by 22.5% in diabetic cells. Subsequently, a 

compartmental model of cardiac energy transfer was developed. This simple model 

predicted that this increase in the surface-to-volume ratio can have a moderate 

compensatory effect by elevating the availability of adenosine triphosphate (ATP) in 

the cytosol when ATP synthesis within the mitochondria is compromised. 

Next, 3D electron microscope images from control animals were investigated. The 

analysis revealed that cardiac mitochondria are arranged non-uniformly in parallel 

columns of varying sizes. Following this, the compartmental model was extended to a 
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reaction diffusion based 2D finite element model incorporating a realistic description 

of the observed sub-cellular ultrastructure. The new model predicted that rapid 

diffusion of creatine and creatine phosphate acts to maintain homogenous ATP 

distribution and uniform force dynamics in the control cardiomyocytes, despite the 

heterogeneous mitochondrial organization. 

Subsequently, 3D electron microscope images of cardiomyocytes from streptozotocin 

(STZ) induced type I diabetic rats were compared with controls. The analysis revealed 

that mitochondrial distribution along the transverse sections was significantly more 

heterogeneous in type I diabetes compared to control cells. Moreover, mitochondrial 

area fraction in the studied type I diabetic cells was higher than the control cells.   

Finally, 2D models of cardiac energy metabolism were created based on the electron 

microscope images collected from the control and diabetics cells. The results indicated 

that an increased fraction of mitochondria in diabetic cells can compensate for the 

reduced ATP synthesising capacity of diabetic mitochondria. The models also 

predicted that lower activity of mitochondrial enzymes in type I diabetes, coupled with 

the observed non-uniform mitochondrial distribution, can lead to large spatial variation 

in concentration of ATP and adenosine diphosphate (ADP). The heterogeneous 

metabolic landscape in the diabetic cell cross sections was also reflected in large 

spatial gradients of myofibrillar ATP consumption rate. This finding is important since 

ATP consumption rate correlates with the speed of muscle shortening. Different parts 

of a diabetic cell might contract at different rates, which can decrease the energy 

efficiency of the cell and also damage the cell structure. Thus, this thesis, combining 

image analysis with computational modelling, provides new insights into how the 

ultrastructure regulates the metabolism of the cardiomyocytes in disease and health. 
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Chapter 1 

1                   Motivation and Background 
 

Cardiac muscle tissues consist of a group of contracting muscle cells known as 

cardiomyocytes. Majority of the cardiomyocyte volume is occupied by two intracellular 

organelles - mitochondria and myofibrils. Myofibrils contain a set of contractile proteins 

which utilize the adenosine triphosphate (ATP) produced by the mitochondria to 

contract the cardiomyocytes. Cardiomyocytes are densely packed with columns of 

myofibrils and mitochondria which traverse parallel across the whole length of the cell.  

Growing evidence indicates that this sub cellular ultrastructure can play a significant 

role in regulating the energy metabolism of cardiomyocytes. For example, studies 

have shown a strong correlation between alterations in sub-cellular architecture of 

cardiomyocytes with alterations in energy metabolism during various pathological 

conditions (1-7). However, the functional nature of this relationship is still unclear, and 

how this structure-function relationship might be established is also unknown.  

The central hypothesis explored in this thesis is that structural changes in pathological 

states of cardiomyocytes can also lead to alterations in cellular energy metabolism by 

interfering with various mechanisms of intracellular energy transport.  Type 1 diabetic 

cardiomyopathy is an ideal candidate for a model disease state to understand this 

hypothesized interplay between ultrastructure and metabolism.  

Type I diabetes, caused by shortage of insulin, accounts for 5 – 10% of all the cases 

of diabetes in the world (8, 9). Diabetic cardiomyopathy is a pathological feature of 

diabetic heart and it is commonly associated with left ventricular diastolic dysfunction 

and increased apoptosis (10-12). It exhibits many common metabolic conditions which 
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accompany failure of heart, such as increased reactive oxygen species (ROS) 

production (12-15), impaired mitochondrial function (1, 15-17) and decreased reserve 

of phosphocreatine (18, 19). It is also accompanied by significant ultrastructural 

changes in a sub cellular level. 

The first two sections of this chapter provide an overview of energy metabolism and 

ultrastructure of cardiomyocytes. Following this, subsequent sections summarise the 

current understanding of the changes in structure and function of cardiomyocytes in 

type 1 diabetes affected hearts. 

1.1 Energy metabolism in cardiomyocytes  

Cardiomyocytes require a continuous supply of ATP to maintain the performance of 

cross-bridge cycle in the myofibrils. Approximately 25% of the total ATP produced is 

also used to maintain the activity of calcium (Ca2+) pump of sarcoplasmic reticulum 

(SERCA) and sodium-potassium pump (20, 21). This ATP consumption by various 

ATPases is usually balanced by ATP synthesis inside the mitochondria. A 

mitochondrion comprises of two distinct membranes (Fig. 1.1) – mitochondrial outer 

membrane and mitochondrial inner membrane. The space between both membranes 

is defined as inner membrane space (IMS), while the space enclosed by inner 

membrane is defined as mitochondrial matrix. The inner membrane, comprising of a 

complex and dynamic structure marked by narrow tubular invaginations known as 

cristae, play an important role in mitochondrial ATP synthesis.   
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Figure 1.1: Inner architecture of mitochondria. The figure shows the inner 

architecture of a rat liver mitochondria. The inner mitochondrial membrane contains 

many tubular compartments known as cristae. Adapted from: Mannella, Carmen A. 

"Structure and dynamics of the mitochondrial inner membrane cristae." Biochimica et 

Biophysica Acta (BBA)-Molecular Cell Research 1763.5-6 (2006): 542-548. (22)   

1.1.1 Oxidative phosphorylation and electron transfer chain 

Cardiomyocytes can utilize a variety of substrates for generating ATP. These include 

fatty acids (FA), glucose, lactate, pyruvate, ketone bodies and even amino acids. 

Under physiological conditions, FA and glucose act as the major sources of energy for 

cardiomyocytes (23-25). However, the fractional contribution of FA and glucose to total 

respiration can vary widely between different conditions depending on factors like rate 

of oxidative phosphorylation (OXPHOS), rate of force production and substrate 

availability. Regardless of these variations, the consensus in available literature (24-

32) is that FA act as the preferred source of fuel for cardiac OXPHOS in most of these 

conditions.  
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FA are oxidized inside the mitochondria (beta-oxidation) to form acetyl-CoA. Similarly, 

oxidation of pyruvate molecules, produced from glycolysis of glucose, also generate a 

significant amount of acetyl-CoA. Acetyl-CoA generated from both the sources 

eventually enters the citric acid cycle to produce nicotinamide adenine dinucleotide 

(reduced; NADH) and flavin adenine dinucleotide (reduced; FADH2). The NADH and 

FADH2, generated from oxidation of FA and glucose, is further oxidized in the 

metabolic pathway of OXPHOS. During OXPHOS, electrons are transferred from 

NADH and FADH2 to O2 by a series of protein complexes comprising of electron 

transport chain. These proteins are located in the mitochondrial inner membrane (Fig. 

1.2). The electron transport chain also enables transportation of protons across the 

mitochondrial inner membrane, resulting in formation of a proton gradient between 

IMS and matrix. Subsequently, the proton gradient generates an electrical potential 

gradient across the inner membrane. The combined effect of the proton gradient and 

the electrical potential gradient gives rise to a potential energy characterized by a 

proton-motive force.  

 

Figure 1.2: Mitochondrial OXPHOS. During OXPHOS, NADH is oxidized to nicotinamide 

adenine dinucleotide (oxidized; NAD+) and FADH2 is oxidized to flavin adenine 
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dinucleotide (oxidized; FAD). The electrons present in NADH and FADH2  are transferred 

to O2 through four different mitochondrial complexes. Complex I, III and IV also transport 

protons from matrix to IMS, thus building the proton-motive force. F�F�-ATP synthase 

(complex V) utilize the proton-motive force generated by electron transfer chain to 

synthesize ATP from ADP and Pi. Adapted from:  Kerr, Matthew, Michael S. Dodd, and 

Lisa C. Heather. "The ‘Goldilocks zone ‘of fatty acid metabolism; to ensure that the 

relationship with cardiac function is just right." Clinical Science 131.16 (2017): 2079-

2094. (33)  

Due to the proton-motive force, protons flow back to the matrix through an enzyme 

called F�F�-ATP synthase (also known as complex V). This enzyme utilizes the 

potential energy to generate ATP from adenosine diphosphate (ADP) and inorganic 

phosphate (Pi). This process accounts for the majority of ATP synthesis inside the 

mitochondria (the Krebs cycle within the mitochondrial matrix generates 2 molecules 

of ATP independent of OXPHOS). In this way, mitochondrial inner membrane 

facilitates ATP synthesis through the OXPHOS reactions. But OXPHOS reactions also 

result in synthesis of ROS such as superoxide and hydrogen peroxide, which leads to 

damages in many mitochondrial membrane proteins through lipid peroxidation. 

1.1.2 Energy transfer pathways between mitochondria and myofibril 

The ATP generated by mitochondria through OXPHOS is transferred out of the 

mitochondrial matrix by adenine nucleotide translocator (ANT). ANT exchanges one 

ATP molecule from the matrix for one ADP molecule present in the IMS. Several 

parallel pathways have been proposed to facilitate the rest of the journey of ATP from 

the mitochondria to the site of hydrolysis in the myofibrils. These include (i) direct 

diffusion of ATP or ADP (34, 35), (ii) adenylate kinase mediated phospho-transfer 
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through diffusion of AMP (34, 36-38), and (iii) creatine kinase (CK) mediated phospho-

transfer through diffusion of PCr and Cr (34, 39-41).  

The first two pathways can be broadly classified as diffusion of ANPs (adenine 

nucleotide phosphate group). Due to higher concentration of ATP in the IMS, ATP can 

directly diffuse from the IMS to the myofibrils. On the other hand, ADP can diffuse in 

the reverse direction from the myofibrils to the IMS. Alongside the diffusion of ADP, 

diffusion of AMP can also facilitate the transfer of ADP from myofibrils to IMS. Cytosolic 

adenylate kinase, a phosphotransferase enzyme present in myofibrils, catalyses the 

following equilibrium reaction: 2ADP� ATP+AMP. The generated AMP diffuses to the 

IMS, and it is converted back to ADP through the mitochondrial adenylate kinase 

enzyme (ATP+AMP�2ADP). This mechanism is often referred to as the adenylate 

kinase shuttle (42). In a manner similar to adenylate kinase, guanylate kinase 

mediated phosphoryl transfer, through diffusion of guanosine monophosphate (GMP), 

diphosphate (GDP) and triphosphate (GTP), can also help in the ADP and ATP 

exchange. It should be noted that GMP, GDP and GTP are purine derivatives with 

nearly similar structure as AMP, ADP and ATP respectively. 

The pathway involving the CK enzymes is also known as phosphocreatine shuttle (34, 

39-41). In the last few decades, several research groups have suggested that 

phosphocreatine shuttle (36, 43, 44) is the most dominant pathway for phospho-

transfer between mitochondria and myofibrils. Phosphocreatine shuttle involves four 

substrates - ATP, ADP, creatine (Cr) and phosphocreatine (PCr). In the mitochondrial 

IMS (including the cristae space), a major part of the ATP released by ANT carrier 

proteins is converted into PCr through a reaction mediated by mitochondrial creatine 

kinase (mt-CK). It has been proposed that restricted diffusivity of ATP in the IMS region 

leads to an effective coupling between ANT and mtCK (45-47). Consequently, most of 
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the ATP transfer between IMS and myofibrils occurs through diffusion of PCr instead 

of direct diffusion of ATP. Following diffusion of PCr to myofibrils, myofibrillar creatine 

kinase (M-CK) converts PCr back to ATP. Similarly, ADP formed by ATP hydrolysis in 

myofibrils is converted to Cr by the M-CK enzymes. The Cr formed in myofibrils 

diffuses to the IMS and is subsequently converted back to ADP by mt-CK, thus 

completing the phosphocreatine shuttle (Fig. 1.3).  

 

 

Figure 1.3: Phosphocreatine shuttle. Phosphocreatine shuttle in cardiomyocytes 

involves the enzymatic activity of two different isoforms of CK enzymes – myofibrillar M-

CK and mitochondrial mt-CK.  While mt-CK drives the reactions in favour of formation of 

PCr from mitochondrial ATP, M-CK acts in the opposite direction by regenerating ATP 

from PCr. Adapted from: Guimarães-Ferreira, Lucas. "Role of the phosphocreatine 

system on energetic homeostasis in skeletal and cardiac muscles." Einstein (Sao Paulo) 

12.1 (2014): 126-131. (40) 

Previous studies have proposed several advantages of phosphocreatine shuttle over 

direct diffusion of ATP or ADP. For instance, PCr and Cr molecules being smaller in 
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size than ATP and ADP, encounter fewer diffusion restrictions. Beside this, PCr shuttle 

also minimizes the concentration gradients of ATP and ADP. According to an 

experimental study by Dzeja et al.(36), phosphocreatine shuttle is responsible for 

around 70% - 80% of total phospho-transfer. This value is consistent with similar ratios 

predicted by modelling works (43, 44) of Vendelin and Valdur-saks groups. However, 

there are few modelling studies that predict a much lower 10% – 50% contribution of 

phosphocreatine shuttle to total ATP and ADP exchange (48, 49).  

Nevertheless, it is not yet clear whether phosphocreatine shuttle is necessary for 

normal functioning of cardiomyocytes. A previous computational study by Meyer et al. 

(39) suggested that phosphocreatine shuttle is only a consequence of the spatial 

buffering of ATP by PCr and not an essential mechanism. Indeed, several 

experimental studies on mice with genetic knockout of cytosolic and mitochondrial CK 

(50-52), as well as, Cr deficient GAMT knockout mice (53), show that these knockout 

mice can maintain normal cardiac function without a functional phosphocreatine 

shuttle system. These studies suggest that cardiac energy transfer is a redundant 

process among several parallel pathways. Kaasik et al.’s (50) study on CK deficient 

mice also reported on ultrastructural changes that might help in compensating for the 

lack or phosphocreatine shuttle. The rows of myofibrils and mitochondria were thinner 

in CK deficient cardiomyocytes, resulting in smaller intracellular diffusion distances. 

This possible relationship between cardiac energy transfer pathways and sub-cellular 

ultrastructure warrants further investigation. 
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1.2 Sub-cellular ultrastructure of cardiomyocytes and its functional role 

Cardiomyocytes in rat hearts contain a high volume of mitochondria (~40-45%) (54, 

55). A major part of the remaining volume is occupied by the myofibrils acting as a 

sink for the ATP. The myofibrils run parallel along the longitude of the cell and are 

composed of many copies of a fundamental repeating unit called the sarcomere (Fig. 

1.4). The spaces between longitudinal myofibril columns are usually occupied by 

columns of mitochondria.  

 

Figure 1.4: Cardiomyocyte architecture. Electron microscope (EM) image of 

longitudinal section of a rat cardiomyocyte.  The darker regions are mitochondria, while 

the lighter regions are myofibrils. The periodically repeated white lines inside the 

myofibrils are known as Z discs. Sarcomeres are the repeated units between two Z discs. 

Previous studies by Vendelin et al.(56) and Birkdeal et al.(57) suggested that cardiac 

mitochondria form a regular arrangement with the myofibrils in an ordered crystal like 

pattern. However, other studies reveal that there is a significant variation in 

mitochondrial size and shape. The subsarcolemmal mitochondria (SSM) located near 

the sarcolemma are generally larger (58) and have lamelliform cristae (59). However, 

the interfibrillar mitochondria (IFM), located in between the myofibrils, show a smaller 

size with denser  cristae (58, 60). It has been hypothesized that SSM are more 
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specialised in generation of the proton-motive force near the capillaries, while IFM are 

mainly involved in using the proton-motive force to produce ATP near the myofibril 

based ATP hydrolysis sites (61, 62). Previous experimental studies have reported that 

IFM express a higher level of various proteins associated with OXPHOS (61-63) and 

also exhibits a higher rate of OXPHOS with different substrates (63, 64), compared to 

the SSM. 

Mitochondria in muscle cells can also form a mitochondrial reticulum where individual 

mitochondria are connected with each other through inter-mitochondrial junctions 

(IMJ) in one single network or multiple sub-networks (65). Existence of mitochondrial 

reticulum is not only reported in cardiac (54) or skeletal muscles (62), but also in variety 

of other tissues like HeLa cells (66) and diaphragm (67). Experimental studies (62, 68) 

suggest that a cell wide mitochondrial reticulum can behave like a single 

interconnected organelle that can easily respond to spatially varying metabolic events 

in the cytosol. Previous studies also lead to a hypothesis that conduction of membrane 

potential (54, 62) or transmission of protons (69) along the reticulum can act as a 

possible mechanism to facilitate a cell wide transportation of potential energy. Rapid 

movement of proton-motive force between the different populations of mitochondria 

can also explain how SSM, which are more exposed to O2, can complement the 

functions of IFM located at the core of the cell.  

These experimental studies sum up our current understanding of how mitochondrial 

ultrastructure is functionally coupled with energy metabolism in cardiomyocytes. 

However, it is not yet clear how various mechanisms for metabolite and energy 

transmission, e.g., phosphocreatine shuttle, diffusion of metabolites and species like 

ATP, ADP, and O2 and phenomena like membrane potential conduction work 

alongside each other in different workloads and conditions. Moreover, fluorescent 
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microscopy based experimental studies have been unable to reveal the distribution of 

various metabolites and force production resulting from the combined impact of these 

different transport pathways and mitochondrial organisation. 

Answers to these questions will enhance our understanding of the role that alterations 

in mechanisms like phosphocreatine shuttle might play in various cardiac diseases 

like diabetic cardiomyopathy (5) and ischemia (6). A computational model of cardiac 

bioenergetics, incorporating the architectural details of the cardiomyocytes, 

can help us to find answers to these questions. 

1.3 Metabolic alterations in diabetic cardiomyopathy 

In type 1 diabetes, glucose intake by cardiac cells is significantly diminished due to 

lack of insulin. As a result, the cells exhibit plethora of metabolic and ultrastructural 

alterations. 

1.3.1 Overdependence on FA oxidation 

Under physiological conditions, mitochondrial oxidation of FA acts as the major source 

of NADH and FADH2 required for OXPHOS. FA account for around 70% of the total 

ATP synthesis, while glucose and lactate contribute towards the remaining 30% of 

total ATP synthesis (24, 30, 31). However, diminished intake of glucose in type 1 

diabetes results in depressed glycolysis and pyruvate oxidation. In order to 

compensate for the reduced glucose oxidation, cardiomyocytes adapt to become even 

more dependent on fatty acid oxidation (1, 23, 70, 71).  

1.3.2 Increased synthesis of ROS and decreased P/O ratio 

The overdependence of type I diabetic heart on FA oxidation has some significant 

consequences for a diabetic cardiac cell in the form of increased ROS production, 

which results in increased oxidative stress (14, 15, 72-74).  ROS include free radicals 
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with unpaired electrons, e.g., superoxide (•O2−) and hydroxyl radical (•OH), along with 

non-radicals which can generate abovementioned free radicals (e.g., hydrogen 

peroxide H2O2).  

The increased ROS production in diabetes leads to activation of uncoupling proteins 

in the mitochondrial inner membrane and subsequent elevation of proton leak through 

the uncoupling proteins and ANT (13, 23, 71, 75). Several studies reported that ATP 

production to oxygen consumption ratio (P/O ratio) is lower in type I diabetic animal 

hearts due to increase in ROS production and subsequent increased proton leak (15, 

70, 76). These alterations in energy metabolism lead to a reduced capacity and 

efficiency of mitochondria in a diabetic heart. In other words, compared to control 

mitochondria, diabetic mitochondria will consume a higher amount of O2 to produce 

the same amount of ATP. For example, Pham et al. (15) observed 12% - 15% 

depression in P/O ratio in 8-week streptozotocin (STZ) induced diabetic rat cardiac 

mitochondria during state III respiration. In another relevant study, How et al. (70) 

found 57% increase in oxygen cost of basal metabolism and excitation-contraction 

coupling in STZ administered mice hearts. However, there are also several studies 

that reported unaltered uncoupling protein level (1) or unaltered P/O ratio (1, 17, 72) 

in type I diabetic rodent models.   

1.3.3 Decrease in expression and activity of mitochondrial complexes  

Several studies on type I diabetic rodent models point towards a decrease in 

expression or enzymatic activity of mitochondrial redox carriers like complex I – IV. 

For instance, Lashin et al. (14) and Vazquez et al. (77) reported around 30% drop in 

the activity of complex I and II in STZ induced type I diabetic rat hearts. Additionally, 

their studies indicate an unchanged activity of complex III and IV. In contrast, a study 
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by Dabkowski et al. (73) on STZ administered mice suggest that expressions of all the 

four complexes is significantly reduced in type I diabetes.  

Beside the redox carriers involved in electron transfer chain, studies also show a 

decreased expression or enzymatic activity of F1-FO ATP synthase and other carrier 

proteins like ANT and phosphate-hydrogen co-transporter (PiH). For instance, Riu Ni 

et al. (78) and Baseler et al. (16) reported significant decrease in F1-FO ATP synthase 

activity in STZ administered mice hearts. By studying high resolution EM images of 

STZ administered rat hearts, Fitz et al. (79) also found a significant decrease in density 

of ATP synthase molecules in mitochondrial inner membrane.  

Consistent with these previous studies, using Isobaric tags for relative and absolute 

quantitation (ITRAQ), Julig et al. (80) recently showed a significant decrease in the 

expression of various subunits of F1-FO ATP synthase in STZ administered rat hearts. 

Similarly, another ITRAQ based study on STZ administered mice hearts revealed a 

substantial decrease in ANT and PiH expression (81). 

1.3.4 Alterations in phosphocreatine shuttle 

Beside altering the metabolic pathways like OXPHOS, type I diabetes also affects 

various aspects of the CK reactions crucial for phosphocreatine shuttle. There are 

several experimental studies where mitochondrial mt-CK activity rates were quantified 

for both control and type I diabetic rat hearts. According to these studies (19, 82-85) , 

mt-CK enzyme activity (IU/mg myocardial protein) can be reduced by a margin of 

around 35% – 50% in rat cardiomyocytes after 8 weeks of STZ administration. These 

results are consistent with Jullig et al.’s recent ITRAQ based study (80) where 

proteomic expression of mt-CK was found to be decreased by 30% in type I diabetes.  
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Similar to mt-CK, a number of biochemical studies (19, 82, 83) also show a significant 

decrease in activity levels of myofibrillar CK enzymes like MM-CK and MB-CK after 8 

weeks of diabetes. However, two recent studies by Lin et al. (STZ induced type I 

diabetic rat) (86) and Bashir et al. (Zucker type II fatty rat) (87) propose that activity or 

rate constants of MM-CK forward reaction (ADP+PCr � ADP+Cr) might be 

substantially enhanced after 12 – 14 weeks of diabetes.    

Beside affecting the CK reaction fluxes, type I diabetes can also affect the pool of 

substrates like PCr and Cr. In two separate studies on 6-8 weeks old STZ administered 

Sprague Dawley (SD) rats, Savabi et al. (19) have reported around 45 % decrease in 

concentration of both PCr and Cr, while Jilkina et al. (18) have reported around 20% 

decrease in PCr. Decrease in PCr levels is also reported in few studies on type II 

diabetic cardiomyopathy (87, 88). These studies are however in conflict with Spindler 

et al.’s work (82), where PCr and Cr levels are reported to be unchanged after 4 weeks 

of STZ induced type I diabetes.  

1.3.5 Calcium regulation  

The regulation of Ca2+ level is also affected in diabetes. Previous studies show that 

the myofibrils become less sensitive towards Ca2+ in diabetes (89-91). However, the 

reduced sensitivity towards Ca2+ has negligible effect on the level of transient and 

resting Ca2+ in a cardiomyocyte.  Recent studies on STZ induced type 1 diabetes 

report similar resting levels (90, 92, 93), as well as, similar transient levels of Ca2+ (90, 

92, 94) in both control and diabetic cardiomyocytes.  Although these studies show an 

increased time-to-peak and time-to-decay in diabetic cardiomyocytes, the peak and 

resting level of Ca2+ does not change in diabetes. 
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1.4 Ultrastructural remodelling of cardiac cells in diabetes 

1.4.1 Disruption in intracellular organization 

Type I diabetes can disrupt the intracellular architecture of cardiomyocytes. For 

instance, an early work by Thompson et al. (2), on Alloxan monohydrate induced 

diabetic rat hearts, reported loss in the myofibrillar volume along with disorganized T-

tubule structure and sarcoplasmic reticulum. Similarly, several works on STZ 

administered hearts indicate disruption in the arrangement of myofibrils (95) and F-

actin (92, 96). 

1.4.2 Alterations in mitochondrial volume fraction 

Type I diabetes can also alter the volume fraction of mitochondria present in 

cardiomyocytes. A number of studies by Bugger at al. on type I diabetic Akita mice (1, 

23), Shen et al. on OVE26 mice (72, 97), and Fitz et al. on STZ administered rats (79) 

reported mitochondrial proliferation in the form of increased percentage volume of 

mitochondria in cardiomyocytes. These results however conflict with few other studies 

based on STZ administered rat hearts - where mitochondrial content were reported to 

be either unchanged (77) or decreased (55, 95) in type I diabetes. All of these previous 

studies used small regions of interest on electron micrographs, that provided insights 

on changes at a local level, but lacked insights on how mitochondrial organization 

across the cell is affected in diabetes. 

1.4.3 Alterations in mitochondrial morphology 

The basic morphology of a cardiac mitochondrion is tubular, and a balance between 

fission and fusion determines mitochondrial morphology. Mitochondrial fission is 

usually characterized by a decrease in mitochondrial size along with an increase in 

mitochondrial number, while mitochondrial fusion has an opposite effect. All the prior 
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literature either provided qualitative analysis or relatively limited quantitative analysis 

on the alterations in mitochondrial morphology due to type I diabetes.  

In a relevant study, Williamson et al. (5) examined SSM and IFM from STZ-induced 

diabetic adult mouse hearts and found that the diabetic IFM were smaller in size 

compared to their control counterpart. Similar results have been also reported by 

Galloway et al. (98). Additionally, studies by Ong et al. (6) and Brady et al. (99) on 

ischemia–reperfusion injury in cardiac HL-1 cells, a murine atrial-derived cardiac cell 

line, showed increased mitochondrial fission. Ischemic heart diseases share several 

functional similarities with diabetic cardiomyopathy, e.g., impairment of glucose 

oxidation and elevated FA level (100). However, studies by Adeghate et al. (3), Fitz et 

al. (79) and Li et al. (55) on STZ induced diabetic cardiac cells reported swelling in 

volume and a drop in number of mitochondria, which conflict with rest of the studies.  

Moreover, mitochondrial fission and fusion dynamics not only affects the size and 

number of the individual mitochondria, but it can also have an impact on the connection 

and distribution of mitochondria. According to a recent work by Glancy et al. (54), 

malfunctioning mitochondria in cardiomyocytes are likely to be separated from the rest 

of the mitochondrial network and retracted into condensed structure. In another work, 

Pletjushkina et al. (66) showed that oxidative stress caused by ROS can lead to 

fragmentation of the mitochondrial reticulum. Although these studies were not 

conducted on diabetic cardiomyocytes, similar alterations might be also observed in 

diabetic cardiomyopathy. However, previous EM studies of diabetic cardiomyocytes 

were two-dimensional in nature, and they did not analyse the potential alterations in 

three-dimensional mitochondrial networks. 
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Surveying the literature beyond diabetic cardiomyocytes, Makino et al. (4) previously 

demonstrated that coronary endothelial cells isolated from type I diabetic mice hearts 

display more mitochondrial fission compared with control mice. A literature survey also 

revealed that a variety of cell lines, e.g., liver cells (101, 102), human endothelial cells 

(103), mouse DRG neurites (104) and bovine retinal pericytes (105) exhibit 

fragmented networks of smaller mitochondria under conditions like hyperglycaemia or 

oxidative stress.  

These studies clearly point towards the need to image and quantify the 

alterations in the cell wide mitochondrial reticulum, along with the alterations in 

the individual mitochondrial architecture, to generate a detailed description of 

the ultrastructural alterations in type I diabetes.  

1.4.4 Lower mitochondrial cristae density 

Mitochondrial inner membrane is also affected by type I diabetes.  Bugger et al.’s study 

on Akita mice (1) showed that diabetic mitochondria have a lower cristae density. 

Similar results have been also reported by several studies on OVE26 mice (106) and 

STZ administered rat hearts (55, 79). Additionally, a study on mitochondria of skeletal 

muscles (107) showed a loss of cristae and an increase in electron-dense granules in 

STZ administered rats. The mitochondrial cristae were less distinct and fewer in 

number than in the controls. The observed changes in cristae architecture go well with 

the fact that OPA1, a protein responsible for regulating mitochondrial fusion, also 

controls the geometry of the mitochondrial inner membrane and cristae remodelling 

(108).  
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1.5 Interplay between ultrastructure and metabolism in type 1 diabetes  

Although all the studies described in the previous section point towards a correlation 

between ultrastructural remodelling and the changes in bioenergetic efficiency, it is not 

yet clear how the ultrastructural alterations affect the metabolism and force production 

of the cardiomyocytes during diabetic cardiomyopathy.   

1.5.1 Effect of mitochondrial proliferation on energy metabolism  

Previously, in an experiment on type I diabetic OVE26 mice, Shen et al. (72) found a 

positive correlation between elevated ROS production and increased mitochondrial 

mass in diabetic cardiomyocytes. When the OVE26 mice were crossed with MNSOD 

(manganese superoxide dismutase is a mitochondrial antioxidant protein) transgenic 

mice, both the level of ROS and mitochondrial content were significantly decreased. 

Based on these results, Shen et al. proposed that greater mitochondrial content, 

observed in the OVE26 mice hearts, is an adaptive response to mitochondrial 

dysfunction. However, two previous works on insulin resistant mice indicate that 

increased mitochondrial volume fraction and DNA content might not always augment 

mitochondrial function and respiratory capacity (109, 110). Both studies observed 

increased mitochondrial proliferation without a corresponding increase in ATP 

synthesis rate. These results imply the possibility that mitochondrial biogenesis might 

not be sufficient to compensate for the effects of impaired mitochondrial function in 

diabetes. It can be also possible that not all the mitochondria present in the diabetic 

cardiomyocytes function to their fullest capacity. 

1.5.2 Interplay between mitochondrial fission and energy metabolism  

A few experimental works suggest that ROS and mitochondrial depolarization can 

directly initiate mitochondrial fragmentation in cardiomyocytes. In a recent work, 
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Glancy et al. (54) showed that cardiac mitochondria, once depolarized, can get 

electrically separated from the rest of the mitochondrial reticulum within seconds. 

Afterwards, they are also rapidly physically separated from the mitochondrial 

reticulum. In another relevant study, Plotnikov et al. (7) demonstrated that pre-

treatment with an anti-oxidant could prevent ischaemia-induced mitochondrial 

fragmentation. 

Several other studies on other cell types also show that oxidative stress can directly 

initiate mitochondrial fission. These include Pletjushkina et al.’s (66) study on HeLa 

cells, Jendrach et al.’s study (103) on human endothelial cells and Makino et al.’s (4) 

study on mouse coronary endothelial cells (MCEC). Makino et al. (4) found that 

administration of the superoxide anion scavenger TEMPOL in type I diabetic MCEC 

can restore the morphological changes in mitochondria, along with reduction in the 

superoxide anion levels. 

The abovementioned studies indicate that mitochondrial fission might be a 

compensatory response to an increase in oxidative stress. However, according to a 

hypothesis put forward by articles of Yu et al. (101, 102, 111), mitochondrial fission 

can itself lead to an increased ROS production by interfering with cellular respiration. 

This theory is supported by experiments (101) conducted on cultured mouse, rat, and 

bovine cells from the cardiovascular system – where increased ROS level, caused by 

sustained high glucose conditions, was normalized by inhibiting mitochondrial fission. 

This hypothesis is further bolstered by an experimental study by Sebastian et al. (112), 

where mitofusin-2 deletion in skeletal muscles caused a prodiabetic effect that 

involved increased ROS generation and oxidative damage. Mitofusin-2 is a 

mitochondrial membrane protein that mediates mitochondrial outer membrane fusion. 

These studies indicate that mitochondrial fragmentation can be a causal factor for 
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ROS overproduction. However, a study by Pich et al. (113) suggested that mitofusin-

2 can influence OXPHOS metabolism independent of its role as a mitochondrial fusion 

protein – in which case mitochondrial morphology might not play a significant role in 

inducing the oxidative stress.  

1.5.3 Effect of lower cristae density on energy metabolism  

It is generally believed that cristae folds present in the mitochondrial inner membrane 

co-localise with various respiratory chain complexes like F1-FO ATP synthase and 

complex I (114-118). Using electron cryo-tomography of mammalian mitochondria 

(117, 118), it was shown that dimeric super complexes of F1-FO ATP synthase are 

organized in ~1 µm long rows along the tip of the cristae folds. Additionally, these 

studies suggested that proton pumps like complex I are predominantly located at the 

flat membranes of the cristae folds (Fig. 1.5). Previous studies by Mannella et al. (114) 

and Hackenbrock et al. (119) also showed that cristae morphology can switch from a 

bag like condensed state to a tubular orthodox state during transition between state III 

and state IV of mitochondrial respiration.  

Based on these studies, it has been proposed that the cristae folds can act as a trap 

for protons pumped out of the matrix and channelize the trapped proton to ATP 

synthase super complexes located at the apex of the folds (22, 117, 118). In this way, 

mitochondrial cristae can ensure efficient ATP synthesis by optimizing the proton flow 

across the inner membrane. Considering this proposed role of mitochondrial cristae in 

regulating OXPHOS, the observed reduction in cristae density of mitochondria in type 

I diabetic cardiomyocytes (79, 106) can be a contributing factor for impaired ATP 

synthesis and respiratory capacity (14, 15) commonly associated with type I diabetes.  
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Figure 1.5: Molecular organization of F1-FO ATP synthase and complex I in 

mitochondrial cristae.   ATP synthase and complex I are located at different areas along 

the cristae folds. The ATP synthase forms rows of dimeric super complexes (yellow) at 

the cristae tips, while the proton pumps like complex I (green) are located at flat surface 

of the cristae folds. Protons (red) transferred into the cristae space are channelized into 

the ATP synthase molecules, driving ATP synthesis. Adapted from: Davies, Karen M., et 

al. "Macromolecular organization of ATP synthase and complex I in whole mitochondria." 

Proceedings of the National Academy of Sciences 108.34 (2011): 14121-14126. (118) 

1.5.4 Current gaps in understanding of functional role of structural alterations  

From the previous investigations on structure-function relationship, it is not exactly 

clear how the ultrastructural alterations in type I diabetes can affect the cardiac 

bioenergetics. The major shortcoming of the previous studies was the conflicting 

nature of the results. Reports suggesting a positive effect of mitochondrial 

fragmentation sit alongside the findings of increased ROS production due to 

mitochondrial fission. While some studies report that mitochondrial proliferation can 

alleviate the effects of mitochondrial dysfunction, others suggest that increased 

mitochondrial content does not help the cardiac energy metabolism. These conflicting 
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reports can be partly attributed to the fact that these studies were done on different 

sets of cells and animal models of diabetes. There is also very little available literature 

on how disorganization of various organelles like mitochondria and myofibrils can 

affect the cardiac energy metabolism. 

Moreover, as discussed in the previous subsection 1.4, there is a lack of quantitative 

data on how different aspects of the cardiac ultrastructure are altered in diabetes. 

Cardiac ultrastructure and mitochondrial organization cannot be described by a single 

mathematical parameter, and the different ultrastructural parameters (e.g., individual 

mitochondrial shape and size) can have different effects on the bioenergetic efficiency.  

Similarly, there are also different aspects of metabolic dysfunctions in type I diabetes 

– e.g., increased ROS production and decreased enzyme activities. However, the 

effects of these different aspects of cardiac ultrastructure and metabolism are tightly 

coupled in animal models. Consequently, experimental studies do not help in 

understanding the mechanisms by which ultrastructural parameters can affect the 

cardiac bioenergetics. In contrast, computational models are ideal tools that can 

decouple these interactions in-silico for investigations into feed forward and feedback 

mechanisms between structure and function. Therefore, the overarching aim of this 

PhD project is development of spatially detailed computational models of cardiac 

bioenergetics and utilizing these models to explore how, and to what extent, 

ultrastructural alterations can impact the bioenergetics in type I diabetic 

cardiomyocytes.    

1.6 Existing computational models of cardiac energy metabolism 

Continuing from the discussion in previous subsection 1.5, experimental studies based 

on animal models have several other drawbacks when it comes to understanding the 
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interaction between ultrastructure and energy metabolism of cardiomyocytes. For 

instance, it is difficult to use techniques like live imaging to accurately quantify how 

metabolites like ATP or ADP and various enzymatic reaction fluxes are spatially 

distributed within a cell. Beside this, experimental studies can neither provide 

simultaneous measurement of multiple metabolites or reaction rates. On the other 

hand, computational models of cardiac bioenergetics, when validated against 

experimental studies, can simulate the diffusion of all metabolites in the cardiac cell. 

These advantages make structurally detailed computational models an ideal tool for 

investigating the structure-function relationship in cardiomyocytes.  

Although there are a number of computational models of cardiac bioenergetics 

available in existing literature, none of them include an accurate description of cardiac 

sub-cellular ultrastructure. The cardiac bioenergetics models developed in the last two 

decades can be broadly classified into two groups – (i) ordinary differential equations 

(ODEs) based compartmental models (34, 35, 120, 121) - where the cardiomyocyte is 

treated as a bag of chemicals separated in individual compartments of myofibril, IMS 

and mitochondrial matrix, and (ii) partial differential equations (PDEs) based finite 

difference or finite element (FE) models of cardiac bioenergetics (34, 44, 48).  

Aliev et al.’s 1997 model (44) was the first study where PDE based one dimensional 

reaction diffusion equations were used to simulate the transfer of metabolites within 

an adjacent myofibril-mitochondrion unit. However, this early study did not contain a 

detailed model of mitochondrial OXPHOS. In 2000, Vendelin et al. (34) improved this 

previous model by incorporating a description of mitochondrial electron transport chain 

based on Korzeniewski et al.’s (122, 123) dynamic model of mitochondrial OXPHOS. 

Vendelin et al.’s study contained multiple models – including a compartmental model 

where metabolic communication between different compartments was simulated using 
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ODEs, and a 2D FE model where reaction diffusion equations were implemented. 

Vendelin et al.’s models contained description of energy transfer pathways like 

phosphocreatine shuttle and adenylate kinase reactions. However, length and width 

of an adjacent myofibril-mitochondrion unit were the only structural parameters 

integrated in this model. 

In 2005, Beard (124) formulated a new model of mitochondrial OXHPOS that includes 

a better representation of mitochondrial membrane potential and proton-motive force, 

compared to the previous Korzeniewski model. In 2006, Based on this new OXPHOS 

model, Beard also developed a compartmental model of cardiac bioenergetics, 

integrated with a model of cardiac oxygen transport (35). But Beard did not consider 

the role of mt-CK reactions and subsequent phosphocreatine shuttle in his 

compartmental model. Moreover, the model also lacked a description of cardiac 

ultrastructure, with mitochondrial outer membrane surface area being the only 

structural parameter incorporated in the model.   

In the last decade, few more compartmental models of cardiac bioenergetics in 

mammalian hearts have been developed by different research groups. For instance, 

Cortassa et al. (120) developed a thermo-kinetic model of cardiac mitochondrial 

bioenergetics integrated with the description of tricarboxylic acid (TCA) cycle, 

OXPHOS, and mitochondrial Ca2+ handling. Beside this, Korzeniewski et al. (121) also 

developed a model of in vivo cardiac bioenergetics by modifying their previous similar 

model for skeletal muscles. But due to their compartmental nature, none of these 

models had a description of mitochondrial or myofibrillar ultrastructure.   

In the current decade, there have been several new computational studies of cardiac 

bioenergetics based on FE methods. Unlike the similar works in previous decades, 
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these new FE models incorporated a more detailed description of sub cellular 

ultrastructure.  For instance, in a 2011 study, Hatano et al. (48) developed a 3D 

cardiomyocyte model based on a 3D FE mesh - mimicking the organization of multiple 

sarcomeres along with organelles like mitochondria, t-tubules and sarcolemma. Over 

the years, Hatano et al. used their FE models to study several aspects of cardiac 

structure-function relationship – including the functional role of Ca2+ release sites (125) 

and mitochondrial subpopulations like SSM and IFM (126).  In another recent work in 

2016, Simson et al. (45) used 3D image stacks of NADH autofluorescence to generate 

FE mesh of a complete cell volume. Subsequently, a 3D FE model was developed to 

study the role of intracellular diffusion barriers in cardiac energy transfer. 

Although the recent FE models had a more detailed description of sub-cellular 

ultrastructure, these studies approximated the various organelle structures and their 

organization by regular geometric shapes and simple patterns. Both the Hatano (48) 

and Simson (45) models considered cardiac cells to comprise of uniformly distributed 

mitochondria and myofibrils of uniform size and shape. However, as discussed in the 

literature review in previous sections, cardiac mitochondrial and myofibrillar 

distribution can be far from uniform (54). Cardiac mitochondria also exhibit different 

size, shape and distinct cristae geometry depending on their location relative to the 

cell (5, 58, 59), as well as, during pathological conditions like type I diabetes (5, 79). 

A non-uniform size or density distribution of cardiac organelles can play a significant 

role in regulating the energy metabolism in both control and diabetic states. Therefore, 

the idealized geometries of the previous FE models are not suitable for investigating 

how ultrastructural alterations can influence the bioenergetics in type I diabetic 

cardiomyocytes.    
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1.7 Thesis research proposal  

Previous sections show several gaps in understanding of the functional role of 

ultrastructural alterations in type I diabetic cardiomyopathy. The major aim of this PhD 

project is understanding how the ultrastructural alterations can impact the 

bioenergetics in type I diabetic cardiomyocytes.    

1.7.1 Research questions 

How do alterations in sub-cellular architecture affect the cardiac bioenergetics 

in type I diabetic cardiomyopathy? 

As discussed over the previous sections of the chapter, finding answers to this 

question necessitates an accurate understanding of how the sub-cellular ultrastructure 

is altered in the diabetic cardiomyocytes. It is also required to analyse the role of 

mitochondrial ultrastructure on bioenergetics of control cells. Therefore, the research 

question can be divided into three smaller questions.  

1. How is mitochondrial morphology altered in diabetic cardiomyopathy at different 

spatial scales of organization - from individual mitochondria up to mitochondrial 

clusters and networks? 

2. How does the sub-cellular organisation of mitochondria affect the metabolic 

landscape of a control cell? 

3. Do alterations in ultrastructure ameliorate or further aggravate the metabolic 

disruptions precluding the ultrastructural changes?  

1.7.2 Thesis outline 

Using an interdisciplinary combination of EM imaging and computational modelling, 

this PhD project investigates how the alterations in sub-cellular ultrastructure affect 

the cardiac bioenergetics in type I diabetic cardiomyopathy. While type I diabetes can 
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lead to alterations at multiple structural levels in several different cardiac organelles, 

the major focus of the EM imaging studies was quantifying how the mitochondrial outer 

architecture (i.e., morphology, organization and distribution of mitochondria) is altered. 

Similarly, the focus of the computational studies was on understanding the 

mechanisms by which these specific alterations in ultrastructure can translate into 

alterations in the energy metabolism. The readers should note that all the EM imaging 

studies, described in this thesis, were conducted on tissue blocks from SD rat hearts. 

A single dose of STZ injection was used for generating the rats with type I diabetes. 

On the same note, all the mathematical parameters used in the biophysical models 

were based on measurements on SD rat hearts at room temperature. 

Chapter 2, the first chapter following the thesis overview, presents a quantitative 

analysis of the alterations in the morphology of individual mitochondria and 

mitochondrial clusters in type I diabetes, using high resolution 2D transverse electron 

microscopy (TEM) images. This is the first study in the literature where subcellar 

ultrastructure of diabetic cardiomyocytes was quantified along the transverse sections 

of the cells. Analysis of the 2D TEM images revealed that cells affected by type 1 

diabetes had a higher numeric density of mitochondria. But the higher mitochondrial 

density was accompanied by a smaller average size of individual mitochondria and 

larger average size of mitochondrial clusters - with 60% more mitochondria per cluster 

compared to age-matched control cells. Beside this, the effective surface-to-volume 

ratio of these clusters increased by 22.5% in diabetes. Subsequently, a new 

compartmental model of cardiac energy transfer was developed, incorporating 

mitochondrial surface-to-volume ratio as a mathematical parameter. The model 

showed that the observed increase in effective surface-to-volume ratio can moderately 

compensate for the reduced mitochondrial ATP synthesis rate in diabetes by 
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increasing the availability of ATP in the myofibrils. Thus, by using the new 

compartmental model, it was shown for the first time that a structural change (that can 

be incorporated in a computational model) can have an impact on energy metabolism. 

Chapter 3 of the thesis is focused on analysing the heterogeneous distribution of 

mitochondria in cardiomyocytes from experimental controls, and the potential impact 

of the observed heterogeneity in regulating cardiac energy metabolism and force 

dynamics. Serial block-face scanning electron microscopy (SBFSEM) was used to 

capture the largest volume of a control cardiomyocyte, covering its entire length. 

Subsequently, the 3D image stack was analysed to find a significant variation in local 

area density of mitochondria in both the transverse and longitudinal sections of the 

cell. Following the image analysis, three transverse section images were selected from 

the 3D image stack to generate the first ever 2D reaction diffusion model of cardiac 

energy metabolism based on realistic FE meshes. The model predictions indicate the 

presence of large gradients in concentration of metabolites like Pi, Cr and PCr that 

exist over entire cell cross sections between areas with high and low mitochondrial 

densities. Additionally, the results indicate that activity of CK enzymes and rapid 

diffusion of PCr and Cr leads to a nearly homogenous distribution of ATP and ADP 

across the cell. The homogenous ATP and ADP distribution further results in uniform 

force dynamics across the cell cross section under a normal oxygen supply from the 

capillaries. However, the model also predicts that diffusion of PCr/Cr and associated 

CK reactions are not sufficient to maintain a homogenous ATP/ADP distribution and 

uniform force dynamics under hypoxic conditions. 

In chapter 4, for the first time, alterations in cardiac ultrastructure in diabetic 

cardiomyopathy have been analysed using 3D SBFSEM images of several control and 

type I diabetic cardiomyocytes. These images were first segmented by a semi-
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automated algorithm developed by our lab member Dr. Akter Hussain. Subsequent 

image analysis revealed that percentage of mitochondrial area was higher in cells from 

the diabetic tissue block compared to the control cells (55 % in diabetes vs 49% in 

control).  Additionally, it was found that the diabetic cells had a higher spatial 

connectivity in the mitochondrial network. The results were also consistent with 2D 

TEM image analysis reported in chapter 2, which showed increased mitochondrial 

clustering and elevated mitochondrial cluster perimeter/area ratio. Moreover, 

distributions of various ultrastructural parameters along the transverse sections were 

significantly more heterogeneous in type I diabetes compared to control cells. These 

include the distribution of localized mitochondrial area density (interquartile range  of 

localized area density was 20% higher in diabetes), as well as, area and 

perimeter/area of mitochondrial clusters. 

Chapter 5 is focused on investigating the combined impact of the different 

ultrastructural alterations on cardiac energy metabolism. A modified version of the FE 

model of cardiac bioenergetics developed in chapter 3 was used to study the metabolic 

landscape, corresponding to a high workload, in several FE meshes. These include 

five idealized 1D FE meshes, as well as, eighteen 2D control and diabetic cell cross 

sections studied in the previous chapters. The FE analysis also involved the 

development of the first ever model of mitochondrial dysfunctions in type I diabetic rat 

heart based on experimental data. The results from the 1D FE meshes show that 

diffusion flux of ATP, ADP and AMP between mitochondria and myofibrils is highly 

sensitive to mitochondrial distribution due to their restricted diffusivity. On the other 

hand, CK mediated diffusion flux of PCr and Cr has a very low sensitivity to 

mitochondrial distribution. The results from the 2D realistic FE meshes further show 

that higher mitochondrial area fraction, observed in the previously studied diabetic 
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SBFSEM image sets, might be able to compensate for the reduced ATP synthesising 

capacity of diabetic mitochondria. However, heterogeneous mitochondrial distribution 

in diabetic cells can lead to a heterogeneous metabolic landscape, which can be 

detrimental for cardiac contractile performance. 

Finally, chapter 6 summarises the conclusions from the thesis and outlines the future 

works. A list of references used in the thesis is also provided at the end. 
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 Chapter 2 

2 Changes in mitochondrial morphology impact 

cardiac energy metabolism 

 

2.1 Summary 

This chapter presents a quantitative analysis of the alterations in the morphology of 

individual mitochondria and mitochondrial clusters in left ventricular cardiomyocytes in 

Sprague Dawley (SD) rats that were induced with type I diabetes through 

streptozotocin (STZ) injection. Analysis of 2D transverse electron microscopy (TEM) 

images, collected from transverse sections of the myocytes, showed that cells affected 

by type 1 diabetes exhibited a higher numeric density of mitochondria, but the 

individual mitochondria exhibited a smaller average size. The analysis also indicated 

that STZ induced type I diabetic cells formed larger clusters of mitochondria with 60% 

more mitochondria per cluster as compared to myocytes from sham, age-matched SD 

rat hearts. The effective surface-to-volume ratio of these clusters increased by 22.5% 

in diabetes. Individual mitochondria also showed a higher surface-to-volume ratio 

(15%) in diabetes. Subsequently, a biophysical model of cardiac energy transfer was 

developed based on Aliev et al. (44), Vendelin et al. (34) and Beard et al. (124). This 

new model incorporated mitochondrial cluster surface-to-volume ratio as a 

mathematical parameter. The model showed that the observed increase in the 

surface-to-volume ratio can have a moderate compensatory effect by increasing the 

availability of ATP in the cytosol when ATP synthesis within the mitochondrial matrix 

is compromised. However, the increase in surface-to-volume ratio also reduced the 

mitochondrial oxidative phosphorylation (OXPHOS) efficiency to a small extent. 
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This study was published in American Journal of Physiology – Cell Physiology 

(127). As the PhD candidate was a co-first-author, the details of the paper have been 

re-written in this chapter to emphasise the candidate’s contributions towards a PhD.  

2.2 Introduction 

Diabetic cardiomyopathy is associated with an overdependence on fatty acids (FA) 

oxidation (23) – which results in mitochondrial inefficiencies (15) characterized by 

increased reactive oxygen species (ROS) production (74, 128) and a decrease in the 

adenosine triphosphate (ATP) and phosphocreatine (PCr) pool of the cell (18). These 

metabolic alterations coincide with ultrastructural changes, such as increased 

deposition of lipid and glycogen, loss of myofibrils, and alterations in mitochondrial 

morphology and arrangement within the cell (10, 68, 98, 129).  

All the prior literature either provided qualitative analysis or relatively limited 

quantitative analysis on the alterations in mitochondrial organisation/morphology. 

Furthermore, previous studies have produced conflicting results of both quantitative 

and qualitative analyses of change in mitochondrial morphology and distribution. 

Reports of mitochondrial swelling (79, 130, 131) are in conflict with those of decreased 

mitochondrial size (73), and reports of an increased mitochondrial fraction of cell area 

(97, 130) conflict with those reporting a decrease (58, 95). These studies used small 

regions of interest on transmission electron micrographs that provide insights on 

changes at a local level but lacked insights on how mitochondrial organization across 

the cell is affected in diabetes. 

In our study, 2D TEM images of left ventricular myocytes were collected covering the 

entire transverse sections of cells, in contrast to small regions on the longitudinal 

sections of cells that were typically analysed by previous studies. These cells were 
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collected from both control and age-matched STZ induced type 1 diabetic models of 

SD rats. A quantitative analysis of the collected TEM images enabled us to determine 

whether the previously reported structural alterations in diabetic cells were highly 

localized within the cell and how mitochondrial organisation is remodelled in diabetes.  

Although a strong correlation between ultrastructural remodelling and metabolic 

malfunction is well established, the functional nature of this relationship is yet to be 

determined, and it is also not clear how this relationship might be established. Many 

previous studies indicate that alterations in mitochondrial architecture in diabetes can 

interfere with cellular respiration (101, 112, 132), leading to alterations in metabolism 

e.g., increased production of ROS. However, these results conflict with the studies 

such as Makino et al. (4) and Plotnikov et al. (7) which suggest increased ROS 

production to be the cause rather than being the effect of mitochondrial fragmentation.  

Moreover, a study by Pich et al. (113) suggested that mitochondrial fusion protein 

mitofusin-2 can influence OXPHOS metabolism independent of its role as a 

mitochondrial fusion protein – in which case mitochondrial morphology might not have 

a significant role in inducing the metabolic changes. 

The main aim of this chapter is to test the hypothesis that structural remodelling can 

act as a compensatory mechanism for inefficient mitochondrial ATP synthesis. 

Knowledge of the precise nature of mitochondrial remodelling events would enhance 

drug development strategies that target mitochondrial biogenesis and ATP synthesis 

(133-135). Since structural remodelling and mitochondrial dysfunctions are tightly 

coupled in animal models, computational models are ideal tools for decoupling these 

interactions into feed forward and feedback mechanisms between structure and 

function. Therefore, a computational model of cardiac energy transfer was used in this 



 

34 

 

study to investigate whether the measured structural changes provide any 

compensation for mitochondrial OXPHOS inefficiencies. 

2.3 Materials and Methods 

The tissue samples used for this study were prepared at the Auckland Bioengineering 

Institute, University of Auckland, under the supervision of Dr. Vijay Rajagopal and our 

collaborator A/Prof. Anthony Hickey. The TEM images were collected by A/Prof. Eric 

Hanssen at Bio21 institute, University of Melbourne. The subsequent image 

segmentation and analysis of mitochondrial morphology was conducted by the PhD 

candidate in collaboration with Mr. Jan Jarosz, an honours student under supervision 

of Dr. Vijay Rajagopal at University of Melbourne. The computational modelling of the 

cellular energy transfer was conducted solely by the PhD candidate.  

2.3.1 Animals, fixation protocol, and electron microscopy 

The animal procedures in this study followed the guidelines approved by the University 

of Auckland Animal Ethics Committee (for animal procedures conducted in Auckland, 

Application No. R826). Six-week-old male SD rats (250 g body wt) were injected with 

a single dose of streptozotocin (STZ; 55 mg/100 g body wt) in saline medium to induce 

diabetes, while an equal volume of saline without STZ was injected in the control 

animals. At 9 week post injection, the animals were euthanized and their hearts were 

excised, chemically fixed (2.5% gluteraldehyde, 2% formaldehyde, and 50 mM CaCl2 

in 0.15 M sodium cacodylate buffer) and processed for standard TEM. Tissue sections 

of seventy nanometer (nm) thickness from the control and diabetic resin blocks (from 

the left ventricular mid-wall) were sectioned and imaged using a FEI Tecnai F30 

microscope equipped with a Gatan US1000 camera. SerialEM was used to acquire 

montages of several tissue regions, and the montages were reconstructed with IMOD 
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(136). The images had a resolution of 2.3 nm pixel. Transverse-view of 2D 

micrographs of seven control and seven diabetic cardiomyocytes were selected from 

a series of electron micrographs from three control and three diabetic SD rats for 

quantitative analysis. Figure 2.1A and B, represent typical transverse sections of 

control and diabetic cardiomyocytes collected in the study. Figure 2.1C further shows 

individual and cluster of mitochondria in a close-up view of Fig. 2.1A. 

2.3.2 Image segmentation  

IMOD, an open-source EM image processing software package (136), was utilized to 

segment the transverse-sectional electron micrographs for the sarcolemma and 

boundaries of mitochondria as shown in Figure 2.1C. Each mitochondrion was labelled 

individually, while contiguous groupings of one or more mitochondria appearing to be 

in contact were labelled as mitochondrial clusters. Individual mitochondria were 

segmented by drawing closed contours around their outer membrane. Mitochondrial 

cluster boundaries were subsequently created by joining the contours between 

individual mitochondria in contact with each other (Fig. 2.1C). 
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Figure 2.1: Transverse view of mitochondrial organization in left ventricular 

myocytes of control and STZ rat hearts. A: myocyte transverse section from a control 

animal with outlines of the sarcolemma boundary (red) and mitochondrial outer 

membrane boundary (green). B: myocyte transverse section from a STZ-induced type 1 

diabetic rat heart. C: magnified view of small region in control myocyte showing 

individual mitochondria outlined in green (left) and clusters outlined in yellow (right). 
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2.3.3 Analysis of mitochondrial morphology 

Both Individual mitochondrial morphology and cluster morphology were quantified in 

terms of numeric density, size, shape parameters and perimeter-to-cross-section area 

ratios. The analysis for mitochondrial perimeter-to-cross-section area ratios was 

conducted by the PhD candidate, while the rest of the morphological analysis was 

conducted by Mr. Jan Jarosz.  

Numeric density: This was described by the frequency of individual mitochondria (or 

clusters) per unit cell cross section area. 

Mitochondrial Size: The size of an individual mitochondrion (or cluster) was defined 

as the cross-sectional area of the segmented mitochondrion (or cluster), which was 

then normalized by cell cross section area.  

Mitochondrial Shape: Among the shape parameters, solidity is defined as the 

measure of the convexity of a region, and this was calculated as the ratio of 

mitochondrial (or cluster) area to that of the smallest convex polygon that could 

enclose it. Elongation of each region - another shape parameter related to eccentricity 

- was measured by the extent to which it aligned with its equivalent major axis. These 

measurements were extracted for each of the segmented images using regionprops 

function in the image processing toolbox of MATLAB (137).  

Mitochondrial perimeter-to-cross-sectional area ratio: It was assumed that the 

perimeter-to-cross-sectional area ratio of each mitochondrion and mitochondrial 

cluster present in the 2D cross sections are indicative of the surface-to-volume ratios 

of these mitochondria and clusters. Based on this assumption, perimeter-to-cross-

section ratios (γ) of individual and clusters of mitochondria were estimated by 
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calculating the ratio between the perimeter and cross-sectional area of each 

mitochondrion or cluster. 

2.3.4 Compartmental model of cardiac energy transfer  

A simplified mixed-compartment model of energy transfer in cardiomyocytes was 

developed based on the equations from Aliev et al. (44) and Vendelin et al. (34). The 

compartmental model, representing a whole cardiomyocyte, comprised of three 

compartments – myofibril, mitochondrial inner membrane space (IMS) and matrix 

space (Fig 2.2). Although the model included important reactions involved in energy 

transfer through the myofibril space and IMS (e.g., the phosphocreatine shuttle, ATP 

consumption by cross-bridge cycling and adenylate kinase reactions), it did not contain 

descriptions of the OXPHOS reactions inside the matrix space. Instead, rate of ATP 

synthesis inside mitochondrial Matrix, �syn, was estimated from a simple kinetic 

scheme described by Aliev et al. (44). 

���� =  �
��  ��� ⨯ ��
�� ⨯ �� ⨯ ��� −  ����  ���

�� ⨯ ��� 
(1.1) 

where �
�� and ���� represent maximum ATP synthesis rate (forward reaction) and 

maximum ATP hydrolysis rate (backward direction). ATP, ADP (adenosine 

diphosphate), and Pi (inorganic phosphate) are the concentrations of respective 

metabolites in the mitochondrial matrix. Kd ,Kp and Ka  are the dissociation constants 

for ADP, Pi and ATP respectively and have been obtained from Aliev et al. (44). It was 

assumed that diffusion of metabolites is rapid in the myofibrillar compartment, leading 

to a uniform distribution of metabolites in the myofibril. Fluxes of various metabolites 

(����
���) across the mitochondrial outer membrane, from myofibril to the IMS, were 

described by modifying similar equations previously derived by Beard et al. (124). A 
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parameter describing the ratio of the outer membrane surface area to mitochondrial 

volume (�) was also incorporated in the model.  

����
��� =  
���� ���(�����" − ������) (1.2) 

where met designates a particular metabolite, e.g., ATP, ADP, PCr, Cr, and Pi. 

 ��� denotes the permeability of outer membrane to a metabolite, while �����" and 

������  are the concentrations of a metabolite in myofibril and IMS compartments, 

respectively. The constant 
��� denotes the volume fraction of the IMS with respect to 

the mitochondrial volume, which was set to 0.25 based on Vendelin et al. (34). It was 

also assumed that adenine nucleotide translocator (ANT), located in mitochondrial 

inner membrane, functions in a rapid equilibrium state, providing a constant ATP/ADP 

ratio between the matrix and IMS at a fixed membrane potential. The rate of ATP 

hydrolysis (cross-bridge cycling) was provided as an input to the model and the model 

simulated the corresponding rate of ATP consumption and levels of various 

metabolites and reaction rates as a function of time. A detailed description of the 

ordinary differential equations (ODEs) used in the model is available in section 7.1 of 

the Appendix. The model equations were defined in CellML (138) and solved using 

OpenCOR (139).  
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Figure 2.2: Compartmentalized ‘Bag of Chemicals’ model of energy transfer in a 

cardiomyocyte.  The three compartments maintain separate concentrations for the 

same metabolites but there is no diffusion of substrates inside the compartments. The 

ANT located on the mitochondrial inner membrane facilitates exchange of ATP and ADP 

between the mitochondrial matrix and IMS. The mitochondrial outer membrane is 

permeable to the substrates, resulting in metabolite flux between IMS and myofibrils. $% 

is the rate of ATP hydrolysis during the myofibril contraction, while $SYN denotes the rate 

of ATP synthesis in the mitochondrial matrix. The activities of myoplasmic and 

mitochondrial creatine kinase (M-CK and mt-CK) enzymes are represented by $&' and 

$&'()* respectively. The model also incorporated the adenylate kinase reactions 

involving adenosine monophosphate (AMP) in both the myofibrillar and IMS 

compartment ($+' and $+'()*). A mathematical description of the model is available in 

section 7.1 of the Appendix. 
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2.3.5 Validation of the compartmental model  

In the previous mathematical model of cardiac energy transfer (34), Vendelin et al. 

approximated the ATP hydrolysis rate by a piecewise linear time-periodic function -  

�,-./01-232 (Figure 2.3).  

�,-./01-232 =  �
30 6789(:;<) �
 0 < � < 30 

�,-./01-232 =  60 − � 
30 6789(:;<)  �
 30 < � < 60 

�,-./01-232 = 0    �
   60 < � < 180) 

 

(1.3) 

 

Figure 2.3: Periodic ATP hydrolysis function used by Vendelin et al. to represent 

cardiac contraction cycle. To simulate the cardiac contraction cycle under a high 

workload, ATP hydrolysis rate (vhydrolysis) was approximated by a piecewise linear time-

periodic function. vhydrolysis  was increased from 0 to HATP(max) during the first 30 ms of the 

cycle, decreased to 0 during the next 30 ms, and remained 0 until the end of the cardiac 

cycle at 180 ms. 
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Their model was validated by comparing the predictions with experimental results. To 

validate the new model in the present chapter, we used the same periodic ATP 

hydrolysis rate used in Vendelin et al.’s work and compared the profiles of metabolite 

concentrations at different time points of the cardiac cycle.  As evident from Fig 2.4, 

dynamics of metabolite concentrations predicted by the new model was in close 

agreement with the corresponding concentration profiles from Vendelin et al. (34). The 

difference in minimum levels of cytosolic ATP and PCr (occurring at the middle of the 

cardiac cycle around 50 – 100 ms) between the new model and the previous model 

stems from the fact that: (i) the new model did not contain a detailed description of the 

ANT and other OXPHOS reactions; (ii) Vendelin et al. also assumed that a 10 nm 

small micro compartment exists between the ANT and mt-CK enzyme, where the 

concentration of  ATP is manyfold higher compared to rest of the IMS. This high ATP 

concentration in the micro compartment contributes to the forward CK reaction 

(Cr+ATP � PCr+ADP). However, our model did not include the description of the 

micro compartment in the IMS to augment the mt-CK reactions. Thus, our model did 

not simulate the interaction of ANT and mt-CK in the same way as Vendelin et al (34). 

As a result, the mt-CK reaction dynamics are different – which is reflected in the 

differences in the predictions for minimum ATP and PCr level between both the 

models. However, regardless of these differences, maximum predicted levels of ATP 

and PCr (at beginning and end of the cycles) are same in both the models. Moreover, 

concentrations of other metabolites like ADP and Pi match very well with Vendelin et 

al.’s prediction for the entire cardiac cycle, which confirms the success of our model in 

accurately modelling the mechanism of substrate feedback between the mitochondria 

and myofibrils.  



 

43 

 

 

Figure 2.4: Validation of the compartmental model of cardiac energy transfer. The 

new model successfully reproduced the temporal profiles of ADP, ATP, Pi and PCr 

predicted by the previous experimentally validated model of Vendelin et al (34).  

Fig 2.4 also reveals that the variations in ADP and ATP are complimentary, i.e., the 

concentrations of ADP and ATP change by nearly equal amounts from their baseline 

concentrations (300 – 400 µM). However, average ADP concentration (~100 µM) is 

100 times lower compared to the average ATP concentration (~10 mM). 

Consequently, the periodic variation in ATP level is negligible compared to its baseline 

concentration (~3%), while there can be more than 100 % variation in the ADP level. 
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2.4 Results 

2.4.1 Alterations in ultrastructure are consistent with increased mitochondrial 

fission in diabetic cardiomyopathy. 

Significant differences (P < 0.05) were found in size, shape and density of 

mitochondria in diabetic and control cardiomyocytes. Figure 2.5A shows that at 9 week 

post STZ-induced diabetes the myocytes had smaller mitochondria (20% change 

relative to control myocytes). This decrease in mitochondrial size was complemented 

by a higher numeric density, which is defined as the frequency of individual 

mitochondria per unit area of a cell. Numeric density of mitochondria was 53% greater 

in diabetes (Fig. 2.6).  Beside the alterations in size and numeric density, diabetic heart 

mitochondria were also ~10% more elongated with 2.5% less solidity than control heart 

mitochondria. These findings are in agreement with previous works on 

diabetic/hyperglycaemic animals (4, 5). Nevertheless, percentage volume of 

mitochondria and myofibrils in cardiomyocytes remained unchanged, in contrast to the 

results obtained by Bugger et al. (1) and Thompson et al (2). It is clear from these 

results that alterations in ultrastructure are consistent with increased mitochondrial 

fission in diabetic cardiomyopathy. 
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Figure 2.5: Changes in mitochondrial morphology in STZ-induced type 1 diabetic 

SD rats.  A: Cumulative distribution plots of individual mitochondrial size, elongation 

(relative major axis length) and solidity (measure of convexity). B: Cumulative 

distribution plots of the size, elongation and solidity of mitochondrial clusters.  

 

Figure 2.6: Changes in mitochondrial density. Numeric density of individual 

mitochondria (left) and clusters of mitochondria (right) in control and diabetic cell 

transverse sections.  
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2.4.2 Mitochondria form larger clusters on transverse section of the diabetic 

cardiomyocytes. 

Similar to the alterations in architecture of individual mitochondria, organization of 

mitochondria within large clusters was also altered in diabetes. Figure 2.5B shows that 

diabetic mitochondrial clusters were significantly larger (60% more mitochondria per 

cluster), more elongated (9%), and less convex (35%) than control mitochondrial 

clusters. The diabetic mitochondrial clusters also had a lower numeric density (Fig. 

2.6). Figure 2.7 provides a conceptual sketch that summarizes the morphological and 

organizational findings in this study. 

 

Figure 2.7: Summary of changes in mitochondrial morphology and spatial 

arrangement. Sketch summarizing the morphological and organizational changes to 

mitochondria (coloured in dark grey) in diabetic cardiomyocytes. 
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2.4.3 Mitochondrial surface area to volume ratio is substantially increased in 

diabetes. 

As the size and shape of mitochondrial clusters changed within diabetic cells, so did 

its perimeter-to-cross-sectional area ratio which is also indicative of the surface area 

to volume ratio. The mean perimeter of mitochondrial clusters, normalized to its cross-

sectional area, increased by 22.5% in diabetic cardiomyocytes (Fig. 2.8B). Similar to 

the mitochondrial clusters, individual mitochondria also had a higher perimeter-to-

cross-sectional area ratio (17.5%) in diabetes (Fig. 2.8A). The higher effective surface 

area observed in diabetic mitochondria and clusters can be attributed to two different 

factors: (i) increased elongation and reduced solidity in the shape which contributes 

towards increasing the perimeter of mitochondrial clusters and individual 

mitochondria; (ii) increased mitochondrial fission which will also increases the 

perimeter of individual mitochondria (including the small individual mitochondria that 

are marked as individual cluster) while keeping the cross sectional area same. 
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Figure 2.8: Surface area to volume ratio in control and STZ-diabetic myocytes.  A: 

Surface area to volume ratio, measured using the perimeter-to-cross-section-area ratio 

of individual mitochondria in 2D micrographs, is increased by an average value of 17.5% 

in diabetic cardiomyocytes. The black stars in the middle of the boxplots denote the mean 

of the distributions.  B: The same ratio, when calculated for each mitochondrial cluster 

containing multiple mitochondria, shows a 22.5 % increase in diabetic cardiomyocytes.  
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2.4.4 Increased mitochondrial cluster surface area can elevate metabolite 

concentrations in the cytosol. 

Experimental investigation into the relationship between structure and function can 

only provide correlations between them under different conditions. Therefore, 

biophysical simulations were used to examine the impact of increased mitochondrial 

clustering on energy metabolism. A recent study by Picard et al. (65) showed that 

adjacent mitochondria that are in contact with each other exhibit coordinated cristae 

organization. The study suggests that sub-cellular content such as calcium (Ca2+) and 

protons can pass through the inter-mitochondrial junctions. Kurz et al. (140) have also 

shown that mitochondria can synchronize their membrane potentials and exhibit 

similar amplitudes. It was therefore assumed that mitochondria within a cluster are 

metabolically coupled with each other, and ATP consumed by the myofibrils must 

diffuse only through the surfaces that are in contact with the myofibril space. 

Under these assumptions, three scenarios were simulated using the two measured 

values of control and diabetic perimeter-to-cross-sectional area ratio (γ) and two 

values of  �:;<
A

 representing mitochondrial ATP synthesis capacity in control and 

diabetic myocytes (Table 2.1). These simulations were used to answer the question: 

does the increased surface area of mitochondrial clusters provide any feedback to 

energy metabolism? The three scenarios were as follows: 

1) Scenario 1: control metabolic capacity, control γ (CC). 

2) Scenario 2: diabetic metabolic capacity, control γ (DC). 

3) Scenario 3: diabetic metabolic capacity, diabetic γ (DD). 
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A 10% depression in �:;<
A

, the maximum rate of ATP synthesis through OXPHOS, 

was used to simulate the diabetic metabolic capacity. This was motivated by a 

previous  study (15) which reported a ~10% downregulation in major subunits of 

mitochondrial Complex V (ATP synthase).  

Table 2.1. Different sets of simulations using combinations of control and diabetic 

model parameters 

Parameters 
$BCDE = 6350 μ�/��I   

(control) 

$BCDE = 5715 μ�/��I 

(diabetic) 

K =   10  μ�L� (control) CC DC 

K =  12.37  μ�L� (diabetic)  DD 

 

To establish a common reference point for comparison, the same ATP consumption 

rate profile (vhydrolysis), representing the ATP used for force production, was provided 

as an input to the model in all the three scenarios. The input simulated a change from 

low-workload (3,000 µM/s) to high-workload ATP consumption rate (6,000 µM/s) (34) 

over a period of 50 s. (see Fig. 2.9A). Unlike the periodically varying vhydrolysis profile 

used in the model validation, time averaged constant values were used to represent 

the different workloads. Based on the assumptions of the model, the resulting steady 

state ATP synthesis rate matched the hydrolysis rate provided as an input (Fig.2.9B). 

However, the average concentration of various metabolites differed between the 

simulations to meet the same ATP consumption demand. 

Comparing the results from the simulation set CC and DC in Fig. 2.9C, it was found 

that decreasing �:;<
A

elevated the ADP-to-ATP ratio in the myofibril region. However, 
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when the depressed �:;<
A  was coupled with increased value of γ in scenario DD, these 

ratios decreased by 7% relative to the DC scenario. These results indicate that 

increased mitochondrial cluster surface area can play a moderate compensatory role 

by decreasing the ADP-to-ATP ratio in the myofibril region. 
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Figure 2.9: Computational analysis of the influence of mitochondrial morphology 

on energy metabolism.   A: Change in ATP hydrolysis rate that was used as an input to 

simulate a shift to higher workloads. B: Response in ATP synthesis rate to changed ATP 

hydrolysis in all 3 conditions (CC, control metabolism, control structure; DC, diabetic 

metabolism, control structure; DD, diabetic metabolism, diabetic structure). C: ADP-to-

ATP ratios in the myofibril region.  D: ADP-to-ATP ratios inside mitochondrial matrix. 

Envelopes were generated by simulating the model for the 25, 50, and 75% surface-to-

volume ratio values from the boxplots in Fig. 2.8B. 
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2.4.5 Increased mitochondrial cluster outer membrane surface area can reduce 

mitochondrial OXPHOS efficiency. 

Further examination of the mitochondrial matrix steady state ADP-to-ATP ratios under 

the three scenarios revealed that increasing γ has the inverse response on metabolite 

levels inside the mitochondrial matrix (Fig. 2.9D, bottom right). At the highest value of 

γ, the ADP-to-ATP ratio increased above the effects of depressing the �:;<
A  alone (see 

DC vs. DD).  

 ATP synthesis level at F1-FO ATP synthase is a function of (i) phosphorylation 

potential (which is a function of ADP.Pi/ATP), (ii) the proton-motive force generated by 

action of electron transfer chain complexes (iii) as well as, the enzyme activity levels 

of ATP synthase (represented by �:;<
A

). In the equation 1.1, the substrate levels of 

ADP, ATP and Pi correspond to the phosphorylation potential, while the rest of the 

terms in the equation corresponds to both the proton-motive force and the F1-F0 ATP 

synthase activity. Therefore, an increase in the ADP/ATP ratio, while the ATP 

synthesis rate is constant, will mean that other parts of the ATP synthesis (i.e. ATP 

synthase enzyme activity and proton-motive force) have been downregulated.  

Since all the simulations maintain the same ATP hydrolysis/synthesis rate, as well as, 

same ATP synthase activity (between diabetic simulations), an increased requirement 

of ADP (increased ADP-to-ATP ratio in matrix) points towards depressed 

mitochondrial efficiency, i.e., decreased proton-motive force generated by electron 

transfer chain. Analysis of other compartments of the model also showed that 

enhanced metabolite transport, across the increased mitochondrial outer membrane 

surface area, facilitates these alterations by changing the steady-state equilibrium of 

metabolites between the mitochondria and the myofibrils. 
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2.5 Discussion. 

The goal of this study was to measure and compare transverse section wide changes 

in mitochondrial organization and morphology in cardiomyocytes from diabetic and 

control rats. Based on the previous studies, it was hypothesized that diabetic cells will 

exhibit an increased level of mitochondrial fission – measured by increased numeric 

density and smaller size of mitochondria. We also aimed to use an experimentally 

validated biophysical model of cardiac energy transfer to investigate the effect of a 

particular aspect of the ultrastructural alterations – increase in the effective surface-

to-volume ratio of the mitochondrial clusters.  

2.5.1 More than just mitochondrial fission  

Previous studies on mitochondrial dynamics in diabetes mostly explain ultrastructural 

alterations in terms of alterations in the expressions of various proteins, such as DRP1, 

OPA1 and MFN1&2, which are responsible for mitochondrial fission and fusion (141). 

In the current study, it was found that diabetic cells have increased numeric density of 

mitochondria, complemented by a decrease in average size of individual mitochondria 

in diabetes. Although these alterations are consistent with mitochondrial fission in 

diabetic cardiomyocytes, the alterations in the overall mitochondrial spatial 

organization cannot be solely explained by the idea of increased fission or decreased 

fusion. Our results show that fragmented individual mitochondria have a greater 

tendency to form into contiguous clusters, extending further across the transverse 

section of the diabetic cardiomyocyte. Individual mitochondria present inside these 

large clusters always have their outer membrane intact – which makes the 

mitochondrial clustering a distinct phenomenon from mitochondrial fusion where two 

mitochondria fuse to form a larger individual mitochondrion.  While mitochondrial 

clusters are also found in control cells, the clusters assumed a significantly larger size 
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in the diabetic cells. The diabetic mitochondrial clusters were also more elongated and 

less solid.  

2.5.2 Need of 3D electron microscope images of complete cardiomyocytes 

Analysing the high resolution 2D transverse-sectional images of cardiomyocytes 

provides us with evidence of two distinct modes of ultrastructural alterations in type I 

diabetes – mitochondrial fission and mitochondrial clustering. However, this study has 

several limitations since the collected transverse sections might not be representative 

of the whole cell. 

While significant effort was put into ensuring that the collected sections were aligned 

perpendicularly to the longitudinal axis of the cells, several of the images collected 

from the control cardiomyocytes were not completely aligned to the transverse axis of 

the cells. This is evident in the TEM images of control cells where we can find narrow 

black lines representing Z discs. These black lines should not be present if the sections 

were ideal cross sections. This angular alignment has a potential to introduce errors 

in the morphological analysis. 

Moreover, mitochondrial organization might not be same throughout the cell, e.g., 

mitochondria form large clusters near the nucleus (perinuclear mitochondria), which 

extends along the longitudinal axis of the cell across several sarcomeres. 

Mitochondrial organization can also be different near the ends of the cell (intercalated 

disks) compared to the central part. But these spatial arrangements were absent in 

the randomly selected 2D transverse sections used for this study.  

Finally, mitochondrial clustering is not a phenomenon only limited to transverse 

sections of cardiomyocytes; recent studies based on 3D electron microscopy imaging 

(54) shows that mitochondria are arranged into longitudinal columns extending parallel 
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to the sarcomeres. An investigation into how and to what extent diabetes affects this 

cell wide network of mitochondria is needed.   

Therefore, in order to develop a more complete understanding of how the spatial 

organization of mitochondria is altered in diabetes, it is necessary to collect 3D 

electron microscopy images of complete cardiomyocytes.  

2.5.3 Impact of increased mitochondrial surface area on cardiac metabolism 

We have provided new insights into how increased mitochondrial cluster surface area 

could feedback into energy metabolism. Our analysis showed that increased 

mitochondrial cluster outer membrane surface area may reduce the myofibrillar ADP-

to-ATP ratio by 7%, while increasing the ADP content in the mitochondria (Figure 

2.10). 

 

Figure 2.10: Sketch summarizing net effect of the change in surface-to-volume ratio 

on ADP and ATP levels. ADP/ATP ratio is decreased in the myofibril (light grey) while 

increased in the mitochondrial matrix (dark grey). 
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Minor changes to availability of ATP or ADP can have significant implications on 

overall functioning of the cell (128). For instance, reduced myofibrillar ADP and ADP-

to-ATP ratio can lead to improved performance of sarco(endo)plasmic reticulum Ca2+-

ATPase (SERCA) pumps (142). These alterations are facilitated by increased 

metabolite transport between mitochondria and myofibrils due to the increased outer 

membrane surface area.  

When same rate of mitochondrial ATP synthesis is maintained, the increased outer 

membrane surface area also caused an increase in the ADP-to-ATP ratio in the 

mitochondrial matrix. This is indicative of reduced mitochondrial efficiency, consistent 

with previous experimental studies (101, 143).  

2.5.4 Limitations of the compartmental model 

Other ultrastructural changes that have not been examined in this mathematical model 

could also affect energy metabolism. For example, reduction in the number of cristae 

folds could play an important role in regulating metabolism (114, 144). Not all 

mitochondria within a cluster may be functioning to their fullest capacity. Fusion and 

fission processes are needed not only for enhancement of metabolism but also 

removal and repair of damaged mitochondria (145).  

Mitochondria have a very low diffusivity and low membrane permeability for large 

anions like ATP and ADP. Therefore, alterations in the spatial arrangement of 

mitochondria and myofibrils can also affect the channelling of ATP from the 

mitochondria and the diffusion pathways of metabolites like ATP and ADP. (146). 

Consequently, metabolites like ATP and ADP might not be uniformly distributed across 

the cell in diabetes. The current compartmental model does not account for any spatial 

gradients in the metabolite concentrations. A spatial model of mitochondrial 
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organization and metabolism would enable us to probe all these questions on spatio-

temporal regulation of cardiac energy metabolism.  

The compartmental model used for this study lacked detailed biophysical descriptions 

of the generation of mitochondrial membrane potential through the electron transfer 

chain and subsequent utilization of membrane potential for generation of ATP. Instead, 

the model contained a simplified kinetic scheme of mitochondrial ATP synthesis which 

was not dependent on mitochondrial membrane potential. Beside this, the ATP 

hydrolysis rate in the myofibrils was estimated as an input parameter independent of 

the myofibrillar concentration of ATP, ADP, Pi and Ca2+. In spite of these limitations, 

the model validation shows that the compartmental model is sufficient for predicting 

the metabolite concentrations when a particular rate of ATP hydrolysis/synthesis is 

maintained as a common reference point. However, during type I diabetes, ATP 

synthesis and consumption rates do not necessarily remain constant (14, 15, 77). Due 

to the limitations in the description of myofibrillar ATP hydrolysis and mitochondrial 

ATP synthesis, the model cannot accurately predict how the ATP hydrolysis/synthesis 

rates are going to change if upstream parameters like Ca2+ signal are used as a 

common reference point. Therefore, we need to develop a model with detailed 

biophysical description of various mitochondrial complexes and enzymes. We also 

need to consider the regulation of myofibrillar ATP hydrolysis by substrate feedback 

and Ca2+ signal.  
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2.6 Conclusion. 

In this first study, we have investigated the ultrastructural alterations in diabetic 

cardiomyocytes using 2D electron microscope images of transverse sections, and we 

have observed increased clustering of fragmented mitochondria in diabetic cells.  This 

study has shown for the first time, through a mixed-compartmental model, that a 

structural change (that can be incorporated in the model) can impact on energy 

metabolism. Subsequent chapters of this thesis investigate the relationship between 

different aspects of spatial organisation of mitochondria and energy metabolism by 

building on the results and methods from the current chapter.  
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Chapter 3 

3           Impact of mitochondrial organisation  

                    on cardiac bioenergetics 

 

3.1 Summary  

This chapter is focused on the heterogeneous distribution of mitochondria in control 

cardiomyocytes, and the potential impact of the observed heterogeneity on metabolic 

landscape and force dynamics of the cell. Serial block-face scanning electron 

microscopy (SBFSEM) was used to capture the largest volume of a control 

cardiomyocyte, covering the entire length of the cell. Subsequently, the 3D image 

stack was analysed, and a significant variation in localized area density of 

mitochondria in the transverse sections of the cell was observed. Following the image 

analysis, three transverse section images were selected from the 3D image stack to 

generate spatially detailed 2D reaction diffusion models of cardiac energy metabolism 

based on realistic finite element (FE) meshes. These FE models were used to 

investigate the role of mitochondrial distribution in regulating cardiac energy 

metabolism and force dynamics. The model predictions indicate the presence of large 

spatial gradients, in concentration of metabolites like inorganic phosphate (Pi), 

creatine (Cr) and phosphocreatine (PCr), that exist over entire cell cross sections 

between areas with high and low mitochondrial density. Additionally, the results 

indicate that activity of creatine kinase (CK) enzymes and rapid diffusion of PCr and 

Cr lead to a nearly homogenous distribution of ATP and ADP across the cell. The 

homogenous ATP and ADP distribution further results in uniform force dynamics 

across the cell cross section under a normal oxygen supply from the capillaries. 
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However, the model also predicts that diffusion of PCr/Cr and associated CK reactions 

are not sufficient to maintain a homogenous ATP/ADP distribution and uniform force 

dynamics under hypoxic condition. 

3.2 Background 

In the preliminary study presented in chapter 2, 2D transverse sectional images were 

collected from several cells to study the ultrastructural changes in control and diabetic 

cardiomyocytes.  While the study pointed towards significant differences between the 

control and diabetic ultrastructure, it was not clear if 2D transverse sectional images 

accurately represent the mitochondrial architecture of a complete cell. Therefore, we 

decided to collect large SBFSEM images of complete volume of a single cell and 

analyse how the mitochondrial distribution varies across the volume (147). The 

analysis revealed a significantly large variation in the mitochondrial distribution 

throughout the cell.  

In chapter 2, cardiac energy metabolism was modelled using a compartmental model 

where a cardiomyocyte is considered as a bag of chemicals separated in three 

individual compartments – myofibril, mitochondrial inner membrane space and 

mitochondrial matrix. This compartmental model (127) was based on an assumption 

that diffusion of various metabolites is rapid enough to generate a uniform metabolic 

landscape across the cell volume. However, a heterogeneous distribution of 

mitochondria, as observed from the analysis of SBFSEM images, leads to an 

important question: what does the metabolic landscape of the cell look like when we 

consider the diffusion of metabolites across a non-uniform distribution of mitochondria 

and myofibrils, and how does this affect the contractile performance of the cell?  

Therefore, the aim of this chapter is to build a 2D FE model of cardiac biophysics 
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based on 2D cross sectional EM images and investigate the role of mitochondrial 

distribution in regulating the cardiac energy metabolism. Accordingly, the next part of 

this chapter is a copy of the journal article that was published about this study in PLoS 

Computational Biology (148). 

The tissue samples used for this study were prepared at the Auckland Bioengineering 

Institute, University of Auckland, under the supervision of Dr. Vijay Rajagopal and our 

collaborator A/Prof. Anthony Hickey. The SBFSEM images were collected by A/Prof. 

Eric Hanssen at Bio21 institute, University of Melbourne. The subsequent image 

segmentation and analysis of mitochondrial distribution was conducted by the PhD 

candidate. The FE modelling of cardiac energy metabolism was conducted solely by 

the PhD candidate, while Dr. Kenneth Tran, our collaborator at Auckland 

Bioengineering Institute, simulated the force dynamics using the results from the FE 

models. 

A detailed description of the FE model formulation and choice of various parameters 

and initial/boundary conditions is available as a supporting information in online 

version of the article at  https://doi.org/10.1371/journal.pcbi.1006640. This supporting 

information can be also found in section 7.2 of the Appendix. 
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3.3 Abstract 

Recent electron microscopy (EM) data have revealed that cardiac mitochondria are 

not arranged in crystalline columns but are organised with several mitochondria 

aggregated into columns of varying sizes often spanning the cell cross-section. This 

raises the question - how does the mitochondrial arrangement affect the metabolite 

distributions within cardiomyocytes and their impact on force dynamics? Here we 

employed finite element modelling of cardiac bioenergetics, using computational 

meshes derived from electron microscope images, to address this question. Our 

results indicate that heterogeneous mitochondrial distributions can lead to significant 

spatial variation across the cell in concentrations of inorganic phosphate, creatine (Cr) 

and creatine phosphate (PCr). However, our model predicts that sufficient activity of 

the creatine kinase (CK) system, coupled with rapid diffusion of Cr and PCr, maintains 

near uniform ATP and ADP ratios across the cell cross sections. This homogenous 

distribution of ATP and ADP should also evenly distribute force production and twitch 

duration with contraction. These results suggest that the PCr shuttle, and associated 

enzymatic reactions, act to maintain uniform force dynamics in the cell despite the 

heterogeneous mitochondrial organization. However, our model also predicts that 

under hypoxia - activity of mitochondrial CK enzyme and diffusion of high-energy 

phosphate compounds may be insufficient to sustain uniform ATP/ADP distribution 

and hence force generation.  
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3.4 Author Summary 

Mammalian cardiomyocytes contain a high volume of mitochondria, which maintains 

the continuous and bulk supply of ATP to sustain normal heart function. Previously, 

cardiac mitochondria were understood to be distributed in a regular, crystalline pattern, 

which facilitated a steady supply of ATP at different workloads. Using electron 

microscopy images of cell cross sections, we recently found that they are not regularly 

distributed inside cardiomyocytes. We created new spatially accurate computational 

models of cardiac cell bioenergetics and tested whether this heterogeneous 

distribution of mitochondria causes non-uniform energy supply and contractile force 

production in the cardiomyocyte. We found that ATP and ADP concentrations remain 

uniform throughout the cell because of the activity of creatine kinase (CK) enzymes 

that convert ATP produced in the mitochondria into creatine phosphate, which rapidly 

diffuses to the myofibril region where it can be converted back to ATP for the 

contraction cycle in a timely manner. This mechanism is called the phosphocreatine 

shuttle (PCr shuttle). The PCr shuttle also ensures that different areas of the cell 

produce the same amount of force regardless of the mitochondrial distribution. 

However, our model also shows that when the cellular oxygen supply is limited - as 

can be the case in conditions such as heart failure - the PCr shuttle cannot maintain 

uniform ATP and ADP concentrations across the cell. This causes a non-uniform acto-

myosin force distribution and non-uniform twitch duration across the cell cross section. 

Our study suggests that mechanisms other than the PCr shuttle may be necessary to 

maintain uniform supply of ATP in a hypoxic environment.   
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3.5 Introduction 

Cardiomyocytes require a ready supply of adenosine triphosphate (ATP) in order to 

generate the contractions that cause the heartbeat. ATP demands at hydrolysis sites 

within myofibrils can vary five-fold between resting and active states of heart [1-3]. 

Most of this ATP comes from longitudinal columns of cardiac mitochondria, which 

traverse in between columns of myofibrils. Previous studies have suggested that 

cardiac mitochondria are arranged in a ‘crystal like’ regular pattern with very small 

deviation in the distances between neighbouring parallel strands of mitochondria [4, 

5]. It was also predicted that this highly ordered mitochondrial arrangement further 

leads to the formation of functional units called Intracellular energetic units (ICEU) [5-

7]. Within the ICEUs, neighbouring mitochondria and myofibrils were proposed to 

interact via energy transfer mechanisms including phosphocreatine (PCr) shuttle 

facilitated transport of ATP/ADP, direct diffusion of ATP/ADP as well as adenylate 

kinase reactions. It was also proposed that the presence of localized diffusion barriers 

within the ICEUs might lead to limited exchange of ATP/ADP with the larger cytosolic 

pool of high-energy phosphate compounds (phosphagens) outside the ICEUs [7, 8] .  

 

However, these previous studies were based on confocal image data, which did not 

provide an accurate description of the mitochondrial arrangement. We recently 

analysed [9] 2D electron microscopy (EM) images of cross-sections covering the entire 

diameter of the cell from Sprague Dawley (SD) rat hearts. The analysis revealed that 

cardiac myocytes have a non-crystalline distribution of mitochondria across the cross 

sections. Individual mitochondria varied in shape, size and exhibited variations in 

clustering between the myofibrillar bundles.  Other recent EM studies [10, 11] also 

confirm our observations about the heterogeneous distribution of mitochondria in 



 

67 

 

cardiomyocytes. Considering the previously proposed hypothesis of ICEUs, this 

observed mitochondrial heterogeneity could give rise to a non-uniform distribution of 

ATP/ADP which can have a significant impact on the contractile performance of the 

cell. Furthermore, we [9] and others [11, 12] have reported changes to this 

heterogeneous distribution of mitochondria as a consequence of changes to 

mitochondrial substrate selection and metabolism in disease conditions. Thus, it is 

important to understand how the cell maintains a uniform distribution of ADP, ATP and 

acto-myosin force production with a heterogeneous mitochondrial distribution.  

 

In this study, we build on our earlier 2D stereological and compartmental model 

simulation analyses in Jarosz et al [9] and investigate the effect of the mitochondrial 

distribution displayed in these high-resolution images on the spatial distribution of 

phosphagens  and contractile force dynamics across the cross-section of the cell.  We 

have studied the diffusion of phosphagens within the cell cross section using new, 

spatially detailed finite element models. Although finite element (FE) based 

computational models have been used to study the energy landscape in cardiac 

myocytes previously [13-16], these models defined idealised geometric domains 

(crystalline mitochondria or rectangular grid-like arrangements) and did not account 

for the mitochondrial clustering and non-uniform distribution that we observe in our 

data (Fig 1.). The simulations and analyses in our study were conducted using three 

cross-section images that were selected from different positions within a 3D serial 

block-face scanning electron microscopy (SBF-SEM) dataset of a single control 

cardiomyocyte (Fig 1). This allowed us to compare between simulation results from 

different regions of the cell and to investigate the various structural factors that 

influence metabolic landscape of the cell.  
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When investigating how the heterogeneous distribution of mitochondria affects the 

distribution of ATP, we must also account for the roles that the phosphocreatine shuttle 

mechanism and oxygen (O2) supply play in maintaining energy supply within the cell. 

A uniform supply of O2 would ensure that each mitochondrion in the cell cross section 

can accomplish the final stage of oxidative phosphorylation to produce ATP. The 

phosphocreatine shuttle enables rapid transport of inorganic phosphate from the 

vicinity of mitochondria to the vicinity of myofibrils, where it is used for muscle 

contraction in the form of ATP. Models such as [13-16], have only studied the role that 

phosphocreatine shuttle plays in the context of a uniform or crystalline distribution of 

mitochondria. To the authors’ knowledge no spatially realistic computational model 

has yet examined how oxygen supply and distribution across the cell cross section (or 

lack thereof in hypoxic conditions) might also interact with the phosphocreatine shuttle 

mechanism to facilitate uniform supply of ATP. Specifically, we set out to determine 

whether the phosphocreatine shuttle mechanism is sufficient to maintain uniform ATP 

supply across the cross section in normoxic and hypoxic conditions at moderate and 

high workloads in a heterogeneously distributed mitochondrial environment. 

 

We report several new and important findings based on the computational studies that 

we have conducted in this study: (i) The heterogeneous mitochondrial distribution can 

lead to large gradients in the concentration of inorganic phosphate (Pi), creatine 

phosphate (PCr) and creatine (Cr) at high workloads when exposed to normal oxygen 

supply (normoxia) from the capillaries. These large concentration gradients exist over 

the entire cross-section of the cell between areas with high and low localised 

mitochondrial density.  However, the  gradients in ATP and ADP are negligible due to 

the rapid diffusion of PCr and Cr coupled with the activity of CK enzymes; (ii) regional 
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variation in intracellular oxygen supply can impact the metabolite distribution under 

hypoxic conditions; (iii) and finally, by computing the cross-bridge dynamics using our 

simulated metabolite distributions and a prescribed Ca2+ transient signal as input, we 

show that the peak force distribution and twitch duration is insensitive to a 

heterogeneous distribution of phosphagens under normoxic conditions. However, the 

twitch duration, defined as the duration when the force is above 5% of peak force, can 

vary by as much as 30 ms between different parts of the cell under hypoxic conditions.  

 

The following sections present the formulation of the finite element model simulations 

and the subsequent results that point towards the above-mentioned findings. In the 

results section, we first analysed the localised density of mitochondria within the three 

cross-sections that were used for this study. We have also provided details of the 

model formulation along with validation of the model with experimental 

results.  Following this, we have presented the results from six different sets of 

simulations based on the three cross-sections under normoxic and hypoxic conditions. 

We discuss the physiological significance of the presented results, limitations of the 

current analysis and future directions. Finally, the mathematical formulation of the FE 

model used in these simulations is described in detail in the material and methods 

section.  
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3.6 Results 

3.6.1 Quantification of mitochondrial distribution in single cell cross-sections 

We collected serial block face scanning electron microscopy (SBF-SEM) images of 

one complete cell [17, 18]. Fig 1A presents a longitudinal section from the 3D dataset, 

while Figs 1B, 1C and 1D show the cross sections corresponding to the positions 

marked by the white lines on Fig. 1A. The first cross-section in Fig 1B (section 1) was 

located near a branching point of the cell. On the other hand, section 2 is in the 

proximity of a nucleus, although none of the three cross-sections contain any portions 

of the nucleus. As evident from these images, mitochondria were highly clustered in 

both lateral and longitudinal sections. In order to quantify the distribution of 

mitochondria in the cross sections, we used IMOD [19], an open source image 

processing software package, to segment the cell membrane and mitochondrial 

cluster boundaries [20] in the three cross sectional images (Fig 2A). Following this, we 

calculated the localized area density of mitochondria (simply referred as mitochondrial 

density here on) at different points in the images, which is defined as the normalized 

mitochondrial area (AreaM) present inside a square local window (AreaT) centred at a 

given point (Fig 2B). We tested the sensitivity of this measurement to the size of the 

square window used in the analysis. The difference between the first and third quantile 

of the mitochondrial density distribution was maximum when a small local window size 

(<1 μm) was used (Fig 2C) and decreasing as the window size increased. Increasing 

the window size also leads to a decrease in the difference between median of the 

mitochondrial density distribution and the fractional area of the total mitochondria 

present in the cross section.  However, increasing the window size beyond 1.6 μm did 

not significantly change the median of the distribution, and it also resulted in many 
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outliers (Fig 2C).  Therefore, a square window of 1.6 µm x 1.6 µm was used for our 

analyses (Fig 2D-F).  

 

 

Fig 1. EM image of a single cardiac myocyte. (A):  A Longitudinal section from the SBF-

SEM images of a single cardiomyocyte with mitochondria in dark regions and 

myofibril/nucleus in light regions. (B-D):  Cross sections (1-3) corresponding to the 

location of three white dotted lines in the longitudinal section. Section 1 is located near a 

branching point, and section 2 is located close to a nucleus, however none of the sections 

contain a nucleus  
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Fig 2. Analysis of mitochondrial distribution in different cross-sections. (A) Cross-

section 1 with mitochondria segmented in green and sarcolemma in red. (B) Square 

windows representing the ratio of mitochondrial area vs myofibrilar area present inside 

these windows (C) Statistical box plots of the distribution of these ratios corresponding 

to different sizes of the square windows. The star in the middle of box plots represents 

the area fraction of total mitochondria present in section 1. (D-F): Box plot representing 
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the distribution of mitochondrial density at various points in the cross-section 1 -3. The 

stars represent the total mitochondrial area fraction present in each cross section. 

Mitochondrial area fraction is 55% in section 2 and 3 and 45% in section 1. 

 

We found a significant variation in the mitochondrial density distribution of each cross 

section (Fig 2D-F).  The first and third quantile of the distribution differs by a margin 

(IQR) of 20% - 25% in these images. The margin of this difference is lowest in section 

2. The star marks inside the boxplots represent the fractional area of total mitochondria 

present in these sections. Section 2 and 3 have similar area fraction of mitochondria 

(55%), followed by section 1 (45%). 

3.6.2 A high resolution two-dimensional spatial model of cardiac bioenergetics 

and its validation with experimental results 

These descriptions of mitochondrial distribution were incorporated into a 2D finite 

element (FE) model of cardiac bioenergetics. We first assumed that the distribution of 

phosphagens within the cardiomyocyte cross sections will be similar across the length 

of several sarcomeres. We further assumed that individual mitochondria that cluster 

together share a common inner membrane space (IMS) (Fig 3A). We made this 

assumption based on a previous EM imaging study by Picard et al. [21], who reported 

that adjacent mitochondrial outer membranes in cardiac myocytes are connected 

through electron dense inter-mitochondrial junctions (IMJ). Picard et al. also found a 

close alignment between the cristae belonging to adjacent mitochondria along the IMJ.  
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Fig 3. Model assumptions and FE mesh generation from EM image cross-sections. 

(A): We assumed that individual mitochondria that cluster together will share a common 

inner membrane space. (B): Based on this assumption, each mitochondrial cluster was 

divided into two regions: an IMS region, depicted in green and a matrix region, depicted 

in blue. A third region depicted in red covers the myofibrils present in the cell. (C): Image 

of a FE mesh developed from the EM image of cross-section 1 with the three different 

regions. 

 

Assuming there is metabolic connectivity between juxtaposed mitochondria, we 

divided every mitochondrial cluster present in a cross-section EM image into two 

regions: (i) an IMS region where we implemented partial differential equations (PDEs) 

to simulate diffusion of phosphagens; (ii) and a mitochondrial matrix region with 

negligible metabolite diffusivity (Fig 3B). The mitochondrial matrix reactions 

associated with oxidative phosphorylation (OXPHOS) were simulated using an 
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ordinary differential equation (ODE) model developed by Beard [22]. This model had 

explicit biophysical descriptions of the electron transfer chain, ATP synthase and 

substrate transport, but a phenomenological relation for the dehydrogenase flux from 

the TCA cycle. The Beard et al. ODE model was solved at each computation node on 

IMS regions and coupled with PDEs for metabolite diffusion within the IMS region.  As 

such, we developed a FE mesh from EM images of section 2 using this protocol (Fig 

3C).  

 

We assumed a uniform distribution of various enzymes like cytosolic creatine kinase 

enzymes, adenylate kinase and contractile proteins over the myofibril region within the 

FE mesh. The equations describing ATP consumption in the myofibril was modelled 

as a Michaelis–Menten function previously developed by Wu et al [23].  

O789;2P = Q789;2P
1 + S [��U] ∗ [���U]

[���U]
 

Here, [PiC] denotes the cytosolic concentration of inorganic phosphate, R is a constant 

mass-action ratio and XATPase is a model parameter that can be varied to simulate 

steady state ATP consumption at various workloads. In order to simulate the action of 

enzymes such as adenylate kinase and various cytosolic (M-CK) and mitochondrial 

(mt-CK) creatine kinases, the model also incorporated equations describing the 

enzyme kinetics from a reaction-diffusion model of cardiac energy transfer described 

in [13].  

 

We modelled free diffusion of Pi, PCr and Cr between the shared IMS region and the 

myofibrillar region in the segmented images. On the other hand, diffusivity of ATP, 

ADP and AMP were set to a value 1% of that in the IMS region, compared to their 
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cytosolic values. This was done to simulate low permeability of the VDACs (voltage 

depended anion channels) to these large anions as suggested by previous studies 

[13, 24, 25]. We also assumed that none of these large molecules can diffuse through 

the mitochondrial matrix due to intramatrix barriers like cristae structure and protein 

complexes [26]. 

 

Owing to its small molecular size, O2 was assumed to diffuse through the mitochondrial 

matrix with similar diffusivity as the myofibrils and IMS. Therefore, O2 was modelled 

as a species diffusing equally through all the three regions of the EM images. We 

imposed a constant Dirchlet boundary condition of O2 in the cell membrane to simulate 

the O2 flow from a capillary into the cell. All the other diffusing species in the model 

were subjected to a no flux Neumann boundary condition at the cell membrane. 

 

We further utilized a thermodynamically-consistent and energy-metabolite-sensitive 

model of cross-bridge cycling previously developed by Tran et al [27] to predict the 

force generation at different points in the myofibril area based on the concentration of 

the following phosphagens: ATP, ADP and Pi. The overall model was solved using the 

finite element method. A detailed description of the model formulation and choice of 

various parameters and initial/boundary conditions can be found in Supplementary 

Material (S1 Text). 

 

Before using our model to predict the metabolic landscape of the cells, we validated 

the phosphocreatine shuttle and substrate feedback mechanism that we have 

implemented in our model. Previously, Vendelin et al.’s [13] compartmental model of 

a rat heart cell suggested that PCr/ATP ratio remains effectively constant over low and 
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moderate workloads but declines significantly at high workloads (Fig 4A). As evident 

from Fig 4A, our model was able to reproduce similar behaviour for different levels of 

O2 consumption. The temperature in our model is the same as that used in the study 

by Vendelin et al. (298 K). Vendelin et al. validated their model predictions of PCr/ATP 

ratio by comparing them with experimental PCr/ATP ratio values which were collected 

from in vivo NMR spectroscopy on several canine hearts [28]. We have also 

reproduced this data in Fig 4A for comparison with our model predictions. As evident 

from the figure, our model predictions were consistent with the experimental PCr/ATP 

ratios from canine hearts. 
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Fig 4. Model validation with experimental results. (A): Comparison between our 

model-predicted, spatially averaged PCr/ATP ratio vs VO2 with model predictions from 

Vendelin et al. [13] and experimental results from Valdur Saks et al. [28] (B): Comparison 

between our model predictions for spatially averaged ADP vs VO2 with predictions from 
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Vendelin et al.’s [13] zero dimensional model (C): Comparison between model predicted 

radial profiles of O2 with intracellular PO2 levels calculated by Takahashi et al. [29] in six 

different isolated cells.   

 

Our model also predicted a parabolic relationship between average cytosolic ADP 

concentration vs VO2, similar to the prediction from Vendelin et al.’s computational 

study (Fig 4B). These results indicate accurate modelling of the mechanism of 

substrate feedback between the mitochondria and myofibrils. The VO2 value of 100 

µmol/min/g tissue in the plot corresponded to a high workload level of XATPase = 0.05 

µM/sec. According to Vendelin et al.’s study [13], this VO2 value also corresponds to 

around 60% of the maximal filling rate of isolated rat heart perfused according to the 

‘‘working heart’’ protocol of Neely  [3].  Therefore, we have used XATPase = 0.05 µM/sec 

to simulate high physiological levels of workload in all the subsequent simulations.  

 

In order to make accurate predictions about spatial variation in metabolite 

concentrations or reaction rates, the model needs additional validation with 

experimental results, where spatial distributions of diffusing species in the cells have 

been measured using live imaging techniques (i.e. fluorescence microscopy). In a 

previous study, Takahashi et al [29] visualised intracellular gradients of myoglobin 

oxygen saturation using high spatial resolution spectrophotometry and further 

converted the observed oxygenation level into partial pressure of O2 (PO2) using linear 

regression of data and the Hill equation.  Fig 4C represents a comparison between 

Takahashi et al’s data and model estimations for radial profile of PO2 inside an isolated 

rat cardiomyocyte. In the experiment, individual cells were subjected to a superfusing 

O2 pressure of 15.2 mmHg under a high O2 consumption rate at room temperature. 
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We simulated high O2 consumption in a similar range in cross section 1. Subsequently, 

the model predicted image of PO2 profile was reduced in resolution and convolved 

with a confocal microscope point-spread-function to generate a simulated confocal 

image (S1 Fig), similar to a previous study [30]. Fig 4C shows that the concentration 

profile in the simulated confocal image of O2 distribution follows a similar profile to the 

radial PO2 gradient experimentally measured by Takahashi et al. [29]. Both the model 

and experimental measurements demonstrate steep concentration gradients proximal 

to the sarcolemma and shallow gradients within the cell interior.  

 

The overall analysis presented in Figs 4A-C illustrates that our model successfully 

reproduces both the whole-cell averaged and spatially profiled experimental results 

described in literature. 

3.6.3 Heterogeneous mitochondrial distribution leads to large gradients in 

metabolite concentration across the cross-section of the cell 

Following model validation with the simulation results from cross-section 1, we used 

the same protocol to simulate cardiac energy metabolism in the three cross sections 

presented in Figs 1B-D under a high workload (VO2 = 100 µmol/min/g tissue). It was 

assumed that the cell is exposed to a normal oxygen pressure from capillaries, and 

the concentration of  O2  at the sarcolemma was maintained at 45 μM based on Mik et 

al.’s experimental study [31].  

 

Profiles of cytosolic ADP/ATP ratio, Pi and ATP hydrolysis rate (JATPase), 

corresponding to these cross sections (Fig 5) show significantly large gradients (600-

1000 μM) of Pi concentration across the cell. On the other hand, ATP and ADP show 

spatial gradients in the order of 10 μM, which is small compared to the average ADP 
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level (approximately 100 μM) and negligible compared to the average ATP level 

(approximately 10 mM). The ATP hydrolysis rate, being a function of both Pi and 

ADP/ATP, varies by a margin larger than the ADP/ATP ratio variation but lower than 

the gradients of Pi. By comparing the different cross-sections (Fig 5), we also observe 

that section 1 has a higher average level of ADP and Pi compared to the other two 

sections for the same cytosolic XATPase activity. Section 2 and 3 also show a larger 

gradient in the VATPase. These differences can be explained by the lower mitochondrial 

area fraction of section 1 as shown in Fig 2D. Although section 1 is closer to section 2 

than section 3 (12.5 µm vs 25 µm of longitudinal distance), section 1 is located near a 

branching point of the cell unlike the other two sections. Besides similar average 

values, cross-sections 2 and 3 also have very similar spatial profiles of Pi. The Pi 

concentration is higher in the upper corner of these cross sections and it gradually 

increases towards the lower left of the sections. These results are consistent with our 

initial assumption of symmetric metabolic landscape between different cross-sections 

of the cell. 
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Fig 5. Spatial variation in model predicted cytosolic phosphagen levels and 

reaction rates represented using colour spectrum. All the figures were generated by 

using the same range of colour spectrum for a particular phosphagen. (A-C): EM images 

of sections 1-3 (D-F): Distribution of ADP and ATP in the cross-sections represented 
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using the ADP/ATP ratio. The ADP/ATP ratio remains uniform throughout the cross-

sections (G-I): Inorganic phosphate (Pi) shows large spatial variation at the order of 1 

mM.  (J-L): Spatial variation in the ATP hydrolysis rate in the myofibrils corresponding to 

XATPase = 0.05 µM/sec. 

 

In the Fig 6A we have presented a boxplot of the model predicted gradients of all the 

diffusing metabolite levels present in cross section 1. The differences in spatial 

gradients of phosphagens can be attributed to the activity of creatine kinase (CK) 

enzyme isoforms in the IMS and myofibrils. Based on previous work by Vendelin et al 

[13, 25], we assumed ADP, ATP and AMP diffusivity in the IMS region is 1% of their 

corresponding diffusivity in the cytosolic space. Despite restricted diffusivity, the 

estimated ADP and ATP gradients were less than one tenth of the gradients present 

in PCr and Cr (Fig 6A). These results point towards the significance of the cytosolic 

MCK enzyme reaction, which acts as a spatial buffer of the ADP/ATP ratio by 

converting excess ADP into ATP at the cost of the PCr reserve of the cell.  We 

contrasted the PCr and Cr concentration at different regions of cross section 1 with 

the corresponding local mitochondrial density (Fig 6B). This model predicts that 

myofibril regions with lower mitochondrial densities contain a lower reserve of PCr. 

The model predictions are also consistent with the accepted role of the PCr shuttle, in 

facilitating a rapid metabolic exchange of the equivalent energy of ATP between the 

IMS and myofibrils.  
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Fig 6. Spatial variation in phosphagens concentration in cross section 1. (A): 

Phosphagen concentrations were calculated at all the myofibril points in the mesh and 

subtracted from the spatially averaged concentration of each phosphagen (Phosgave). Box 

plots represent the statistical distribution of the difference between phosphagen 
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concentration at each point and Phosgave value of each phosphagen. The zero value 

corresponds to the Phosgave. (B): Normalized concentration of PCr and Cr displayed as a 

function of local mitochondrial density at various points in the cell. PCr and Cr 

concentrations were normalized by a factor equivalent to the difference of PCr and Cr 

maximum and minimum concentrations in cross section 1. 

 

3.6.4 Force dynamics is insensitive to heterogeneity in concentration of 

phosphagens and distribution of mitochondria. 

To analyse the impact of the spatial distribution of energy phosphagens on mechanical 

force production, we have used Tran et al.’s [27] cross-bridge cycling model to 

simulate isometric twitches at each of the discretised nodes. The isometric twitches 

are activated by a prescribed Ca2+ transient. It was assumed that the average value 

of various metabolite concentrations remains unchanged during a twitch, and 

accordingly the behaviour of the cross section was modelled as a function of cytosolic 

ATP, ADP, Pi, MgATP, MgADP and pH. The peak twitch force (Fpeak) was simulated 

(Figs 7A-C) for the cross sections, as were twitch durations (Figs 7D-F), defined as 

the duration that the force was above 5% of Fpeak (t95). Fpeak shows slight spatial 

variation in sections 2 and 3 (~7% difference between maximum and minimum spatial 

values), while it is almost uniform across section 1 (<3% difference). Similarly, 

differences between the maximum and minimum values of t95 is around 12% in section 

2 and 3, while it is around 5% in cross-section 1. These results imply that the force 

production is relatively insensitive to the large gradients in inorganic phosphate 

observed in Figs 5 and 6. The results also predict that rapid diffusion of PCr and Cr, 

coupled with CK enzyme reactions in myofibrils and IMS, is sufficient to maintain a 
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uniform force generation across the cell cross section despite the heterogeneous 

distribution of mitochondria.  

 

 

Fig 7. Force dynamics of the cell corresponding to the model predicted 

phosphagens distribution. (A-C): Fpeak is uniform across section 1 and exhibits slight 

spatial variation in section 2 and 3. (D-F): t95 shows similar spatial gradients across the 

cross sections. 
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3.6.5 Diffusion of PCr & Cr is not sufficient to maintain uniform force dynamics 

under hypoxic conditions 

According to previous studies [32, 33] on isolated rat cardiomyocytes, cardiac 

energetics is impacted when the extracellular O2 diminishes below a margin of 20 μM, 

as the mitochondrial oxidative phosphorylation system is limited. In an in-vivo non-

invasive study on wistar rat hearts [31], Mik et al. found an average PO2 of 35 mm Hg 

(roughly equivalent to 45 μM concentration assuming an O2 solubility coefficient 

1.35×10−6 M/mmHg [34]) present over the surfaces of cardiac mitochondria, which is 

well above this margin. However, Mik et al. also found that a significant percentage 

(25%) of in-vivo mitochondria was exposed to PO2 in the range of 10–20 mm Hg under 

normal O2 supply. Reducing the O2 supply to the heart resulted in an even larger 

fraction of cardiac mitochondria (40%) with low surface PO2 in the range of 0-10 mm 

Hg. Mik et al.’s findings were consistent with predictions from previous modelling 

studies by Beard et al. [34] and Groebe et al. [35]. Both modelling studies predicted 

that cardiac myocytes in-vivo can be exposed to a variety of PO2 depending on 

location of the cells relative to capillary networks. 

 

Therefore, we investigated the effect of low oxygen on phosphagens distribution in the 

2D cross-sections. As shown in the previous results, we first applied a Dirichlet 

boundary condition with O2 concentration of 45 μM along the cell membrane, which 

represents the majority of cells present in heart. In the second simulation we imposed 

a 15 μM oxygen concentration along the cell membrane, representing the cells 

exposed to lower levels of oxygen supply (hypoxic condition). Both the simulations 

corresponded to the same high workload levels.  
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Profiles of O2 concentration in the cardiomyocyte, corresponding to these two 

simulations, are shown in Fig 8A. In both the cases, the O2 distributions show steep 

gradients from the sarcolemma. While in the first case O2 concentration remains above 

20 µM throughout the cell, our model predicts an anoxic cell core under hypoxic 

conditions. This prediction is consistent with observations of Takahashi et al. [29, 36] 

on isolated cardiomyocytes as well as Mik et al.’s study [31] on mitochondria in the in-

vivo heart. To better understand the effects of an oxygen deprived cell core on 

mitochondrial electron transfer system (ETS), we have plotted the mitochondrial 

complex IV reaction rate (VC4) as a function of the IMS space (Fig 8B). Complex IV is 

the main site of oxygen consumption in the ETS. As expected in normoxia, activity of 

VC4 is nearly uniform across the cell cross section, with small variations due to 

mitochondrial cluster sizes. However, in the hypoxic simulation, a negligible amount 

of O2 passes to the interior of the cell, which in turn inhibits the JC4.  

 

We also investigated the influence of intracellular O2 profiles on mitochondrial 

membrane potential (Δψ) for both the normoxic and hypoxic simulations (Fig 8C). In 

the first case, Δψ was nearly uniform across the cell. This uniform distribution of Δψ is 

clearly in accordance with the uniform profile of VC4 observed in Fig 8B. However, in 

the second case, Δψ is significantly depressed in the core of the cell. This spatial 

depression of Δψ can be attributed to the decreased ETS flux in the centrally located 

IMF mitochondria. The lower row in Fig 8D demonstrates the effect of this depression 

in Δψ on reaction flux of complex V. The rate of ATP synthesis at complex V follows 

the same spatial profiles as Δψ. As a result, ATP synthesis declines in the centre of 

the cell in hypoxia. 
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Fig 8. Spatial variation in model predicted mitochondrial reaction rates and O2 

profiles for cross section 1. All the figures were generated by using same colour 

spectrum range. (A): Steady state O2 profiles showing steep O2 gradients in the vicinity of 

the sarcolemma. In the hypoxic case, it also leads to the formation of an anoxic core with 
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negligible O2 level (B): The reduction of oxygen at complex IV is inhibited in hypoxia, 

while it is uniform across the section in normoxia.  (C): Hypoxia leads to a steep gradient 

in the model predictions for mitochondrial membrane potential (D): Under normoxia 

Complex V (F1-F0 ATP synthase) reaction rate is nearly uniform across the cell with slight 

variation near the larger mitochondrial clusters. However, ATP synthesis at Complex V is 

inhibited in the anoxic core under hypoxia.  

 

The diminished rate of ATP synthesis in the mitochondria at the core of the cell also 

had a significant impact on transportation of ATP/ADP through the phosphocreatine 

shuttle (Fig 9). For instance, the reaction rate of mtCK in the forward direction (ATP + 

Cr � PCr + ADP) was around 15% lower in the central parts of the cell compared to 

the periphery under hypoxia (Fig 9A). As a result, the model predicts a strong radial 

gradient in the ADP/ATP ratio (Fig 10A) in the hypoxic simulations. This contrasts with 

the simulations of normoxic situation where both the mtCK reaction rates and the 

ADP/ATP ratio shows negligible spatial variation (Fig 9A and 10A). Fig 10B similarly 

demonstrates a radial profile in the ATP hydrolysis rate for the second case. The 

abundance of ADP in the anoxic cell core also leads to an elevated cytosolic MCK 

reverse reaction rate (PCr + ADP � ATP + Cr) which is substantially higher in the 

anoxic core compared to the periphery of the cell (Fig 9B). Together these results 

suggest that activity of mtCK and MCK is not sufficient for maintaining uniform 

ADP/ATP under limited O2 supply. 
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Fig 9. Spatial variation in rates of CK enzymatic reactions involved in 

phosphocreatine shuttle under normoxia and hypoxia. All the figures were generated 

by using same colour spectrum range. (A): Steady state profiles of reaction rates of 

mitochondrial mtCK in forward direction (ATP + Cr � PCr + ADP) (B): Steady state 

profiles showing reaction rates of myofibrilar MCK in reverse direction (PCr + ADP � 

ATP + Cr) 
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Fig 10. Spatial variation in cytosolic metabolite concentration and force dynamics 

under normoxia and hypoxia. (A): Steady state profiles of ADP/ATP ratio. ADP/ATP is 

significantly higher in the anoxic cell core under low O2 supply (B): ATP hydrolysis rate 

is similarly lower in the cell core under hypoxic condition (C): Peak twitch force (Fpeak) is 
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significantly higher in the cell core under hypoxia (D): Increased Fpeak is complemented 

by increased twitch duration in the cell core, which can lead to loss of energy in the form 

of shear strain.   

 

For the second simulation, Fpeak is also higher in the anoxic core of the cell (Fig 10C) 

and the twitch durations are significantly longer (Fig 10D). The difference between the 

maximum and minimum spatial values of t95 is around 23% in the second simulation 

compared to only 5% in the first simulation. This is a result of lower ATP, and higher 

ADP and Pi in the centre of the cell - which slows down the cycling rate, but at the 

same time, the cross bridges spend more time in the force-producing states (due to 

lower ATP), leading to higher force development. This result is consistent with several 

experimental studies [37, 38] as well as a recent modelling study by Tewari et al. [39] 

which suggests that force production increases with increasing ADP and decreasing 

ATP levels. 

 

A consequence of having longer twitch durations is that at high stimulus frequencies, 

the twitch does not have time to completely relax resulting in a higher diastolic force. 

Thus, according to the model predictions, different regions of the same cell cross 

section will be experiencing different levels of force in both systole and diastole. This 

may lead to shear strain inside the cell and wastage of metabolic energy through 

production of heat – which might not be a favourable situation during a high cardiac 

workload. The effect of contraction on the cellular ultrastructure was not considered in 

the model. Contraction of the cell can change the cell dimensions, particularly by 

increasing the cell cross section area due to conservation of volume. If the hypoxic 

cell core is contracted longer due to a reduction in ATP, it is likely to lead to an increase 
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in the average diffusion distance between the cell core and the cell periphery. 

Increases in diffusion distance can lead to a further decrease in the supply of ATP in 

the hypoxic cell core – thus creating a negative feedback loop that might contribute to 

irreversible contraction of the cell. 

 

These results imply that unlike under normoxic conditions, diffusion of Cr and PCr and 

associated CK enzyme activities is not sufficient to maintain a uniform ATP/ADP 

concentration and force dynamics under hypoxic conditions.  

 

3.7 Discussion 

3.7.1 Distribution of phosphagens in cell cross-sections 

We have developed a computational model of cardiac bioenergetics based on EM 

images to study the impacts of the heterogeneous distribution of mitochondria on the 

energy metabolic landscape of the cell. Note that this differs markedly from the earlier 

held concept that cardiomyocyte mitochondria are arranged within rigid crystalline 

lattice networks, which is thought to enhance diffusion and exchange of compounds 

such as the phosphagens. When less structured mitochondrial arrangements are 

incorporated into models, our results reveal that significant gradients in the 

phosphagen concentrations are likely. While concentration gradients are currently 

difficult to observe directly in experimental studies, previous computational studies, 

defined over idealised crystal lattice-like geometries, predicted smaller concentration 

gradients between adjacent mitochondria and myofibril units. Our current study 

indicates that significant concentration gradients may occur over the entire cross-

sectional area of the cell, that this is dependent on localised mitochondrial densities at 
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a given point in the cell, and that these gradients appear acutely sensitive to hypoxia, 

such as would occur in infarcts. 

3.7.2 Distribution of phosphagens along the longitudinal axis of cell 

Our model was based on 2D cross sectional images, but we expect similar results if a 

3rd dimension along the longitudinal axis of the cell is added to the model. To 

elaborate, Fig 5 and 6 shows that spatial profiles of various metabolites and quantities 

like ATP hydrolysis rate and peak twitch force are influenced by two different structural 

factors – (i) total area fraction of mitochondria which determines the average 

concentration of phosphagens in cross sections and (ii) density distribution of 

mitochondria which determines the spatial distribution of phosphagens.  The model 

also predicts nearly uniform ATP and ADP levels across the cell cross sections in 

normoxia due to spatial buffering by PCr and Cr. In a 3D simulation, we can similarly 

expect a nearly uniform ATP and ADP concentration across the cell volume 

irrespective of the axial distribution of mitochondrial columns. The average 

concentrations of the phosphagens will be determined by total volume fraction of 

mitochondria in the cell.  

 

S2 Fig illustrates that different cross sections along a continuous length of the cell 

have similar mitochondrial area fraction as well as similar spatial variation in the 

mitochondrial density distribution. Since spatial distribution of metabolites like Pi, PCr 

and Cr depend on the distribution of mitochondria, similar mitochondrial distribution in 

the cross sections should also lead to similar metabolic landscapes in these cross 

sections. As a result, there will be negligible concentration gradient along the 

longitudinal axis except near areas where the myofibrils and mitochondria branch out. 

This also implies that a 3D simulation, which includes a 3rd dimension along the 
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longitudinal axis of the cell, will not result in a metabolic landscape that is different 

from the current 2D results. 

3.7.3 Significance of the phosphocreatine shuttle 

In our model we have employed a previously postulated formulation of 

phosphocreatine shuttle where ATP, ADP and AMP exchange between mitochondria 

and myofibril is severely restricted [7, 13, 25]. As a result, more than 90% of the 

ATP/ADP transfer between the mitochondria and myofibril occurs via facilitated 

diffusion by Cr molecules instead of direct diffusion of ATP and ADP. This reliance on 

rapid diffusion of PCr and Cr helps the cell to maintain a uniform level of ATP and ADP 

in the cardiomyocytes. In the absence of the PCr and Cr facilitated diffusion, large 

gradients of ATP and ADP will be required to supply ATP to myofibril spaces which 

are far from mitochondrial clusters – thus giving rise to a non-uniform distribution of 

ATP and ADP. However, the cytosolic ATP pool not only acts as a source of ATP for 

the cross-bridge cycle, but it supports ion channel activities (e.g. SERCA pumps) and 

can also act as divalent metal ion chelator [40], crucial to the viability of the cell. 

According to a previous modelling study [41] SERCA pumps, which are intrinsic to 

cellular Ca2+ management and EC-coupling, appear to be highly sensitive to the 

ATP/ADP ratio in the cell. Therefore, it is vital for cardiomyocytes to maintain a uniform 

ATP and ADP concentration, in spite of the heterogeneous distribution of 

mitochondria. Our model thus suggests that phosphocreatine shuttle might be a 

necessary aspect of energy metabolism in cardiomyocytes with heterogeneously 

distributed mitochondria.  

3.7.4 Effects of hypoxia 

We used an O2 diffusivity value (DO2) of 2.41x10-5 cm2/s in our current simulation based 

on previous modelling work of Beard et al. [34]. This diffusivity value corresponds to 
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the overall oxygen diffusion through mammalian striated muscles [42], and can be 

considered as an average diffusivity through all the organelles present inside a 

cardiomyocyte. Therefore, we did not separately model O2 transport through the 

transverse tubules which are near uniformly distributed along the Z disks [43]. We also 

neglected the effect of myoglobin facilitated oxygen diffusion since diffusivity of 

myoglobin is reported to be only a small fraction (<1/10th) of the free O2 diffusivity in 

cardiomyocytes [44]. Despite these assumptions, our model prediction of radial 

profiles in oxygen is consistent with previous experimental and theoretical works [29, 

35]. Our model indicates that in a normoxic state, profiles of O2 have no effect on the 

metabolism, and that the phosphagen distribution is dictated by the mitochondrial 

distribution.  

 

However, in hypoxia, our model predicts a significant impact of O2 profile on the 

phosphagen distributions and the effect of the heterogeneous mitochondrial 

distribution is minimal. The level of mitochondrial membrane potential in the core of 

the cell was substantially lower than the periphery of the cell. The ATP/ADP in the cell 

core was similarly depressed due to a lack of O2.  However, these predictions are 

inconsistent with findings from Takahashi et al.’s 2008 work [36] exploring isolated 

cardiomyocytes. Takahashi et al. showed that isolated cells sustain depleted, but near 

homogenous levels of ATP and ΔΨ, in spite of formation of an anoxic core, when the 

respiration rate is elevated under a hypoxic condition. Takahashi et al. also suggested 

that CK mediated diffusion of PCr and Cr from the sub-sarcolemmal space supports 

ATP supply and ΔΨ levels in the anoxic core for a substantial time interval before 

necrotic cell death. Our results contrast with this view, as they indicate that CK reaction 

and diffusion of PCr and Cr is not sufficient to generate a homogenous metabolic 
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landscape under hypoxia. This inconsistency between our model predictions and 

experimental data suggest that other mechanisms may be at play to ensure uniform 

ATP supply. Other mechanisms could include glycolysis, creatine phosphate stores or 

ΔΨ conductivity between sub-sarcolemmal and inter-myofibrilar mitochondria. Glancy 

et al recently proposed that ΔΨ can be transmitted across the cell through 

mitochondrial networks in both skeletal [45] and cardiac muscle cells [11]. 

Transmission of ΔΨ might be facilitated through IMJs present between adjacent 

mitochondria. Glancy et al. also proposed that membrane potential conduction via 

mitochondrial reticulae is a dominant pathway for skeletal muscle energy distribution. 

 

In the current study, we assumed that there is no conduction of membrane potential 

between adjacent mitochondria, and accordingly modelled ΔΨ as a spatially 

distributed non-diffusing variable without any direct interaction between adjacent 

mitochondrial points. With this modelling approach, we did not find any significant 

difference in the mitochondrial Δψ values across the cross section of the cell in 

normoxia. These results are consistent with Glancy et al.’s [11] observation that 

mitochondrial Δψ conductivity is much weaker along the cell cross section compared 

to the longitudinal axis of the cardiomyocytes. We propose that, in normoxia, the rapid 

diffusion of cytosolic PCr and Cr is sufficient to maintain a uniform Δψ as well as 

myofibrillar ATP distribution across the cell cross section without the need for Δψ 

conduction. However, our results also imply that in a hypoxic cardiomyocyte, the 

phosphocreatine shuttle is not sufficient to maintain a uniform distribution of ATP. Δψ 

conduction might play a role in maintaining uniform levels of intracellular ATP across 

the cell cross-section. In the future studies, it needs to be investigated whether hypoxia 
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can lead to formation of larger number of IMJs along the cell cross section which can 

subsequently lead to higher Δψ conductivity compared to normoxic condition.  

3.7.5 Potential implications for diabetic cardiomyopathy 

The total cellular PCr pool and activities of mitochondrial CK enzyme are severely 

impacted in several metabolic diseases, such as diabetic cardiomyopathy. According 

to previous studies [46-48], mtCK and MCK activities are suppressed by a substantial 

margin in diabetes (35%-50%). Without normal CK activities, homogenous ATP 

distribution within cardiomyocytes can be severely impacted due to heterogeneous 

mitochondrial distribution. Our previous studies also revealed that mitochondrial 

arrangement in type 1 diabetes is significantly irregular than control cells due to 

mitochondrial fission and clustering [9], which can also affect the distribution of cellular 

phosphagens . In future work, we will study these potential changes in metabolite 

distribution and their effect on force dynamics using a 3D geometry based FE model 

of cardiac bioenergetics. Future studies will also require a modification in the currently 

used model of mitochondrial membrane potential to incorporate the conduction of 

membrane potential.  
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3.8 Methods 

3.8.1 Ethics Statement 

All animal procedures followed guidelines approved by the University of Auckland 

Animal Ethics Committee (for animal procedures conducted in Auckland, Application 

Number R826). 

3.8.2 Tissue sample preparation and serial block face imaging 

The tissue sample used for SBF-SEM imaging was collected from the left ventricular 

wall of a sixteen-week-old male Sprague-Dawley rat at the University of Auckland, 

New Zealand. We followed the guidelines approved by the University of Auckland 

Animal Ethics Committee (for animal procedures conducted in Auckland, Application 

Number R826) for the process.  

Following euthanasia of the Sprague-Dawley rat, the heart was excised and quickly 

cannulated and connected to a Langendorff apparatus operating at a hydraulic 

pressure of 90 cm. We perfused the heart with a Tyrode solution including 20 mM 2,3-

Butanedione Monoxime for 2-3 minutes. This was followed by perfusion with 2.5% 

glutaraldehyde, 2% paraformaldehyde and 50 mM CaCl2 in  0.15 M sodium cacodylate 

buffer. We dissected a tissue block from the left ventricular free wall and stored in the 

same fixative that was precooled on ice for 2 hours. The fixative was subsequently 

replaced with 2% osmium tetroxide and .8% potassium ferrocyanide in 0.15 M sodium 

cacodylate and left overnight. Afterwards, we stained the block with ice-cold 2% uranyl 

acetate for 60-120 minutes. Following this, the block was washed of excess uranyl 

acetate and punched into a 1.5 mm diameter sample. The sample was then 

progressively dehydrated with ethanol followed by transition to room temperature in 
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acetone. The sample was finally embedded in epoxy resin (Durcupan ACM resin from 

EM sciences). 

We trimmed the tissue sample to a square block face of 1 mm2 and 300 µm deep with 

fibers running perpendicular to the future cutting face. The sample was subsequently 

mounted on a Teneo VolumeScope (FEI,Hillsborough, USA) and imaged in low 

vacuum mode (50 mbar) with a 10 nm pixel size. We acquired a total of four thousand 

and nineteen serial sections of 50 nm in thickness. The sections were then aligned 

using IMOD.  We rotated the sections by 90 degrees around the Y axis and binned 

the data to an isotropic voxel size of 50 x 50 x 50 nm. A detailed description of the 

animal procedures, sample preparation and imaging techniques is available at our 

previous publications [17, 18]. 

3.8.3 Model development and computational methods 

As discussed earlier, the results section provides a brief description of the model 

development, while the supplementary document S1 Text contains description of all 

the PDEs, ODEs and algebraic equations used in the model. The finite element 

implementation of the model was developed using reaction-diffusion module of 

OpenCMISS [49], an open source software package for FE simulation. Besides PDEs, 

the OpenCMISS model also contains ODEs and algebraic rate equations that have 

been described in CellML [50] models – which were solved using the strang operator 

splitting method. We offer the OPECMISS implementation of the FE model for 

research use at https://github.com/CellSMB/cardiac_bioenergetics. 

The FE models were solved on an IBM iDataplex x86 system. Individual FE models 

contained 300,000 FE nodes on average and required 20 hours of runtime for 
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simulating every 1000 milliseconds of heartbeat. The results in this paper correspond 

to steady state solutions at 3 seconds of heartbeat time.  
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  Chapter 4 

4 Alterations in mitochondrial  

organisation in diabetic cardiomyopathy 

 

4.1 Summary 

In this chapter, alterations in cardiac ultrastructure in diabetic cardiomyopathy have 

been analysed using 3D SBFSEM (serial block-face scanning electron microscopy) 

images of several control and streptozotocin (STZ) induced type I diabetic 

cardiomyocytes. These images were first segmented by a semi-automated algorithm 

developed by our lab member Dr. Akter Hussain. Subsequent image analysis revealed 

that mitochondrial area fraction in 2D cell cross sections was higher in type I diabetic 

cells compared to the control cells.  The analysis also showed that type I diabetic cells 

had a higher spatial connectivity of mitochondrial networks. Moreover, the 

mitochondrial distribution along the transverse sections was also more heterogeneous 

in type I diabetes compared to control cells. These results were consistent with 2D 

image analysis reported in chapter 2, which showed increased mitochondrial 

clustering and elevated mitochondrial cluster perimeter/area (p/a) ratio. 

 

 

 

 

 

 

 



 

107 

 

4.2 Introduction 

Previously in chapter 2, 14 (7 control vs 7 diabetic) high resolution 2D transverse-

sectional images of cardiomyocytes were collected using transmission electron 

microscopy (TEM). Analysis of the images provided us with evidence of two distinct 

modes of ultrastructural alterations in type I diabetes – mitochondrial fission and 

mitochondrial clustering. Mitochondrial clustering resulted in an increased size of 

mitochondrial clusters. However, the study was limited to 14 transverse section 

images. Another drawback of the collected TEM images was that the 2D images were 

often obliquely aligned to the longitudinal axis. Moreover, mitochondrial organization 

might not be same throughout the cell. For example, in chapter 3 it was shown that 

mitochondria form large clusters near the nucleus (perinuclear mitochondria or PNM) 

that extend along the longitudinal axis of the cell across several sarcomeres. 

Mitochondrial organization can also be different near the sarcolemmal boundary 

compared to the cell core.  

3D images collected using SBFSEM can help us overcome the above-mentioned 

limitations of 2D TEM image analysis. As mentioned in chapter 3, previously SBFSEM 

was used to capture the largest volume a control cardiomyocyte that covered the entire 

length of the cell (147). In this chapter, we build on our work from chapter 3 by 

collecting 3D SBFSEM images of two more tissue blocks – another control and a STZ 

induced type I diabetic tissue block. Due to the large volume of data, the collected 

SBFSEM images were automatically segmented into mitochondrial, myofibrillar and 

nucleus regions using a newly developed algorithm (147). Subsequently, these 

segmented binary images were analysed to reveal new information on how the cardiac 

cellular ultrastructure is altered in type I diabetes. The results show that there is higher 

mitochondrial content and an increased spatial connectivity in the mitochondrial 



 

108 

 

network of type I diabetic cells compared to the control cells. Mitochondrial distribution 

along the transverse sections was significantly more heterogeneous in type I diabetes 

compared to control cells.  Beside these new results, we also confirmed many previous 

observations based on 2D TEM images (127). 

4.3 Methods 

The tissue samples used for this study were prepared at the Auckland Bioengineering 

Institute, University of Auckland, under the supervision of Dr. Vijay Rajagoapl and our 

collaborator A/Prof. Anthony Hickey. The SBFSEM images were collected by A/Prof. 

Eric Hanssen at Bio21 institute, University of Melbourne. The subsequent automated 

image segmentation was conducted by our group member Dr. Akter Hussain. The 

analysis of the segmented image sets was conducted solely by the PhD candidate.  

4.3.1 Tissue preparation and SBFSEM imaging 

The study included images from three SBFSEM datasets. These include two controls 

(HSD478 and HSD460) and one diabetic tissue block (DSD276 SBS32). The protocols 

for tissue sample preparation and serial block face imaging have been previously 

described in chapter 3. The same tissue blocks were also used for the previous TEM 

based study described in chapter 2 and the corresponding article in AJP cell 

physiology (127). We also used three 2D cell cross sections collected from the 

SBFSEM image of HSD478 tissue block for the computational study in chapter 3 and 

corresponding article in PLOS computational biology (148).  

The SBFSEM images of the tissue blocks were collected at a resolution of 10 X 10 X 

50 nm3/voxel and then down sampled to an isotropic resolution of 50 X 50 X 50 

nm3/voxel (Fig. 4.1 – Fig. 4.3). The collected 3D image sets contained the complete 

volume of several cells or captured large length of the cells (>50 µm).  
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Figure 4.1: Cross sectional image from control HSD478 tissue block. Two cells - 

HSD478_1 and HSD478_2 were selected for automatic segmentation.  
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Figure 4.2: Cross sectional image from control HSD460 tissue block. One cell - 

HSD460_1 was selected for automatic segmentation.  
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Figure 4.3: Cross sectional image from diabetic DSD276 tissue block.  Four cells – 

DSD276_1 to 4 were selected for automatic segmentation. The cross section in the figure 

only contains two of the cells. An outline of the remaining cells is shown in Fig. 4.4. 
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4.3.2 Automatic segmentation of images 

All the collected 3D SBFSEM image stacks were segmented using a semi-automated 

workflow developed by our group member Dr. Akter Hussain (147). The algorithm 

required manual segmentations of every 10th section of sarcolemma and nucleus 

regions in the collected images (Fig. 4.4). Following the input, the algorithm estimated 

a region-based threshold intensity to classify each image voxel as either mitochondria, 

myofibrils or nucleus regions. The final output from the algorithm was in the form of 

three different binary image stacks – representing the mitochondrial, myofibrillar and 

the nuclear region of the cells (Fig 4.5). These three binary stacks of 2D images were 

generated for a total of 9 cells. These include one complete cell volume (HSD478_1) 

and two partial volumes (HSD478_2 and HSD460_1) from the control tissue blocks; 

in the same way four complete cell volumes were segmented from the DSD276 tissue 

block. 

 

Figure 4.4: Input to the segmentation algorithm. A set of prior segmentations of cell 

boundary and nucleus regions for every 10th slice of the image sets was provided as an 

input to the algorithm. The figure shows a meshed surface of the manual segmentations 

of the four cells segmented from the DSD276 tissue section.  
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Besides the automated segmentations, several cross sections and longitudinal 

sections from the HSD478_1 cell were also manually segmented into mitochondria 

and myofibrils using IMOD (136) drawing tools.  The accuracy of the segmentation 

algorithm was measured by comparing the results against the mitochondrial regions 

identified through manual segmentation.  The comparison showed a remarkably high 

accuracy of the segmentation algorithm (97.6%). Accuracy was defined as the 

percentage of all (mitochondrial and non-mitochondrial) automatically classified pixels 

that match the manual classifications.  

 

Figure 4.5: Segmentation output. 3D rendering of the automatically segmented images 

from (left) HSD460 and (right) DSD276 tissue blocks. Mitochondria is presented in cyan, 

myofibrils in red and the nucleus in blue. 
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4.3.3 Analysis of mitochondrial connectivity in 3D volume 

Three-dimensional spatial connectivity of mitochondria in the segmented binary image 

stacks was assessed by using the bwconncomp function in MATLAB R2017a (137). 

First, 2D spatial connectivity of mitochondrial points, located within the same cell cross 

section, was analysed using an 8-connected neighbourhood. Following this, a 3D 

volume of mitochondrial image, surrounding each cell cross section, was selected for 

analysis. This 3D volume spanned over a length of ten sarcomeres. Every adjacent 

mitochondrial point located within this selected 3D volume and sharing a 26-connected 

neighbourhood was marked as connected with each other. 

4.3.4 Selection of 2D cross sectional images from 3D datasets 

The automatically segmented cell volumes did not have equal length and volume 

(Table 4.1). The complete volume of HSD478_1 cell spanned over a longitudinal 

distance of 180 µm and had the largest volume. In contrast, the partially collected 

volumes of HSD478_1 and HSD460 cells spanned over only 110 µm and 25 µm 

respectively. The four diabetic cells spanned over 80 to 120 µm longitudinal distance. 

Due to these partially collected cell volumes and different cell lengths, quantifying 

various structural parameters (e.g., volume fraction of mitochondria) across entire 

collected volumes of the cells and comparing the aggregated results between control 

and diabetes would not have been a correct approach. Therefore, a fixed number of 

2D cross sections were randomly selected from each 3D cell volume independent of 

their total volume and length. Moreover, cross sections from 14 (7 control and 7 

diabetic) 2D TEM images were analysed previously in chapter 2 to quantify the 

ultrastructural changes in diabetic cells. To repeat this study using newly collected 3D 

datasets, a total 25 random 2D cross sections were selected from each of the 7 3D 

SBFSEM image stack. 
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Latin hypercube sampling was used to select the 25 random cross sections from each 

3D image stack. The selected cross sections from each image stack included 5 

sections that contain a portion of the nucleus and 20 sections that instead consist of a 

PNM region (without nucleus). This was necessary to understand how the 

mitochondrial ultrastructure varies around the nuclear regions in control and diabetes. 

These different selections of cross sections were analysed together and also 

separately for different ultrastructural parameters, such as mitochondrial area fraction, 

cluster size and p/a ratio.  

Table 4.1: Length and volume of the cell image stacks automatically segmented 

from SBFSEM images. 

Cell  Complete volume Length Volume 

HSD478_1             Yes  180 µm 53,184 µm3 

HSD478_2  

No 

110 µm 20,721 µm3 

HSD460_1 25 µm 8,467 µm3 

DSD276_1  

 

Yes 

120 µm 18,406 µm3 

DSD276_2 80 µm 12,087 µm3 

DSD276_3 83 µm   9,197 µm3 

DSD276_4 80 µm  9,172 µm3 
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4.3.5 Analysis of mitochondrial area fraction in 2D cross sections       

The total area fraction of mitochondria in each cross section was simply the ratio of 

total mitochondrial area and cell cross section area. 

���� 
��I��"�:3X0Y,0Z./3; =  �"��[ ���� "
  ���"Iℎ"����� �� I�[[  I�"�� ��I��"�
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 I�[[ I�"�� ��I��"�  

(4.1) 

4.3.6 Analysis of mitochondrial connectivity in 2D cross sections       

The broader goal of this analysis was to investigate whether the randomly sampled 

2D cross sections can reveal information about the mitochondrial network that are not 

otherwise revealed by the 3D mitochondrial connectivity analysis based on large cell 

volumes. Specifically, we wanted to investigate whether the mitochondrial regions in 

the interior of diabetic cells form higher number of connections with the 

subsarcolemmal mitochondria (SSM). Since average diameter of SSM is around  0.83 

µm (149) in rat cardiomyocytes, it was first assumed that all mitochondrial pixels in 2D 

cross sectional images, that are located within a 1 µm distance from the cell membrane 

will be associated with SSM (Fig 4.6). Following this, mitochondrial pixels that were 

spatially connected with SSM pixels, including the SSM pixels themselves, were 

designated as a part of peripheral mitochondrial regions. It was assumed that the 

mitochondria located in the peripheral regions will be electro-chemically connected 

with the SSM located in the cell periphery due to the observed spatial connections. All 

the other mitochondrial pixels present in the cross sections were marked as a part of 

core mitochondrial regions.  
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Figure 4.6: Identification of peripheral and core mitochondrial regions.   Peripheral 

mitochondrial regions are spatially connected with the SSM located near the cell 

membrane, while the core regions are not connected with SSM. All the mitochondrial 

regions located within a 1 µm distance from cell membrane were identified as SSM for 

this analysis. 

We further quantified the extent or strength of the spatial connections between the 

SSM and the rest of the mitochondrial regions by calculating the area percentage of 

the peripheral and core mitochondrial regions in each cross section.  
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A higher area percentage of the peripheral region should signify stronger connections 

with the SSM located in the cell periphery and vice versa.  

4.3.7 Segmentation refinement and analysis of cluster morphology  

Mitochondrial clusters present in 2D binary images were first identified by using the 

bwconncomp function in MATLAB R2017a (137). Subsequently, the regionprops 

function was used to find numeric density of mitochondrial clusters (number of clusters 

per cross section area), as well as area (size) and p/a ratio (shape) of each 

mitochondrial cluster. 

Although the semi-automated algorithm had a high accuracy in segmenting the 

SBFSEM images, each segmented mitochondrial image contained several small 

areas (total area less than 0.05 µm2) that were mistakenly identified as mitochondria 

(Fig 4.7). The bwconncomp function also identified these small areas as individual 

mitochondrial clusters.  However, most of these small ‘false positive’ areas either 

corresponded to locations in sarcolemmal membrane or other non-mitochondrial 

regions. Fig. 4.7 shows some of these small areas present in a single 2D cross section 

from a binary mitochondrial image stack.  
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Figure 4.7: Segmentation errors.  (A) Overlap of a cross section from the SBFSEM image 

of a diabetic cell and its corresponding segmentation of mitochondria (in red). (B) 

Zoomed in view of a small part of the cell cross section and its corresponding 

segmentation. The arrows point towards errors in the segmentation. The small areas near 

the border of the cell, pointed by the cyan arrows, belong to the sarcolemmal membrane. 

However, they were picked up as mitochondrial region by the segmentation algorithm. 

Due to their very small size, these ‘false positive’ areas do not impact the overall 

accuracy of the algorithm and parameters like total mitochondrial area fraction in 2D 

cross sections. However, these small areas strongly affect the statistical distribution 

of morphological parameters representing mitochondrial cluster density, size and 

shape. Therefore, before analysing the mitochondrial cluster density, size and shape, 

it was necessary to remove these small areas from the mitochondrial binary images. 

To refine the segmented mitochondrial images, each cross-section image was first 

divided into a SSM region (thickness of 1 µm) and a core region as shown previously 

in Fig. 4.6. Subsequently, bwareaopen function was used to remove all mitochondrial 
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clusters below a certain area. Based on manual segmentations, this critical area was 

selected to be 0.05 µm2 for the SSM regions and 0.02 µm2 for rest of the mitochondrial 

segmentations. Following image refinement, morphology of the mitochondrial clusters 

present in the refined 2D cross sections was analysed by measuring the numeric 

density of mitochondrial clusters (in 1/µm2), absolute size of the clusters (in µm2) and 

the p/a ratio of each cluster.  
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4.3.8 Analysis of mitochondrial density distribution 

Local area density of mitochondria at a given point in the cell cross section is defined 

as the proportion of mitochondrial pixels located within a small square kernel window 

which is centred at the given point. As discussed earlier in chapter 3, a kernel window 

size of 1.7 µm X 1.7 µm was used for calculating the local densities in chapter 4. 

We followed two different protocols to quantify the overall mitochondrial density 

distribution in a cross section. In the first protocol, previously followed in chapter 3, we 

measured mitochondrial local area density for all the pixel points present inside the 

randomly sampled cell cross sections. In the second protocol, we measured the 

mitochondrial local area density only for the pixels located in the myofibril regions. This 

second measurement, titled – ‘mitochondrial area density for myofibril regions’, 

provides an indirect estimate of myofibrillar distribution relative to mitochondrial 
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distribution, as well as, how far the points in myofibrils are located from nearby 

mitochondrial regions. 

Table 4.2 summarises various ultrastructural parameters and measures described in 

the methods section.  

Table 4.2: Summary of ultrastructural parameters 

Name of parameter Domain Significance 

3D mitochondrial connectivity 3D volume Spatial connectivity 

Mitochondrial area fraction  

 

2D cross 
sections 

 

Area fraction of mitochondria 
in cross sections 

Peripheral and core mitochondrial 
region area percentage 

Area fraction of peripheral and 
core mitochondrial regions / 
2D spatial connectivity 

Numeric density of mitochondrial 
clusters 

Extent of Mitochondrial 
clustering / 2D spatial 
connectivity  

Area of mitochondrial clusters  
Individual 
clusters in  
2D cross 
sections 

Size of clusters / 2D spatial 
connectivity 

p/a ratio of mitochondrial clusters Size / shape of clusters 

Local area density of 
mitochondria 

(for total cross section and 
myofibril regions) 

 
2D cross 
sections 

Mitochondrial distribution 
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4.4 Results 

4.4.1 Mitochondrial spatial connectivity in 3D cell volume 

Majority of the mitochondrial regions (>95%) were spatially connected into a large cell 

wide mitochondrial network in all the image sets used in the study. Fig. 4.8 illustrates 

this point using a 2D colour labelled representation of the 3D mitochondrial 

connections.  Adjacent 2D mitochondrial clusters in the cross sections, marked by the 

same colour, belongs to the same continuous and interconnected 3D mitochondrial 

region present within a given image volume under consideration. Mitochondrial 

connectivity is minimum when it is calculated over a single 2D cross section. A single 

cross section contains many separate 2D clusters that are not connected with each 

other within the same section (Fig. 4.8A). However, when a 3D volume consisting of 

multiple cross sections is considered, the apparently separate mitochondrial clusters 

are found to be connected with each other. As shown in Fig. 4.8B, more than 95% of 

all mitochondrial pixels, present in a volume spanning ten sarcomeres (~21.5 µm 

length), are spatially connected with each other. These results are consistent across 

all the control and diabetic image sets.   
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Figure 4.8: Mitochondria are spatially connected into a single network. (A) 2D cross 

sectional image contains multiple mitochondrial clusters that are not connected spatially 

within the same section (marked by different colours). (B) However, when a 3D volume 

spanning over ten sarcomeres is analysed instead of 2D cross sections, more than 95% of 

the mitochondrial clusters in a given cross section are found to be connected with each 

other (marked by red). The very small mitochondrial cluster, marked by blue in the left 

figure, is not connected with the other mitochondrial clusters.   

4.4.2 Mitochondrial area fraction in 2D cross sections 

The histograms in Fig. 4.9 show that the cell cross sections from the diabetic tissue 

block have a higher mitochondrial area fraction (median ~ 55%) compared to the cross 

sections from two control tissue blocks (median ~ 49%). It is also evident that diabetic 

cells cross section areas (median ~ 113 µm2) are around 1/3rd of the control cell cross 

section areas (median ~ 313 µm2). The scatter plot in Fig. 4.9 shows the correlation 

between total area fraction of mitochondria present in each randomly sampled cross 

sections and the corresponding cell cross section areas. As evident from the scatter 

plot, there is a negative correlation (correlationship coefficient, Rcontrol = -0.55 and 

Rdiabetes = -0.67) between mitochondrial area fractions and cell cross section areas. 
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Smaller the cell cross section, higher is the area fraction of mitochondria in both control 

and diabetic cross sections. However, a closer observation of Fig. 4.9 reveals that 

even for the same cell cross section sizes, the mitochondrial area fractions in diabetic 

cross sections are substantially higher than their control counterparts. Therefore, the 

increase in mitochondrial area fraction in diabetes cannot be completely attributed to 

smaller cross section areas.  

 

Figure 4.9: Mitochondrial area fraction and cross-sectional area of 2D cross 

sections.  The left histogram shows the total area fraction of mitochondria present in 

each randomly sampled cross section, and the bottom histogram shows the 

corresponding cell cross section areas. The scatter plot in the middle shows the 

correlation between these two parameters.     
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4.4.3 Mitochondrial spatial connectivity in 2D cross sections 

The 3D connectivity study in the previous section revealed that most mitochondria 

form a large spatially connected cell wide network in both the control and diabetic 

datasets. However, these results do not account for the structure of the mitochondrial 

network, i.e., even if all the mitochondria are spatially connected with each other, the 

number of connecting branches, connection points and fractal dimensions can be 

vastly different between two different mitochondrial networks. The results from the 3D 

connectivity analysis in section 4.4.1 do not reflect these possible differences in 

network morphology. Therefore, we analysed individual cross sections to investigate 

potential changes in the connectivity between peripheral and core mitochondrial 

regions in control and diabetic cells. Peripheral mitochondrial regions are defined as 

mitochondrial clusters spatially connected with SSM present in cell periphery. Based 

on the hypothesis of mitochondrial membrane potential conduction (54), peripheral 

mitochondrial regions are more likely to be electrically connected with the SSM and 

be able to share the membrane potential generated by the oxygen rich SSM. On the 

other hand, the core mitochondrial regions are not spatially connected with the SSM. 

Consequently, these mitochondrial regions have a lower likelihood of electrical 

connectivity with SSM. Core mitochondrial regions may consist of both interfibrillar 

mitochondria (IFM) and perinuclear mitochondria (PNM). Fig. 4.10 shows the 

peripheral and core mitochondrial regions present in two representative cross sections 

from the control and diabetic image stacks. 

 

 

 



 

126 

 

 

Figure 4.10: Peripheral and core mitochondrial regions present in a control and a 

diabetic cross section.  The diabetic cross section has a higher percentage of peripheral 

mitochondrial regions compared to the control cross section. 

In the control tissue blocks, peripheral mitochondrial regions account for around 70% 

of the total mitochondrial area, while core mitochondrial regions contain a much lesser 

30% mitochondrial area (Fig. 4.11). However, in the diabetic tissue blocks, percentage 

of the core mitochondrial area drops down to a negligible value and the peripheral 

mitochondrial regions account for almost 100% of the total mitochondria. These results 

were consistent across all the different selections of mitochondrial cross sections, 

regardless of the presence of nucleus or PNM. 
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Figure 4.11: Percentage of peripheral mitochondrial regions is higher in diabetic 

cross sections. The histograms show the distributions of percentages of core and 

peripheral mitochondrial area compared to the total mitochondria area present in each 

cell cross section. The scatter plots show the correlation between percentages of 

core/peripheral mitochondrial area in each cell cross section and corresponding 

mitochondrial area fraction or cell cross section area. The y-axes in all the three plots 

represent the same variable, i.e., percentages of core and peripheral mitochondrial area.. 

The scatter plots in Fig. 4.11 show the relationship between the area percentages of 

the two mitochondrial regions and the corresponding cell cross section area or 

mitochondrial area fraction. Peripheral mitochondrial regions are located along the 

periphery of the cell cross sections. Increase in the cell cross-sectional area decreases 

the p/a ratio of cell cross sections, which reduces the percentage of peripheral 

mitochondrial regions and increases the percentage of core mitochondrial regions. On 

the other hand, increase in the mitochondrial area fraction leads to higher 
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mitochondrial connectivity. Consequently, percentage of peripheral mitochondrial 

regions, connected with the SSM, correlates positively with total mitochondrial fraction. 

A reverse relationship is observed for the core mitochondrial regions.  

4.4.4 Numeric density of mitochondrial clusters in 2D cross sections 

Fig. 4.12 presents the relationship between numeric density of mitochondrial clusters 

and the cell cross section area or mitochondrial area fraction of corresponding cell 

cross sections. As evident from the histogram in Fig. 4.12, diabetic cell cross sections 

have a substantially lower number of mitochondrial clusters present per µm2 of cell 

cross section area (median ~ 0.126 clusters/µm2) compared to the control cross 

sections (median ~ 0.237 clusters/µm2). This result is consistent with our previous 

findings from 2D TEM images reported in chapter 2 and the article in AJP cell 

physiology (127).  

Increasing the mitochondrial area fraction increases the probability of two 

mitochondrial pixels to be spatially connected with each other. Due to the higher 

spatial connectivity between mitochondrial pixels, size of the clusters should also 

increase, while the total number of clusters present in a cross section should decline. 

This theoretical relationship between numerical density of clusters and mitochondrial 

area fraction is reflected in the scatter plots in Fig. 4.12 through the negative 

correlation (Rcontrol = -0.47 and Rdiabetes = -0.36) between these two parameters. 

However, Fig. 4.12 also shows that there is a weak correlation (Rcontrol = -0.065 and 

Rdiabetes = -0.11) between cell cross section area and the corresponding numerical 

density of mitochondrial clusters.  
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Figure 4.12: Numeric density of mitochondrial clusters is lower in diabetic cross 

sections.   The histograms show the distribution of spatially averaged numeric density of 

mitochondrial clusters in each cross section. The scatter plots show the correlation 

between numeric density of mitochondrial clusters in each cell cross section and 

corresponding mitochondrial area fraction or cell cross section area. 

4.4.5 Mitochondrial cluster size in 2D cross sections 

Fig.  4.13 presents the relationship between average size of mitochondrial clusters in 

the randomly sampled cell cross sections and the corresponding cell cross section 

area or mitochondrial area fraction. As discussed before in subsection 4.4.4, there is 

a positive correlation (Rcontrol = 0.74 and Rdiabetes = 0.70) between mitochondrial cluster 

size and mitochondrial area fraction. But cell cross section area does not correlate well 

with the mitochondrial cluster size (Rcontrol = -0.15 and Rdiabetes = -0.32). It is also evident 

from the histogram in Fig. 4.13 that median of average mitochondrial cluster size in 

diabetic cross sections (median ~ 5 µm2) is more than two times higher than the 
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corresponding value in control cross sections (median ~ 2 µm2).  However, quantifying 

average (mean) values of mitochondrial clusters in each cell cross section do not 

provide a complete picture of how the statistical distribution of mitochondrial cluster 

size is affected in type I diabetes. Therefore, all the mitochondrial cluster size values 

from different 2D cross sections were assembled into a single control or diabetic 

distribution and subsequently analysed using graphical tools like cumulative 

distribution function (CDF) plot and violin plot. 

 

Figure 4.13: Average size of mitochondrial clusters is higher in diabetic cross 

sections.   The histograms show the distributions of average mitochondrial cluster size 

in each cross section. The scatter plots show the correlation between average 

mitochondrial cluster size in each cell cross section and corresponding mitochondrial 

area fraction or cell cross section area. 
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As illustrated in the CDF plot in Fig. 4.14, the overall distribution of mitochondrial 

cluster size was significantly different between control and diabetic cells (P<0.05 in KS 

Test). Fig. 4.14 also compares the CDF of mitochondrial cluster size for clusters 

belonging to cross sections containing nucleus (5 cross sections sampled from each 

cell) or cross sections containing PNM (20 cross sections sampled from each cell). 

There was no significant difference (p>0.05) between the distribution of these two 

different groups of mitochondrial cluster sizes in both control and diabetes.  

 

Figure 4.14: CDF plots of mitochondrial cluster sizes in control and diabetes. The 

CDF plots show the cumulative distribution of mitochondrial cluster size values 

assembled from the randomly sampled cross sections. The cluster size distribution is 

significantly different between control and diabetic cross sections, but not different 

between cross sections containing nucleus and PNMs. 

Fig. 4.15 presents a violin plot representation of the control and diabetic mitochondrial 

cluster size values. It is evident from the violin plots that control cross sections had a 
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higher relative frequency compared to diabetic cells for mitochondria sized between 

0.1 to 1 µm2. In contrast, diabetic cross sections had majority of their cluster sizes 

either more than 1 µm2 or less than 0.1 µm2. It is also evident that the control cluster 

sizes follow a log-normal distribution with a median at around 0.35 µm2. The average 

diameter of individual mitochondria is around 0.7 - 0.85 µm in control cells, which is 

comparable to the single peak cluster area of 0.35 µm2 observed in the histogram. In 

contrast, the diabetic cluster size distribution has two peaks at different values. It is 

also more spread out and skewed compared to the control distribution. These results 

remained unchanged regardless of whether the analysis was done for cross sections 

containing nucleus or cross sections containing PNM.  

 

Figure 4.15: Violin plots of mitochondrial cluster sizes in control and diabetes.   

Violin plots are similar to box plots, except that the box shape is replaced by the 

probability density of the data (cluster sizes) at different values, similar to histograms. 

The small box in the centre represents first and third quartiles (Q1 and Q3) of the data.  



 

133 

 

The observed changes in mitochondrial cluster size distribution (Fig. 4.15) also had 

other important consequences for the mitochondrial organization. Q3 of the 

mitochondrial cluster size distribution was higher in diabetes, while Q1 of the 

distribution was lower in diabetes. Consequently, the interquartile range (IQR) of 

mitochondrial cluster size distribution was substantially higher (>50%) in diabetic cells. 

The result implies that mitochondrial cluster size distribution is more heterogeneous in 

diabetic cross sections compared to the control cross sections.   

The lower Q1 value of diabetic mitochondrial cluster size distribution is a consequence 

of increased fragmentation of individual mitochondria in diabetes. As shown previously 

in chapter 2, due to increased fragmentation, individual mitochondrial size is 

significantly lower in diabetes. Many of these fragmented mitochondria also cluster 

together to form large mitochondrial clusters, which is reflected in the increased Q3 

values in diabetes. However, not all fragmented mitochondria become part of a large 

cluster within a 2D cross section. In the mitochondrial cluster size analysis, these 

fragmented and isolated small mitochondria are treated as separate clusters, which 

results in a lower Q1 value of mitochondrial cluster size distribution in diabetic cells. 

This phenomenon is also evident in the probability densities in Fig 4.15, where the 

diabetic cluster size distribution has multiple peaks due to the two different ‘modes’ of 

structural alterations – increased mitochondrial fragmentation and increased 

mitochondrial clustering present simultaneously.  

4.4.6 Mitochondrial cluster p/a ratio in 2D cross sections 

Previously in chapter 2, it was found that mitochondrial clusters have a higher p/a ratio 

in diabetic cells. This analysis was based on a limited number of 2D high resolution 

TEM images. The automatically segmented 3D SBFSEM image stacks, studied in the 

current chapter, gave us an opportunity to redo the analysis with a higher sample set. 
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Therefore, we also analysed the p/a ratio of mitochondrial clusters present in the 2D 

cross-sections randomly sampled from the 3D image stacks.  

As illustrated in the CDF plots in Fig. 4.16, the overall distributions of p/a ratio of 

mitochondrial clusters were significantly different between control and diabetic cells 

(P<0.05 in KS Test). Fig. 4.16 also compares the CDFs of the p/a ratio of mitochondrial 

clusters belonging to cross sections containing nucleus or cross sections containing 

PNM. There was no significant difference (p>0.05) between the distribution of these 

two different groups of mitochondrial cluster p/a ratios in both control and diabetes.  

 

Figure 4.16: CDF plots of mitochondrial cluster p/a ratios in control and diabetes.  

The CDF plots show the cumulative distribution of mitochondrial cluster p/a values 

assembled from the randomly sampled cross sections. The p/a distributions are 

significantly different between control and diabetic cross sections, but not different 

between cross sections containing nucleus and PNM. 
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The violin plots in Fig. 4.17 compare the distributions of mitochondrial cluster p/a ratio 

in cross sections randomly sampled from the control and diabetic image stacks. It is 

evident from the figure that median of the p/a distribution in the diabetic cross sections 

was higher by a margin of 8% compared to their control counterpart. It should be also 

noted that the p/a distribution generated from diabetic cross sections had two different 

peaks compared to only one peak in the control distribution. The diabetic p/a 

distribution was also more spread out and skewed compared the control distribution. 

 

Figure 4.17: Violin plots of mitochondrial cluster p/a ratio in control and diabetes.   

The violin plots compare the distributions of mitochondrial cluster p/a ratio in cross 

sections randomly sampled from the control and diabetic image stacks. The diabetic p/a 

ratio distribution was more spread out and skewed compared the control distribution. 

 

 



 

136 

 

4.4.7 Heterogeneity in mitochondrial density distribution in 2D cross sections 

Previously in chapter 3, it was shown that there can be significant variation in the local 

mitochondrial area density within a single control cell cross section. It was also 

predicted that mitochondrial density distribution can regulate the metabolic landscape 

of corresponding cell cross sections. In the current chapter, distribution of 

mitochondrial area density in each cell cross section was calculated using two different 

protocols.  The first protocol was similar to that used in chapter 3 – where a square 

window of 1.7 µm * 1.7 µm was used to calculate the local mitochondrial density at 

each point in the cell cross section. In the second protocol, the square window was 

only placed over the myofibril regions in the cell. The second measurement, titled – 

‘mitochondrial area density for myofibril regions’, provides an indirect estimate of 

myofibrillar distribution relative to mitochondrial distribution, as well as, how far the 

points in myofibrils are located from nearby mitochondrial regions. In order to 

quantitatively analyse the spatial variation of mitochondrial density distribution, IQR of 

the mitochondrial density distribution was calculated for each cell cross section.  The 

histograms in Fig. 4.18 present the IQRs of mitochondrial density distribution in the 

automatically segmented SBFSEM cross sections, corresponding to the two different 

protocols. As evident from the figure, median of IQRs of mitochondrial density 

distribution (for entire cell cross sections, protocol 1) was higher by a margin of around 

20% in the diabetic cross sections compared to their control counterparts. For the 

second protocol, i.e., mitochondrial density distribution for only myofibril regions, the 

difference between control and diabetic median was even higher at 25%. 
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Figure 4.18: Heterogeneity in mitochondrial area density distribution.  The 

histograms show IQR of mitochondrial local area density distribution in each 2D cross 

section, corresponding to two different protocols – mitochondrial density distribution for 

entire cell cross section and mitochondrial density distribution only for myofibrils. The 

scatter plots show the correlation between IQR of mitochondrial density distribution in 

each cross section and corresponding mitochondrial area fraction. 

The scatter plots in Fig. 4.18 present the correlation between mitochondrial area 

fraction and the two different measurements of IQR of mitochondrial density 

distribution. From a mathematical perspective, an increase in mitochondrial area 

fraction in a given cross section will make the mitochondrial clusters more closely 

packed inside the cross section. The closer packing of mitochondria should make the 

mitochondrial distribution more homogenous. Consequently, the IQR of mitochondrial 

density distribution should also decrease. This theoretical relationship is reflected in 

the weak negative correlation between IQR of mitochondrial density distribution in 
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cross sections and corresponding mitochondrial area fraction. However, although the 

diabetic cell cross sections have a higher area fraction than the controls, it should be 

noted that the median of diabetic IQR values is still higher than that of control.   

4.4.8 Comparison between results obtained from SBFSEM and TEM images. 

Previously in chapter 2, 14 (7 control vs 7 diabetic) high resolution 2D transverse-

sectional images of cardiomyocytes were collected using  TEM. These TEM images 

were manually segmented using IMOD (136). Fig. 4.19 presents a comparison of the 

control and diabetic distributions of mitochondrial cluster size in the TEM cross 

sections and the randomly sampled SBFSEM cross sections analysed in the current 

chapter. Due to the small sample set of TEM images, all the mitochondrial cluster size 

values from different TEM cross sections were assembled into a single control or 

diabetic distribution and compared with corresponding distributions from SBFSEM 

cross sections.  

As evident from the histograms in Fig. 4.19, the control distributions of cluster size 

followed a log normal distribution with a single peak in both TEM and SBFSEM cross 

sections. However, the distribution corresponding to control SBFSEM images showed 

a higher relative frequency for large clusters (> 10 µm2). The diabetic SBFSEM cross 

sections contained an even higher relative frequency for large clusters. In contrast, the 

diabetic TEM images had fewer clusters larger than 10 µm2. Regardless, it should be 

noted that relative frequency for mitochondrial clusters larger than 10 µm2 was higher 

in the diabetic TEM images when compared to the control TEM images. 
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Figure 4.19: Comparison of control and diabetic mitochondrial cluster size 

distributions from different datasets.   The histograms show the control and diabetic 

mitochondrial cluster size distributions in automatically segmented SBFSEM cross 

sections (top) and manually segmented TEM cross sections (bottom). 

Fig. 4.20 presents a comparison of the control and diabetic distributions of 

mitochondrial cluster p/a ratios. As evident from the violin plots, median of the p/a 

distribution in the diabetic SBFSEM cross sections was higher by margin of 8% 

compared to its control counterpart. This result is only in partial agreement with the 

results from TEM cross sections where the median of p/a distribution was found to be 

22.5% higher in diabetes. This difference between the two sets of results can be 

explained by the small sample set of TEM cell cross sections.  
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Figure 4.20: Comparison of control and diabetic mitochondrial cluster p/a 

distributions from different datasets. The violin plots show the control and diabetic 

mitochondrial p/a distributions in automatically segmented SBFSEM cross sections and 

manually segmented TEM cross sections. 

Regardless of the quantitative difference, it should be noted that the p/a distributions 

obtained from SBFSEM and TEM cross sections are qualitatively similar. For instance, 

the control distributions of p/a ratio consist of a single peak in both the image sets, 

while the diabetic distributions contain two different peaks and are also more spread 

out compared to corresponding control distributions.  

In order to compare the mitochondrial local area density distributions between the TEM 

and randomly sampled SBFSEM cross sections, mitochondrial local area density 

values, corresponding to each pixel present in the cross sections, were assembled 

into a single control or diabetic distribution and analysed together. The first two violin 

plots in Fig. 4.21 present the overall distribution of mitochondrial area density 
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corresponding to all the pixels present in randomly sampled control and diabetic 

SBFSEM cross sections. The same figure also presents the results of similar analysis 

conducted on TEM cross sections.  

 

Figure 4.21: Comparison of mitochondrial area density distributions obtained 

from different image sets.  Overall distributions of mitochondrial local density values 

in each pixel present in the control and diabetic cross sections obtained from 

automatically segmented SBFSEM cross sections and manually segmented TEM cross 

sections. 

As evident from Fig. 4.21, mitochondrial area density distributions in all the four sets 

of images follow a bell-shaped curve, but the diabetic distributions have around 15% 

higher IQR compared to the control distributions in both the automatically segmented 

SBFSEM cross sections and the manually segmented TEM cross sections. Therefore, 

both the TEM and SBFSEM cross sections show evidence of increased heterogeneity 

of mitochondrial distribution in type I diabetes.  
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4.5 Discussion 

4.5.1 Relationship between cellular ultrastructure and metabolism in diabetes. 

Previously in chapter 3, it was shown that cardiomyocytes with higher mitochondrial 

area fraction have a higher ATP hydrolysis rate and lower ADP/ATP ratio for the same 

level of stimulation of cross bridge cycle. The increased mitochondrial area fraction, 

observed in the diabetic cells from DSD276 tissue block, should also lead to higher 

ATP hydrolysis rate compared to the control cells. However, mitochondrial dysfunction 

in diabetes has been shown to substantially decrease the ATP synthesis capacity of 

cardiac mitochondria. Therefore, it might be possible that higher mitochondrial area 

fraction in DSD276 cells might be an adaptive response to decreased ATP synthesis 

capacity of diabetic mitochondria.  

Mitochondrial cluster size and p/a ratio were significantly higher in the diabetic image 

stacks. Beside this, IQRs of distributions were also higher (>50%) in the diabetic cells 

for both the cluster size and p/a distribution. In the same line, IQRs of the mitochondrial 

local area density distributions (for myofibril regions) differed by a margin of around 

20% between control and diabetic image stacks. Previously in chapter 3, our results 

suggested that mitochondrial local area density can be a driving factor behind non-

uniform distribution of metabolites like inorganic phosphate and creatinine. Thus, the 

observations in the current study lead to a crucial question - whether the increased 

heterogeneity in mitochondrial cluster size, p/a ratio and area density have any 

significance to overall functioning of the cell, or whether these changes become 

inconsequential to cellular metabolism due to other metabolic factors? This question 

necessitates an analysis of the metabolic landscapes of the diabetic cells under 

different conditions, similar to the computational analysis presented in chapter 3.   
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4.5.2 Spatial Connectivity vs electro-chemical connectivity of mitochondria 

The results from the current study suggest that majority of the cardiac mitochondria 

are spatially connected with the SSM located near the cell periphery. The 

mitochondrial clusters in the cell core, which are disconnected from the SSM in 2D 

transverse sections, only contain less than 30% of the total mitochondrial content in 

control cells. But this ratio drops down to less than 5% in the cross-sectional images 

collected from diabetic tissue blocks. Majority of the mitochondrial areas in diabetic 

cross sections were found to be spatially connected with the SSM. Spatial connection 

between two adjacent mitochondria, however, does not necessarily guarantee 

electrical or metabolic connectivity between them.  

In a 2017 study based on high resolution electron microscope images, Picard et al 

(65) suggested that two adjacent mitochondria can be electro-chemically coupled if 

small electron dense regions called inter-mitochondrial junctions (IMJs) are present 

between the adjacent mitochondrial outer membranes.  In a subsequent 2017 study, 

Glancy et al (54) proposed that cardiac mitochondrial network can be divided into a 

number of electrically separated axial subnetworks based on the presence of IMJs. 

While all the mitochondria within a sub network are connected through IMJs, IMJs are 

absent between adjacent mitochondria belonging to two different subnetworks.  

In the current study, we could not detect any electron dense dark regions between 

adjacent mitochondria in both the high resolution 2D TEM images and the low-

resolution 3D SBFSEM images. Therefore, we only relied on spatial connectivity to 

analyse the mitochondrial networks. It was assumed that overall electro-chemical 

connectivity between the mitochondrial regions will be roughly proportional to the 

spatial connectivity observed in the EM images. Moreover, it should be noted from the 

previous studies that IMJs can be highly dynamic in nature and can immediately 
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respond to conditions like exercise and depolarization. For instance, Picard et al (150) 

showed that increasing the workload through exercise in skeletal muscles can 

increase the amount of IMJs by two to three-fold without significantly altering the 

morphology and spatial organization of mitochondria. Therefore, it can be assumed 

that in higher cardiac workloads or conditions like ischemia, majority of the spatially 

connected mitochondria will be also connected electrochemically, through formation 

of new IMJs, while maintaining the same organization observed in electron 

micrographs. It needs to be further investigated whether increased electro-chemical 

connectivity can have any adaptive effect on the energy metabolism of diabetic 

cardiomyocytes. 

4.5.3 Limitations of the study 

The major limitation of the overall study in chapter 4 was the small sample set of tissue 

blocks and animals used for SBFSEM imaging. The study incorporated two different 

control animals and one diabetic animal. There was also only one tissue block 

collected from each animal.  

A consequence of this small sample set is reflected in the smaller diabetic cell volumes 

and cross section areas compared to the control cell volumes and cross section areas. 

All the cells present within the DSD276 tissue block, including the four cells considered 

for quantitative analysis, had an average cell cross section area of around 100 µm2 - 

150 µm2. This value is substantially smaller than the average cross section area of 

control cells – which is around 300 µm2 - 350 µm2. In fact, none of the cells present in 

the DSD276 block had a cross section area larger than around 150 µm2. This is in 

contrast with the previously collected 2D TEM images from three different diabetic 

animals - where several diabetic cell cross sections had an area in the range of 200 



 

145 

 

µm2 - 300 µm2. There are also several studies in literature which show cardiomyocyte 

hypertrophy in type I diabetes (3, 74).  

In order to understand how the smaller cell cross section sizes observed in the 

DSD276 tissue block impact other ultrastructural parameters like mitochondrial density 

distribution and cluster morphology, the results section also presents the correlation 

between these different parameters. Firstly, mitochondrial area fraction in cell cross 

sections was found to have a medium correlation with the corresponding cell cross-

sectional areas. But from the current analysis, it is not clear if this relationship is simply 

coincidental or have any biological significance. It should be noted that there are many 

studies in literature that report increased mitochondrial fraction in type I diabetic rodent 

cardiomyocytes (1, 72, 97). 

Morphological parameters like mitochondrial cluster size and numeric density of 

mitochondria showed a strong correlation with mitochondrial area fraction. In contrast, 

these parameters did not correlate well with size of the cell cross sections. This 

signifies that the smaller volume and cross-sectional area of the cells in DSD276 tissue 

block do not play a significant role behind diabetic ultrastructural alterations like 

mitochondrial clustering.  
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4.5.4 What changes first? ultrastructure or metabolism? 

The 3D SBFSEM image stacks used for the analysis described in the results section 

were collected from three different tissue blocks. These blocks were prepared at 

University of Auckland from control and 9-week post injection STZ induced diabetic 

rat hearts.  

Recently, a new set of a control and a diabetic tissue block was prepared by Prof. Lea 

Delbridge at University of Melbourne. The diabetic tissue block was collected from a 

rat heart after 8 weeks of STZ treatment. Small sections (containing partial volumes 

of 1 - 2 cells) from both the blocks were imaged by SBFSEM using a protocol similar 

to that described in the methods. Unlike the cells present in the previous tissue blocks 

prepared at University of Auckland, SBFSEM imaging revealed that the cells present 

in the new control and diabetic tissue blocks had remarkably similar cellular 

ultrastructure, and there was negligible difference between various ultrastructural 

parameters (e.g., mitochondrial morphological parameters and area density 

distribution) corresponding to the control and diabetic cells. These apparently 

contradictory results from the new images suggest that diabetes does not affect the 

ultrastructure of all the cells equally. In our previous TEM based imaging study (sample 

set of 7 control cells vs 7 diabetic cells), we indeed found several diabetic cells that 

did not show substantial ultrastructural changes compared to the control cells.  

In a previous study based on Alloxan induced diabetic SD rat heart cells, Thomson et 

al. (2) found that only around 15% of all the cells in the left ventricle undergo structural 

disorganization after 6 weeks of diabetes. But this percentage is increased up to 60% 

after 26 weeks of diabetes. In another unpublished work on STZ induced type I 

diabetes, our research group collected 2D TEM images of diabetic rat hearts after 7 

weeks and 9 weeks of single STZ injection. The images revealed that 7 weeks of post 
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STZ treatment time do not lead to any substantial structural changes, while there are 

substantial alterations in mitochondrial morphology after 9 weeks. 

These reports indicate that the probability of a cardiac cell to undergo ultrastructural 

alterations increases with the progression of diabetes, and a significant fraction of cells 

will have an altered ultrastructure after 8 – 9 weeks of STZ induced diabetes. However, 

according to majority of the experimental studies on type I diabetes, 4 weeks of post 

STZ treatment time is enough to develop significant changes in the energy metabolism 

of the cell. For instance, Savabi et al (19) reported that STZ induced diabetes leads to 

a gradual decline in total CK activity, reaching a maximum of 35-40% decrease after 

only 4 weeks of diabetes. Similar results on decline of CK activity was also reported 

by Spindler et al (82). In another study, Lashin et al. (14) found that mitochondrial state 

III oxygen consumption in STZ induced SD rats is decreased by a margin of around 

35% after 4 weeks of diabetes, but this decline does not change significantly with 

progression of diabetes. Therefore, compared to the metabolic alterations, the extra 

weeks (4 weeks vs 8 – 9 weeks) required to develop structural alterations in type I 

diabetes imply that the structural alterations are likely a consequence of the metabolic 

alterations, rather than being the cause. However, these results lead to another 

important question – whether the observed ultrastructural alterations are adaptive in 

nature or they lead to further negative consequences for an already disrupted cellular 

energy metabolism? In the next and final chapter of the thesis, we aim to investigate 

this question using structurally detailed finite element models of cardiomyocytes.  
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4.6 Conclusion 

The results presented in this chapter, based on 3D SBFSEM images of 

cardiomyocytes, have confirmed our previous observations on cardiac ultrastructural 

alterations in STZ induced type I diabetes. Mitochondria in diabetic cells were more 

clustered compared to the control cells, and at the same time the diabetic 

ultrastructure was more heterogeneous in terms of cluster size distribution, p/a 

distribution and mitochondrial density distribution. Beside this, we also found 

mitochondrial area fraction to be higher in the diabetic cells compared to the control 

cells. In the next chapter, we aim to determine whether the observed alterations are 

adaptive or maladaptive in nature.   
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Chapter 5 

5                     Interplay of alterations in  

       intracellular architecture and metabolism  

                  in diabetic cardiomyopathy 

 

5.1 Summary 

This chapter focuses on analysing the impact of ultrastructural alterations on energy 

metabolism of diabetic cardiomyocytes. A modified version of the previously 

developed finite element (FE) model of cardiac bioenergetics was used to study the 

metabolic landscape, corresponding to a high workload, in five idealized 1D FE 

meshes as well as nine control and nine diabetic cell cross sections that were utilized 

in previous analyses. The analysis also involved the development of a model of 

mitochondrial dysfunctions in type I diabetic rat hearts. The results from the 1D FE 

meshes show that intracellular diffusion fluxes of adenosine triphosphate (ATP), 

adenosine diphosphate (ADP) and adenosine monophosphate (AMP) are highly 

sensitive to mitochondrial distribution due to their restricted diffusivities. On the other 

hand, creatine kinase (CK) mediated diffusion fluxes of phosphocreatine (PCr) and 

creatine (Cr) have a very low sensitivity to mitochondrial distribution. The results from 

the 2D realistic FE meshes further show that higher mitochondrial area fraction, 

observed in the previously studied diabetic cell cross sections, might be able to 

compensate for the reduced ATP synthesising capacity of diabetic mitochondria. The 

diabetic cell cross sections also have more non-uniform distribution of metabolites like 

ATP and ADP compared to the control cross sections. The interquartile range (IQR) 
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of ADP/ATP distribution in myofibrils was ~20% higher in the diabetic cell cross 

sections. This result is a consequence of mitochondrial clustering and heterogeneous 

arrangement of mitochondria in the diabetic cell cross sections. The non-uniform 

concentration of ATP and ADP resulted in large spatial gradients of myofibrillar ATP 

hydrolysis rate. IQR of ATP hydrolysis rate distribution, normalized by corresponding 

cell cross section sizes, was ~74% higher in the diabetic cell cross sections. 

5.2 Introduction 

Previously in chapter 3, FE models of cardiac bioenergetics were developed from 2D 

cross sections collected from serial block-face scanning electron microscopy 

(SBFSEM) image of a control cardiomyocyte. The FE analysis showed that the 

metabolic landscape of a cell cross section is affected by two ultrastructural 

parameters: (i) mitochondrial area fraction determines the average values of various 

metabolites and reaction rates; (ii) mitochondrial local density distribution determines 

how the metabolites are distributed across the cell cross section. Chapter 4 showed 

that type I diabetes can cause alterations in both these structural parameters. For 

instance, studied diabetic cells had a higher area fraction of mitochondria. They also 

had a substantially more heterogeneous cellular ultrastructure compared to control 

cells. The increased structural heterogeneity is reflected not only in the IQR of 

mitochondrial density distribution, but also in IQR of mitochondrial cluster size 

distribution and mitochondrial perimeter by area (p/a) ratio distribution. 

In this chapter, a modified version of the FE model of cardiac bioenergetics (developed 

in chapter 3) was used to investigate how the ultrastructural alterations in diabetes 

affect the metabolic landscape of the cell. The ultrastructural alterations in type I 

diabetes are also accompanied by mitochondrial dysfunctions leading to decreased 
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ATP (14, 15, 17, 77, 151-153) and PCr synthesis capacity (19, 82-85) of mitochondria. 

Therefore, it becomes necessary to first asses the effects of mitochondrial 

dysfunctions independent of the ultrastructural alterations. Accordingly, FE models of 

cardiac biogenetics were developed, corresponding to both control conditions and 

mitochondrial dysfunctions in type I diabetes.   

Both the FE models were simulated over two different types of FE meshes: idealized 

1D FE meshes and realistic 2D FE meshes based on cross sectional images from the 

previously collected SBFSEM and transverse electron microscopy (TEM) images. The 

2D FE meshes were utilized to accurately quantify the overall effects of the 

ultrastructural alterations on energy metabolism. On the other hand, the idealized 1D 

FE meshes were used for decoupling the effects of different ultrastructural parameters 

and identifying the exact mechanisms and flux transfer pathways that are affected by 

the ultrastructural alterations. 

The 1D meshes contained only one structural parameter – i.e. the diffusion distance 

between the centre of a mitochondrion and the centre of an adjacent myofibril. This 

parameter correlates positively with both mitochondrial cluster size and average 

mitochondrial local area density (for myofibril regions). The results from the 1D FE 

meshes show that: (i) phosphocreatine shuttle coupled with CK reactions, i.e., 

exchange of PCr and Cr between mitochondria and myofibrils,  is least affected by 

structural parameters like intracellular diffusion distance and local mitochondrial 

density; (ii) on the other hand, exchange of AMP, ADP and ATP (adenine nucleotide 

phosphate group or ANPs) are severely impacted by modification to the diffusion 

distance due to their low diffusivity values; (iii) the sensitivity of cardiac energy 

metabolism to ultrastructural alterations correlates positively with the total diffusion flux 
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of ANPs between mitochondria and myofibrils. Higher the ANP diffusion flux, stronger 

the effect of ultrastructural alterations on metabolism. 

The 2D FE meshes were developed from eighteen randomly selected 2D cross 

sectional images from the previously collected SBFSEM and TEM images of control 

and type I diabetic cardiomyocytes. The realistic FE meshes allowed us to incorporate 

all the different structural alterations observed in chapter 4, including increased 

clustering and p/a ratio. The results from the 2D FE analysis show that: (i) increased 

mitochondrial area fraction, observed in the diabetic cell cross sections studied in 

chapter 4, can help alleviate the effects of mitochondrial dysfunctions by increasing 

the level of ATP hydrolysis; (ii) however, compared to control cross sections, diabetic 

cross sections also exhibit a more heterogeneous metabolic landscape due to a 

heterogeneous mitochondrial density distribution. The higher spatial variation in 

distribution of ADP/ATP ratio and ATP hydrolysis rate in diabetic cross sections might 

play a maladaptive role in the cell’s function.  

The following sections present the formulation of the FE model and the subsequent 

results that point towards the above-mentioned findings. Under the methods section, 

the first two subsections describe the modifications introduced in the FE model of 

cardiac bioenergetics from chapter 3. The significance and development of the 1D FE 

meshes have been also elaborated in the methods section. In the results section, the 

model predictions from both the 1D and 2D FE meshes have been validated with 

experimental results. Following this, the development of a model of mitochondrial 

dysfunctions in type I diabetes is presented. Subsequently, the sensitivity of cardiac 

energy metabolism to structural alterations has been analysed using the 1D FE 

meshes. Finally, the effects of ultrastructural alterations in type I diabetes on cardiac 

energy metabolism have been analysed using 2D FE meshes. Chapter 5 ends with a 
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detailed discussion of the physiological significance of the presented results, 

limitations of the current analysis and future directions. 

5.3 Methods 

Several aspects of the FE model from chapter 3 were modified to speed up 

computations before studying the effect of diabetic ultrastructure on cardiac 

bioenergetics. 

5.3.1 Modifications in the FE mesh geometry  

5.3.1.1 Shortcomings in previous FE formulation 

 

In the previous model used in chapter 3, each mitochondrial cluster was divided into 

two separate compartments: a matrix space and an inner membrane space (IMS) to 

simulate the mitochondrial reactions. It was also assumed that the IMS of a 

mitochondrial cluster can be approximated by a narrow boundary region along the 

perimeter of the cluster (Fig. 5.1). These boundary regions had approximately the 

same area as the sum of IMS areas within the individual mitochondria present inside 

the cluster. This assumption is suitable for small clusters, containing no more than 4-

5 mitochondria, usually observed in control cardiomyocytes. However, this assumption 

does not suit well for very large mitochondrial clusters present in diabetic 

cardiomyocytes, since we will be disregarding the extra diffusion distance the 

metabolites like ATP and ADP must travel between the myofibrils and the mitochondria 

located in central parts of the large clusters.  

Moreover, the previous model did not incorporate the extra diffusion distance that 

might be contributed by the cristae. Similar to the IMS, cristae folds inside the 

mitochondrial matrix contain adenine nucleotide translocator (ANT) and mitochondrial 

creatine kinase (mt-CK) which play an important role in transfer of metabolites 
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between mitochondria and myofibrils (47). However, compared to the PCr generated 

in the IMS, the PCr molecules generated by the cristae membrane bound mt-CK must 

travel a significantly larger distance to reach the voltage dependent anion channels 

(VDACs) located in the mitochondrial outer membrane. 

Finally, in chapter 3, a semi-automated protocol based on Matlab R2016 image 

processing toolbox (137) was used to generate the FE meshes from 2D SBFSEM 

cross sections. But this protocol consumes a large amount of both computer time as 

well as personal time (for mesh rectification). As a result, it becomes impractical to use 

the previous protocol for mesh generation in studies where many FE meshes need to 

be generated.  

5.3.1.2 Modifications to the FE formulation 

 

In the new FE model, the IMS and matrix regions were described as a continuum 

through the entire mitochondrial region (Fig. 5.1). Accordingly, the exchange of 

phosphagens (i.e., ATP, ADP, AMP, PCr, Cr and inorganic phosphate - Pi) between 

the mitochondria and myofibrils were modelled through a simple source and sink 

model. For instance, exchange of Pi was modelled as: 

.93
.X =  �93  ab�� + �789;2P  for Pi in myofibrillar FE nodes 

 

(5.1) 

.93
.X =  �93  ab�� − �93c  for Pi in mitochondrial FE nodes 

Here �789;2P is the flux of Pi synthesis due to ATP hydrolysis at the myofibrils, 

calculated in terms of moles per litre of myofibrils. On the other hand, ���6 is the flux 

of Pi consumption through the mitochondrial phosphate hydrogen co transporter (PiH), 

calculated in terms of moles per litre of mitochondria. PiH exchanges Pi between 
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mitochondrial IMS and matrix, which is eventually consumed for ATP synthesis during 

oxidative phosphorylation (OXPHOS). Similar to the equations in chapter 3, �789;2P at 

myofibril nodes was calculated simply as a function of the nodal concentration of ATP, 

ADP and Pi.   

������� =  
 (���, ���, ��) (5.2) 

However, since mitochondria consist of two distinct compartments (i.e., IMS and 

matrix), �93c was not directly calculated using the nodal concentration of Pi. Instead, 

two separate Pi concentrations corresponding to IMS and matrix space were used. 

�93c =  
 (��efg, ��h)  (5.3) 

Equation 5.3 was same as the corresponding equation for �93c from the 

compartmental OXPHOS model developed by Beard et al (124). Beard calculated 

various fluxes across mitochondrial inner membrane, e.g., �93c and ATP synthesis flux 

(�2-Z), in the units of mole per second per litre of mitochondria. These flux terms were 

then scaled by a volume fraction term before being incorporated into the ordinary 

differential equations (ODEs) describing IMS and matrix reactions. For instance, Beard 

modelled the Pi in IMS and mitochondrial matrix using the following equations. 

.93ijk
.X =  lmno_qrqL $stu

vijk
w for Pi in IMS 

.93x
.X =  l $stuLmyz{

vx
w  for Pi in mitochondrial matrix 

 

(5.4) 

 

In these equations, �93_:0: denotes the diffusive flux of Pi from IMS to myofibrils. As 

evident from the two equations, there are two separate pools of Pi present in IMS and 

matrix compartments, and they are coupled with each other through the �93c flux term. 
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Since �93c is calculated in terms of mole per sec per litre of total mitochondria, this flux 

term must be normalized by a volume fraction term (|efg or |<) when incorporated in 

the compartmental ODEs. |efg denotes the fraction of mitochondrial water volume 

where IMS reactions take place, and |h denotes the same for matrix reactions. This 

modelling protocol ensures conservation of mass between different compartments, 

i.e., same total number of moles of a particular species are exchanged between the 

different compartments in steady state.  

 

Figure 5.1: Modifications introduced in the new FE model of cardiac bioenergetics.   

The new model was based on a simplified version of the previously used FE formulation. 

IMS regions in the previous model were assumed to be located along the periphery of 

mitochondrial clusters. In the new model, IMS regions are assumed to be distributed 

uniformly across the whole volume of the mitochondria. Various flux expressions are 

accordingly modified to ensure conservation of mass. 
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In the current FE model, a slightly different approach was used for calculating the IMS 

concentration of Pi at a given mitochondrial node point. ��efg was calculated by scaling 

the nodal Pi concentration by the volume scaling factor |efg. However, ��h was 

calculated using the same equation used by Beard, without any modifications. 

��efg =  93
vijk

   for Pi in IMS 
 

(5.5) 

.93x
.X =  l $stuLmyz{

vx
w  for Pi in mitochondrial matrix 

As mentioned before, the values of ��efg and ��h, calculated using equation 5.3, were 

also used for calculating the flux of �93c in the mitochondrial FE nodes (equation 5.3). 

The �93c flux was further used for calculating the nodal concentration of Pi. In this way, 

Beard’s OXHPHOS model was integrated with the new FE model of mitochondrial 

bioenergetics. A similar approach was used for modelling the mitochondrial reactions 

of all the diffusing phosphagens.  

5.3.1.3 Modifications in the diffusivity of phosphagens 

 

Many previous studies suggest that diffusion of ATP, ADP and AMP will be severely 

restricted in the cell due to presence of diffusion barriers. Based on previous studies, 

the intracellular diffusion restrictions can be divided into three parts: (i) diffusion 

restrictions present in the mitochondrial matrix due to intra-matrix barriers like cristae 

structure and protein complexes (154); (ii) restricted permeability of the VDAC 

channels located at the mitochondrial outer membrane to large anions like ATP and 

ADP (34, 44, 45); (iii) and finally, diffusion obstacles present in the myofibrils due to 

crowding of cytoskeletal and cytosolic proteins (45, 155).  
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In the new model, the diffusivity coefficients for ATP, ADP and AMP (DANP) in the 

myofibril regions were set at a reduced value of 30 µm2/s, which is five times lower 

than the previously used value of 150 µm2/s. The previous value of DANP from Vendelin 

et al (34) was based on experiments on frog skeletal muscles (156). However, recent 

studies indicate that myofibrillar diffusion of ANPs is substantially more obstructed 

(DANP = 24 – 30 µm2/s) in the cardiac muscles, compared to the skeletal muscles (45, 

155, 157), due to the presence of various intracellular barriers.  

In the previous model, the mitochondrial matrix diffusivity was considered to be zero 

for all the metabolites, while only ANP diffusion was restricted in the IMS. The new 

model was also based on similar assumptions. The diffusivity of all the metabolites in 

the mitochondrial regions were assumed to be 10 times lower compared to their 

corresponding values in myofibrils. Due to this formulation, the diffusivity of ANPs in 

the IMS was 3 µm2/s - which is 2% of the diffusivity values of 150 µm2/s in skeletal 

muscles (156). The reduced diffusivity of ANPs was also assumed to represent that 

only 2% of the total VDAC channels are open for ANP transport through the 

mitochondrial outer membrane (45).  

5.3.2 Modifications to the model of phosphocreatine shuttle 

The phosphocreatine shuttle in cardiomyocytes involves the enzymatic activity of two 

different isoforms of creatine kinase enzyme – myofibrillar creatine kinase (M-CK) and 

mitochondrial creatine kinase (mt-CK).  While mt-CK drives the reactions in favour of 

formation of PCr from mitochondrial ATP, M-CK acts in opposite direction by 

regenerating ATP from PCr.  
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In both the previous and current FE model, the reaction rate of the M-CK was modelled 

using a kinetic scheme for a simple rapid equilibrium random Bi-Bi mechanism, 

previously developed by Vendelin et al (34). 

    �fU} =  
O�

�]��� ∗ ~�
(�3; ∗ ��) − OL�

�]��� ∗ �~�
(�3Y ∗ �.)

���fU}
 

���fU} = 1 + ~�
�3�

+ �~�
�3.

+ ���� � 1
�3;

+ ~�
�3;��

� + ����( 1
�3Y

+ �~�
�3.�Y

+ ~�
�3Y�e�

) 

 

(5.6) 

 

Here, MgATP is the concentration of Mg bound ATP, MgADP is the concentration of 

Mg bound ADP, Cr is free creatine concentration and PCr is phosphocreatine 

concentration. V1 and V-1 denote the maximum rate of reaction in the forward (MgATP 

+ Cr � MgADP + PCr) and reverse direction (MgADP + PCr � MgATP + Cr) 

respectively. kia, kb, kic, kd denote various dissociation constants involved in the Bi-Bi 

mechanism. 

Previously in chapter 3, a similar rapid equilibrium Bi-Bi mechanism was also used to 

develop a simple model of the reactions occurring at mt-CK during OXPHOS. 

However, experimental studies by Saks et al. (46, 158) show that during OXPHOS, 

the reactions catalysed by mt-CK deviate from a simple rapid-equilibrium random-type 

binding mechanism. OXPHOS increases the apparent stability of the central complex 

(E.MgATP.Cr) by a substantial margin, and consequently, the forward reaction rate 

(ATP+Cr � ADP+PCr) is also increased beyond the value predicted by a rapid 

equilibrium scheme used for M-CK. The increased stability of the central complex is 

attributed to functional coupling of the mt-CK and ANT through a 10 nm (44) narrow 

micro compartment located between both the enzymes. Previous works by Aliev et al. 

(44) and Vendelin et al. (34, 159) suggest that ANT will first release ATP molecules in 
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a 10 nm micro compartment instead of releasing it directly to the IMS. However, due 

to restricted diffusion of ATP, only a small fraction of the released ATP will diffuse 

outside the micro compartment to the IMS. Consequently, mt-CK enzymes located in 

the microcompartments will utilize majority of the released ATP to synthesize PCr 

(ATP+Cr � ADP+PCr). In this way, mt-CK will be functionally coupled with the ANT, 

resulting in majority of the ATP transfer between the myofibrils and mitochondria to 

take place through the phosphocreatine shuttle. 

In the previous model in chapter 2, existence of micro compartments between the ANT 

carrier proteins and mt-CK enzymes were not considered. Instead, functional coupling 

between the two enzymes was facilitated by simply imposing a restricted diffusivity 

value for ATP, ADP and AMP in all the IMS areas. To accurately represent the 

phosphocreatine shuttle in the new model, a description of the micro compartment 

located between ANT and mt-CK was incorporated in the model, based on previous 

works by Aliev (44).  The ATP concentration in the micro compartment was modelled 

as: 

�����
�� = S�Iℎ ∗ (���efg − ����) + O7�8 − O:XU}

|:3Y0Y0:^
 

(5.7) 

Here O7�8 and O:XU} respectively denote the ANT and mt-CK reaction rates expressed 

in term of moles per sec per litre of mitochondria. Rexch is a coefficient representing 

the restricted ATP diffusion between the narrow microcompartment and the rest of the 

IMS. Wmicocomp denotes the total volume fraction of microcompartments within a 

mitochondrion. To calculate the mt-CK reaction rate, a rapid equilibrium based 

approach was utilized similar to the previous model in chapter 2. However, instead of 

using the IMS MgATP concentration, the MgATP concentration in the narrow 
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microcompartment was used to calculate the forward reaction rate (44). MgATP 

concentration in a compartment is calculated from the corresponding total ATP 

concentration using a linear relationship based on Vendelin et al. (34). 

        �:XU} =  
O�

�]���� ∗ ~�efg(�3; ∗ ��) − OL�
�]���efg ∗ �~�efg(�3Y ∗ �.)

���fU}
 

(5.8) 

The maximum activity of ANT carrier proteins was selected to be 12 X 103 µm2/s based 

on Vendelin et al’s (34) model of cardiac bioenergetics. In the previously used model 

in chapter 2, this value was set at 8X103 µm2/s based on isolated mitochondrial 

respiration model of Beard (124). The higher ANT activity value was used to reflect 

the assumption that in vivo ATP translocation through ANT carrier proteins will be 

higher compared to the same in isolated mitochondria, due to the functional coupling 

between mt-CK and ANT. 

A detailed description of all the parameters, variables and equations used in the model 

is available in the section 7.3 of Appendix. The OPECMISS implementation of the 

model, along with all the necessary input files (including a FE mesh generated from a 

control cross section) is available at the following online github repository -   

https://github.com/CellSMB/cardiac_bioenergetics/tree/V-2.0  

5.3.3 Development of type I diabetic mitochondria model 

In order to understand how structural alterations can affect the energy metabolism in 

diabetic cardiomyopathy, a model of mitochondrial OXPHOS during type I diabetes 

was further developed by modifying various parameters in the initial control model. 

Type I diabetes is accompanied by mitochondrial dysfunctions in cardiomyocytes. 

Some of the major alterations in mitochondrial metabolism include: (i) Increase in 
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synthesis of reactive oxygen species (ROS) (14, 77); (ii) decrease in enzymatic activity 

of several mitochondrial complexes, including complex I (14, 77) and F1-F0 ATP 

synthase (16, 78), as well as, mt-CK present in IMS (19, 82-85); (iii) increased level of 

mitochondrial uncoupling and proton leak (13, 151).  

Accordingly, based on previous literature, four parameters in the FE model were 

identified that needed to be modified to simulate the metabolic dysfunctions of cardiac 

mitochondria in diabetes. These parameters are: (i) complex I activity (XC1); (ii) F1-F0 

activity (XF1); (iii) proton leak activity (XHLE); (iv) maximal mt-CK reaction rates in 

forward and backward direction (V1 and V-1). The FE model used in this chapter did 

not have a description of ROS production during OXPHOS. However, synthesis of 

ROS only consumes less than 0.5% of the total electrons supplied by tricarboxylic acid 

(TCA) cycle to the electron transfer chain (15). Therefore, it was assumed that electron 

leakage due to ROS production will have negligible direct impact on OXPHOS in both 

control and diabetic mitochondria. 

There are several experimental studies where the mt-CK activity rates in 

cardiomyocytes have been quantified for both control and type I diabetic rats. These 

studies indicate that mt-CK enzyme activity (IU/mg myocardial protein) can be reduced 

by a margin of 35% – 50% in cardiomyocytes after 8 weeks of STZ induced diabetes 

(19, 82-85). Based on these studies, the maximal mt-CK reaction rates in both forward 

and backward direction (V1 and V-1) were reduced by a margin of 50% to simulate the 

diabetic mt-CK reactions. 

Unlike the previous studies on mt-CK enzyme assays, there are only a handful of 

experimental studies that elucidate on how the activity rates of complex I, F1-F0 ATP 

synthase and proton leak change in diabetes. However, there are many experimental 
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studies that report a substantial decrease in level of ATP synthesis, mitochondrial 

membrane potential and O2 consumption in diabetic mitochondria during state III 

respiration (14, 15, 17, 77, 151-153).  The current FE model of cardiac bioenergetics 

is based on Beard’s state III respiration model (124), and it incorporates the same 

values of XC1, XF1 and XHLE  used in the original Beard model. Therefore, it was decided 

to estimate the diabetic values of XC1, XF1 and XHLE  by fitting simulation results from 

Beard’s model of state III respiration (124) with available experimental results.  

We specifically utilized the experimental data from Pham et al. (15) - where 

mitochondrial membrane potential, ATP synthesis rate and O2 consumption rate were 

measured for state III respiration of tissue homogenates from both control and 8 week 

STZ induced type I diabetic SD rat hearts (Fig. 5.2). Pham et al. used an external ADP 

concentration of 2.5 mM and Pi concentration of 10 mM in their respiratory assays.  

The same values of external ADP and Pi concentration were imposed in Beard’s 

mitochondrial OXPHOS model to simulate the respiratory assay in Pham et al.’s 

experiment. 

It was first confirmed that simulation results for state III respiration, corresponding to 

control mitochondria, are in a range similar to that found in Pham et al.’s experiment 

(Fig. 5.2). Following this, lsqnonlin (nonlinear data fitting) function in MATLAB was 

utilized to find values of XC1, XF1 and XHLE  that lead to ATP synthesis rate, O2 

consumption rate (VO2) and mitochondrial membrane potential similar to that observed 

in diabetic tissue homogenates (Fig. 5.2). It should be noted that mt-CK activity will be 

minimal in a tissue homogenate due to lack of PCr/Cr and breakdown of intracellular 

diffusion barriers, regardless of whether the experiment is done on control or diabetic 

animals. Therefore, any alterations in mt-CK activity was not considered for fitting of 

model parameters with experimental results.  
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Figure 5.2: Comparison of experimental results from Pham et al. and simulation 

results from Beard model.  Comparison between model predicted and experimental 

values of ATP synthesis rate, mitochondrial membrane potential and O2 consumption 

rate corresponding to control and type I diabetic state III mitochondrial respiration.   

In order to simulate diabetic mitochondrial dysfunctions in the FE model, the control 

values of XC1, XF1 and XHLE were replaced with the corresponding diabetic values 

obtained from the data fitting. As mentioned before, the maximum reaction velocities 

of mt-CK reaction were also decreased in the FE model based on available literature 

(19, 82-85). In this way, a model of diabetic cardiac energy metabolism, incorporating 

mitochondrial dysfunctions in type I diabetes, was derived. 
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5.3.4 Generation of Idealized 1D FE meshes 

Although termed as ‘1D’ FE models, these models were based on a rectangular 2D 

geometry with a constant negligible width (0.03 µm) and a length representing the total 

diffusion distance (LD) between the centre of a mitochondrion (or mitochondrial cluster) 

and its adjacent myofibril (or myofibrils cluster). As evident from Fig. 5.3, LD was the 

only structural parameter present in the models. Our previous analysis of cardiac 

ultrastructure in chapter 4 showed that the mitochondrial and myofibrillar regions 

occupy nearly equal percentage (50%) of cell area in control cardiomyocytes. Based 

on this result, each FE mesh was divided into two equal parts along the length, and 

accordingly the partial differential equations (PDEs) representing mitochondrial and 

myofibrillar metabolism were simulated in the two compartments. Maintaining the 

mitochondrial area fraction constant in all the meshes allowed us to analyse how other 

ultrastructural parameters can affect the energy metabolism, independent of the effect 

of mitochondrial area fraction. No-flux Neumann boundary conditions were imposed 

on both ends of the meshes.  
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Figure 5.3: Idealized 1D FE mesh. The 1D FE meshes were based on a rectangular 2D 

geometry with a constant negligible width (0.03 µm) and a length representing the 

diffusion distance between the centre of a mitochondrion and its adjacent myofibril. 

A total of 5 different 1D FE meshes were developed simply by varying the total length 

of the meshes (LD). These values of LD were 0.8 µm, 1.6 µm, 2.4 µm, 3.2 µm and 4.0 

µm. Here 0.8 µm corresponds to the average diameter of an individual control 

mitochondrion. The other larger values of LD represent the diameters of large 

mitochondrial clusters present in both control and diabetic cardiomyocytes. Four 

different metabolic conditions, including control metabolism, diabetic mitochondrial 

dysfunctions, zero ANP diffusivity and zero PCr/Cr diffusivity were simulated over 

these 5 1D FE meshes. The effect of diffusion distance (LD) on the energy metabolism 

was analysed in all the four different conditions 
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5.4 Results 

5.4.1 Validation of the new models  

5.4.1.1 Comparison of model predictions with ex vivo experimental data  

 

Before making any biological predictions based on the models, it was critical to 

validate them with experimental results. As the first validation step, model predictions 

for VO2  were compared with the results obtained from a previous study by Williamson 

et al. (160) on isolated perfused rat hearts. Williamson et al. followed Neely’s working 

heart protocol (161) and altered the cardiac workload by changing the rate of 

ventricular filling of isolated rat hearts. Fig. 5.4A shows the experimental values of VO2 

from Williamson et al. as a function of the relative workload.  Relative workload is 

defined as the fraction of maximal workload applied (maximal filling rate).  Fig. 5.4A 

also shows the VO2 values predicted by the 1D FE model for different values of relative 

workload. Relative workload in our model was calculated from the rate of ATP 

hydrolysis by actomyosin ATPase. 

As evident from Fig. 5.4A, both the experimental and model predicted relationship 

between VO2 and relative workload are nearly linear functions closely fitting each other. 

Here zero workload corresponds to an arrested heart, where O2 consumption (~20 

μmol O2 / g dry wt.) sustains only basal ATP consumption and proton leak through 

mitochondrial inner membrane. On the other hand, the maximal VO2 (~160 μmol O2 / 

g dry wt.) corresponds closely to the maximal activity of mitochondria during state III 

respiration in vitro (162). The VO2 range shown in Fig. 5.4A is also in close agreement 

with several other studies on perfused rat hearts (70, 163), as well as, in-situ studies 

by Kissling et al. (164, 165) which show that the maximal VO2 in rat heart can be 5 – 

10 times higher than the minimum VO2. 
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Figure 5.4: Model validation with experimental results from ex vivo studies. (A) The 

figure presents the comparison between VO2 (vs relative workload) predicted by the 1D 

FE model and similar experimental results from Williamson et al. (160).   (B) 1D FE model 

predicted values of flux contributions of adenylate kinase (AK) and CK reactions are 

shown as a function of the mitochondrial ATP synthesis rate, along with the 

experimentally obtained flux contribution ratios from Dzeja et al. (36) (marked by red 

markers).  

ATP synthesized in cardiac mitochondria can be transferred to the myofibrils through 

several different pathways. Similar to the previous modelling studies by Vendelin et al. 

(34) and Beard et al. (124), our current model includes three different pathways for 

phosphoryl (PO3
2-) transfer between mitochondria and myofibrils (Fig. 5.5). These are 

– (i) Direct diffusion of ATP and ADP (ii) Diffusion of AMP mediated by adenylate 

kinase (AK) reactions. (iii) and finally, diffusion of PCr and Cr mediated by CK 

reactions.  
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Figure 5.5: Pathways for phosphoryl flux transfer between mitochondria and 

myofibrils.  The model includes three different pathways for phosphoryl (PO32-) transfer 

between mitochondria and myofibrils 

In a steady state of the simulation, these different pathways are related as:  

 

 

ATP synthesis flux 

(mol /sec) 

Diffusion flux of PCr and Cr 

+ 

=                   Diffusion flux of AMP 

+ 

Direct diffusion flux of ATP and ADP 

 

 

=    ATP hydrolysis flux 

     (mol /sec) 

                                                                                                                        (5.9) 

Where, mitochondrial mt-CK flux = Diffusion flux of PCr and Cr = myofibrillar M-CK flux  

and, mitochondrial AK flux = Diffusion flux of AMP = myofibrillar AK flux 
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In a previous experimental study, Dzeja et al. (36) used 18O-phosphoryl labelling on 

isolated perfused (Langendorff) wild type mice hearts to measure the phosphoryl 

transfer flux through both CK and AK reactions. The results from their study show that 

around 69% of the total phosphoryl transfer (equivalent to total ATP synthesis rate) 

takes place through the CK mediated flux, while AK mediated phosphoryl flux accounts 

for 16% of the ATP transfer. The red markers in Fig. 5.4B correspond to these 

experimentally obtained flux contribution ratios and the corresponding total phosphoryl 

flux or ATP synthesis rate.  

Fig. 5.4B also presents the model predicted values of flux contributions of AK and CK 

reactions as a function of mitochondrial ATP synthesis rates. The contribution ratio of 

phosphoryl flux through AK and CK is calculated by dividing the total AK and CK 

reaction fluxes (mol/sec) in the mitochondria by total ATP synthesis flux (mol/sec). As 

evident, the contribution of CK flux in our rat bioenergetics model varies within a range 

of 70% – 80% and fits closely to the experimental data obtained from mice hearts. This 

result is also consistent with results from previous modelling study by Aliev et al.(44). 

The contribution of AK flux predicted by our model is close to zero in an arrested heart, 

but it increases with the workload up to a maximal value of 11%. This value is lower 

compared to the experimentally obtained value of 18%. But it should be noted that the 

experimental result was obtained from isolated mice hearts, while the model 

parameters were based on in vivo rat heart.  
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5.4.1.2 Comparison of model predictions with in vivo experimental data  

 

The PCr/ATP ratio is the most common experimental measure of cardiac 

bioenergetics from  nuclear magnetic resonance (NMR) experiments conducted on in 

vivo heart. There are several in vivo 31P-NMR based studies on rat (87, 166-168) and 

mice (169-172)hearts which present the baseline values of cardiac PCr/ATP ratios. 

However, for utilizing an experimental PCr/ATP dataset to validate the model 

predictions, the dataset should contain PCr/ATP ratios over a wide range of workloads 

and not just the baseline values at resting states. But there are no experimental studies 

on rodent models that provide such data.  

Unlike rodent models, there are several in vivo 31P-NMR studies on canine models 

where PCr/ATP ratio has been measured as a function of the cardiac oxygen 

consumption over a wide range of workloads (42, 173). Although from a different 

species, the baseline values of PCr/ATP ratio in these canine models are within a 

similar range (1.8 to 2.3) when compared to the rodent models. The experiments 

based on canine hearts further show that PCr/ATP ratio is highly stable over low and 

moderate workloads, and it only changes at high oxygen consumption rates (Fig. 

5.6A). Few studies on rat and mice hearts also report similar stability in PCr/ATP ratios 

over varying stress levels or heart rates (87, 170).  As evident from Fig. 5.6A, 1D 

idealized FE models were able to reproduce similar behaviour of PCr/ATP ratio for 

different levels of O2 consumption. The results indicate accurate modelling of the 

mechanism of substrate feedback between the mitochondria and myofibrils. 
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Figure 5.6: Model validation with in vivo and in vitro experimental results. (A) 

Comparison between 1D FE model predicted PCr/ATP ratios with in vivo experimental 

results from Valdur Saks et al. (42). (B) Comparison  between 2D FE model predicted 

radial profiles of O2 with intracellular PO2 levels calculated by Takahashi et al. (174) in 

six different isolated cells 

5.4.1.3 Comparison of model predictions with in vitro experimental data  

 

The previous validations presented in this chapter were based on results from a 1D 

idealized FE model (LD = 0.8 µm). When averaged over 2D space, the results from the 

2D realistic FE models were also similar to the 1D idealized model results, as well as, 

the in-vivo and ex-vivo experimental results. However, to make accurate predictions 

about spatial variation in metabolite concentrations or reaction rates, the realistic 2D 

models required additional validation with experimental results that show how a 

diffusing metabolite or species is spatially distributed inside the cells. In a previous in-
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vitro study, Takahashi et al. (174) visualised intracellular gradients of myoglobin 

oxygen saturation using high spatial resolution spectrophotometry and further 

converted the observed oxygenation level into partial pressure of O2 (PO2) using linear 

regression of data and the Hill equation.  

Fig. 5.6B represents a comparison between Takahashi et al.’s data and model 

estimations for radial profile of PO2 inside an isolated rat cardiomyocyte. In the 

experiment, individual cells were subjected to a superfusing O2 pressure of 15.2 

mmHg under a high O2 consumption rate. Similar range of high O2 consumption was 

also simulated in a realistic 2D mesh developed from a manually segmented SBFSEM 

cross section. Subsequently, the model predicted image of PO2 profile was reduced in 

resolution and convolved with a confocal microscope point-spread-function to 

generate a simulated confocal image, similar to the protocol followed in chapter 3. 

Figure 5.6B shows that the O2 distribution in the simulated confocal image follows a 

radial profile similar to the radial PO2 gradient experimentally measured by Takahashi 

et al. (174). Both the model and experimental measurements demonstrate steep 

concentration gradients proximal to the sarcolemma and shallow gradients within the 

cell interior. 

The analyses presented in this section proves that our model can successfully 

reproduce both the whole-cell averaged (in-vivo/ex-vivo) and spatially profiled 

experimental results (in-vitro) described in literature. 
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5.4.2 Mitochondrial dysfunction in type I diabetes 

5.4.2.1 Diabetic values of mitochondrial model parameters  

 

Table 5.1 presents the control values of XC1, XF1 and XHLE  in the FE models alongside 

the diabetic values of these parameters obtained by fitting Beard’s model (124) to 

Pham et al.’s (15) data. To better interpret these results, Fig. 5.7 presents an analysis 

of the sensitivity of the model predictions to these three parameters. 

Table 5.1: Control and diabetic values of various OXPHOS parameters obtained by 

fitting Beard’s OXPHOS model (124) with Pham et al.’s (15) experimental data.  

Parameter Control value Diabetic value 

XF1 (F1-F0 activity) 150.93 0.0410 

XC1 (Complex I activity) 0.36923 0.1063 

XHLE (Proton leak activity) 250 437.8554 

 

As previously discussed in Beard’s original work (124), his model predictions of state 

III ATP synthesis rate, VO2 and mitochondrial membrane potential were found to be 

highly insensitive to XF1 and XC1 (Fig. 5.7). When XHLE is fixed, decreasing both XF1 

and  XC1 leads to a drop in ATP synthesis rate and VO2. However, both parameters 

have to be together decreased by more than 1000 times (Fig. 5.7) to see an effective 

decrease in ATP synthesis rate and VO2 equivalent to Pham et al.’s data. Moreover, 

XF1 has negligible effect on membrane potential even when XF1 is scaled down by 1000 

times. In contrast, decreasing XC1 by a similar margin can substantially decrease the 

membrane potential.  
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Figure 5.7: Effect of variation in XC1, XF1 and XHLE on model predictions.   Each row 

shows the effect of varying two of the parameters while keeping the third constant. 

Column 1 shows the effect of parameter variation on state III ATP synthesis rate (VF1F0) 

expressed in mol/L.of.mitochondria/sec. Column 2 and 3 shows the effect of parameter 

variation on state III O2 consumption rate (VO2) expressed in mol/L of mitochondria/sec 

and mitochondrial membrane potential (�ψ) respectively. The black point in each graph 

marks the parameter combination used in Beard’s model corresponding to control 

mitochondria. The red point corresponds to the diabetic parameter combination 

obtained from data fitting. 

In Pham et al.’s experiment, steady state ATP synthesis rate was significantly 

diminished in diabetes, while mitochondrial membrane potential was found to be 

nearly same between control and diabetes. To simulate the decreased ATP synthesis 

rate, XF1 must be lowered by more than 3000 times. The optimization algorithm, used 
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for data fitting, also ensures the unchanged membrane potential by decreasing the 

XC1 by a relatively negligible margin of 4 times.  

Another important prediction of the model is around 2 times increase in the value of 

XHLE in diabetes. As evident from Fig. 5.7, changing the value of XHLE has very little 

impact on the ATP synthesis rate and membrane potential. However, increasing XHLE 

can substantially increase the VO2 of the mitochondria along with a decrease in the 

effective P:O ratio. Therefore, the optimization algorithm sets a higher XHLE value to 

account for the decreased P:O ratio observed in Pham et al.’s experiment.  

Although we need to be cautious in interpreting these results due to very low sensitivity 

of the results to XF1 and XC1, it is evident from the results (Table 5.1) that mitochondrial 

F1-F0 ATP synthase is the major mitochondrial enzyme affected in type I diabetes. In 

contrast, decrease in complex I activity is less significant for the development of 

mitochondrial dysfunctions in type I diabetes. The increased XHLE value signifies a 

larger proton leak in diabetic mitochondria.  

The current FE models of cardiac bioenergetics are based on Beard’s state III 

respiration model, incorporating the same values of XC1, XF1 and XHLE  used in the 

original Beard model. Therefore, to simulate mitochondrial dysfunctions in the FE 

models, the control values of XC1, XF1 and XHLE were replaced with the corresponding 

diabetic values obtained from the data fitting. As mentioned before, the maximum 

reaction velocities of mt-CK reaction were also decreased in the FE models based on 

available literature. In this way, a model of diabetic cardiac energy metabolism, 

incorporating mitochondrial dysfunction in type I diabetes, was derived.  
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5.4.2.2 Effect of mitochondrial dysfunction on cardiac metabolism  

The bar plots in Fig. 5.8 show the effect of the diabetic mitochondrial dysfunctions on 

various reaction rates and myofibrillar metabolite concentrations. To establish a 

common reference point for comparison, same high value of XATPase (XATPase = 0.01), 

indicative of a high calcium (Ca2+) induced activity of the actomyosin complexes, was 

used as a model input for control and diabetic simulations. Both the simulations also 

involved an 1D FE mesh of 0.8 µm diffusion distance. 

 

Figure 5.8: Effect of mitochondrial dysfunction on cardiac energy metabolism. 

Mitochondrial dysfunctions lead to decrease in both ATP and PCr synthesis rate, along 

with alterations in various metabolites concentrations. 

 As evident from the figure, the steady state ATP and PCr synthesis rates in 

mitochondria were depressed by 15% and 25%, respectively, due to mitochondrial 

dysfunctions. These average ATP and PCr synthesis rates were equivalent to the 

corresponding steady state average ATP hydrolysis and PCr consumption rates in 
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myofibrils. The results suggest that the decreased ATP production capacity of 

mitochondria, observed in the state III respiration studies on isolated mitochondria, 

can also have an impact on the total cardiac metabolism involving both mitochondria 

and myofibrils. 

Moreover, comparing the average myofibrillar ATP and ADP levels between control 

and diabetic simulations (Fig. 5.8), it can be observed that mitochondrial dysfunctions 

do not have any impact on the ADP and ATP levels. However, diabetic simulations 

exhibit a more than 40% increase in the average level of Pi. It is this increased level 

of myofibrillar Pi that drives the 15% drop in ATP hydrolysis rate during mitochondrial 

dysfunctions. It is also evident that the average PCr level in myofibrils is decreased by 

a margin of 9%. These results are consistent with the experimental results from a study 

by Spindler et al. (82) on type I diabetic rat hearts. Spindler et al. found that Pi level 

increases significantly in type I diabetes, while changes in all the other metabolites are 

statistically insignificant. These results also suggest that, compared to ADP or ATP 

concentrations, Pi concentration will be more sensitive to various mitochondrial 

dysfunctions due to the regulatory role of Pi as a feedback signal between OXPHOS 

and ATP hydrolysis (124, 175, 176). 

The results presented in the Fig 5.8 show the effects of mitochondrial dysfunctions 

independent of the ultrastructural alterations. The next sub sections of this chapter 

describe how the different 1D and 2D FE meshes are utilized to understand the effect 

of the ultrastructural alterations on energy metabolism.  
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5.4.3 Impact of diffusion distance on cardiac energy metabolism in idealized 

1D FE models 

Before proceeding with 2D FE simulations based on realistic FE meshes, we first 

wanted to understand the exact physiochemical mechanisms and flux transfer 

pathways that are affected by the ultrastructural alterations. We also wanted to identify 

the factors controlling the sensitivity of the cardiac energy metabolism to structural 

alterations. Therefore, our cardiac bioenergetics model was simulated over five 1D FE 

meshes of different diffusion distances (0.8 µm, 1.6 µm, 2.4 µm, 3.2 µm and 4.0 µm). 

Regardless of the diffusion distance, the ratio of total mitochondrial area and 

myofibrillar area in all the 1D FE meshes was maintained to be 1:1.  

The different values of diffusion distances could qualitatively represent modifications 

in several structural parameters except mitochondrial area fraction. For instance, an 

increase in mitochondrial cluster size can be represented by increasing the diffusion 

distance and vice versa. In addition, the different diffusion distances of 1D FE meshes 

also represent the variation in mitochondrial local density distribution. It was previously 

shown in chapter 3 that there can be large spatial variation in mitochondrial local area 

density values within the same cell cross section.  Myofibril regions located in the 

vicinity of mitochondria had a higher mitochondrial area density, while myofibril regions 

located away had a lower mitochondrial area density. Similarly, in the 1D FE meshes, 

when the diffusion distance is small (e.g., 0.8 µm), the myofibril points are located 

close to the mitochondrial region. Consequently, the average mitochondrial area 

density in myofibril region assumes a value close to the total mitochondrial area 

fraction (0.5) of the mesh. It should be noted that a kernel window size of 1.7 µm X 1.7 

µm is used for calculating the mitochondrial area density at different points in the 

myofibril part of the mesh. As the diffusion distance increases, the average 
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mitochondrial area density in myofibril region is substantially decreased (Fig. 5.9).  In 

this way, the 1D FE meshes can represent different regions of a cell cross section with 

different mitochondrial area densities.  

 

Figure 5.9: Relationship between diffusion distance of an 1D FE mesh and the 

corresponding average mitochondrial local density in the myofibrillar region. 

Average mitochondrial local density in the myofibrillar region of a FE mesh decreases as 

the total diffusion distance is increased. Average mitochondrial density is highest when 

the diffusion distance is 0.8 µm, a value smaller than the kernel window size of 1.7 µm 

used for calculating local mitochondrial density. 

A total of four different models of cardiac energy metabolism were simulated over each 

of the five different FE meshes – (i) Model of control energy metabolism. (ii) Model of 

diabetic mitochondrial dysfunctions based on fitting of Beard’s model with Pham et 

al.’s result. (iii) Model where diffusivity of ATP, ADP and AMP is set to zero (DATP = 

DADP = DAMP = 0) to ensure that entire phosphoryl flux transfer between mitochondria 

and myofibrils occurs through PCr and Cr diffusion. (iv) Model where diffusivity of PCr 
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and Cr is set to zero (DPCr = DCr  = 0) to ensure that entire phosphoryl flux transfer 

between mitochondria and myofibrils occurs through ANP diffusion. To establish a 

common reference point for comparison, the same high value of XATPase (XATPase  = 

0.01), indicative of a high Ca2+ induced activity of the actomyosin complexes, was 

used as a model input for all the twenty simulations. 

5.4.3.1 Relation between ATP synthesis/hydrolysis rate and diffusion distance 

 

Fig. 5.10 shows the average steady state ATP synthesis rates in the mitochondrial 

regions, corresponding to these 4X5 = 20 different sets of simulations, predicted as a 

function of the diffusion distance of the FE meshes. These average ATP synthesis 

rates were equivalent to the corresponding steady state average ATP hydrolysis rates 

in myofibrils. It is clear from the results that steady state ATP hydrolysis / synthesis 

rates decrease as the diffusion distance increases in all the scenarios except when 

the diffusivity of ANPs are set to zero (DATP = DADP = DAMP = 0). These results can be 

also interpreted as - myofibril regions with higher local mitochondrial area density will 

have a higher average ATP hydrolysis rate. This effect of diffusion distance on the 

ATP synthesis rate is most prominent when DPCr = DCr  = 0 and negligible when DATP 

= DADP = DAMP = 0. The comparison between diabetic and control results further show 

that introducing mitochondrial dysfunctions alone in the FE models can substantially 

decrease the capacity of the cells to maintain a normal ATP synthesis level during high 

workloads, irrespective of the diffusion distance.  
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Figure 5.10: Average mitochondrial ATP and PCr synthesis rates. Average 

mitochondrial ATP and PCr synthesis rates of 1D FE meshes are presented as a function 

of corresponding diffusion distances. Average ATP synthesis rates decrease when 

diffusion distance is increased. In contrast, average PCr synthesis rates through mt-CK 

and corresponding PCr and Cr diffusion fluxes have negligible sensitivity to diffusion 

distance. 

5.4.3.2 Effect of increasing diffusion distance on CK mediated phosphoryl transfer  

 

Fig. 5.10 also shows the average steady state reaction rates of mt-CK, corresponding 

to the four different scenarios, predicted as a function of the diffusion distance of the 

FE meshes. Mt-CK reaction rates remain nearly uniform, irrespective of the diffusion 

distance, in all the four scenarios. The average mt-CK reaction (Cr+ADP�PCr+ATP) 

rates are also equal to the corresponding PCr and Cr diffusion fluxes and average M-

CK reaction (PCr+ATP � Cr+ADP) rates.  
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It is evident from Fig. 5.10 that the PCr synthesis rate is equal to the ATP synthesis 

rate when DATP = DADP = DAMP = 0. This is a consequence of the entire phosphoryl flux 

transfer between mitochondria and myofibrils occurring through PCr and Cr diffusion. 

Since, PCr synthesis has negligible sensitivity to diffusion distance, the ATP synthesis 

rate also remains unaffected by diffusion distance when DATP = DADP = DAMP = 0.  

5.4.3.3 Direct ATP or ADP transfer and AK mediated phosphoryl transfer 

 

In contrast to mt-CK reactions, both the direct ATP or ADP diffusion flux and AK 

mediated phosphoryl transfer flux (AMP diffusion flux) decrease substantially when 

diffusion distance is increased (Fig. 5.11). Fig. 5.11 shows that steady state ADP or 

AMP diffusion flux is highest when diffusion distance is at its lowest value and DPCr = 

DCr = 0. However, the ANP diffusion fluxes, corresponding to DPCr = DCr = 0, also 

decrease more sharply compared to other scenarios.  

The results presented in Fig. 5.10 – 5.11 can be explained by the fact that diffusivity 

of PCr and Cr in cardiomyocytes (260 µm2/s) is close to 10 times higher compared to 

the diffusivity of ATP, ADP and AMP (30 µm2/s). Due to the lower diffusivity, the 

diffusional fluxes carried by ANPs decrease as the diffusion distance is increased. On 

the other hand, diffusion distance has negligible effect on the PCr and Cr diffusion due 

to their higher diffusivity values. As a result, the CK fluxes remain unaffected by the 

increasing diffusion distance.  
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Figure 5.11: ANP diffusion fluxes between mitochondria and myofibrils. ADP and 

AMP diffusion fluxes in 1D FE meshes are presented as a function of corresponding 

diffusion distances. ANP diffusion fluxes decrease sharply when diffusion distance is 

increased.  

By comparing the results in Fig. 5.10 – 5.11, it can be also concluded that it is the 

decrease in diffusion fluxes of ATP, ADP and AMP (AK mediated flux) that contributes 

to the overall decrease in ATP synthesis (and hydrolysis) rate with increasing diffusion 

distance. To elaborate, the ATP synthesis rate has negligible sensitivity to diffusion 

distance when the ANP diffusion fluxes are negligible after setting DATP = DADP = DAMP 

= 0. In contrast, the effect of diffusion distance on the ATP synthesis rate is highest 

when ANP diffusion fluxes are highest after setting DPCr = DCr = 0. Since both the 

control and diabetic mitochondrial dysfunctions lead to nearly similar total ANP (ATP, 
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ADP and AMP) diffusion fluxes (Fig. 5.11), slope of the ATP synthesis rate vs diffusion 

distance curve is also nearly equal in both the scenarios (Fig. 5.10).  

It is also evident from Fig. 5.11 that mitochondrial dysfunctions in type I diabetes have 

negligible effect on the ANP diffusion fluxes, regardless of the diffusion distance. In 

contrast, Fig. 5.10 shows a substantial depression in PCr synthesis rates due to 

mitochondrial dysfunctions. ATP or ADP levels in IMS and myofibrils are constantly 

buffered by PCr or Cr. This results in PCr synthesis rate being highly sensitive to 

mitochondrial dysfunctions.  

5.4.4 Impact of altered mitochondrial ultrastructure on cardiac energy 

metabolism in realistic 2D models 

The results presented in the previous sub section show how cardiac bioenergetics can 

be affected by alterations in diffusion distance (and local mitochondrial area density) 

in both control and diabetic simulations. It can be concluded that diabetic cell cross 

sections will have a more heterogeneous metabolic landscape due to a heterogeneous 

distribution of mitochondrial local area density.  However, due to limitations of simple 

1D meshes, the previous results cannot tell us to what extent cardiac metabolism is 

affected by the ultrastructural alterations.  

Therefore, to analyse the overall impact of diabetic ultrastructural alterations, 2D 

realistic FE meshes were developed based on several cross sections selected from 

both previously used control and diabetic image sets. Two of these cross sections (1 

control, 1 type I diabetic) were selected from the manually segmented image sets, 

while another 2X8 cross sections were randomly sampled from the automatically 

segmented 3D SBFSEM image sets. Following this, two different scenarios, control 

and diabetic mitochondrial dysfunctions, were simulated over all the 18 2D meshes. 
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In this way, there were total four different sets of simulations with different 

combinations of structural and metabolic parameters (Table 5.2). 

Table 5.2: Abbreviations used for denoting the four simulation sets. 

Parameter Control Structure Diabetic structure 

Control Metabolism CC CD 

Mitochondrial dysfunction DC DD 

 

Similar to the protocol used for the 1D FE simulations, the same high value of  XATPase 

(XATPase  = 0.01) was used as an input in all the 36 simulations to establish a common 

reference point for comparison. Subsequently, the results obtained from these FE 

simulations were analysed using statistical tools to quantify the relationship between 

various metabolic and structural parameters in control and diabetes. 

In order to help the readers better understand the findings from these cross section 

based FE models, we first present a graphical comparison of results obtained from 

two representative cross sections. Following this, we present statistical analysis of 

results obtained from all the 19 cross sections. 
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5.4.4.1 Comparison of results from two representative cross sections 

 

Fig. 5.12 shows high resolution TEM image of a control (HSD15_03) cross section 

and SBFSEM image of a diabetic cross section (DSD276_04). Fig. 5.13 presents 

colour spectrum representation of mitochondrial ATP synthesis rate (Fig. 5.13A), 

myofibrillar ATP hydrolysis rate (Fig. 5.13B), ADP/ATP ratio (Fig. 5.13C) and Pi 

concentration (Fig. 5.13D) in these two cross sections, corresponding to only control 

metabolic parameters (set CC and CD). Fig 5.14 - 5.16 present boxplot representation 

of myofibrillar ATP hydrolysis rate, ADP/ATP ratio and Pi concentration corresponding 

to all the four simulation sets (set CC, CD, DC and DD).  

 

Figure 5.12: EM image of a control and a diabetic cardiomyocyte cross section used 

for developing realistic 2D FE mesh. The control cross section (HSD15_03) was 

collected using TEM, while the diabetic cross section (DSD276_4) was collected using 

SBFSEM. Both the cross sections were segmented manually using IMOD (136). 
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Figure 5.13: Distribution of reactions rates and metabolites levels in the two 

representative cross sections. (A) Mitochondrial ATP synthesis rate (VSYN), (B) 

myofibrillar ATP hydrolysis rate (VATPase), (C) ADP/ATP ratio and (D) Pi concentration 

are shown using colour spectrums. 
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Figure 5.14: Boxplots representing distribution of ATP hydrolysis rate. Myofibrillar 

ATP hydrolysis rates corresponding to the four simulation sets. 

 

Figure 5.15: Boxplots representing distribution of ADP/ATP. Myofibrillar ADP/ATP 

ratios corresponding to the four simulation sets. 
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Figure 5.16: Boxplots representing distribution of Pi. Myofibrillar Pi concentrations 

corresponding to the four simulation sets. 

From Fig. 5.13A, it is evident that central areas of a large mitochondrial cluster have 

a lower ATP synthesis rate compared to the peripheral areas of the same cluster. The 

radial profiles of ATP synthesis are a consequence of a lack of phosphoryl transfer to 

the interior of the cluster. This result implies that individual mitochondria, located in the 

centre of a large mitochondrial cluster, will have a lower ATP synthesis rate, provided 

the distribution of various mitochondrial enzymes is uniform across a cluster.  

Fig 5.13B and C show that the diabetic cross section has a larger spatial variation in 

both ATP hydrolysis rate and ADP/ATP ratio compared to the control cross section. 

These figures also reveal that myofibril areas, located away from the mitochondria, 

have a lower ATP hydrolysis rate and higher ADP/ATP ratio compared to the cell wide 

average. This observation can be explained by our previous findings from the idealized 

1D meshes. The 1D FE models predicted a decrease in ATP hydrolysis rate if the 

diffusion distance between mitochondria and myofibrils is increased. In contrast to the 
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diabetic cross section, the control cross section has a more uniform distribution of 

mitochondria, and smaller diffusion distances between mitochondria and myofibrils. 

Based on these results, it can be concluded that a larger heterogeneity in 

mitochondrial distribution and resulting intracellular diffusion distances cause the 

heterogeneous metabolic landscape of the diabetic cross section.   

The heterogeneous metabolic landscape in the diabetic cross section is also reflected 

in the boxplots of Fig. 5.14 and 5.15, where IQRs of the ATP hydrolysis rate and 

ADP/ATP ratio distribution are higher in the diabetic cross section. The IQRs are 

highest in set DD, and they are more sensitive to the diabetic ultrastructure (set CC vs 

set CD or set DC vs DD) than mitochondrial dysfunctions (set CC vs set DC or set CD 

vs DD).  

Beside the spatial variation in ADP/ATP, there is also spatial variation in the 

concentration of Pi in both the control and diabetic cross section (Fig. 5.13D). 

However, myofibrillar diffusivity of Pi is more than 10 times higher compared to ATP 

or ADP. As a result, gradients of Pi concentration are weaker compared to the 

ADP/ATP gradients. While ADP/ATP can change drastically between two adjacent 

myofibril units depending on the local mitochondrial area density, Pi concentration is 

nearly similar between adjacent mitochondria-myofibril units and lacks strong localized 

gradients (Fig. 5.13D).  

The boxplots in Fig. 5.14 suggest that the diabetic cross section has a higher average 

level of ATP hydrolysis rate (in mol/Litre of myofibrils/sec), when compared to the 

control cross section, regardless of the use of control or diabetic metabolic 

parameters. This is a consequence of the higher mitochondrial area fraction (48%) in 

the diabetic cross section compared to the control cross section (44%). It needs to be 



 

192 

 

also noted from Fig. 5.15 that median ADP/ATP ratios remain nearly constant in the 

four simulation sets. It is the average concentration of Pi that changes substantially in 

all the simulation sets (Fig. 5.16).    

5.4.4.2 Relationship between mitochondrial area fraction and energy metabolism 

 

Fig. 5.17 shows the average ATP hydrolysis rates corresponding to 16 different cross 

sections randomly sampled from the automatically segmented SBFSEM image sets 

used for the image analysis in chapter 4. The ATP hydrolysis rates have been plotted 

in conjunction with the mitochondrial area fraction of each cell cross section. Average 

ATP hydrolysis rate shows a strong linear correlation with the mitochondrial area 

fraction. Similar to average ATP hydrolysis rate, average Pi concentration also 

correlates linearly with the mitochondrial area fraction of each cell cross section (Fig. 

5. 17).  

Previously in chapter 4, it was shown that average mitochondrial area fraction in the 

studied diabetic cells was 55% compared to 49% in control cells. This result is also 

reflected in mitochondrial area fraction values of the 2X8 cross sections randomly 

sampled from the SBFSEM image sets. Consequently, the diabetic cross sections (set 

CD) have higher ATP hydrolysis rate and lower Pi concentration compared to the 

control cross sections (set CC). When the diabetic mitochondrial dysfunctions are 

introduced in the FE models, there is also a substantial drop in ATP hydrolysis rate, 

along with an increase in Pi concentration, in both the control and diabetic cross 

sections (set DC and DD). On the same note, if the results are compared between set 

CC, DC and DD, it can be observed that higher mitochondrial area fractions of the 

diabetic cross sections help in ameliorating the effects of mitochondrial dysfunctions 
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by partially restoring the depressed ATP hydrolysis rates and increased Pi 

concentrations.   

 

Figure 5.17: Average ATP hydrolysis rate and Pi concentration in randomly 

sampled cardiomyocyte cross sections. Average ATP hydrolysis rate and Pi 

concentration in the myofibril regions of the 16 randomly sampled cell cross sections 

from the automatically segmented SBFSEM image sets. The figure also shows the average 

ATP hydrolysis rate and Pi concentration in the two manually segmented cross sections 

shown in Fig. 5.12 (marked by X). 

5.4.4.3 Relationship between mitochondrial density distributions and energy 

metabolism 

 

IQRs of the distribution of myofibrillar ADP/ATP ratio, Pi concentration and ATP 

hydrolysis rate provide an indirect way to estimate the heterogeneity of metabolic 

landscape in a cell cross section. Similarly, IQR of mitochondrial local area density 

distribution acts as an indicator of the structural heterogeneity of a cross section. The 
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scatter plots in Fig. 5.18 and 5.19 show the correlation between IQR of mitochondrial 

local density distribution in each cross section and corresponding IQRs of ATP 

hydrolysis rate, ADP/ATP ratio and Pi concentration. While the results in Fig. 5.18 

belong to simulation set CC and CD, Fig. 5.19 shows the effect of mitochondrial 

dysfunctions in set DC and DD. In addition to IQR of mitochondrial local density, Fig. 

5.18 and 5.19 present the correlation between cell cross section size and IQRs of the 

ATP hydrolysis rate, ADP/ATP ratio and Pi concentration. 

As evident from the figures, IQR of ADP/ATP ratio has a positive correlation with IQR 

of mitochondrial density distribution, both with mitochondrial dysfunctions (correlation 

coefficient, r = 83.64) and without it (r = 77.30). Previously in chapter 4, it was shown 

that IQR of mitochondrial density distribution (for myofibril regions) in diabetic cells is 

20% higher than the IQR of control cells. This result is also reflected in IQRs of 

mitochondrial density distributions of the 2X8 cross sections randomly sampled for FE 

meshes. Consequently, diabetic cross sections (set CD) have higher IQRs of 

ADP/ATP ratio compared to their control counterparts (set CC). Introduction of 

mitochondrial dysfunctions in simulation sets DD and DC further leads to an increase 

in the IQR values of ADP/ATP ratio. The results signify that when ATP demand is high, 

diabetic cell cross sections will have stronger concentration gradients of ADP and ATP 

compared to their control counterparts. 

While IQR of ADP/ATP ratio has a strong positive correlation, IQR of ATP hydrolysis 

rate and Pi concentration is nearly independent of IQR of mitochondrial density 

distribution. This result can be explained by the fact that ATP hydrolysis rate is 

determined by both the Pi concentration and ADP/ATP ratio at a given point. While 

ADP/ATP ratio in a myofibril point is affected by local mitochondrial density, Pi is 

unaffected because of its high diffusivity.  
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Figure 5.18: IQRs of ATP hydrolysis rate, ADP/ATP ratio and Pi concentration in 

cardiomyocyte cross sections. The scatter plots show the IQRs of myofibrillar ATP 

hydrolysis rate, ADP/ATP ratio and Pi concentration in cardiomyocyte cross sections - 

presented as a function of (left) IQR of mitochondrial local area density distribution and 

(right) cell cross sections area. The results presented in this figure do not involve any 

mitochondrial dysfunction (simulation set CC and CD). 
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Figure 5.19: IQRs of ATP hydrolysis rate, ADP/ATP ratio and Pi concentration in 

cardiomyocyte cross sections. The scatter plots show the IQRs of myofibrillar ATP 

hydrolysis rate, ADP/ATP ratio and Pi concentration in cardiomyocyte cross sections 

when mitochondrial dysfunctions are incorporated in the model (simulation set DC and 

DD).  
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A larger cell cross section has a larger number of myofibril points. If the same spatial 

gradient of metabolite concentration is maintained in two cell cross sections of different 

sizes, the larger cross section will have a higher IQR of metabolite concentration 

compared to a smaller cross section. Fig.5.18 and 5.19 indeed show a positive 

correlation between cell cross section size and corresponding IQRs of metabolites 

concentration and reaction rate. Therefore, absolute value of IQR of ATP hydrolysis 

rate might not be an accurate measure of the spatial gradients of ATP hydrolysis rate 

inside a cell cross section.  Fig. 5.20 presents the IQR of ATP hydrolysis rate in each 

cross section after normalizing by corresponding cell cross section size. The 

normalized IQR of ATP hydrolysis rate shows a positive correlation (r = 0.65 when 

mitochondrial dysfunctions are considered) with the IQR of mitochondrial density 

distribution in each cross section. The figure suggests that diabetic cross sections will 

have stronger local gradients of ATP hydrolysis rate compared to control cross 

sections. 

 

Figure 5.20: Normalized IQRs of ATP hydrolysis rates in cardiomyocyte cross 

sections.  The scatter plots show the IQRs of ATP hydrolysis rate in cardiomyocyte cross 

sections following normalization of the IQRs by corresponding cell cross sections areas. 
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5.5 Discussion  

5.5.1 Impact of ultrastructural alterations on force dynamics 

5.5.1.1 Impact of increased mitochondrial area fraction 
 

The results presented in this chapter show that introduction of mitochondrial 

dysfunctions leads to a substantial decrease in average ATP hydrolysis rate of a 

cardiomyocyte cross section. It should be noted that same value of XATPase was used 

as an input to all simulations. It is generally accepted that there is a positive correlation 

between maximum shortening velocities of muscles and corresponding ATP 

hydrolysis rates of actomyosins in a variety of muscle fibres (177, 178). On the other 

hand, XATPase can be considered as an index of Ca2+ induced activity of actomyosin 

filaments. Therefore, the results suggest that diabetic mitochondrial dysfunctions can 

result in a lower shortening velocity even when the same intracellular Ca2+ levels are 

maintained.  

It is also evident from the results that higher mitochondrial area fractions in diabetic 

cross sections can elevate depressed ATP hydrolysis rates. Higher mitochondrial 

content observed in the studied diabetic cardiomyocytes might act as a compensatory 

mechanism that maintains the homeostasis of average shortening velocity in spite of 

the reduced ATP synthesis capacity of diabetic mitochondria. This conclusion is 

consistent with a recent study by Han et al. (179) on isolated trabecula from left 

ventricle of rat, where shortening velocity was found to be similar between control and 

type I diabetes. However, as discussed previously in chapter 4, the current analysis 

was based on a small sample set of four diabetic cell volumes from a single tissue 

block. At this point, it is not clear what percentage of cardiac muscles in a diabetic 

heart will have a higher mitochondrial content. 
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A number of studies by Bugger at al. on type I diabetic Akita mice (1, 23), Shen et al. 

on OVE26 mice (72, 97), and Fitzl et al. on STZ administered rats (79) reported 

mitochondrial proliferation in the form of increased percentage volume of mitochondria 

in type I diabetic cardiomyocytes. However, these results conflict with few other 

studies based on STZ administered rat hearts - where mitochondrial content were 

reported to be either unchanged (77) or decreased (55, 95) in type I diabetes. 

Therefore, based on the current results and previous literature, we cannot draw a 

strong conclusion on the relationship between shortening velocity of sarcomeres and 

cellular ultrastructure across the entire volume of a type I diabetic rat heart.   

5.5.1.2 Impact of mitochondrial cluster p/a ratio 
 

Previously in chapter 2, an increase in mitochondrial cluster p/a ratio was found to 

have a low to moderate compensatory effect on myofibrillar ADP/ATP ratio which is 

otherwise depressed in diabetes due to mitochondrial dysfunction. However, these 

results were based on a compartmental model with a simplified description of 

mitochondrial OXPHOS reactions and electron transfer chain. To reassess the validity 

of the predictions in chapter 2, a detailed description of mitochondrial OXPHOS and 

mt-CK reactions (44, 124) (used in the FE models of current chapter) was 

implemented in the previously used compartmental model.  Additionally, the fixed ATP 

hydrolysis rate used as an input in the compartmental model was replaced by Wu et 

al.’s (175) formulation of ATP hydrolysis rate. With these modifications, all the three 

sets of simulations in Table 2.1 of chapter 2 were conducted again. The results from 

this biophysically consistent new compartmental model can be found in section 7.4 of 

the Appendix.   
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The results from the new compartmental model confirm that an increase in the p/a 

ratio of mitochondrial clusters in diabetes might be an adaptive mechanism aiming to 

partially compensate for the decreased ATP synthesis capacity due to mitochondrial 

dysfunctions. However, the results from the 2D FE analysis (in section 5.4.4 of the 

current chapter) indicate that the effects of increased p/a ratio might be negligible 

when compared to the effects of increased mitochondria area fraction in each cross 

section. It should be noted that the randomly selected 2D SBFSEM cross sections 

from diabetic cells reflect the alterations in all the different ultrastructural parameters 

discussed in chapter 4. Yet, the average myofibrillar ATP hydrolysis rate and average 

Pi concentration in the 2D cell cross sections exhibit a nearly linear relationship with 

the mitochondrial area fraction. This strong linear correlation implies that the increase 

in mitochondrial area fraction might be the sole driver behind the improvement in 

spatially averaged metabolic performance of the cells. Therefore, while increase in 

mitochondrial p/a ratios can play an adaptive role during diabetes, this role might not 

be crucial if the percentage of mitochondrial content in the diabetic cells also 

increases. 

5.5.1.3 Impact of non-uniform mitochondrial distribution 
 

The results presented in this chapter also show that diabetic cross sections have larger 

concentration gradients of metabolites like ATP and ADP compared to control cross 

sections. These concentration gradients are a consequence of non-uniform 

distribution of mitochondria in cell cross sections. Previous experimental and 

computational studies show that ATP and ADP levels play an important role in 

regulating various aspects of force dynamics. For instance, sarcomere shortening 

velocity increases with MgATP concentration, while MgADP acts as a competitive 

inhibitor of actomyosin filament velocity (178, 180, 181). On the other hand, increasing 
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MgADP concentration in a muscle preparation leads to an increase in steady-state 

isometric force development (180-183). Increasing MgATP has a reverse effect on 

isometric force development. Therefore, the observed ADP and ATP gradients in 

diabetic cross sections can also lead to spatial variation in force dynamics of the 

diabetic cells. 

To elaborate, myofibril areas in a diabetic cell cross section, with higher than average 

ADP concentration, will spend more time in force producing states. This will also result 

in higher force production in these areas. Consequently, different regions of the same 

diabetic cell cross section will be experiencing different levels of force in both systole 

and diastole. This may result in shear strain inside the cell and wastage of metabolic 

energy through production of heat – which might not be a favourable situation for a 

cardiomyocyte with mitochondrial dysfunctions. Shear strain inside the cell can also 

have negative consequences for the cellular ultrastructure and arrangement of 

cytoskeleton.  

5.5.2 Significance of Phosphocreatine shuttle 

The results from the 1D FE analysis (section 5.4.3) help us to understand how the 

non-uniform distribution of mitochondria affects the intracellular flux transfer pathways 

to develop a non-uniform metabolic landscape. The 5 FE meshes used in this analysis, 

with different diffusion distances, represent areas of a cell cross section with different 

local mitochondrial area densities. The results suggest that the effect of diffusion 

distance and mitochondrial area density depends on the diffusion flux of ANPs (ATP, 

ADP and AMP). Higher the phosphoryl flux transferred through ANPs, more will be the 

effect of a heterogeneous ultrastructure on metabolic landscape.  In contrast to ANP 

diffusion, diffusion fluxes of PCr / Cr and CK reaction rates are hardly affected by 

diffusion distances and corresponding mitochondrial densities. The effect of 
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ultrastructure on metabolism was lowest in the simulation where phosphoryl transfer 

occurred solely through the phosphocreatine shuttle (DATP = DADP = DAMP = 0). These 

results imply an important role of CK enzymes in maintaining a uniform metabolites 

distribution in spite of a heterogeneous mitochondrial distribution. 

This conclusion is similar to the conclusion of chapter 3. It was previously shown in 

chapter 3 that rapid diffusion of PCr and Cr, coupled with the reaction of CK enzymes, 

can maintain a nearly uniform distribution of ATP and ADP across a cell cross section. 

However, the diffusivity values of ANPs in myofibril regions were around 5 times higher 

in the old model. Consequently, compared to the previous model (chapter 3), the new 

model (chapter 5) predicts a more heterogeneous ADP/ATP distribution in cell cross 

sections.  

The 1D FE simulations for control metabolism and DPCr = DCr = 0 (deactivated 

phosphocreatine shuttle) predicted different average ATP hydrolysis rates for the 

same diffusion distance values. But the differences between the ATP hydrolysis rates, 

predicted by these two simulations, decreased as the diffusion distance became 

progressively smaller. The difference was lowest at 15% corresponding to diffusion 

distance value of 0.8 µm. These results can be interpreted in two different ways – (i) 

phosphocreatine shuttle involving CK enzymatic reactions is not necessary for the 

cardiomyocytes if the intracellular diffusion distances are around 0.8 µm. (ii) PCr 

shuttle will not be necessary in a cardiomyocyte where mitochondria are uniformly 

distributed. With a uniform mitochondrial distribution, diffusion of ANPs will be 

sufficient to maintain normal phosphoryl transfer.  
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5.5.3 Limitations of the study 

The major limitation of the study was the lack of a detailed model of glucose 

metabolism involving glycolysis, fatty acids (FA) metabolism involving beta oxidation, 

and subsequent TCA cycle. Diabetic cardiomyopathy is characterized by a shift of the 

cardiac energy metabolism towards an increased utilization of FA (11, 23, 24, 70). 

Under physiological conditions, mitochondrial oxidation of FA accounts for around 

70% of the total ATP generated (25). In type I diabetic heart, the contribution of FA 

metabolism increases while contributions of glucose and lactate metabolism decrease 

proportionately. This increase in FA utilization can further lead to a decrease in cardiac 

efficiency (24, 70). However, due to the lack of a detailed mathematical description of 

FA metabolism, the enhanced FA oxidation and its effect on cardiac bioenergetics 

could not be modelled in the current study.  

Beside this, the mitochondrial OXPHOS model also lacked the description of complex 

II. Complex II is responsible for donating electrons from flavin adenine dinucleotide 

(FADH2) to reduce ubiquinone (Q) to ubiquinol (QH2), in parallel to a similar activity of 

complex III which also reduces Q to QH2 by oxidizing reduced nicotinamide adenine 

dinucleotide (NADH). Previous experimental studies report a decreased activity of 

complex II in type I diabetes (14, 77). In the current study, this reported decrease in 

complex II activity was not considered while developing the model of mitochondrial 

dysfunctions.  

Regardless of these limitations, it should be noted that the current study is the first 

attempt in literature to develop a computational model of mitochondrial dysfunctions 

in type I diabetes. The current model of mitochondrial dysfunctions does not 

incorporate all the metabolic pathways that are altered in diabetes. However, it 

provides a simplistic representation of the diminished ATP synthesis capacity of 
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diabetic mitochondria that can be further utilized to analyse the relationship between 

cardiac energy metabolism and ultrastructure. 

It was assumed in the current study that all the mitochondrial areas present in cross-

sectional images will be having equal level or activity of various enzymes responsible 

for mitochondrial OXPHOS. However, few studies on type II diabetic rodent models 

indicate that mitochondrial biogenesis (increased mitochondrial volume fraction and 

DNA content) is not always coupled with an increase in mitochondrial function (110, 

184). These studies imply the possibility that not all the mitochondria, present in the 

diabetic cardiomyocytes, function to their fullest capacity. 

Another limitation of the study was that the FE models of cardiac bioenergetics 

incorporated only three pathways for energy transfer – (i). PCr and Cr diffusion (ii). 

AMP diffusion and (iii). ATP and ADP diffusion. Experimental studies by Dzeja et al. 

(36) on mice hearts suggest the presence of few more phosphoryl transfer pathways 

– e.g., Hexokinase mediated phosphoryl transfer through diffusion of glucose 

(glycolytic pathway) and guanylate kinase mediated phosphoryl transfer through 

diffusion of guanosine monophosphate (GMP) and diphosphate (GDP). However, 

based on existing literature, it is not clear how these other pathways contribute to 

phosphoryl transfer in rat hearts, and how they are affected in type I diabetes. It should 

be also noted that none of the previous and recent computational models of cardiac 

biogenetics (34, 35, 48, 126, 185) have incorporated the description of these 

alternative pathways.  
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Chapter 6 

6                  Conclusions and future work 
 

6.1 Conclusions  

The primary aim of this PhD project was to understand how ultrastructural alterations 

fit in the overall chain of metabolic events that lead to type I diabetic cardiomyopathy 

in the context of an individual cardiomyocyte.  

As a first major goal of the project, we needed to analyse how the mitochondrial 

morphology is altered in diabetic cardiomyopathy in various levels of organization, 

including individual mitochondria, as well as, mitochondrial clusters and networks. 

Accordingly, multiple electron microscopy (EM) imaging techniques, i.e., transverse 

electron microscopy (TEM) and serial block-face scanning electron microscopy 

(SBFSEM) were used to collect EM images of cardiac ultrastructure. TEM images 

collected in this project had a high resolution (2.3 nm/pixel) and spanned across a 

large sample set of animals (3 control and 3 diabetic rats). However, the TEM images 

were only limited to a collection of 7 control and 7 diabetic 2D tissue cross sections. 

The high resolution of the TEM images enabled us to study how the outer membrane 

architecture of individual mitochondria is altered in diabetes. On the other hand, 

SBFSEM images were based on a small sample set of animals (2 control and 1 

diabetic) and were collected at a lower resolution of 50 nm/pixel. However, the 3D 

SBFSEM images covered entire or partial volume of several cells, thus allowing for a 

detailed study on how the cardiac ultrastructure and mitochondrial organization 

change along the volume of the cell.  
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The final goal of the project (and each chapter) involved the use of computational 

models of cardiac bioenergetics to analyse how the ultrastructural alterations observed 

in the EM images affect energy metabolism of the cardiomyocytes. We specifically 

wanted to understand whether changing various ultrastructural parameters ameliorate 

or further aggravate the metabolic disruptions precluding the ultrastructural changes. 

Accordingly, multiple computational models were developed using the same 

biophysical and biochemical equations. These include compartmental ordinary 

differential equations (ODEs) based models of cardiac energy metabolism, 1D finite 

element (FE) models of cardiac energy metabolism based on partial differential 

equations (PDEs) of reaction-diffusion, and finally, realistic 2D FE models, based on 

EM image cross sections. The compartmental models and 1D FE models showed us 

how individual ultrastructural parameters like mitochondrial surface area by volume 

ratio and local mitochondrial area density can regulate the energy metabolism 

independent of each other. The 2D realistic FE models, on the other hand, helped us 

to investigate the overall impact of ultrastructural alterations in type I diabetes on 

metabolic landscapes of cell cross sections. 

6.1.1 Results from EM imaging 

 

Both the TEM and SBFSEM image sets pointed towards two distinct modes of 

alterations in outer membrane architecture of mitochondria in type I diabetes – 

mitochondrial fission and mitochondrial clustering. Individual mitochondria in diabetic 

cardiomyocytes were more fragmented (smaller in size but higher in numeric density) 

compared to control cardiomyocytes. However, the fragmented mitochondria in 

diabetic cardiomyocytes were also more likely to form contiguous clusters. Individual 

mitochondria present inside these large clusters always had their outer membrane 

intact – which makes the mitochondrial clustering a distinct phenomenon from 
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mitochondrial fusion where two mitochondria fuse to form a larger individual 

mitochondrion.  

The TEM and SBFSEM images also showed that mitochondrial distribution is more 

heterogeneous in diabetic cell cross sections. Mitochondrial distribution was quantified 

by calculating the local area density of mitochondria inside a small kernel window that 

was moved through all the pixel points present in a cell cross section. The diabetic 

cross sections had a higher interquartile range (IQR) for the mitochondrial local area 

density distribution compared to the control distribution – thus signifying a more non-

uniform mitochondrial distribution in diabetes.  

The TEM and SBFSEM images also exhibited an increase in the average 

mitochondrial effective surface area by volume ratio (represented by perimeter by 

cross sectional area ratio of mitochondrial clusters in 2D cross sections) in diabetic 

cross sections. This increase was more pronounced in the diabetic TEM images 

compared to the diabetic SBFSEM images.  Beside the increase in average values, 

both the image sets showed a larger variation in distribution of effective surface area 

by volume ratio of diabetic mitochondrial clusters compared to control clusters. Similar 

to the surface area by volume ratio, mitochondrial cluster size distribution was also 

more heterogeneous in diabetic cross sections. The high-resolution TEM images also 

showed that individual mitochondria are less solid and more elongated in diabetic 

cross sections.   

From the analysis of 3D SBFSEM image sets, it was found that diabetic cardiac 

mitochondria are more likely to be spatially connected with the SSM (sub-sarcolemmal 

mitochondria) present in the periphery of the cell. The diabetic SBFSEM cross sections 

also contained a higher mitochondrial area fraction compared to the control cross 
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sections. In contrast, the mitochondrial area fractions in the control and diabetic TEM 

cross sections were not significantly different. This apparent conflict could be due to 

the small sample set of TEM cross sections involved in the analysis.  

6.1.2 Results from computational models 

 

The results from the computational models, developed during this PhD project, point 

towards several ultrastructural alterations that can act as adaptive mechanisms 

against the effects of mitochondrial dysfunction. To begin with, the 2D realistic FE 

models show a nearly linear correlation between mitochondrial area fraction and 

average adenosine triphosphate (ATP) hydrolysis rate in myofibrils. The results 

indicate that increased mitochondrial fraction, observed in the SBFSEM image sets of 

DSD276 diabetic tissue block, might be able to compensate for the reduced ATP 

synthesising capacity of diabetic mitochondria. Beside this, the compartmental models 

of cardiac energy transfer indicate that elevated surface area by volume ratio of 

diabetic mitochondrial clusters can also act as an adaptive mechanism.  Elevated 

surface area by volume ratio can increase the availability of ATP in the cytosol, when 

ATP synthesis capacity of mitochondria is compromised.  However, in the final 2D FE 

models, average ATP hydrolysis rates and ADP/ATP ratios in cell cross sections have 

very little sensitivity to the average surface area by volume ratio of mitochondrial 

clusters, especially when compared to mitochondrial area fraction.  

The computational models also point towards alterations in ultrastructural parameters 

that might further disrupt the cardiac energy metabolism over the effects of 

mitochondria dysfunctions. The 1D idealized FE models show that myofibril areas 

located away from mitochondrial clusters, and consequently having a lower local 

mitochondrial density, will also have a lower ATP hydrolysis rate. The analysis of the 
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EM images showed that local density distribution of mitochondria in diabetic cross 

sections is substantially more heterogeneous compared to control cross sections. As 

a result, the realistic 2D FE models, based on EM image of cell cross sections, predict 

a more heterogeneous ADP or ATP distribution and larger spatial gradients of ATP 

hydrolysis rate in the diabetic cross sections. The non-uniform distribution of 

metabolites in diabetic cardiomyocytes can lead to non-uniform force dynamics across 

the cell, which can further result in shear strain inside the cell and wastage of metabolic 

energy through production of heat.  

The 2D FE models used in chapter 3 predict that, beside mitochondrial distribution, 

intracellular oxygen distribution can also affect the metabolic landscape of 

cardiomyocytes. During high cardiac workloads, high oxygen consumption leads to 

formation of steep radial oxygen gradients between cardiac cell core and periphery. 

When oxygen supply is adequate, the radial oxygen gradients have negligible impact 

on the mitochondrial oxidative phosphorylation (OXPHOS). But during situations like 

hypoxia, when the cellular oxygen supply is limited, the cell core undergoes a shortage 

of oxygen. The mitochondria in the anoxic cell core have a substantially lower ATP 

synthesis rate compared to rest of the cell. Consequently, this leads to formation of 

large radial gradients of ADP/ATP ratio and ATP hydrolysis rate across the cell cross 

section.  

6.1.3 Significance 

 

For the first time, ultrastructural alterations in diabetic cardiomyopathy were quantified 

using 2D TEM and 3D SBFSEM image stacks covering complete cross sections and 

large volumes of cardiomyocytes. The results from these studies provide us many new 

insights that were not reported by previous studies, e.g., increased mitochondrial 



 

210 

 

fragmentation and clustering, along with increased heterogeneity in mitochondrial 

distribution.  

This PhD project is also the first attempt to build structurally realistic FE models of 

cardiac bioenergetics. The realistic FE models, based on the collected EM image 

cross sections, revealed many new aspects of cardiac bioenergetics for both control 

and diabetic cardiomyocytes. The FE models predict that phosphocreatine shuttle 

might be necessary for normal functioning of cardiomyocytes. Without 

phosphocreatine shuttle, metabolic landscape of cardiomyocytes will be highly 

heterogeneous due to non-uniform mitochondrial distribution.  

For the first time in literature, the FE models also predict that diabetic cardiomyocytes 

will have a more heterogonous metabolic landscape compared to control cells. The 

increased heterogeneity is caused by both increased ultrastructural heterogeneity, as 

well as, decreased phosphocreatine shuttle activity. The models also predict that 

limited supply of oxygen can influence the spatial gradients of metabolites, beyond the 

influence of mitochondrial distribution.    

These findings are important because they reveal how the sub-cellular ultrastructure 

can regulate the cardiac energy metabolism. Although the PhD project was based on 

type I diabetic cardiomyopathy, these findings can be extended to many other 

conditions like ischemia (6) and alcoholic cardiomyopathy (186) that also lead to 

ultrastructural alterations similar to type I diabetes. 
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6.2 Future work 

6.2.1 3D FE model of cardiac bioenergetics 
 

A logical next step in the development of structurally realistic FE models of cardiac 

bioenergetics will be development of 3D FE models that incorporate cell volume 

corresponding to multiple sarcomeres. The 3D FE models can provide better 

predictions of metabolic landscape of cardiomyocytes, especially for diabetic 

cardiomyocytes which appear to me more twisted compared to control cells.  

To develop the 3D FE models, first 3D FE meshes have to be generated from 

SBFSEM datasets. Fig. 6.1 shows a 3D FE mesh developed from the control HSD460 

image set. Following mesh generation, the current 2D partial differential equations 

(PDEs) need to be simply extended to 3D PDEs and applied over the 3D FE meshes. 

Various enzyme activity rate constants can be also modified to represent the 

longitudinal variation of activity of enzymes along the sarcomere (34). 

 

Figure 6.1: 3D FE mesh developed from a 3D SBFSEM image set.  The red areas denote 

the myofibrils areas while the green areas correspond to mitochondria.  
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Beside the modifications in equations, it will be necessary to parallelize the FE models 

for optimum performance. On the same note, it will be also important to find an 

optimum mesh resolution that keeps the total number of elements at a minimum 

without compromising the model predictions. 

6.2.2 Modelling mitochondrial membrane potential conduction 
  

Several energy distribution pathways might operate concurrently within the 

cardiomyocytes at different spatial scales. It was assumed in the current study that 

diffusion of phosphagens like ATP and phosphocreatine (PCr) is the dominant 

mechanism for distribution of energy in the cell, and it is also the only pathway for 

facilitating metabolic communication between individual mitochondria.  However, few 

studies by Skulachev et al. (69) and Glancy et al. (54, 62) suggest that membrane 

potential conduction through mitochondrial network can act as an alternate pathway 

for energy distribution across a muscle cell. According to this newly proposed 

hypothesis, individual mitochondria can transmit membrane potential between each 

other through electron rich inner mitochondrial junctions (65, 150). Glancy et al. (54) 

also suggested that, compared to the longitudinal axis of the cell, mitochondrial 

membrane potential conduction is substantially weaker along the cross sections of the 

cell.  

The FE models developed in this project were based on cross sectional images of 

cardiomyocytes. Therefore, following Glancy et al.’s work, it can be assumed that any 

potential effect of mitochondrial membrane potential conduction on simulation results 

will be negligible. When normal oxygen supply to the cardiomyocytes is maintained, 

the results from the current FE model show that diffusion of phosphagens can indeed 

maintain a near uniform value of membrane potential across the mitochondrial 

clusters, without requiring any mechanism for membrane potential conduction.  But in 
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a 3D FE simulation, where cardiac energy metabolism is modelled along the 

longitudinal axis of the cell, a description of mitochondrial membrane potential 

conduction needs to be incorporated in the FE model. Beside this, it will be also 

interesting to examine whether membrane potential conduction can maintain a uniform 

metabolite distribution in situations like hypoxia.  

6.2.3 Building an integrated model of cardiac force production 

 

Type I diabetes is accompanied by an increase in the production of reactive oxygen 

species (ROS) (14, 15, 72-74). ROS regulates several biochemical pathways inside 

the cell. However, the cardiac bioenergetics models described in the thesis did not 

contain any description of ROS production. To understand how ROS production might 

be influenced by ultrastructural alterations, we need to integrate a model of ROS 

production with the current model. There are several existing models of cardiac ROS 

production which can be useful for this purpose (185, 187). 

Beside ROS level, regulation of calcium (Ca2+) level is also affected in type I diabetes. 

Previous studies show that the myofibrils become less sensitive towards Ca2+ in 

diabetes (89-91). The decreased sensitivity of myofibrils can play a significant role in 

regulating the cardiac force production in conjunction with mitochondrial dysfunction 

and ultrastructural alterations. Therefore, future works should incorporate a model of 

cardiac Ca2+ dynamics (e.g., Hatano model (48, 125) and Iyer model (188)) with the 

FE model of bioenergetics developed in this thesis. It will also be important to 

incorporate biophysically valid formulations of different stages of cross bridge cycling 

(e.g., Tran model (181) and Tewari model (180)) inside the FE model. An integrated 

model of overall cardiomyocyte performance will help us analyse the relative 
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contributions of all the intracellular pathways responsible for development of diabetic 

cardiomyopathy. 

6.2.4 Improving the SBSFEM image analysis 

 

As discussed before in chapter 4, the analysis of control and diabetic image sets were 

based on a small sample set of 1 diabetic and 2 control Sprague Dawley (SD) rats. 

Moreover, only one tissue block was collected from each animal. Previous studies 

indicate that extent of ultrastructural alterations observed in cardiomyocytes can vary 

between animal to animal, as well as, between different regions of the same heart. 

Therefore, more tissue samples need to be prepared from a larger number of diabetic 

rat hearts to improve the accuracy of the image analysis.  

Moreover, the automatically segmented SBFSEM image sets contained few ‘false 

positive’ areas that got mistakenly marked as mitochondria. The automatic 

segmentation algorithm was not either completely automatic, it required several 

manual segmentations of cell and nucleus boundaries. Therefore, there is also a 

significant scope in improving the accuracy and usability of the segmentation 

algorithm.  
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7 Appendix 

7.1 Supplementary Methods for Chapter 2 

This supporting information presents a detailed description of the ordinary differential 

equations (ODEs) based compartmental model used for simulating the results in 

chapter 2. The model consists of total 12 ODEs representing the state variables, as 

well as, several algebraic equations (AEs) representing the reaction fluxes. The 

reactions in the myofibril compartment were simulated using the following 6 ODEs.  

����:-0
�� =  �789

O:3X0
O:-0

− �U} + �7} −  �789;2P 
����:-0

�� = �7f9
O:3X0
O:-0

+ �7} 

����:-0
�� =  �7�9

O:3X0
O:-0

+ �U} − 2�7} +  �789;2P 
���:-0

��    =  �93
O:3X0
O:-0

+ �789;2P 

��~�:-0
�� =  �9U/

O:3X0
O:-0

+ �U} 
�~�:-0

�� =  �U/
O:3X0
O:-0

− �U} 

 
Here all the state variables represent the corresponding metabolite concentrations. 

The JMET terms represent the diffusion flux of various metabolites from myofibrils to 

the mitochondrial IMS and across the mitochondrial outer membrane. JMET for a given 

metabolite is calculated using the following formula –  

�f�8 =  � :PX(���:-0 − ���efg) 

In this equation,  :PX denotes the permeability of outer membrane to a given 

metabolite, while ���:-0 and ���efg  are the concentrations of the metabolite in 

myofibril and mitochondrial inner membrane space (IMS) compartments, respectively. 

The  :PX values for different metabolites are given by:  789 =   7�9 =   7f9 =
  2.24 μ�/� ,  9U/ =   U/ =  260 μ�/� and  93 =  327 μ�/�. The structural parameter � 

describes the ratio of the outer membrane surface area to volume of mitochondrial 

clusters, also known as the p/a ratio of 2D mitochondrial clusters. To adjust for the 

different volumes of the mitochondrial and myofibrillar compartments, the �f�8 fluxes 
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present in the myofibrillar ODEs were normalized by the volume ratio of mitochondria 

and myofibrils (O:3X0 O:-0)⁄ . O:3X0 O:-0⁄  was assumed to have a value of 0.25 based 

on Vendelin et al.’s (34) previous model of cardiac bioenergetics.  

The reaction fluxes of myofibrillar creatine kinase (�U}) and adenylate kinase (�7}) 

reactions were also based on Vendelin et al.’s (34) previous model. The myofibrillar 

ATP hydrolysis rate (�789;2P) was a model input which is independent of the state 

variables.  Concentrations of various metabolites in the mitochondrial IMS was 

described by the following ODEs.  

����efg
�� =  �789 − �:XU} −  �fe7} − �2-Z


efg
 

����efg
�� = �7f9 + �fe7}


efg
 

����efg
�� =  �7�9 + �:XU} − 2 �fe7} − �2-Z


efg
 

���efg
��    =  �93 + �2-Z


efg
 

��~�efg
�� =  �9U/ + �:XU}


efg
 

�~�efg
�� =  �U/ − �:XU}


efg
 

 
All the mitochondrial IMS reaction fluxes were calculated in the units of µmol/litre of 

cell/sec. Therefore, the flux expressions were normalized by the volume fraction of 

mitochondrial IMS (
efg = 0.083) when incorporated in the mitochondrial IMS ODEs. 

Similar to their myofibrillar counterparts, the reaction fluxes of mitochondrial IMS 

creatine kinase (�:XU}) and adenylate kinase (�fe7}) reactions were also based on 

Vendelin et al.’s (34) previous model of cardiac bioenergetics. The mitochondrial ATP 

synthesis rate (�2-Z) was estimated from a simple kinetic scheme described by Aliev 

et al. (44). 

�2-Z =  �A:;<  ���:;X/3< ⨯ ��:;X/3<
�. ⨯ �^ ⨯ ��� −  �/:;<  ���:;X/3<

�; ⨯ ���  
 

Here �A:;< and �/:;< represent maximum ATP synthesis rate (forward reaction) and 

maximum mitochondrial ATP hydrolysis rate (backward direction), respectively. In the 
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control cardiomyocyte model, �A:;< had a value of 6.35 mM/sec, while �/:;< was 0.056 

mM/sec. The term Den represents the denominator of the expression.  

��� = 1 +  ���:;X/3<
�.

+   ���:;X/3< ⨯ ��:;X/3<
�.�^

+  ���:;X/3<
�;

   

In these equations, Kd, Kp and Ka  are respectively the dissociation constants for ADP, 

Pi and ATP. The values used for these dissociation constants are, Kd = 100 µM. Ka = 

462 µM and Kp = 2400 µM. 

Concentrations of ATP, ADP and Pi in the mitochondrial matrix were calculated using 

the following empirical relationships based on Aliev et al.’s (44) work.  

���:;X/3< +  ���:;X/3< = 10 ��  

��:;X/3< =  10 ∗  ��efg ���:;X/3<
���:;X/3< +  ���:;X/3<

=  25 ∗ ���efg
���efg +  25 ∗ ���efg

 

  
‘The initial values of various state variables used in the model were as following 
  

���:-0 =  ���efg = �. � C( ���:-0 =  ���efg = �� μ(  
���:-0 =  ���efg = �� μ( �~�:-0 =  �~�efg = �. �� C(  
��:-0 =  ��efg = �. �� C( ~�:-0 =  ~�efg = ��. �� C(  
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7.2 Supplementary Methods for Chapter 3 

7.2.1 S1 Text 

The supplementary method presents a detailed description of the partial differential 

equations (PDEs) based finite element (FE) model used to simulate the results in the 

journal article co-authored by the PhD candidate (148). The model consists of total 17 

state variables as described in table 7.1. 

7.2.1.1 Introduction 

 

Section 7.2.1.2 introduces a set of 7 PDEs and 12 AEs used for modelling the 

myofibrillar reactions and force dynamics. Following this, section 7.2.1.3 presents a 

set of 7 PDEs and 12 AEs used for modelling the transport fluxes through the 

mitochondrial outer membrane. It further contains a detailed description of 10 ODEs 

and 12 AEs used to simulate the state variables corresponding to mitochondrial 

electron transfer chain and other transport fluxes through the mitochondrial inner 

membrane. Finally, Section 7.2.1.4 presents the simulation protocol utilized to 

calculate the force dynamics corresponding to the metabolite distribution in the 

myofibrils. 
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Table 7.1: State variables of the system 

State Variable Definition (Unit) Location 

ATP ATP concentration (µM) Entire cell 

MgATP Mg bound ATP concentration (µM) Entire cell 

ADP ADP concentration (µM) Entire cell 

MgADP Mg bound ADP concentration (µM) Entire cell 

AMP AMP concentration (µM) Myofibril and IMS 

regions 

PCr Phosphocreatine concentration (µM) Myofibril and IMS 

regions 

Cr Creatine concentration (µM) Myofibril and IMS 

regions 

Pi  Inorganic phosphate concentration (µM) Entire cell 

O2 Oxygen concentration (µM) Entire cell 

H+ H+ concentration (also expressed in pH) Entire cell 

K+ Potassium ion concentration (µM) Mitochondrial matrix 

Mg2+ Free magnesium ion concentration (µM) Entire cell 

NADH NADH concentration (µM) Mitochondrial matrix 

NAD NAD concentration (µM) Mitochondrial matrix 

Q Ubiquinone concentration (µM) Mitochondrial matrix 

QH2 Ubiquinol concentration (µM) Mitochondrial matrix 

Cred Cytochrome C (reduced) concentration (µM) IMS regions 

Cox Cytochrome C (oxidized) concentration (µM)  IMS regions 

Δψ Mitochondrial membrane potential (mV) Mitochondrial inner 

membrane 
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7.2.1.2 Simulating the reactions at myofibrils 

 

Following differential equations represent the state variables in the myofibrillar region 

of the cell. The state variables shaded in lighter tone are either calculated using PDEs 

or using AEs. However, the state variables shaded in higher tone are assumed to have 

a constant value throughout the cell cross-sections.   

����
�� =  �7�9ab��� − �U} + �7} −  �789;2P 

����
�� =  �7�9ab��� + �7} 

����
�� =  �7�9ab��� + �U} − 2�7} +  �789;2P 

���
��    =  �93 ab�� + �789;2P 

��~�
�� =  �9U/ab�~� + �U} 

��~�
��     =  �U/ab�~� − �U} 

��b
�� =  ���ab�b �]��� =   ���. �]b�

��� + �]b� �]��� =   ���. �]b�

��� + �]b� 

 

  �6 =  7.1 

 

�� = 0.15 � 

 

�]b� =  1.0 �� 

 

Here, �789;2P denotes the rate of ATP consumption at any particular point of the 

myofibrils, and it is modelled as a function of the concentrations of the ATP, ADP and 

Pi present at this spatial point. 

�789;2P =  Q789;2P
1 + S ���. ��

���
 

The detailed description of various reaction rates used in these equations can be found 

in Table 7.2. Table 7.3 presents the definitions and values of model constants used in 

these equations.  
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Table 7.2: Fluxes of myofibrillar reactions 

Symbol Flux (mol/sec/Litre of myofibril) Source of model  

�789;2P Flux of ATP consumption in myofibrils Wu et al. (175) 

�U} Flux of creatine kinase reaction   

Vendelin et al. (34)  �7} Flux of adenylate kinase reaction  

 

Table 7.3: Definition of model constants 

Symbol Species Value Source 

�7�9  Diffusivity of ATP, ADP 

and AMP 

145 µm2/s  

 

Vendelin et al. (34) �9U/, �U/  Diffusivity of PCr and Cr 260 µm2/s 

�93   Diffusivity of inorganic 

phosphate 

327 µm2/s 

��� Diffusivity of oxygen 2410 µm2/s Beard et al. (189) 

�7�9  Reduction in diffusivity of 

ATP, ADP and AMP at 

IMS space 

0.01 Aliev et al (44). 

�~�X0X;1 Total concentration of PCr 

and Cr in myofibrils and 

IMS 

23 mM  

 

 

 

 

 

 

Vendelin et al. (34) 

�_�X0X;1 Total concentration of ATP 

and ADP in the cell 

10 mM 

��� 

 

Mg2+ dissociation constant 

for myofibrilar ATP 

24.0 µM 

��� Mg2+ dissociation constant 

for myofibrilar ADP 

347.0 µM 

���� Mg2+ dissociation constant 

for mitochondrial ATP 

17.0 µM 

���� Mg2+ dissociation constant 

for mitochondrial ADP 

282.0 µM 

_��X0X;1 Total matrix NAD(H) 

concentration 

2970.0 µM  
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�X0X;1 Total matrix ubiquinol 

concentration 

1350.0 µM  

 

 

Beard (124) 

��AA Constant representing 

buffering capacity of the 

matrix space 

100 M-1 

~X0X;1 Total IMS cytochrome C 

concentration 

2700.0 µM 

~efg Capacitance of inner 

membrane 

1.0 

µM/Litre of 

mitochondria/mV 

O� maximal MiCK reaction 

rates in forward direction 

0.008 mol/s/Litre 

of Mitochondria 

 

 

Aliev et al. (44) OL� maximal MiCK reaction 

rates in reverse direction 

0.00035 

mol/s/Litre of 

Mitochondria 

|f water volume per total 

mitochondrial volume 

0.72376  

 

 

Beard (124) 

 

|��� IMS water volume per total 

mitochondrial volume 

0.1 

|Q Matrix water volume per 

total mitochondrial volume 

0.9 

 

Boundary Conditions: As we used PDEs to describe the reactions in myofibril, it also 

necessitated the application of suitable boundary conditions corresponding to the 

PDEs. We assumed that there is no transportation of metabolites like ATP, ADP, AMP, 

Pi, PCr and Cr across the cell membrane of the 2D cross sections. This led to the 

application of Neumann boundary conditions with zero flux across the cell membrane. 

For the PDE describing diffusion of O2, we imposed a Dirichlet boundary condition with 

a uniform O2 concentration across the whole length of cell membrane.  
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7.2.1.3 Simulating the reactions at mitochondrial IMS and matrix regions 

 

Transportation of metabolites between the IMS and myofibril – Transportation of 

various metabolites between the IMS and myofibril is modelled using simple diffusion. 

Following PDEs represent the state variables in the IMS region of the cell. Detailed 

description of all the variables used in these equations can be found in table 7.4, while 

table 7.3 lists the model constants and their values.  

����
�� =  �7�9 ∗ �7�9ab��� + (−�feU} + �fe7} + �7�8)/|efg 

����
�� =  �7�9 ∗ �7�9ab��� + (�feU} − 2 �fe7} − �7�8)/|efg 

����
�� =  �7�9 ∗ �7�9ab��� + �fe7}/|efg 

��~�
�� =  �9U/ab�~� + �feU}/|efg 

���
�� =  �93 ab�� − �93c/|efg 

�~�
�� =  �U/ab~� − �feU}/|efg 

��b
�� =  ���ab�b �]��� =   ���. �]b�

���� + �]b� �]��� =   ���. �]b�

���� + �]b� 

 

�6 =  7.1 

 

�� = 0.15 � 

 

�]b� =  1.0 �� 

 

Table 7.4: Fluxes of mitochondrial reactions 

Symbol Flux (mol/sec/Litre of mitochondria) Source of model  

��c Dehydrogenase flux representing the TCA cycle 

and other NADH-producing reactions 

 

 

 

 

 

Beard (124) 

�U�, �U�, �U�  
��� �U� 

Flux through complex I, complex III, complex IV 

and complex V (F1F0 - ATP synthase) 

�1P;� Flux of proton leak across the inner membrane 

�7�8 Rate of exchange of metabolites through the 

adenine nucleotide translocases (ANT)  

�93c Flux through Phosphate Hydrogen co-transporter 

�}c Flux through K+/ H+ antiporter 

�:XU} Flux of mitochondrial creatine kinase reaction  Vendelin et al. 
(34) �fe7} Flux of mitochondrial adenylate kinase reaction  
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To represent the mitochondrial creatine kinase (mt-CK) reaction in the model, we used 

a modified version of the mt-CK reaction equation developed by Vendelin et al. In their 

study, it was assumed that adenine nucleotide translocator (ANT) carrier proteins 

present in the mitochondrial inner membrane release the ATP from the matrix into a 

narrow micro compartment in the IMS. In the current study we did not consider the 

existence of micro-compartments separate from the rest of the IMS and accordingly 

modified the equation as –  

        �feU} =  
O�

�]��� ∗ ~�
(�3; ∗ ��) − OL�

�]��� ∗ �~�
(�3Y ∗ �.)

���feU}
 

Here, V1 and V-1 denote the maximal CK reaction rates in forward and reverse 

directions. The details of various dissociation constants used in this equation can be 

found in Vendelin et al (34).   

Reactions representing oxidative phosphorylation (OXPHOS) – 

Every node point in the IMS was metabolically coupled with matrix of individual 

mitochondria through the following ODEs. These ODEs describe the action of various 

electron transfer chain complexes (Complex I-IV) and carrier proteins like ANT.  

�_��6
�� =  (��c − �U�)/|h 

��6b
�� =  (�U� − �U�)/|h 

�~���
�� =  2(�U� − �U�)/|efg 

_�� =  _��X0X;1 −  _��6 � =  �X0X;1 −  �6b ~" =  ~X0X;1 − ~��� 

�6�

�� =  ��AA ∗ 6� ∗ (��c − 5�U� − 2�U� − 4�U� + (�7 − 1) ∗ �U� + 2�93c + �1P;� − �}c)/|h 

�Δψ
�� =  (4�U� + 2�U� + 4�U� − �7�U� − �7�8 − �1P;�)/~efg 

����
�� =  (�~5 − ��_�)/|Q 

����
�� =  (��_� − �~5)/|Q 

�]��� =   ���. �]b�

���� + �]b� �]��� =   ���. �]b�

���� + �]b� 
 

�]b� =  3.8� + 02 μ� 

���
�� =  (�93c − �U�)/|h 

���

�� =  �}c/|h 
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7.2.1.4 Simulation protocol utilized to calculate the force dynamics 

 

The force dynamics across the myocyte cross-section was simulated using the 

metabolite-sensitive Tran et. al. (181) model of cross-bridge kinetics.  At each node 

point, an isometric twitch was simulated based on the distribution of metabolite 

concentrations at the node.  Each isometric twitch was activated by a known calcium 

(Ca2+) transient.  The equation for the Ca2+ transient is detailed in Rice et. al (190) and 

the different parameters used in this study were �� = 20 ms, �b = 5.5 ms, ~�amplitude =
1.2  M, ~�diastolic = 0.09  M. 

For each isometric twitch simulated at each of the nodes, the peak twitch force (Fpeak) 

and the duration of the twitch above 5% of peak twitch force (t95) were calculated.  

 

 



 

226 

 

7.2.2 S1 Fig 

 

Figure 7.1: Spatial variation in distribution of mitochondria and nuclei along the 

longitudinal axis of the cell.  The black and green lines correspond to the total area 

fraction of mitochondria and nucleus present in each cross section of the cell. The first 

and third quartile of the mitochondrial density distribution in each cross section is 

represented using the lower and upper bound of the light blue area. There is negligible 

difference between the mitochondrial area fraction and quartile values of mitochondrial 

density distribution corresponding to different cross sections 
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7.2.3 S2 Fig 

 

Figure 7.2:  Simulation of confocal microscope images from model predicted 

species distribution.  (A) Model predicted distribution of oxygen in cross section 1 

presented in grayscale image. (B) Resolution of the image predicted by the model was 

reduced by a margin of 5 times. (C) Subsequently we applied a point spread function over 

the image, followed by application of poison noise, to derive the simulated confocal 

microscope image of low resolution. 
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7.3 Supplementary Methods for Chapter 5 

7.3.1 Introduction 

This supporting information presents a detailed description of the PDE based FE 

model used to simulate the results in the chapter 5. These equations are based on a 

modified version of the cardiac bioenergetics model used in chapter 3. Similar to the 

previous FE model, the new model consists of total 20 state variables as described in 

table 7.1.  

Section 7.3.2 introduces a set of 7 PDEs and 12 AEs used for modelling the myofibrillar 

reactions. Following this, section 7.3.3 presents a set of 7 PDEs and 18 AEs used for 

modelling the transport fluxes through the mitochondrial outer membrane. It further 

contains a detailed description of 10 ODEs and 12 AEs used to simulate the state 

variables corresponding to mitochondrial electron transfer chain and other transport 

fluxes through the mitochondrial inner membrane. 
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7.3.2 Simulating the reactions at myofibrils 

Following PDEs represent the state variables in the myofibrillar region of the cell. The 

state variables shaded in lighter tone are either calculated using PDE or using AE. 

However, the state variables shaded in higher tone are assumed to have a constant 

value throughout the cell cross-sections.    

����
�� =  �7�9ab��� − �U} + �7} −  �789;2P 

����
�� =  �7�9ab��� + �7} 

����
�� =  �7�9ab��� + �U} − 2�7} +  �789;2P 

���
��    =  �93 ab�� + �789;2P 

��~�
�� =  �9U/ab�~� + �U} 

��~�
��     =  �U/ab�~� − �U} 

��b
�� =  ���ab�b �]��� =   ���. �]b�

��� + �]b� �]��� =   ���. �]b�

��� + �]b� 

 

  �6 =  7.1 

 

�� = 0.15 � 

 

�]b� =  1.0 �� 

 

The detailed description of various reaction rates used in these equations were 

previously presented in Table 7.2. Table 7.5 presents the definitions and new values 

of the model constants used in these equations.  

Boundary Conditions: As we used PDEs to describe the reactions in myofibrils, it 

also necessitated the application of suitable boundary conditions corresponding to the 

PDEs. We assumed that there is no transportation of metabolites like ATP, ADP, AMP, 

Pi, PCr and Cr across the cell membrane of the 2D cross sections. This led to the 

application of Neumann boundary conditions with zero flux across the cell membrane. 

For the PDE describing diffusion of oxygen, we imposed a Dirichlet boundary condition 

with a uniform oxygen concentration across the whole length of cell membrane.  
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Table 7.5: Definition of model constants used in myofibrillar reactions: 

Symbol Species Value Source 

�7�9  Diffusivity of ATP, ADP and AMP in 

myofibrils and IMS 

30 µm2/s Simson et al. 

(45) 

�9U/, �U/  Diffusivity of PCr and Cr in myofibrils and 

IMS 

260 µm2/s Vendelin et al. 

(34)  

Meyer et al. 

(39) 

�93   Diffusivity of inorganic phosphate in 

myofibrils and IMS 

327 µm2/s 

��� Diffusivity of oxygen in myofibrils and 

mitochondria 

300 µm2/s Rumsey et al 

(191)  

�~�X0X;1 Total concentration of PCr and Cr in 

myofibrils and IMS 

23 mM  

 

 

 

 

 

 

Vendelin et al. 

(34) 

 

 

 

�_�X0X;1 Total concentration of ATP and ADP in 

the cell 

10 mM 

��� 

 

Mg2+ dissociation constant for myofibrillar 

ATP 

24.0 µM 

 

��� Mg2+ dissociation constant for myofibrillar 

ADP 

347.0 µM 

O� maximal M-CK reaction rates in forward 

direction 

19.84 

mmol/s/Litre of 

myofibril 

OL� maximal M-CK reaction rates in reverse 

direction 

84.53 

mmol/s/Litre of 

myofibril 
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7.3.3 Simulating the reactions at mitochondrial IMS and matrix regions 

7.3.3.1 Transportation of metabolites between the IMS and myofibril   
 

Transportation of various metabolites between the IMS and myofibrils is modelled 

using simple diffusion. Following PDEs represent the nodal concentration of the state 

variables in the IMS region of the cell. Physiological IMS concentration of these 

variables, used for calculating the mitochondrial reactions fluxes, can be obtained 

simply by scaling the nodal concentrations by the volume scaling factor |efg. The 

detailed description of all the reaction fluxes used in these equations were previously 

presented in table 7.4, while table 7.6 lists the model constants and their values.  

����
�� =  �7�9ab��� + (−�:XU} +  �fe7} + �7�8) 

��~�
��  =  �9U/ab�~� + �:XU} 

����
�� =  �7�9ab��� + (�:XU} − 2 �fe7} − �7�8) 

�~�
�� =  �U/ab~� − �:XU} 

����
�� =  �7�9ab��� + �fe7} 

���
�� =  �93 ab�� − �93c 

��2
�� =  ��2a2�2 − �~4/2 �]��� =   ���. �]b�

���� + �]b� �]��� =   ���. �]b�

���� + �]b� 

 

�6 =  7.1 

 

�� = 0.15 � 

 

�]b� =  1.0 μ� 
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Table 7.6: Definition of model constants used in mitochondrial reactions 

Symbol Species Value Source 

���� Mg2+ dissociation constant 

for mitochondrial ATP 

17.0 µM  

���� Mg2+ dissociation constant 

for mitochondrial ADP 

282.0 µM 

_��X0X;1 Total matrix NAD(H) 

concentration 

2970.0 µM  

 

 

 

 

Beard (124) 

�X0X;1 Total matrix ubiquinol 

concentration 

1350.0 µM 

��AA Constant representing 

buffering capacity of the 

matrix space 

100 M-1 

~X0X;1 Total IMS cytochrome C 

concentration 

2700.0 µM 

~efg Capacitance of inner 

membrane 

1.0 

µM/Litre of 

mitochondria/mV 

O� maximal mt-CK reaction 

rates in forward direction 

6.6 mmol/s/Litre 

of Mitochondria 

 

 

Saks et al. (158) OL� maximal mt-CK reaction 

rates in reverse direction 

30.41 

mmol/s/Litre of 

Mitochondria 

SP<Y, Coefficient of restricted 

ATP diffusion 

0.01  

 

Aliev et al. (44) |:3Y/0Y0:^ micro compartment 

volume per total 

mitochondrial volume 

0.1 

|f water volume per total 

mitochondrial volume 

0.72376  

 

 

Beard (124) 

 

|efg IMS water volume per total 

mitochondrial volume 

0.1 ∗ |f 

|h Matrix water volume per 

total mitochondrial volume 

0.9 ∗ |f 
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To accurately represent the phosphocreatine shuttle, a description of a micro 

compartment located between ANT and mt-CK was incorporated in the model, based 

on previous works by Aliev (44).  The ATP concentration in the micro compartment 

was modelled as: 

�����
�� = SP<Y, ∗ (���efg − ����) + O7�8 − O:XU}

|:3Y/0Y0:^
 

 

Here O7�8 and O:XU} respectively denote the ANT and mt-CK reaction rates expressed 

in term of moles per sec per litre of mitochondria. Rexch is a coefficient representing 

the restricted ATP diffusion between the narrow micro compartment and the rest of 

the IMS. Wmicrocomp denotes the total volume fraction of micro compartment within a 

mitochondrion. To calculate the mt-CK reaction rate, similar to the previous model in 

chapter 2, a rapid equilibrium based approach was utilized. However, instead of using 

the IMS MgATP concentration, the MgATP concentration in the narrow micro 

compartment was used to calculate the forward reaction rate (44). MgATP 

concentration in a compartment is calculated from the corresponding ATP 

concentration using a linear relationship based on Vendelin et al. (34). 

        �:XU} =  
O�

�]���� ∗ ~�efg(�3; ∗ ��) − OL�
�]���efg ∗ �~�efg(�3Y ∗ �.)

���fU}
 

The maximum activity of ANT was selected to be 12 X 103 µm2/s based on Vendelin 

et al’s (34) model of cardiac bioenergetics.  
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7.3.3.2 Reactions representing OXPHOS  

Every node point in the IMS was considered to be metabolically coupled with matrix 

of individual mitochondria through the following ODEs. These ODEs describe the 

action of various electron transfer chain complexes (Complex I-IV) and carrier proteins 

like ANT.   

�_��6
�� =  (��c − �U�)/|h 

��6b
�� =  (�U� − �U�)/|h 

�~���
�� =  2(�U� − �U�)/|efg 

_�� =  _��X0X;1 −  _��6 � =  �X0X;1 −  �6b ~" =  ~X0X;1 − ~��� 

�6�

�� =  ��AA ∗ 6� ∗ (��c − 5�U� − 2�U� − 4�U� + (�7 − 1) ∗ �U� + 2�93c + �1P;� − �}c)/|h 

�Δψ
�� =  (4�U� + 2�U� + 4�U� − �7�U� − �7�8 − �1P;�)/~efg 

����
�� =  (�~5 − ��_�)/|Q 

����
�� =  (��_� − �~5)/|Q 

�]��� =   ���. �]b�

���� + �]b� �]��� =   ���. �]b�

���� + �]b� 
 

�]b� =  3.8� + 02 μ� 

���
�� =  (�93c − �U�)/|h 

���

�� =  �}c/|h 
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7.4 Re-examining the role of mitochondrial p/a ratio 

As discussed in this thesis, there are several ultrastructural parameters that might be 

affected by type I diabetic cardiomyopathy. These include parameters such as surface 

area by volume ratio of mitochondrial clusters (also described as the perimeter by area 

ratio or p/a), mitochondrial cluster size and mitochondrial area fraction. The model 

predictions in chapter 2 solely focused on the impact of increased p/a ratio of 

mitochondrial clusters on cardiac metabolism. Increase in mitochondria p/a ratio was 

found to have a low to moderate compensatory effect (~7%) on myofibrillar ADP/ATP 

ratio which is otherwise depressed in diabetes due to mitochondrial dysfunctions. 

However, the compartmental model used in chapter 2 lacked several biophysical 

components which were later incorporated in chapter 5. For instance, the model had 

a simplified description of mitochondrial OXPHOS and mt-CK reactions, the model 

also lacked a biophysical description of myofibrillar ATP hydrolysis. In this section we 

re-examined whether the model predictions in chapter 2 will be still valid if a more 

advanced model of cardiac biogenetics is used. 

A detailed description of mitochondrial OXPHOS and electron transfer chain, based 

on the Beard model (124), was incorporated into the previously used compartmental 

model in Chapter 2. Similarly, formulation of mt-CK reactions was updated with the 

new formulation used in the FE models in chapter 5. Additionally, the fixed ATP 

hydrolysis rate used as an input in the compartmental model was replaced by Wu et 

al.’s (175) formulation of ATP hydrolysis rate. With these modifications, all the three 

simulations in table 2.1 of chapter 2 were conducted again (Fig. 7.3).  
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Figure 7.3: Effect of mitochondrial cluster p/a ratio on cardiac metabolism in the 

new compartmental model. Myofibrillar ATP hydrolysis rate and ADP/ATP ratio are 

plotted as a function of p/a ratio for simulations of both control and diabetic metabolism. 

The vertical dashed lines represent the control (in blue) and diabetic (in red) values of 

p/a ratio. Simulation CC, CD and DC correspond to three different scenarios involving 

different combinations of structural and metabolic parameters. 

Figure 7.3 presents the results from the three simulations (CC – control metabolism 

with control ultrastructure, DC – diabetic metabolism with control ultrastructure and 

DD - diabetic metabolism with diabetic ultrastructure), corresponding to a high 

workload defined by XATPase = 0.01. The model of diabetic metabolism in simulation set 

DC and DD was based on the model of mitochondrial dysfunctions developed in 

section 5.4.2 of chapter 5. Similarly, based on the results in chapter 2, the p/a ratio 

was increased by a margin of 23% in simulation DD. Moreover, to understand the 
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sensitivity of the model predictions to p/a ratio, myofibrillar ATP hydrolysis rate and 

ADP/ATP ratio were calculated over a wide range of mitochondrial cluster p/a values. 

As evident from figure 7.3, ATP hydrolysis rate declines by approximately 12% when 

mitochondrial dysfunctions are introduced. Although, the decreased ATP hydrolysis 

rate is accompanied by a small 2.15% increase in ADP/ATP ratio, it is the 26.5% 

increase in myofibrillar Pi concentration that contributes to the diminished ATP 

hydrolysis rate. These results are consistent with the results from the FE models 

presented in chapter 5 (Fig. 5.8).  

In both control and diabetic metabolism, myofibrillar ATP hydrolysis rate improves and 

ADP/ATP ratio declines with increasing mitochondrial p/a ratio. Comparing the results 

from simulation CC, DC and DD, it is evident that the 23% higher p/a ratio can partially 

compensate for the effects of mitochondrial dysfunctions by elevating the ATP 

hydrolysis rate by approximately 2%. Similarly, myofibrillar ADP/ATP ratio in 

simulation DD is decreased by 2.45% and restored to a level equivalent to its control 

value in simulation CC. 

Previously in chapter 2, ATP hydrolysis rate was used a fixed input to the model. 

Subsequently, ADP/ATP ratio increased by approximately 50% in set DC, and it 

declined by 7% when p/a ratio was increased in set DD. The magnitudes of these 

previous results are different from the new results. These differences stem from the 

fact that: (i) the previous model did not contain detailed mathematical descriptions of 

how ADP, ATP and Pi provide feedback to mitochondrial ATP synthesis and 

myofibrillar ATP hydrolysis; (ii) the new model also contained a biophysically 

consistent description of mitochondrial dysfunction (section 5.4.2), which was not 

present in the previous model. However, regardless of the differences in magnitude of 
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the results, both the set of results imply that the observed higher p/a ratio of 

mitochondrial clusters in diabetic cardiomyocytes can act as an adaptive mechanism 

aiming to partially compensate for the decreased ATP synthesis capacity due to 

mitochondrial dysfunctions. 
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