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ABSTRACT 

Gaining insight into different cell behaviors is key to better understanding different 

pathologies. These behaviors may be explained in part through close observation of 3D cell 

morphology. Therefore, the objective of this research was to develop a machine learning (ML) 

framework that can predict 3D subcellular morphological variation of endothelial cells (ECs) to 

generate digital twins. ECs were cultured and their membrane, nucleus, and focal adhesion (FA) 

sites were stained and imaged with confocal microscopy. An open-source pre-trained ML 

algorithm was first tested to evaluate the feasibility of predicting EC subcellular morphology based 

on membrane morphology. Transfer learning was used to train this algorithm to predict nuclear 

morphology. A second open-source ML algorithm based on a conditional generative adversarial 

network (cGAN) was then tested to predict 2D morphology of FA sites. A new image similarity 

metric named Discrete Protein Metric (DPM) was developed to evaluate FA sites prediction 

accuracy. Finally, the cGAN algorithm was adapted to make 3D predictions of nucleus and FA 

sites based on membrane morphology. This adaptation of the cGAN algorithm was used to build 

the ML framework, which was then trained and tested. After training the framework, the results 

on an independent test showed an average prediction accuracy of ~87% for nucleus and ~70% for 

FA sites. The predictions were used to build a digital twin of each EC and compared to their 

respective ground truth, showing an average ~79% global accuracy and ~84% accuracy in FA-

Nucleus distribution. The results presented show the effectiveness of the developed ML framework 

to generate digital twins of ECs using limited amount of data. These digital twins can be used to 

couple EC morphology with different behaviors. The ML framework can be potentially expanded 

to predict morphology of other subcellular structures as well as to study other types of cells.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background and Motivation 

The endothelium is one of the most prevalent tissues on the human body, being a cell layer 

lining many organs and cavities. However, the relevance of the endothelium has only recently been 

acknowledged thanks to two major observations: the fact that it is a highly active cell layer 

involved in many homeostatic processes and the fact that it establishes unique dialogues with the 

many organs it traverses [1]. Following these observations, it could be argued that endothelial cells 

(ECs), the cells forming the endothelium, are involved in virtually every disease. This knowledge 

opens the possibility of studying these cells as a means of understanding the physiology of many 

diseases and develop novel treatments. Nevertheless, understanding the concepts of activation and 

dysfunction in ECs to explain different pathologies is a far more complex problem than it might 

seem since they exhibit both emergent properties and high heterogeneity.  

In the vascular system, the properties of the endothelium vary between different sites of 

the vasculature and from one moment in time to the next [2]. Because of this variance in properties, 

what constitutes activation for one cell at a certain site and time may not meet the definition of 

activation at another location or moment in time. Likewise, the definition of dysfunction varies 

thanks to these site-specific properties of endothelial cells [1]. The specificity in input and output 

of each cell creates heterogeneity across the endothelium, suggesting that no two endothelial cells 

are identical [2]. Although studying single cells can provide a lot of information regarding the 

properties of the endothelium, there are other properties that are only evident at higher orders of 

organization. Each EC has a limited sensory capacity and shares information with neighbors so 

that sensing is distributed among cells. Communication among connected cells provides system-
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level sensing greater than single cell capabilities, which allows the endothelium to solve sensory 

problems too complex for a single cell [3]. Each cell senses information using its own simple rules 

based on sensitivity and activity of its neighbors. It then communicates this information to other 

cells in a highly localized way. Finally, the endothelial collective derives a solution to the complex 

sensory problem using the knowledge it has gained from the interactions within the community of 

cells [3]. Thus, an experimental approach to study ECs needs to consider their heterogeneity along 

with their emergent properties. One feature that could allow study of ECs accounting for both of 

these properties is cell morphology. 

The endothelial network has shown to be flexible, changing its structure depending on the 

physiological event. A combined study of both structural and functional aspects is required to fully 

understand the network [3]. An important factor to consider when studying this network is the 

correlation between cell shape and cell function. Cells can adapt to new situations and materialize 

this adaptation as a change in their shape. Thus, cell shape follows cell function. Nevertheless, the 

inverse case is also true: cell shape can control cell function. Cells exhibit what is called 

mechanotransduction, in which changes in cell shape generate signals which are transduced into 

the nucleus and result in changes in gene and protein expression [4]. Therefore, studying the 

morphological variation of ECs and how it is coupled to different phenotypes can provide a better 

understanding of the endothelial network. Specifically, observing subcellular morphology (i.e., 

cellular compartments) can provide more detailed information about the function of an EC. 

Different computational methods have been applied to quantify cellular and subcellular 

morphology. However, many of them fail to account for their heterogeneity and emergent 

properties. For example, computational modeling has been used to characterize EC morphology 

along with its subcellular structures and how it changed under shear stress [5]. However, this 
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approach modeled a cluster of ECs as homogeneous structures with hexagonal geometry, 

homogeneous material, and the same geometry for all subcellular compartments. On the other 

hand, single-cell imaging has been used to study mechanotransduction of ECs [6], but this 

methodology does not model clusters of cells and how they interact with each other. Therefore, 

there is a need to develop computational models that can capture detailed single-cell morphology 

in clusters of ECs. 

Machine learning (ML), a type of data analysis that automates the building of models by 

learning from data, has shown great potential in the morphological analysis of cells. For example, 

ML has been used to perform cell segmentation in 2D microscopy images by detecting the cells, 

separating touching cells, and segmenting sub-cellular compartments (e.g., nucleus and cytoplasm) 

[7]. ML has also been used to identify cell types in phase-contrast and fluorescence microscopy 

images through their morphology [8]. Furthermore, ML has been applied to cell video data for 

dynamic classification of their morphology [9].  

While these methods provide great insight into cell morphology, they fail to capture the 

whole 3D cell with its key subcellular components. It is necessary to generate models of ECs that 

identify the morphology of the key components involved in their function (i.e., cell membrane, 

nucleus, FA sites) and that capture cells in clusters (i.e., significant portions of the endothelium) 

to account for both heterogeneity and emergent properties of the endothelium. A potential use of 

ML for this type of morphological analysis is through prediction of subcellular morphology from 

microscopy images.  

1.2 Objective of Research 

Therefore, the objective of this research was to develop a ML framework that can predict 

3D subcellular morphological variation of ECs to generate digital twins. The purpose of this 
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research is to contribute to filling the current gap in the literature on the study of EC subcellular 

morphology and how it relates to EC function.  

The objective was met by the following procedures. ECs were cultured, and their 

membrane, nucleus, and FA sites were stained and imaged with confocal microscopy. An open-

source pre-trained ML algorithm was first tested to evaluate the feasibility of predicting EC 

subcellular morphology based on membrane morphology. Transfer learning was used to train this 

algorithm to predict nuclear morphology. A second open-source ML algorithm based on a 

conditional generative adversarial network (cGAN) was then tested to predict 2D morphology of 

FA sites. A new image similarity metric named Discrete Protein Metric (DPM) was developed to 

evaluate FA sites prediction accuracy. Finally, the cGAN algorithm was adapted to make 3D 

predictions of nucleus and FA sites based on membrane morphology. This adaptation of the cGAN 

algorithm was used to build the ML framework, which was then trained and tested. The results 

will show the effectiveness of the developed ML framework to generate digital twins of ECs using 

limited amount of data. These digital twins can be used to couple EC morphology with different 

behaviors. 

1.3 Thesis Organization 

This research will provide a novel ML framework that can aid in the study of the 

relationship between EC morphology and function. Chapter 2 provides an overview of the current 

literature on the relationship between EC morphology and function. It also illustrates the gap in 

the literature on the study of EC heterogeneity and emergent properties and how ML can 

potentially fill this gap. Chapter 3 provides a preliminary study using an open-source pre-trained 

ML algorithm to predict nuclear morphology based on membrane morphology through transfer 

learning. This chapter shows the effectiveness of using ML for subcellular morphology prediction. 
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Chapter 4 provides a second preliminary study on using a different ML approach to predict FA 

sites morphology based on membrane morphology. It also provides a preliminary analysis of.FA 

sites prediction accuracy. Chapter 5 presents the development of a new image similarity metric to 

calculate the accuracy of FA sites morphology prediction. The developed metric provides an 

interpretable measurement of different features of FA sites. Chapter 6 provides a final study where 

the ML approach presented in Chapter 4 is expanded and combined with the metric developed in 

Chapter 5 for prediction and analysis of 3D EC subcellular morphology. This chapter provides the 

final ML framework to be used for generating EC digital twins. Chapter 7 summarizes this research 

and establishes future studies that the developed ML framework would enable.  
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Role of Endothelial Cells in Different Pathologies 

The endothelium is one of the most prevalent tissues on the human body, being a cell layer 

lining many organs and cavities. However, the relevance of the endothelium has only recently been 

acknowledged thanks to two major observations: the fact that it is a highly active cell layer 

involved in many homeostatic processes and the fact that it establishes unique dialogues with the 

many organs it traverses [1]. Following these observations, it could be argued that endothelial cells 

(ECs), the cells forming the endothelium, are involved in virtually every disease. This knowledge 

opens the possibility of studying these cells as a means of understanding the physiology of many 

diseases and develop novel treatments.  

EC dysfunction is an important factor in the development and progression of 

cardiovascular disease [10]. This dysfunction is manifested in lesion-prone areas of the arterial 

vasculature and results in the earliest detectable changes in the life history of an atherosclerotic 

lesion that can lead to atherosclerotic cardiovascular disease (ACVD) [11]. The activation of ECs 

at these atherosclerotic lesion–prone areas results in the up-regulation of cell adhesion molecules 

and chemokines, which mediate the recruitment of circulating monocytes. Accumulation of 

monocytes and monocyte-derived phagocytes in the wall of large arteries leads to chronic 

inflammation and the development and progression of ACDV [12].  

It is also known that ECs are involved in the progression of cancer. During metastasis, 

cancer cells disseminate to other parts of the body by entering the bloodstream in a process that is 

called intravasation. They then extravasate at metastatic sites by attaching to ECs that line blood 
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vessels and crossing the vessel walls of tissues or organs, therefore crossing the endothelium twice 

[13]. Furthermore, endothelial disarray, as part of vascular structural abnormalities, contributes to 

abnormal intratumoral perfusion and a vicious cycle of local hypoxia, impaired permeability, 

extracellular matrix degradation and efflux of cancer cells [14].  

Nevertheless, understanding the concepts of activation and dysfunction in ECs to explain 

different pathologies is a far more complex problem than it might seem since they exhibit both 

emergent properties and high heterogeneity.  

2.2 Heterogeneity and Emergent Properties of Endothelial Cells 

In the vascular system, the properties of the endothelium vary between different sites of 

the vasculature and from one moment in time to the next [2]. Because of this variance in properties, 

what constitutes activation for one cell at a certain site and time may not meet the definition of 

activation at another location or moment in time. Likewise, the definition of dysfunction varies 

thanks to these site-specific properties of endothelial cells [1]. This difference between ECs can 

be seen even at the micro-scale. Neighboring cells are each exposed to different inputs (e.g., 

difference in hemodynamic forces) from the extracellular environment and therefore, produce 

different outputs (e.g., difference in phenotypes). The specificity in input and output of each cell 

creates heterogeneity across the endothelium, suggesting that no two endothelial cells are identical 

and that each one is analogous to a miniature adaptive input-output device [2]. Although studying 

single cells can provide a lot of information regarding the properties of the endothelium, there are 

other properties that are only evident at higher orders of organization.  

Each EC has a limited sensory capacity and shares information with neighbors so that 

sensing is distributed among cells. Communication among connected cells provides system-level 
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sensing greater than single cell capabilities, which allows the endothelium to solve sensory 

problems too complex for a single cell [3]. Therefore, the question becomes: how is the behavior 

of individual cells coordinated across the endothelium to control vascular function? An answer to 

this question can be reached by assuming that this network of cells exhibits swarm intelligence. 

Each cell senses information using its own simple rules based on sensitivity and activity of its 

neighbors. It then communicates this information to other cells in a highly localized way. Finally, 

the endothelial collective derives a solution to the complex sensory problem using the knowledge 

it has gained from the interactions within the community of cells [3]. However, traditional 

approaches to study endothelial cells regard the entire population as homogeneous. Many studies 

take the average of the behaviors of thousands of endothelial cells. For example, in organ bath 

experiments, the mechanical response of the artery is used as an indirect measure of endothelial 

activity [15]. On the other hand, some experiments study one cell or few cells as representatives 

for the entire population [3]. Thus, an experimental approach to study ECs needs to consider their 

heterogeneity along with their emergent properties. One feature that could allow study of ECs 

accounting for both of these properties is cell morphology. 

2.3 Correlation of Endothelial Cell Function and Morphology 

The endothelial network has shown to be flexible, changing its structure depending on the 

physiological event. A combined study of both structural and functional aspects is required to fully 

understand the network [3]. An important factor to consider when studying this network is the 

correlation between cell shape and cell function. Cells can adapt to new situations and materialize 

this adaptation as a change in their shape. Thus, cell shape follows cell function. Nevertheless, the 

inverse case is also true: cell shape can control cell function. Cells exhibit what is called 
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mechanotransduction, in which changes in cell shape generate signals which are transduced into 

the nucleus and result in changes in gene and protein expression [4].  

The ECs response to mechanical stimuli, such as stretch and shear stress from circulatory 

pressure and flow, involve the remodeling of their structure to minimize alterations in intracellular 

stress/strain and elicit adaptive changes in their signaling in the face of sustained stimuli [16]. 

Different morphologies can then alter the function of the same ECs. For example, ECs exhibiting 

an elongated morphology have been shown to inhibit the inflammatory cytokine expression in 

monocytes, in comparison to ECs with a cobblestone shape [17]. 

Therefore, studying the morphological variation of ECs and how it is coupled to different 

phenotypes can provide a better understanding of the endothelial network. Specifically, observing 

subcellular morphology (i.e., cellular compartments) can provide more detailed information about 

the function of an EC. 

2.4 Role of Nucleus Morphology on Cell Behavior 

One subcellular compartment that highly impacts the behavior of a cell is the nucleus. Since 

this structure contains the genetic material (i.e., DNA) of a cell, the nucleus plays a primary role 

in the determination of the function of a cell. Deformation of the nucleus could result in altered 

DNA packing and thus affect gene regulation [18]. In fact, modulation of nuclear shape has been 

suggested to affect both protein synthesis and gene expression [19]. Therefore, the morphology of 

the nucleus has been studied as a possible marker of cell function/dysfunction.  

There has been a wide variety of nuclear morphologies found in different cell types under 

normal conditions, and during different physiological or disease states [20]. Correlations between 

altered nuclear morphology and certain disease states have long been observed, most notably many 
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cancers are diagnosed and staged based on graded increases in nuclear size [21]. One study of 

breast cancer cells, found a stronger correlation between a cancerous phenotype and nuclear 

morphology than cellular morphology and cancer [22].  

The morphology of the nucleus can be directly correlated to other subcellular structures. 

For example, as the cell membrane deforms, the nucleus has been shown to deform as well to a 

lesser degree [23]. Nuclear morphology can also be related to focal adhesion morphology of a cell. 

It is known that signals from the micro-environment are transmitted to the interior of the cell 

through focal adhesions physically linking the environment via the actin cytoskeleton to the 

nucleus [24]. Therefore, studying the morphology of focal adhesions can provide information on 

nuclear morphology and the overall behavior of a cell.   

2.5 Role of Focal Adhesion Morphology on Cell Behavior 

Focal adhesion (FA) sites consist of large macromolecular assemblies of proteins that 

associate with integrin to provide anchor points for a cell to adhere to the extracellular matrix 

(ECM). FA sites play a fundamental role in force sensing, which influences several cellular 

processes and functions, including cell migration and cell cycle [25]. The morphology of FA sites 

has been observed to be dynamic, as seen during cell migration, where an asymmetry between the 

front and the back of the cell correlates with the directionality of movement [26]. Furthermore, 

quantitative evaluation of FA size, number, orientation, and distribution can provide improved 

understanding of how cells sense and respond to their physical surroundings [24]. In fact, FA 

density and location have been shown to play an important role in dictating intracellular stress 

[27].  
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Through its role in regulating and determining the mechanical behavior of a cell, FA site 

morphology has also been related to potential mechanisms of homeostasis. Substrate displacement 

resulting from traction forces generated by FA sites have been found to be a unifying feature that 

determines tensional homeostasis of a cell, which is critical to better understanding how ECM 

stiffness impacts cellular behavior in health and diseases, such as cancer and vascular aging [28]. 

It has also been found that assembly of FA sites is directly correlated to an increase in matrix 

stiffness, which can be a sign of the presence of a tumor [29].  

Morphology of FA sites can be correlated to other subcellular structures (as mentioned in 

Section 2.4) as well as to the overall morphology of the cell. Clustering of FA sites drives 

cytoskeletal organization, which subsequently alters the morphology of the cell [30]. Therefore, it 

is important to study the morphology of both FA sites and nucleus. Such studies have been made 

through the use of computational methods.  

2.6 Current Computational Modeling of Cell Morphology 

Different computational methods have been applied to quantify cellular and subcellular 

morphology. One such method is image-based profiling which has been used to quantify changes 

on cell morphological features (i.e., shape, size, intensity, and texture of cellular compartments). 

In this method, averaged profiling is used to summarize a cell population into a fixed length vector 

[31]. Image-based profiling has been used for different studies coupling morphological features 

with gene expression, where the modeling procedure involves the selection of genes that are 

associated with a given image-based feature [32]. However, this method has many limitations that 

impair its ability to recognize cell heterogeneity. Average profiling results in loss of information 

that can be manifested in many forms. For example, multiple configurations of distinct 

subpopulations of cells could yield identical average profiles. On the other hand, if two 
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subpopulations with opposite phenotypes exist in a sample, they might cancel out. Averaging can 

also result in misleading interpretation of feature association [31]. For example, highly similar 

image features will be associated with the same sets of genes when trying to couple morphological 

features to gene expression [27].  

Other computational methods that have been employed directly for the study of ECs fail to 

account for their heterogeneity and emergent properties. For example, computational modeling 

has been used to characterize EC morphology along with its subcellular structures and how it 

changed under shear stress [5]. However, this approach modeled a cluster of ECs as homogeneous 

structures with hexagonal geometry, homogeneous material, and the same geometry for all 

subcellular compartments. On the other hand, single-cell imaging has been used to study 

mechanotransduction of ECs [6], but this methodology does not model clusters of cells and how 

they interact with each other. Therefore, there is a need to develop computational models that can 

capture detailed single-cell morphology in clusters of ECs. 

2.7 Machine Learning for Cell Morphology Modeling 

Machine learning (ML) is a type of data analysis that automates the building of models by 

learning from data. These models are built by identifying patterns in data and require minimal 

human intervention. ML can be subdivided two main categories: supervised and unsupervised 

learning. Supervised learning refers to the use of labeled datasets to train an ML algorithm to 

categorize data (i.e., classification) or predict numerical outcomes (i.e., regression). Unsupervised 

learning refers to the use of unlabeled datasets where an ML algorithm will identify new patterns 

in the data to generate new information.  
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ML has shown great potential in the morphological analysis of cells. Supervised learning 

has been used to classify cells according to their morphological features, where these features have 

been previously extracted from image segmentation [33]. For example, ML classification 

algorithms, such as Adaptive Boosting, have been used to classify the morphological state of 

fibroblast cells using shape-based and appearance-based features extracted from phase-contrast 

microscopy images [34]. ML has also been used to predict the overall state of a cell (i.e., live or 

apoptotic) based on numerical morphological features (i.e., area, width, and height) by applying a 

collection of classification models including logistic regression, random forest, k-nearest neighbor, 

multilayer perceptron, and support vector machine [35]. Furthermore, unsupervised learning has 

been used to group cells according to their shape. A k-means clustering algorithm was used to 

group cells into clusters according to their contour, which allowed to quantify the heterogeneity of 

cell populations [36]. 

One particular branch of ML that has been extensively used in cell morphology analysis is 

deep learning (DL). DL is the application of algorithms that mimic the architecture of the human 

brain through what is known as neural networks. These networks are most widely applied to 

images to learn different tasks. For example, DL has been used to perform cell segmentation in 2D 

microscopy images by detecting the cells, separating touching cells, and segmenting sub-cellular 

compartments (e.g., nucleus and cytoplasm) [7]. DL has also been used to identify cell types in 

phase-contrast and fluorescence microscopy images through their morphology [8]. Furthermore, 

DL has been applied to cell video data for dynamic classification of their morphology [9].    

While these methods provide great insight into cell morphology, they fail to capture the 

whole 3D cell with its key subcellular components. As established in previous sections, it is 

necessary to generate models of ECs that identify the morphology of the key components involved 
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in their function (i.e., cell membrane, nucleus, FA sites) and that capture cells in clusters (i.e., 

significant portions of the endothelium) to account for both heterogeneity and emergent properties 

of the endothelium. A potential use of ML for this type of morphological analysis is through 

prediction of subcellular morphology from microscopy images. This approach has been proven to 

be effective, through the development of a ML algorithm that predicts fluorescence images of 

subcellular compartments (e.g., nuclei and cell membrane) from unlabeled light microscopy 

whole-cell images [37]. Other approaches have directly used morphology from fluorescence 

subcellular structures to predict the morphology of other subcellular structures on the same cells 

[38], based on the relationship that exists between these subcellular compartments. These 

algorithms provide the advantage of being highly adaptable. Through transfer learning, they can 

use knowledge acquired from previous experiences to perform a new task. This approach is 

especially beneficial when there is limited amount of annotated data available [39]. The use of 

transfer learning on this type of algorithm has the potential to predict detailed subcellular 

morphology to generate 3D models of EC clusters that capture both their heterogeneity and 

emergent properties.  
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CHAPTER 3 

‘IN SILICO’ LABELING 

3.1  Abstract 

 Microscopy plays a central role in cell and developmental biology. Fluorescence 

microscopy can be used to visualize specific cellular components (e.g., cell membrane, nuclei) and 

subsequently quantify their morphology. However, there are challenges with these imaging 

experiments which can, for several reasons, make it difficult to quantify cell morphology: 

inconsistent results, time-consuming and potentially costly protocols, and the limitation on the 

number of labels due to spectral overlap. To address these challenges, the objective of this research 

was to develop computational machine learning models to predict nuclear morphology based only 

on fluorescence cell membrane confocal z-stacks. Human Microvascular Endothelial cells were 

grown to confluence and both the cell membrane, and the nuclei were stained and imaged using 

confocal microscopy. The registered confocal z-stacks of endothelial nuclei and membrane 

consisted of 20 slices each and were normalized through software pipeline for each image to have 

a mean pixel intensity value of 0.428. An open-source machine learning algorithm was trained 

using this set of z-stacks on a High-Performance Computer (HPC) system (1 machine, 36 cores, 

5GB RAM/core). The learning rate of the algorithm was adjusted during the final stages of training 

so that it would not over correct for small errors (learning rate was reduced from 10-4 to 10-5). 

Predictions were compared to the ground truth fluorescence nuclei images, and error was assessed 

through presence of false positives and false negatives. Two ‘models’ were generated after training 

the machine learning algorithm. The first model (referred to as ‘Model A’) was finalized after 

~68,000 training steps (~60 hours) using cell membrane images showing well-defined shape (clear 

linings and homogeneous geometric form). The second model (referred to as ‘Model B’) was 



16 

 

finalized after resuming the first model’s training session and performing ~22,000 training steps 

(~24 hours) using cell membrane images showing irregular shape. Error in prediction showed few 

false positives and negatives, with accurate nuclei location and shape prediction. These results 

show the potential of pre-trained machine learning algorithms to use knowledge acquired from 

previous trainings (transfer learning) to predict nuclear morphology using relatively small amounts 

of data and training time, eliminating the need of using multiple labels in immunofluorescence 

experiments. 

3.2  Introduction 

Fluorescence microscopy can be used to visualize specific cellular components and 

subsequently determine their morphology for the development of multi-component in silico cell 

models, also known as virtual-cell models. These models can be used to quantify intra- and inter-

cellular force transmission due to dynamic mechanical forces, which can be compared to results 

from in vivo experiments. However, there are challenges with these imaging experiments that can 

make it difficult to quantify cell morphology: inconsistent results; time-consuming and potentially 

costly protocols; and limitation on number of labels due to spectral overlap [40].  

Deep neural networks (DNNs), a style of computational machine learning (ML), have been 

used for in silico staining of unstained cells [37, 41]. Namely, DNNs have been used for prediction 

of cellular component fluorescence labels based on unlabeled transmitted light microscopy cell 

images. For example, phase contrast images have been used to predict nucleus and membrane 

fluorescent labels [37]. Although such predictions eliminate the need for labeling the cells, 

transmitted light images lack contrast and, therefore, fluorescence labels predictions of certain 

subcellular structures (e.g., focal adhesion sites) might not be well suited for development of 

virtual-cell models. Therefore, would it be possible to predict cellular components using a single 
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fluorescence label as input? Could these predictions have a quality comparable to stained cellular 

component images and be used for virtual-cell models? 

To begin answering these questions, the objective of this research was to develop 

computational ML models to predict nucleus based on fluorescence cell membrane confocal z-

stacks. Accomplishing this objective would determine whether cell membrane could be a good 

predictor of other subcellular structures. For this research, nucleus was chosen as the structure to 

predict since it is one of the most consistent subcellular structures in terms of morphology and has 

a close relationship with the cell membrane. 

3.3 Materials and Methods 

3.3.1 Cell Culture 

Human Microvascular Endothelial cells (HMEC-1, #CRL-3243, ATCC, Manassas, VA) 

were maintained in complete growth media. Complete growth media consisted of MCDB 131 

media (#10372019, Gibco, Grand Island, NY) supplemented with 2 mM L-glutamine (#25030081, 

Thermo Fisher Scientific), 10% FBS and penicillin/streptomycin (100 U/ml and 100 µg/ml 

concentration, respectively). Cells were seeded at a density of 10,000 cells/cm2 onto fibronectin-

coated glass coverslips (#CS-25R17, thickness 1.5, Warner Instruments, Hamden CT) 

(fibronectin, 20 µg/ml, #33016-015, Thermo Fisher Scientific) mounted in 6-well plates. The cells 

were grown to confluence at 37˚C with 5% CO2.         

3.3.2 Immunofluorescence 

Once the cells reached confluence, the plasma membrane of live cells were stained with 

Wheat Germ Agglutinin (WGA) (CF633, Biotium, Fremont, CA). Cells were washed twice in 

Hank’s balanced salt solution (HBSS, #14025076, Thermo Fisher Scientific), then incubated with 

WGA (5 µg/ml) for 30 minutes at 37˚C, then washed twice in HBSS. Next, the cells were fixed 
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(4% (w/v) paraformaldehyde in PBS) and the nuclei were stained. The overall staining protocol 

was as follows: cells were permeabilized in Triton X-100 (0.5%, 5 min, #T9284, Sigma-Aldrich), 

followed by PBS wash (3 × 5 min). To image the nucleus, cells were stained with Hoecsht 33258 

(1:1000, #116M4139V, Sigma). 

3.3.3 Confocal Imaging 

To reduce photo bleaching, cells were mounted in ProLong Glass (#P36980) anti-fade 

mountant. A Leica TCS SP5 confocal microscope with a 63x/1.40 NA oil immersion lens was 

used to image the monolayer. UV 405 nm (nucleus) and a HeNe 633 nm (membrane) lasers were 

used to sequentially excite samples. Images were acquired at 2048×2048 pixels, with an x-y spatial 

resolution of 0.132 µm/pixel and z spatial resolution within the range of 0.1-0.15 µm/slice for 

different imaging sessions. 

3.3.4 Image Processing and Machine Learning 

During the early training sessions, registered confocal z-stacks of endothelial nuclei and 

membrane, consisting of 9 slices each, were obtained from fluorescence confocal microscopy. On 

the other hand, for the later sessions, the registered confocal z-stacks consisted of 20 slices each 

and were normalized through software pipeline in order for each image to have a mean pixel 

intensity value of 0.428. For all sessions, an open-source ML algorithm [37], originally developed 

to predict fluorescence labels on unlabeled transmitted light microscopy cell images, was trained 

using this set of z-stacks on a High-Performance Computer (HPC) system (1 machine, 36 cores, 

5GB RAM/core). Through transfer learning, the algorithm used knowledge acquired from its 

previous training sessions to learn to predict fluorescence nuclear images from fluorescence 

membrane images. Predictions were compared to the ground truth fluorescence nuclei images, and 

error was assessed through presence of false positives and false negatives. To achieve convergence 
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of training results (i.e., consistency in nuclei prediction quality), learning rate of the algorithm was 

adjusted during the final stages of training so that it would not over correct for small errors 

(learning rate was reduced from 10-4 to 10-5). A schematic of the ML training and validation 

process can be seen in Fig. 3.1.  

 

Fig. 3.1: Representation of workflow of training and validation of ML algorithm: (A) Feed the pre-trained 

algorithm the set of input and output images and go through a training session, in which the algorithm 

uses knowledge from previous trainings through transfer learning to learn the new task; (B) Validate 

training by feeding the trained algorithm a new set of input images and generating the prediction of the 

output images. 

 

3.4 Results 

 Two ‘models’ were generated after training the ML algorithm. The first model (referred to 

as ‘Model A’) was finalized after ~68,000 training steps (~60 hours) using cell membrane images 

showing well-defined shape (i.e., clear linings and homogeneous geometric form) (Fig. 3.2). The 

second model (referred to as ‘Model B’) was finalized after resuming the first model’s training 

session and performing ~22,000 training steps (~24 hours) using cell membrane images showing 

irregular shape (Fig. 3.3). Error in prediction showed few false positives and negatives, with 

accurate nuclei location and shape prediction. 
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Fig. 3.2: Schematic of generation of Model A by training the open-source pre-trained algorithm using 

well-defined cell membrane images. Prediction is then compared to the true label and error is assessed 

by visualizing false positives (orange) and false negatives (blue). 

 

 

Fig. 3.3: Schematic of generation of Model B by further training Model A using irregular shape cell 

membrane images. Prediction is then compared to the true label and error is assessed by visualizing false 

positives (orange) and false negatives (blue). 
 

Each model was tested with two new sets of unlabeled membrane images (i.e., no nucleus 

labeled): one set of well-defined membrane images and another set of irregular shape membrane 
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images. Fig. 3.4 shows a schematic of the test performed on these image sets, where the predictions 

can be seen to be qualitatively good in terms of nucleus shape, size, and location. 

 

Fig. 3.4: Schematic of model testing where top row shows testing of Model A using well-defined 

unlabeled membrane images and bottom row shows testing of Model B using irregular shape unlabeled 

membrane images. 
 

3.5 Discussion  

 The results presented here show the potential of using pre-trained ML algorithms to predict 

nuclear morphology using relatively small amounts of data and training time, eliminating the need 

of using multiple labels in immunofluorescence experiments. Such outcomes agree with the fact 

that the more a ML algorithm is trained the better its performance gets. The fact that an algorithm, 

previously trained to predict fluorescence labels from transmitted light cell images, was able to 

learn a new task (i.e., predict fluorescence labels from fluorescence cellular component images) 

with relatively small amount of data and training time is proof of such improved performance. The 

results presented show that even with limited resources these algorithms can be adapted to different 

types of data for cell image predictions.  

However, the ML algorithm employed here has some limitations. This algorithm heavily 

relies on transfer learning and is, therefore, limited to predicting structures similar to the ones it 

has been pre-trained with. For example, a subcellular structure such as the focal adhesion sites 
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might be difficult to predict since no structures seen on the algorithm’s pre-training have similar 

morphology to this structure [37]. On the other hand, training this algorithm from scratch would 

require a lot of time and data. For example, the pre-training of the algorithm required 3 weeks of 

training and 96 datasets [37]. Therefore, a different ML approach might be necessary to predict 

different subcellular structures. 

3.6 Conclusion  

 This research has shown the effectiveness of ML to predict subcellular morphology with 

limited data and resources. The usage of transfer learning allowed for faster and accurate results. 

However, a different ML approach might be necessary to predict other subcellular structures and 

generate a complete morphological model of the cells. 
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CHAPTER 4 

CGAN FOR 2D SUBCELLULAR MORPHOLOGY PREDICTION 

4.1 Abstract 

 Endothelial cells (ECs) form a cellular network that senses stimuli and changes phenotype. 

Individual EC sensing capacity and response is heterogenous. Information sharing occurs between 

neighboring cells. However, there is a disconnect between this sensing behavior and current 

approaches: fixing cells only provides snapshots, and live-cell fluorescence imaging can provide 

limited morphology. The overall objective of this project was to develop a deep learning (DL) 

framework to predict subcellular morphology from cell membrane and nucleus morphology. This 

work focused on predicting focal adhesion (FA) sites. ECs were cultured, stained, and imaged. 

Multicellular images were segmented into single-cell images and augmented. Three different DL 

models were trained to predict FA sites from only the membrane: encoder-gated model, self-gated 

model, and label-gated model. FA predictions were evaluated using Pearson Correlation 

Coefficient (PCC) and Root Mean Square Error (RMSE). The encoder-gated model had the lowest 

RMSE score (1.68), while the label-gated model had the highest PCC score (0.59). The evaluation 

metrics show good results considering the small amount of data used. With a larger dataset and 

longer training time, the DL network has the potential to increase its prediction accuracy. 

4.2 Introduction 

 The endothelium is one of the most prevalent tissues on the human body, being a cell layer 

lining many organs and cavities. However, the relevance of the endothelium has only recently been 

acknowledged thanks to two major observations: the fact that it is a highly active cell layer 

involved in many homeostatic processes and the fact that it establishes unique dialogues with the 

many organs it traverses [1]. Following these observations, it could be argued that the endothelium 
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is involved in virtually every disease. This knowledge opens the possibility of exploring the 

endothelium as a means of understanding the physiology of many diseases and develop novel 

treatments. Nevertheless, understanding the concepts of activation and dysfunction in endothelial 

cells is a far more complex problem than it might seem.  

In the vascular system, the properties of the endothelium vary between different sites of 

the vasculature and from one moment in time to the next [2]. Because of this variance in properties, 

what constitutes activation for one cell at a certain site and time may not meet the definition of 

activation at another location or moment in time. Likewise, the definition of dysfunction varies 

thanks to these site-specific properties of endothelial cells [1]. This difference between endothelial 

cells can be seen even at the micro-scale. Neighboring cells are each exposed to different inputs 

(e.g., difference in hemodynamic forces) from the extracellular environment and therefore, 

produce different outputs (e.g., difference in phenotypes). The specificity in input and output of 

each cell creates heterogeneity across the endothelium, suggesting that no two endothelial cells are 

identical and that each one is analogous to a miniature adaptive input-output device [2]. Although 

studying single cells can provide a lot of information regarding the properties of the endothelium, 

there are other properties that are only evident at higher orders of organization.  

Each endothelial cell has a limited sensory capacity and shares information with neighbors 

so that sensing is distributed among cells. Communication among connected cells provides system-

level sensing greater than single cell capabilities, which allows the endothelium to solve sensory 

problems too complex for a single cell [3]. Therefore, the question becomes: how is the behavior 

of individual cells coordinated across the endothelium to control vascular function? An answer to 

this question can be reached by assuming that this network of cells exhibits swarm intelligence. 

Each cell senses information using its own simple rules based on sensitivity and activity of its 
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neighbors. It then communicates this information to other cells in a highly localized way. Finally, 

the endothelial collective derives a solution to the complex sensory problem using the knowledge 

it has gained from the interactions within the community of cells [3]. However, traditional 

approaches to study endothelial cells regard the entire population as homogeneous. Many studies 

take the average of the behaviors of thousands of endothelial cells. For example, in organ bath 

experiments, the mechanical response of the artery is used as an indirect measure of endothelial 

activity [15]. On the other hand, some experiments study one cell or few cells as representatives 

for the entire population [3]. Thus, an experimental approach to study endothelial cells needs to 

consider their heterogeneity along with their emergent properties.  

Additionally, the endothelial network has shown to be flexible, changing its structure 

depending on the physiological event. A combined study of both structural and functional aspects 

is required to fully understand the network [3]. An important factor to consider when studying this 

network is the correlation between cell shape and cell function. Cells can adapt to new situations 

and materialize this adaptation as a change in their shape. Thus, cell shape follows cell function. 

Nevertheless, the inverse case is also true: cell shape can control cell function. Cells exhibit what 

is called mechanotransduction, in which changes in cell shape generate signals which are 

transduced into the nucleus and result in changes in gene and protein expression [4]. Studying the 

morphological variation of endothelial cells and how it is coupled to different phenotypes can then 

provide a better understanding of the endothelial network. This type of study could be achieved 

using computational models. 

One method that has been used to quantify changes on cell morphological features (i.e., 

shape, size, intensity, and texture of cellular compartments) is image-based profiling. In this 

method, averaged profiling is used to summarize a cell population into a fixed length vector [31]. 
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Image-based profiling has been used for different studies coupling morphological features with 

gene expression, where the modeling procedure involves the selection of genes that are associated 

with a given image-based feature [32]. However, this method has many limitations that impair its 

ability to recognize cell heterogeneity. Average profiling results in loss of information that can be 

manifested in many forms. For example, multiple configurations of distinct subpopulations of cells 

could yield identical average profiles. On the other hand, if two subpopulations with opposite 

phenotypes exist in a sample, they might cancel out. Averaging can also result in misleading 

interpretation of feature association. For example, highly similar image features will be associated 

with the same sets of genes when trying to couple morphological features to gene expression [26, 

27]. Therefore, a method for developing computational models that capture the heterogeneity of 

endothelial cells is necessary.  

Machine learning (ML) is a computational method that has been used recently for 

morphological analysis of cells and has been applied in different modalities. For example, deep 

learning algorithms have been developed to perform cell segmentation in 2D microscopy images 

by detecting the cells, separating touching cells, and segmenting sub-cellular compartments (e.g., 

nucleus and cytoplasm) [7]. ML has also been used to classify cell images according to their 

morphological features, where these features have been previously extracted from image 

segmentation [33]. While these methods provide great insight into cell morphology, they fail to 

capture the whole cell with its main components. For the study of endothelial cells, it is necessary 

to generate models that identify the morphology of the key components involved in their function 

(i.e., cell membrane, nucleus, cytoskeleton, focal adhesion sites) and that capture cells in clusters 

(i.e., significant portions of the endothelium) to account for the emergent properties of the 

endothelium. A potential use of the power of ML on morphological analysis is through deep 
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learning (DL) to predict morphology of sub-cellular components. This approach has been proved 

to be effective, through the development of a conditional generative adversarial network (cGAN) 

that predicts protein location and structure based on cell membrane and nucleus images [38]. This 

network provides the advantage of performing multi-label prediction (i.e., predict multiple 

structures simultaneously). It was originally trained on 10 different types of proteins (i.e., sub-

cellular structures) from a dataset of stem cell images [42]. The network has the potential of being 

able to predict similar structures on endothelial cells (e.g., focal adhesion sites) using a similar 

methodology. 

Therefore, the objective of this research was to develop a DL framework to predict focal 

adhesion sites using the cell membrane and nucleus as input by adapting the cGAN network. 

4.3 Materials and Methods 

4.3.1 Cell Culture and Culture Media 

Human Microvascular Endothelial cells (HMEC-1, #CRL-3243, ATCC, Manassas, VA) 

were maintained in complete growth media. Complete growth media consisted of MCDB 131 

media (#10372019, Gibco, Grand Island, NY) supplemented with 2 mM L-glutamine (#25030081, 

Thermo Fisher Scientific), 10% (v/v) FBS (#15000044, Thermo Fisher Scientific) and 

penicillin/streptomycin (100 U/ml and 100 µg/ml concentration, respectively). Cells were seeded 

at a density of 10,000 cells/cm2 onto fibronectin-coated glass coverslips (#CS-25R17, thickness 

1.5, Warner Instruments, Hamden CT) (fibronectin, 20 µg/ml, #33016-015, Thermo Fisher 

Scientific) mounted in 6-well plates. The cells were grown to confluence in a humidified 

environment at 37˚C with 5% CO2. 

4.3.2 Immunofluorescence Labeling 
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 Once the cells reached confluence, the plasma membrane of live cells were stained with 

Wheat Germ Agglutinin (WGA) (CF633, Biotium, Fremont, CA). Cells were washed twice in 

Hank’s balanced salt solution (HBSS, #14025076, Thermo Fisher Scientific), then incubated with 

WGA (5 µg/ml) for 30 minutes at 37˚C, then washed twice in HBSS. Next, the cells were 

simultaneously fixed (4% (w/v) paraformaldehyde (PFA) in PBS) and permeabilized in Triton X-

100 (0.5% (v/v), 5 min, #T9284, Sigma-Aldrich). Then post-fixed in 4% (w/v) PFA in PBS, 

followed by PBS wash (3 × 5 min). To image the nucleus, cells were stained with Hoecsht 33258 

(1:1000, #116M4139V, Sigma-Aldrich). A blocking solution comprised of goat serum (1:20, 

#G9023, Sigma-Aldrich), 0.1% Triton X-100, and 0.3M glycine in 0.1% (w/v) BSA was added to 

cells for 30 minutes. To image FA sites, cells were blocked with the previously mentioned blocking 

solution for 30 minutes at room temperature. Then cells were incubated overnight with anti-

paxillin (1:500, Abcam, #ab32084). This was followed by a 2-hour incubation with secondary 

antibody goat anti-rabbit Alexa Fluor 488 (1:500, #ab150077, Abcam, Waltham, MA, USA), and 

a 0.1% (w/v) BSA wash (3 × 5 min). The fibronectin coated cover slips were then removed from 

the well plates and mounted cell-side-down onto individual glass microscope slides using ProLong 

Glass (#P36982, Thermo Fisher Scientific). 

4.3.3  Microscopy and Image Acquisition 

 A Leica TCS SP5 confocal microscope with a 63×/1.40 NA oil immersion lens was used 

to image the monolayer. UV 405 nm (nucleus), UV 488 nm (FA sites), and a HeNe 633 nm 

(membrane) lasers were used to sequentially excite samples. Images were acquired at 2048 pixels 

× 2048 pixels, with an x-y spatial resolution of 0.132 µm/pixel and z spatial resolution within the 

range of 0.1 0.15 µm/slice for different imaging sessions. A total of 8 fields of view (i.e., 8 image 
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stacks) were acquired from cells belonging to all well plates, from which the slice with the brightest 

membrane and FA signal was taken. 

4.3.4  Segmentation 

An overlay of the color channels (i.e., red for cell membrane, green for focal adhesion, and 

blue for nucleus) was obtained and processed as an RGB image for each field of view (Fig. 4.1.a). 

From each image, individual cells were manually segmented using ImageJ ver1.52i  [43] (Fig. 

4.1.b). A total of 60 cells (i.e., images) were obtained from all 8 fields of view. 

 

Fig. 4.1: Representation of segmentation of endothelial cells: a) One field of view from microscope; b) 

Individual-segmented cells. 

 

4.3.5  Data Combination and Augmentation 

Data augmentation was performed on the 60 segmented cells. Three techniques were 

applied: 90 degrees rotation, 180 degrees rotation, and transposing (Fig. 4.2). A total of 240 images 

resulted from the data augmentation. These images were combined with a stem cell dataset from 

the Allen Institute for Cell Science [42]. This dataset consisted of 6077 RGB images divided into 

10 classes, each class representing one type of sub-cellular structure: Alpha actinin, Alpha tubulin, 
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Beta actin. Desmoplakin, Fibrillarin, Lamin B1, Myosin IIB, Sec61 beta, Tom20, and ZO1. The 

ZO1 class was randomly selected to be dropped from the dataset and replaced by the FA sites 

class. Since the ZO1 class had 234 images, the FA site class was reduced from 240 to 234 images 

to keep the size of the complete dataset equal to the one used in the original training (i.e., 6077 

images) [38].  

 

Fig. 4.2: Representation of data augmentation: a) Original segmented cell images; b) Resulting images 

from data augmentation. 
 

4.3.6  Data Transformation 

Before feeding the data into the network for training, the images were converted to HDF5 

format. For the conversion, the images were transformed into NumPy arrays. The pixel values 

were normalized from the 0-255 range to the 0-1 range. The images arrays were appended to a 

single array of dimensions (6077, 256, 256, 3) denoted as ‘X’. The labels (i.e., type of sub-cellular 

structure) were transformed into a one hot encoded vector and appended to a single array of 

dimensions (6077, 10) denoted as ‘Y’. The color channels for cell membrane and nucleus structure 

were separated from the images and appended to a single array of dimensions (6077, 256, 256, 2) 
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denoted as ‘R’. Finally, the three arrays were stored into a single HDF5 file to be fed into the 

network (Fig. 4.3). 

 

Fig. 4.3: Schematic for data preparation before feeding into network for training where RGB images are 

first transformed into NumPy arrays which are then combined to form the input ‘X’ array, labels ‘Y’ 

array, and reference ‘R’ array. These three arrays are then stored in a HDF5 file to be fed into the network 

for training. 

 

4.3.7  Network Training 

For the network training, the dataset was split into training and testing sets. The same split 

performed in the original paper [38] was applied, with 5000 images for training and 1070 images 

for testing (~80/20 split). The 3 models proposed in the paper were tested: encoder gated 

connection, self-gated connection, and label gated connection. Each model was trained for 50 

epochs (~8 hours on a single machine). The same learning rate (2 x 10-4) and batch size (10) used 

on the paper were applied to these trainings. For validation, the parzen window log likelihood 

proposed in the paper was applied to evaluate the overall performance of each model [38]. The 

Pearson Correlation Coefficient (PCC) and Root Mean Squared Error (RMSE) were calculated to 
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assess the performance of the model on individual classes (i.e., sub-cellular structure type) and 

compare the scores of different classes to the FA sites class. 

4.4  Results 

4.4.1  Overall Model Performance 

 The results from the log likelihood test showed higher scores for the training with the FA 

sites class than the original training for all models (Table 4.1). The label gated model showed the 

highest score (88,555) out of the three models.  

Table 4.1. Parzen window log likelihood comparison after 50 epochs for all three models tested  

Model Original training New FA training 

Encoder gated 88,433 ± 44 88,520 ± 43 

Self-gated 88,478 ± 43 88,498 ± 43 

Label gated 88,484 ± 43 88,555 ± 42 

 

4.4.2  Encoder Gated Model 

The encoder gated model showed a PCC score for the FA sites class lower than most other 

classes (0.57), but a better RMSE score than most other classes (1.68) (Table 4.2). A sample 

prediction using a random image from the test set can be seen in Fig. 4.4.  

Table 4.2. Results from encoder gated model for each of the 10 classes  

Metric 
Alpha 

actinin 

Alpha 

tubulin 

Beta 

actin 

Desmoplakin FA 

sites 

Fibrillarin Lamin 

B1 

Myosin 

IIB 

Sec61 

beta 

Tom20 

PCC 0.77 0.83 0.89 0.73 0.57 0.66 0.92 0.48 0.86 0.67 

RMSE 2.23 2.23 2.14 2.36 1.68 1.11 1.73 2.52 2.27 2.13 
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Fig. 4.4: Sample from FA sites class; left image represents ground truth and right image represents 

prediction generated by encoder gated model. 

 

4.4.2  Self-Gated Model 

The self-gated model showed slightly worse results than the encoder gated model for the 

FA class for both PCC (0.57) and RMSE (1.70) scores (Table 4.3). A sample prediction using a 

random image from the test set can be seen in Fig. 4.5. 

Table 4.3. Results from self-gated model for each of the 10 classes  

Metric 
Alpha 

actinin 

Alpha 

tubulin 

Beta 

actin 

Desmoplakin FA 

sites 

Fibrillarin Lamin 

B1 

Myosin 

IIB 

Sec61 

beta 

Tom20 

PCC 0.77 0.83 0.88 0.73 0.57 0.65 0.91 0.45 0.86 0.66 

RMSE 2.27 2.25 2.17 2.35 1.70 1.10 1.75 2.49 2.27 2.12 

 

 

Fig. 4.5: Sample from FA sites class; left image represents ground truth and right image represents 

prediction generated by self-gated model. 

 

4.4.2  Label Gated Model 
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The label gated model showed the best FA results in terms of PCC score (0.59), but it had 

the worst RMSE results out of all the models (1.77) (Table 4.4). A sample prediction using a 

random image from the test set can be seen in Fig. 4.6. 

Table 4.4. Results from label gated model for each of the 10 classes  

Metric 
Alpha 

actinin 

Alpha 

tubulin 

Beta 

actin 

Desmoplakin FA 

sites 

Fibrillarin Lamin 

B1 

Myosin 

IIB 

Sec61 

beta 

Tom20 

PCC 0.78 0.83 0.89 0.73 0.59 0.67 0.92 0.46 0.87 0.68 

RMSE 2.27 2.25 2.18 2.35 1.77 1.13 1.75 2.53 2.28 2.14 

 

 

Fig. 4.6: Sample from FA sites class; left image represents ground truth and right image represents 

prediction generated by label gated model. 

 

4.5 Discussion 

 The results presented here show the potential of the cGAN network to predict endothelial 

cell subcellular morphology. Out of the three models tested, the label gated model showed the best 

FA sites results in terms of PCC score (i.e., highest prediction accuracy). On the other hand, the 

encoder gated model showed the best FA sites results in terms of RMSE score (i.e., lowest 

prediction error). Since the label gated model had the highest score in the evaluation of overall 

model performance using parzen window log likelihood, this model was determined to be the best 

one to predict FA sites. This conclusion agreed with the results obtained in the original paper, 

where the label gated model was also determined to be the best performing model [38]. 
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 Even though these results are promising, the prediction accuracy of FA sites could be 

potentially improved with further analysis. Noise reduction on the images could potentially 

increase the performance of the network as the improved quality of the images would make it 

easier to learn the features. Furthermore, RMSE and PCC provide a preliminary evaluation of FA 

site prediction accuracy but fail to fully analyze features of these predictions that can provide more 

information on what an acceptable accuracy threshold would be. Therefore, a new evaluation 

metric might be necessary to assess the prediction accuracy of FA sites.    

4.6 Conclusion 

 In conclusion, this research demonstrated the effectiveness of deep learning to predict 

endothelial cell subcellular morphology. Even with a small dataset, the cGAN network was able 

to predict FA sites with high accuracy. However, a new evaluation method might be necessary to 

establish an acceptable accuracy threshold for this type of structure. 
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CHAPTER 5 

DISCRETE PROTEIN METRIC (DPM) 

5.1 Abstract 

 Understanding cell behaviors can provide new knowledge on the development of different 

pathologies. Focal adhesion (FA) sites are important sub-cellular structures that are involved in 

these processes. To better facilitate the study of FA sites, deep learning (DL) can be used to predict 

FA site morphology based on limited microscopic datasets (e.g., cell membrane images). However, 

calculating the accuracy score of these predictions can be challenging due to the discrete/point 

pattern like nature of FA sites. In the present work, a new image similarity metric, discrete protein 

metric (DPM), was developed to calculate FA prediction accuracy. This metric measures 

differences in distribution (d), shape/size (s), and angle (a) of FA sites between predicted and 

ground truth microscopy images. Performance of the DPM was evaluated by comparing it to three 

other commonly used image similarity metrics: Pearson correlation coefficient (PCC), feature 

similarity index (FSIM), and Intersection over Union (IoU). A sensitivity analysis was performed 

by comparing changes in each metric value due to quantifiable changes in FA site location, 

number, aspect ratio, area, or orientation. Furthermore, accuracy score of DL-generated 

predictions was calculated using all four metrics to compare their ability to capture variation across 

samples. Results showed better sensitivity and range of variation for DPM compared to the other 

metrics tested. Most importantly, DPM had the ability to determine which FA predictions were 

quantitatively more accurate and consistent with qualitative assessments. The proposed DPM 

hence provides a method to validate DL generated FA predictions and has the potential to be used 

for investigation of other sub-cellular protein aggregates relevant to cell biology. 
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5.2 Introduction 

To better understand human health, gaining insight into different cell behaviors is key. 

Cells adapt to new situations by perceiving information and transforming it into changes in their 

gene and protein expression repertoire [44]. These changes result in responses that could lead to 

different pathologies. One such example is the way cells sense and respond to their mechanical 

environment. Mechanosensing, how a cell senses and responds to inter- and intra-cellular stresses, 

can provide new knowledge on the development of diseases such as cardiovascular disease [45], 

cancer progression [46], or fibrosis [47]. These behaviors may be explained in part through close 

observation of cell morphology [3]. In response to stimuli (e.g., change in substrate stiffness, fluid 

shear stress), a single cell or group of cells make dynamic morphological adjustments. These 

morphological changes are accompanied with changes in cell adhesion to the extracellular matrix 

and force distributions throughout the cell [48]. Insight into both changes can be provided by the 

properties of a sub-cellular structure known as focal adhesions (FA). FA sites consist of large 

macromolecular assemblies of proteins that associate with integrin to provide anchor points for a 

cell to adhere to the extracellular matrix. FA sites play a fundamental role in force sensing, which 

influences several cellular processes and functions, including cell migration and cell cycle [25]. 

Therefore, studying the morphology of these FA sites can provide a better understanding of cell 

behavior. Such morphology can show changes in FA site number, size, and location over time [49] 

or can show changes in FA site alignment due to external stimuli such as shear stress [50]. These 

properties of FA sites can be gleaned at the microscope through quantitative morphological 

analysis of fluorescence images of isolated cells and cell clusters. 

One method that has been used to quantify the change to sub-cellular morphological 

features (i.e., shape, size, intensity, and texture) is image-based profiling using high-throughput 
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microscopy. In this method, averaged profiling is used to summarize a cell population (a sample) 

into a fixed length vector (a sample’s profile), with one value per feature per sample [31]. Image-

based profiling has been used by studies coupling morphological features with gene expression, 

where the modeling procedure involves the selection of genes that are associated with a given 

image-based feature [32]. However, using this method multiple configurations of distinct 

subpopulations of cells could yield identical average profiles [31]. As a result, this method is 

limited in its ability to recognize cell heterogeneity. Therefore, new methods are needed to quantify 

morphology. 

Machine learning (ML) is a computational method that has been used recently to analyze 

the morphology of cells. For example, deep learning (DL) algorithms, a subset of ML techniques, 

have been developed to perform cell segmentation in 2D microscopy images by detecting cells, 

separating touching cells, and segmenting sub-cellular compartments (e.g., nucleus and cytoplasm) 

[7]. ML has also been used to classify cell images according to their morphological features, where 

these features have been previously extracted from segmentation of microscopy images [33]. 

While these methods provide great insight into cell morphology, they have not been applied to 

study all sub-cellular components. For the study of cells, it is necessary to generate models that 

identify the morphology of the key components involved in their function, including the FA sites. 

A potential use of DL on morphological analysis is through in silico labeling of cellular 

components. This approach has been proved to be effective through the development of DL 

algorithms that predict fluorescence microscopy images (e.g., nuclei and cell membrane) on light 

microscopy cell images [37] or DL networks that predict sub-cellular protein structure 

fluorescence images (e.g., alpha actinin, alpha tubulin) using other cell fluorescence images (e.g., 

nucleus and cell membrane) as input [38]. These algorithms provide the advantage of being highly 
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adaptable. For instance, through transfer learning the algorithms can use knowledge acquired from 

previous experiences to perform a new task. This approach is especially beneficial when there is 

limited amount of annotated data available [39]. The use of transfer learning on these types of 

algorithms has the potential to predict the morphology of relevant sub-cellular structures, such as 

the FA sites, using limited data (e.g., only cell membrane).  

Although FA sites can be predicted from limited data, validating DL-generated predictions 

of FA sites can be a challenging task. Such validation would need to be carried out by measuring 

the similarity between the FA ground truth image of a cell and the FA image DL-predicted. 

Multiple image similarity metrics have been used for sub-cellular predictions. For example, 

Pearson correlation coefficient (PCC) has been used to measure nuclei fluorescence image 

prediction accuracy [37], feature similarity index (FSIM) has been used for delineation and 

detection of cell nuclei [51], and Intersection over Union (IoU) has been used to measure accuracy 

of semantic segmentation to identify nuclei in microscopy cell images [52]. These metrics are 

better suited to compute the image similarity of large sub cellular structures such as the nucleus. 

However, for FA predictions, accuracy scores can be difficult to compute and interpret given that 

FA sites are much smaller structures and have a discrete/point-pattern nature. FA predictions will 

be at different locations, differ in number, and will have different aspect ratios, areas, and angles 

of orientation, so a single metric might fail to simultaneously capture variations in all of these 

measurements. For instance, IoU has been used to evaluate segmentation accuracy of FA sites [53] 

but fails to account for differences in FA locations.  In addition, overlapping FA sites has been 

used to evaluate FA site segmentation [54] but this method also fails to account for differences in 

FA location. A similarity coefficient was developed to evaluate FA detection [55] but only 

accounts for FA area.  Furthermore, most existing metrics yield scores that are inconsistent with 
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qualitative assessment of FA predictions given it is a more complex task compared to FA 

segmentation or detection. Therefore, the objective of this research is to develop a new image 

similarity metric to evaluate DL-generated FA sites predictions. The new metric, discrete protein 

metric (DPM), measures similarity in distribution (d), shape (i.e., aspect ratio) and size (i.e., area) 

(s), and orientation angle (a) of FA sites. The DPM was compared to three commonly used image 

similarity metrics for cell images (PCC, FSIM, and IoU) and tested on DL-generated FA 

predictions for validation of its effectiveness on calculating FA predictions accuracy scores that 

are in better agreement to qualitative assessment.  

5.3 Materials and Methods 

5.3.1 Cell Culture and Culture Media 

Human Microvascular Endothelial cells (HMEC-1, #CRL-3243, ATCC, Manassas, VA) 

were maintained in complete growth media. Complete growth media consisted of MCDB 131 

media (#10372019, Gibco, Grand Island, NY) supplemented with 2 mM L-glutamine (#25030081, 

Thermo Fisher Scientific), 10% (v/v) FBS (#15000044, Thermo Fisher Scientific) and 

penicillin/streptomycin (100 U/ml and 100 µg/ml concentration, respectively). Cells were seeded 

at a density of 10,000 cells/cm2 onto fibronectin-coated glass coverslips (#CS-25R17, thickness 

1.5, Warner Instruments, Hamden CT) (fibronectin, 20 µg/ml, #33016-015, Thermo Fisher 

Scientific) mounted in 6-well plates. The cells were grown to confluence in a humidified 

environment at 37˚C with 5% CO2. 

5.3.2 Immunofluorescence Labeling 

 Once the cells reached confluence, the plasma membrane of live cells were stained with 

Wheat Germ Agglutinin (WGA) (CF633, Biotium, Fremont, CA). Cells were washed twice in 

Hank’s balanced salt solution (HBSS, #14025076, Thermo Fisher Scientific), then incubated with 
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WGA (5 µg/ml) for 30 minutes at 37˚C, then washed twice in HBSS. Next, the cells were 

simultaneously fixed (4% (w/v) paraformaldehyde (PFA) in PBS) and permeabilized in Triton X-

100 (0.5% (v/v), 5 min, #T9284, Sigma-Aldrich). Then post-fixed in 4% (w/v) PFA in PBS, 

followed by PBS wash (3 × 5 min). To image the nucleus, cells were stained with Hoecsht 33258 

(1:1000, #116M4139V, Sigma-Aldrich). A blocking solution comprised of goat serum (1:20, 

#G9023, Sigma-Aldrich), 0.1% Triton X-100, and 0.3M glycine in 0.1% (w/v) BSA was added to 

cells for 30 minutes. To image FA sites, cells were blocked with the previously mentioned blocking 

solution for 30 minutes at room temperature. Then cells were incubated overnight with anti-

paxillin (1:500, Abcam, #ab32084). This was followed by a 2-hour incubation with secondary 

antibody goat anti-rabbit Alexa Fluor 488 (1:500, #ab150077, Abcam, Waltham, MA, USA), and 

a 0.1% (w/v) BSA wash (3 × 5 min). The fibronectin coated cover slips were then removed from 

the well plates and mounted cell-side-down onto individual glass microscope slides using ProLong 

Glass (#P36982, Thermo Fisher Scientific). 

5.3.3  Microscopy and Image Acquisition 

 A Leica TCS SP5 confocal microscope with a 63×/1.40 NA oil immersion lens was used 

to image the monolayer. UV 405 nm (nucleus), UV 488 nm (FA sites), and a HeNe 633 nm 

(membrane) lasers were used to sequentially excite samples. Images were acquired at 2048 pixels 

× 2048 pixels, with an x-y spatial resolution of 0.132 µm/pixel and z spatial resolution within the 

range of 0.1 0.15 µm/slice for different imaging sessions. A total of 8 fields of view (i.e., 8 image 

stacks) were acquired from cells belonging to all well plates, from which the slice with the brightest 

membrane and FA signal was taken. 

5.3.4  Image Processing and Data Augmentation 
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 For each field of view, an overlay of the red color channel for membrane and the green 

color channel for FA sites was obtained and processed as an RGB image. From each image, 

individual cells were manually segmented using ImageJ ver1.52i [43]. A total of 60 single-cell 

images were obtained from all 8 fields of view. Then, the dataset formed by these individual cells 

was augmented performing random rotation and translation for eight iterations. For each iteration, 

a random angle between 0˚ and 360˚ and a random vertical and horizontal shift between -100 pixels 

and 100 pixels were chosen to rotate and shift each individual cell. This resulted in a total of 480 

single-cell images. Each image was rescaled to a size of 256 pixels × 256 pixels. Finally, FA color 

channel was processed using a top hat filter with a 3 × 3 rectangular kernel to eliminate background 

noise. 

5.3.5  Data Combination and Transformation 

 The augmented single-cell images were combined with a dataset from the Allen Institute 

for Cell Science [42] to increase the size of the dataset and use transfer learning for neural network 

training. This Allen Institute dataset consisted of 6077 single cell images containing cell 

membrane, nucleus, and one protein of interest stained. This dataset was divided into 10 classes, 

each class consisting of one protein of interest. One of these classes was randomly dropped and 

replaced with the acquired dataset. For all cells from the Allen Institute, the nucleus color channel 

was dropped, and each image was rescaled to a size of 256 pixels × 256 pixels. The final dataset 

consisted of 6077 images containing membrane and the protein/structure of interest. The images 

were then converted to HDF5 format. For the conversion, the images were transformed into 

NumPy arrays. The pixel values were normalized from the 0-255 range to a 0-1 range. The images 

containing both membrane and structure of interest were appended to a single array of dimensions 

(6077, 256, 256, 3) with the third color channel being empty. The labels (i.e., structure of interest) 
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were transformed into a one-hot encoded vector and appended to a single array of dimensions 

(6077, 10). The color channel for cell membrane structure was separated from the images and 

appended to a single array of dimensions (6077, 256, 256, 2) with the second color channel being 

empty. Finally, the three arrays were stored into a single HDF5 file.  

5.3.6  Neural Network Architecture and Training 

 An open-source neural network [38] was trained to predict the different structures of 

interest, using only cell membrane as input. For the objective of this study, only FA sites 

predictions were analyzed. The network was based on a conditional generative adversarial network 

(cGAN) architecture, consisting of a generator and discriminator [38]. The dataset was split into 

training and testing set using an 80/20 ratio. For the images of interest (i.e., FA sites) this resulted 

on 390 images for training and 90 for testing. The network was trained using the original 

parameters [38] with a learning rate of 2 × 10-4 and a batch size of 10. The training lasted 50 

epochs, as no improvements were observed after this point. 

5.3.7  Discrete Protein Metric (DPM) 

 After training the network, information was extracted from predictions across the 90 

samples in the test set, along with their respective ground truth. For such extraction, membrane 

and FA color channels from each prediction/ground truth pair were separated and binarized. For 

membrane images, the outline was segmented to produce an image of the segmented membrane. 

For FA images, FA sites that had an area < 1µm2 were dropped [27] and the outline of each FA 

site remaining was segmented to produce an image of the segmented FAs. Subsequently, the x-y 

centroid coordinates for each FA site were extracted to describe their number and location and an 

image was produced. Furthermore, for each FA site a bounding box aligned with the x- and y-axes 
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was drawn around them to describe their shape (i.e., aspect ratio) and size (i.e., area) and an image 

was produced. A schematic of this process can be seen in Fig. 5.1 and Fig. 5.2. 

 

Fig. 5.1: Information extraction pipeline of the cell membrane segmentation process: (A) Membrane 
color channel extraction from cell image; (B) Binarization of membrane image; (C) Segmentation of 
membrane outline. 

 

 

Fig. 5.2: Information extraction pipeline of the FA site segmentation: (A) FA color channel extraction 
from cell image; (B) Binarization of FA image; (C) Size threshold where FAs with < 1 µm2 area were 
dropped; (D) Segmentation of FAs outline; (E) Extraction of centroids for each FA; (F) Bounding box 
drawn for each FA. 
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A new metric, discrete protein metric (DPM), was developed to use the information 

extracted to compute the accuracy of FA predictions. This metric accounts for three key aspects of 

a prediction: distribution (d), shape and size (i.e., aspect ratio and area) (s), and orientation angle 

(a) of FA sites. Each of these three measurements range from 0 to 1, where 1 represents perfect 

similarity between the prediction and the ground truth and 0 represents no similarity at all. The 

calculation of DPM is a weighted sum of these three components, and therefore, also ranges from 

0 to 1. Equation (5.1) shows the calculation of the metric, 

 

𝐷𝑃𝑀 = 𝑤𝑑𝑑 + 𝑤𝑠𝑠 + 𝑤𝑎𝑎 (5.1) 

 

where 𝑤𝑑, 𝑤𝑠, and 𝑤𝑎 are the relative weights for distribution, shape/size, and orientation angle 

respectively. These weights are assigned according to the relative importance of each component 

for the research question of interest. The sum of these weights must always equal one. For the 

purpose of later calculations, the importance of all measurements was considered to be equal (i.e., 

all weights were set equal to 0.33). 

5.3.7.1 Distribution (d) 

For the distribution measurement, a k-means clustering algorithm [56] was employed. The 

algorithm was trained individually for each ground truth FA site image in the test set. For such 

training, the coordinates of the centroids of each FA site were used as input to group them into 

five clusters. Namely, the k-means clustering algorithm was trained on the ground truth FA sites 

centroids to extract the cluster centroids. After training, the cluster centroids were used to assign 

FA sites in the prediction to their nearest cluster. If any predicted FA site was outside of the 

membrane outline, it was dropped. The number of FAs dropped was used as a penalizing factor to 

the overall d score. Finally, the ratio of number of FAs belonging to a particular cluster in the 
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prediction to ground truth was calculated, and the average of ratios across all clusters was taken. 

Equation (5.2) shows the calculation of the distribution measurement, 

 

𝑑 = (1 −
𝐹𝐴𝐷
𝐹𝐴𝑃

)∑
1

𝑛
(
min{(𝐹𝐴𝑃)𝑖, (𝐹𝐴𝐺𝑇)𝑖}

max{(𝐹𝐴𝑃)𝑖, (𝐹𝐴𝐺𝑇)𝑖}
)

𝑛

𝑖=1

 (5.2) 

 

where 𝐹𝐴𝐷 is the number of FAs dropped, 𝐹𝐴𝑃 is the total number of FAs predicted, n is the 

number of clusters, and (𝐹𝐴𝑃)𝑖 and (𝐹𝐴𝐺𝑇)𝑖 are the number of ground truth and predicted FAs in 

the ith cluster respectively. For better interpretability of the d measurement, heat maps showing FA 

numbers and ratios within each cluster were generated. A schematic of the clusters formed after 

training the k-means algorithm can be seen in Fig. 5.3. 

 

Fig. 5.3: Schematic of clusters formed after k-means algorithm training: (A) Ground truth FA centroids; 

(B) Predicted FA centroids; (C) Clusters generated from ground truth data with each color representing 

a different cluster and cross marks representing the centroid of each cluster; (D) Predicted FA centroids 

assigned to their nearest cluster, with annotations of d score for each cluster (1 through 5) and overall d 

score in bold. 
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5.3.7.2 Shape/Size (s) 

For the shape/size measurement, the location of the bounding box of each FA site in the 

prediction was matched to its nearest neighbor in the ground truth by setting the centroid 

coordinates of the predicted bounding box equal to the centroid coordinates of the ground truth 

bounding box. After all boxes were at matching locations, their overlap was measured using an F1 

score based on precision and recall. Equations (5.3), (5.4), and (5.5) show, respectively, the 

calculations of F1 score, precision, and recall, 

𝑠 = 𝐹1 =
2 × 𝑃𝑐 × 𝑅𝑐

𝑃𝑐 + 𝑅𝑐
 (5.3) 

 

𝑃𝑐 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (5.4) 

 

𝑅𝑐 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5.5) 

 

where 𝑃𝑐 is precision, 𝑅𝑐 is recall, 𝑇𝑃 is true positives, 𝐹𝑃 is false positives, and 𝐹𝑁 is false 

negatives. A true positive represents a location where the area of the predicted and ground truth 

bounding boxes overlap. A false positive represents the remaining area of the predicted bounding 

box that does not overlap with the ground truth bounding box. A false negative represents the 

remaining area of the ground truth bounding box that does not overlap with the predicted bounding 

box. A schematic of the calculation of the s measurement can be seen in Fig. 5.4. 
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Fig. 5.4: Schematic of calculation of s measurement: (A) Predicted FA site bounding boxes represented 

in red; (B) Ground truth FA site bounding boxes in black; (C) Nearest neighbor identification with 

centroid for each FA represented by cross mark; (D) Location match using centroid coordinates with 

annotations for false positives (FP), false negatives (FN), and true positives (TP), as well as precision 

(Pc), recall (Rc), and s measurement for each FA site and overall s in bold. 
 

4.3.7.3 Orientation Angle (a) 

 For the orientation angle measurement, the orientation angle of each FA site bounding box 

in the prediction was compared to the orientation angle of the nearest bounding box in the ground 

truth using the centroids of the bounding boxes to identify the nearest neighbor. To calculate such 

angles, the minimum area rectangle was calculated and the smallest angle that it formed with 

respect to the horizontal axis was taken. The minimum area rectangle is formed by calculating the 

smallest rectangle that can enclose a FA site, and is, therefore, oriented according to the angle of 

orientation of the FA site. After angles were calculated, the deviation in the orientation angle was 

taken as the difference between the angle of the predicted box and the ground truth box. This 

difference was divided by 90˚ as this was considered to be the maximum difference there could be 

between the two angles. Equation (6) shows the calculation of the angle measurement, 
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𝑎 =∑
1

𝑛
[1 − (

|Ɵ𝑃𝑖 − Ɵ𝐺𝑇𝑖|

90˚
)]

𝑛

𝑖=1

 (5.6) 

 

where Ɵ𝑃𝑖 and Ɵ𝐺𝑇𝑖 are the rotation angles in degrees for prediction and ground truth of the ith FA 

site, respectively, and n is the number of FA sites pairings. A schematic of the calculation of the a 

measurement can be seen in Fig. 5.5. 

 

Fig. 5.5: Schematic of the calculation of a measurement: (A) Predicted FA site minimum area rectangles 

in red; (B) Ground truth FA site minimum area rectangles in black; (C) Nearest neighbor identification; 

(D) Measurement of smallest orientation angle with respect to common horizontal axis and calculation 

of a score for each paired FA site and overall a score in bold. 
 

5.3.8  Benchmark with Image Similarity Metrics 

 To test the performance of the DPM, a benchmark with three common image similarity 

metrics was performed: Pearson correlation coefficient (PCC), Intersection over Union (IoU), and 

feature similarity index metric (FSIM). PCC was computed by calculating the cross-correlation 

between two random variables and dividing it by the variances of these variables [57]. IoU was 

computed by dividing the area of intersection by the area of union between two sets [58]. FSIM 
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was computed by using phase congruency and gradient magnitude maps [59]. The metrics were 

compared by looking at the distribution of prediction accuracy across all 90 samples in the test set 

and by performing a sensitivity analysis. 

5.3.8.1 Distribution of Prediction Metrics and Qualitative Assessment 

To look at the distribution of prediction accuracy, all four metrics were computed for each 

of the 90 predictions in the test set with respect to their respective ground truth image. The metric 

value for each cell was plotted, and the average was calculated as the intercept of a linear fit and 

the range of variation as the difference between minimum and maximum values. Furthermore, in 

order to determine if quantitative prediction accuracy was in agreement with quality of predictions, 

a qualitative assessment was performed. This assessment looked at differences between a ground 

truth image and its predicted image by identifying areas with different FA site densities (i.e., areas 

missing predicting FA sites or areas with overpredicted number of FA sites), with differences in 

FA size, and area with differences in FA site angles. 

5.3.8.2 Sensitivity Analysis 

A sensitivity analysis was performed by looking at the change in a metric value due to a 

quantifiable variation in either number, location, area, aspect ratio, or orientation of FAs predicted. 

Therefore, sensitivity (S) was defined as the difference in metric value for every 1% variation. 

Equation (5.7) shows the calculation of sensitivity, 

𝑆 =
𝑚2 −𝑚1

𝑑𝑒𝑣2 − 𝑑𝑒𝑣1
 (5.7) 

 

where 𝑚2 and 𝑚1 are the metric values at 𝑑𝑒𝑣2 and 𝑑𝑒𝑣1 variation values, respectively. For 

sensitivity of number of FAs, random FA sites were dropped from ground truth images in the test 

set at 5% intervals from 0-100%, where number of FAs dropped was treated as a percentage of the 
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total number of FAs in a cell. Similarly, FAs were added at random locations inside the cell 

boundary and sensitivity to these changes was calculated. For sensitivity of location, centroid 

coordinates of FA sites in ground truth were randomly altered at intervals of 5% from 0-100%, 

where location change was treated as a percentage of the maximum distance between an FA site 

and the membrane outline. For sensitivity of shape/size, the width and height of FA site bounding 

boxes was randomly altered at intervals of 5% from 0-100%, where shape/size change was 

considered as a percentage of the width and height of the cell, considered to be the maximum size 

a FA site could have. For orientation sensitivity, the angle of FA site minimum area rectangles was 

randomly altered at 5% intervals from 0-100%, where angle change was treated as a percentage of 

maximum deviation angle 90˚.  

 

For each sensitivity analysis, a plot was generated, and sensitivity values were obtained by 

performing a linear fit to the curves and obtaining the slope of the line. Sensitivity values were 

obtained for small changes between 0-10% and for large changes between 10-100%.  

5.4  Results 

5.4.1  Cluster Maps 

 After computing the distribution (d) measurement, heat maps of the FA prediction accuracy 

for each region of the cell showed an interpretable measure of the performance of these predictions 

and how FAs in some areas of the cell might be more difficult to predict than other areas. A 

representative sample from the test set can be observed in Fig. 5.6, showing a comparison of 

ground truth and prediction from the raw images, segmentation, and heat maps. The distribution 

heat map can also be observed, where the highest accuracies can be identified in the bottom region 

(d5 = 0.94) and middle-left region (d3 = 0.93) while the upper regions had the lowest accuracy (d2 

= 0.44 and d1 = 0.38). Additionally, the heat maps for ground truth and prediction for each cell 
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showed a visual representation of the difference in distribution between the two images. For this 

example, the bottom and middle-left regions show the most similarity between ground truth and 

prediction (16 vs 15 FAs for bottom region; 14 vs 13 FAs for middle-left region) while the upper 

regions show the largest differences (18 vs 8 FAs and 8 vs 3 FAs). 

 

Fig. 5.6: Ground truth vs prediction comparison from a representative sample from test set containing 

from left to right: raw images, segmented images after going through image processing pipeline, heat 

map of the number of FA sites in each of the five clusters, and distribution heat map showing prediction 

accuracy score for each cluster (annotated with d 1 through 5) where the more intense the red color, the 

higher accuracy and overall d score in bold.  

 

5.4.2  Sensitivity Analysis 

A schematic showing alterations in FA number, location, shape/size, and angle of 

orientation for a sample cell can be seen in Fig. 5.7. These changes were used to conduct a 

sensitivity analysis of the DPM and compared to PCC, IoU, and FSIM. 



53 

 

 

Fig. 5.7: Alterations of ground truth FA sites for a sample cell extracted from test set. From top to bottom, 

the rows represent: random addition of FA sites, random removal of FA sites, random perturbation of 

FA sites location, random change in FA sites bounding box shape and size, and random change in FA 

sites minimum area rectangle angle of orientation. From left to right, columns represent: 0%, 20%, 40%, 

60%, and 80% deviation on each measurement.  

 

Sensitivity plot for location changes is shown in Fig. 5.8. It can be observed that at small 

changes, the DPM decreases at a lower rate than all other metrics. On the other hand, at larger 

changes, the DPM decreases at a higher rate. Sensitivity values for this test can be seen in Table 

5.1. DPM sensitivity was much lower (5.9E-03) than all other metrics for small changes. On the 

other hand, sensitivity was much higher for DPM (8.6E-03) than for all other metrics at large 

changes. 
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Fig. 5.8: Sensitivity plot for location changes, with horizontal axis representing the deviation percentage 

(dev) and vertical axis representing metric value (m).  

 

 

Sensitivity plot for dropping FAs is shown in Fig. 5.9. It can be observed that for both small 

and large changes, the DPM decreases at a higher and constant rate compared to all other metrics. 

Sensitivity values for this test can be seen in Table 5.1. DPM sensitivity was much higher than all 

other metrics and remained nearly constant for both small (9.4E-03) and large (9.9E-03) changes. 

 
Fig. 5.9: Sensitivity plot for dropping FA sites, with horizontal axis representing the deviation percentage 

(dev) and vertical axis representing metric value (m). 
 

Sensitivity plot for adding FAs is shown in Fig. 5.10. It can be observed that for both small 

and large changes, the DPM decreases at a higher rate compared to all other metrics. Sensitivity 
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values for this test can be seen in Table 5.1. DPM sensitivity was much higher for small (8.6E-03) 

than for large (4.3E-03) changes. 

 
Fig. 5.10: Sensitivity plot for adding FA sites, with horizontal axis representing the deviation percentage 

(dev) and vertical axis representing metric value (m). 

 

Sensitivity plot for shape/size changes is shown in Fig. 5.11. It can be observed that for 

both small and large changes, the DPM decreases at a slightly higher rate compared to all other 

metrics. Sensitivity values for this test can be seen in Table 5.1. DPM sensitivity was higher than 

all other metrics for small (3.7E-02) and large (4.7E-03) changes. 

 

 
Fig. 5.11: Sensitivity plot for shape/size changes, with horizontal axis representing the deviation 

percentage (dev) and vertical axis representing metric value (m). 

 



56 

 

Sensitivity plot for angle changes is shown in Fig. 5.12. It can be observed that at small 

changes the DPM decreases at an intermediate rate, while for large changes it decreases at a higher 

rate compared to all other metrics. Sensitivity values for this test can be seen in Table 5.1. DPM 

sensitivity was lower than most other metrics for small changes (9.9E-03), while it was higher than 

all other metrics for large changes (6.9E-03). 

 
Fig. 5.12: Sensitivity plot for angle changes, with horizontal axis representing the deviation percentage 

(dev) and vertical axis representing metric value (m). 

 
Table 5.1. Sensitivity values for small (0-10% dev) and large (10-100% dev) changes in location, number, 

shape/size, and angle of FA sites 

 PCC FSIM IoU DPM 

Changes 
0-10% 

dev 

10-100% 

dev 

0-10% 

dev 

10-100% 

dev 

0-10% 

dev 

10-100% 

dev 

0-10% 

dev 

10-100% 

dev 

Location 2.6E-02 4.5E-03 1.6E-02 1.6E-03 4.8E-02 1.1E-04 5.9E-03 8.6E-03 

Drop 3.3E-03 7.8E-03 3.1E-03 3.2E-03 4.7E-03 5.0E-03 9.4E-03 9.9E-03 

Add 2.6E-03 1.5E-03 3.2E-03 1.3E-03 4.1E-03 2.1E-03 8.6E-03 4.3E-03 

Shape/size 3.4E-02 4.1E-03 3.1E-02 1.4E-03 2.7E-02 2.9E-03 3.7E-02 4.7E-03 

Angle 1.5E-02 2.4E-03 7.4E-03 1.3E-03 1.3E-02 1.5E-03 9.9E-03 6.9E-03 

 

4.4.3  Metric Values Distribution 

The distribution of the values for each metric is shown in Fig. 5.13. FSIM and IoU showed 

the least variation across samples, whereas PCC and DPM showed more variation. The DPM can 
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detect outliers in the predictions, and it also showed the longest range of values (0.36) as seen in 

Table 5.2. 

A 

 

B 

 
C 

 

D 

 
Fig. 5.13: Distribution of metric values across samples in test set, where horizontal axis represents the 

cell number and the vertical axis the metric value for: (A) PCC; (B) FSIM; (C) IoU; or, (D) DPM. 
 
Table 5.2. Mean and range values obtained across all test samples for each metric 

PCC FSIM IoU DPM 

Mean Range Mean Range Mean Range Mean Range 

0.33 0.25 0.83 0.081 0.54 0.097 0.62 0.36 

 

To demonstrate the ability of the DPM to distinguish accurate predictions from inaccurate 

predictions, the PCC, FSIM, IoU and DPM values for two representative FA samples in the test 

set were compared and shown in Fig. 5.14. These quantitative metric values were compared to 

qualitative assessments for each sample. Qualitative assessment showed higher quality for 

Sample 2 (Fig. 5.14B), as more areas with roughly the same number of FA sites were identified as 

well as more similarities in shape/size and orientation in comparison to Sample 1 (Fig. 5.14A). 
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The DPM was able to successfully distinguish that Sample 2 was quantitively a more accurate 

prediction than Sample 1, which is consistent with Sample 2 having a higher qualitative quality 

than Sample 1. On the other hand, PCC, FSIM, and IoU determined that Sample 1 was quantitively 

more accurate than Sample 2. 

 

 

Fig. 5.14: Comparison between two representative samples in test set: A. Sample 1 ground truth (left) 

versus prediction (right) qualitative assessment and quantitative scores; B. Sample 2 ground truth (left) 

versus prediction (right) qualitative assessment showing higher quality than Sample 1 and quantitative 

scores showing higher DPM score than Sample 1 but lower PCC, FSIM, and IoU scores. 

 

5.5 Discussion 

The results presented show the effectiveness of DPM to calculate quantitative accuracy 

scores for FA site predictions that agree with qualitative assessment. Furthermore, the DPM 

provides a method with better sensitivity and better interpretability compared to existing metrics 

to determine the similarity between a predicted FA image and a ground truth image.  

In terms of FA site locations, DPM has a lower sensitivity for small changes. Most of the 

time, predicted FAs will not be at the exact location as ground truth FAs. Therefore, it is important 
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for the evaluation metric to have some tolerance to small differences in location. If a difference in 

location is small enough that an FA remains in the same region (i.e., cluster), the predicted FA 

location can be considered acceptable [27]. Compared to the other metrics that show drastic 

changes in their score for only small changes in location, the DPM allows for this tolerance. For 

example, PCC values drop from 1 to 0.74 for only a 10% deviation in location (Fig. 5.8). This 

drastic change can decrease the overall accuracy score, making a reasonable prediction look like a 

bad prediction. On the other hand, large changes in location should be clearly reflected on the 

value of a metric. The bigger the difference in location, the more FAs that will be located outside 

of the cell and, therefore, the worse the prediction. DPM has a higher sensitivity at these large 

deviations, whereas FSIM and IoU plateau after drastically decreasing at smaller deviations. 

Furthermore, for FA sites located near the edge of the cell, small deviations in location might result 

in the FA site being outside of the cell boundary. The DPM will tolerate small differences but will 

correctly penalize the prediction if the FA site is outside of the cell even if the difference in location 

is small.  

In terms of number of FA sites, DPM had higher sensitivity to both randomly dropping and 

randomly adding FA sites than all other metrics that were tested. As the number of FA sites 

predicted can drastically affect a cell’s behavior (e.g., internal cell tension) [27], this measurement 

has a high importance. While PCC, for example, shows scores as high as 0.90 after dropping 25% 

of FA sites, the DPM shows a score (0.75) which is more in accordance with this change in FA 

site number (Fig. 5.9). Similarly, PCC shows high scores (0.90) after increasing the number of 

FAs by 45%, while DPM once again shows a score (0.69) more consistent with this change in FA 

site number (Fig. 5.10). Overall, PCC, FSIM, and IoU do not change substantially for large 

changes in FA site number, while DPM scores better reflect these changes. 
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In terms of the shape/size of FA sites, the DPM had an overall slightly higher sensitivity 

than all other metrics that were tested. Sensitivity values were higher for small changes, consistent 

with the importance to detect these small changes in FA shape/size. The DPM showed lower values 

at 10% deviation (0.63) than PCC (0.66), FSIM (0.69), and IoU (0.72) (Fig. 5.11). Even more 

important is the ability of a metric to detect large changes in FA shape/size. The DPM showed 

much lower values at 80% deviation (0.21) compared to all other metrics (PCC: 0.31, FSIM: 0.47, 

IoU: 0.48) (Fig. 5.11). These measurements are important since shape/size of FAs can have a 

substantial impact on the overall morphology of a cell and, therefore, its behavior. For example, 

when looking at the mechanical behavior of a cell, the higher the substrate stiffness the larger the 

size of FAs and the more force they will likely produce [25].  

In terms of the orientation angle of FA sites, DPM had lower sensitivity for small changes 

than most other metrics that were tested, while simultaneously it had higher sensitivity for large 

changes. This lower sensitivity is due to small differences in angle having a high impact in the 

other metrics tested, as these shifts in orientation have a large impact in the match of pixel values 

for FA sites. On the other hand, DPM shows smaller changes in its score since it directly calculates 

the difference between ground truth and predicted FA angle and therefore shows a more linear 

relationship between accuracy scores and deviation percentage. At 10% angle deviation, the DPM 

showed higher values (0.90) than PCC (0.84) and IoU (0.86) (Fig. 5.12). However, at 80% 

deviation all other metrics showed values much higher (PCC: 0.64, FSIM: 0.81, IoU: 0.74) than 

DPM (0.36) (Fig. 5.12). Small differences in orientation angle may not be as significant as large 

differences. For example, a large difference in angle can mean a drastic change in the direction of 

forces in a cell due to a change in the direction of flow and shear stress in the cell [50]. The DPM 

sensitivity for angle differences is more consistent with this behavior. 
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A FA prediction can have deviations in location, number, shape/size, and angle with 

respect to its ground truth. Therefore, to evaluate the accuracy of a prediction, a metric needs to 

have a balanced sensitivity across all these measurements to be able of recognizing such 

deviations. However, it should also have the ability to capture the variation in a population. In 

other words, being able to discern which predictions are more or less accurate. Looking at the 

distribution of the metric values across test set samples (Fig. 5.13), the ability of DPM to capture 

the variation of the test samples was greater than any other metric that was tested. For instance, 

both FSIM and IoU show little variation in their values across samples (0.08 and 0.09 respectively), 

implying that all predictions were equally as good. On the other hand, PCC showed higher 

variation (0.24). DPM had the highest range of variation (0.36) out of all metrics that were used, 

showing its ability to identify a higher degree of variation within predictions leading to a better 

tool for validating DL training. Furthermore, the DPM provides interpretability by measuring 

distribution (d), shape/size (s), and angle (a). Across all samples in the test set, each metric showed 

different average values: PCC 0.32, FSIM 0.82, IoU 0.54, DPM 0.61. However, DPM provides 

additional information for prediction accuracy on the three specific measures (distribution, 

shape/size, and angle): d 0.61, s 0.57, a 0.67. This information can provide better insight into the 

strengths and weaknesses of a neural network model’s predictions. For example, results in the test 

set show that the neural network used has higher accuracy for predicting the distribution and angle 

of orientation of FAs compared to predicting the shape and size for each FA. Furthermore, Fig. 

5.6 shows further interpretation of the distribution measurement. The heat maps provide key 

information into which areas of the cell have a higher prediction accuracy for FAs. For example, 

for some cells the network might be more accurate at predicting FAs near the center of the cell 

compared to the edges (as seen in the sample shown in Fig. 5.6).  
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In Fig. 5.14, the DPM is shown to be capable of determining which FA prediction is 

quantitively more accurate and consistent with qualitative assessment while other metrics do not. 

Sample 1 (Fig. 5.14A) prediction can be seen to be visually less similar to its ground truth than 

Sample 2 and its ground truth (Fig. 5.14B). However, PCC determines that Sample 1 (0.42) is a 

more accurate prediction than Sample 2 (0.33), FSIM determines that predictions for both samples 

are of similar accuracy compared to their respective ground truth images (Sample 1: 0.83, Sample 

2: 0.81), and IoU also determines that Sample 1 (0.60) is a more accurate prediction than Sample 

2 (0.54). On the other hand, DPM determines that Sample 2 is a more accurate prediction than 

Sample 1 with a score that is nearly 1.5 times different (Sample 1: 0.46, Sample 2: 0.70). This 

ability is crucial to the analysis of FA predictions, as these scores will be used to determine if a 

neural network is performing well or if further tuning is needed. 

The applications of DPM are not limited to FA predictions. This metric could be extended 

to study the prediction or segmentation of other discrete subcellular structures. For example, 

mitochondrial marker Tom20 [42] shows a structure like that of FA sites, showing discrete 

structures across the cell. Prediction of such structures could be analyzed with DPM, looking at 

the distribution, shape/size, and angle of each mitochondrion compared to ground truth images. 

The DPM can provide better interpretability for segmentation accuracy compared to commonly 

used metrics such as Dice coefficient which only accounts for shape/size of structures and 

Hausdorff distance which only accounts for location of structures [60]. Furthermore, since the 

DPM allows the weight of each measurement (d, s, a) to be adjusted, the DPM allows users to tune 

the weight/importance of each measurement, depending on the research question of interest. For 

example, in the case of FA sites, mechanical behavior of a cell, such as internal cell tension, might 
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be most affected by the number and location of FAs [27], and, therefore, a higher weight might be 

given to the distribution (d) measurement.  

5.6 Conclusion 

 The proposed DPM provides a new image similarity metric that can calculate quantitative 

accuracy scores for DL-generated FA site predictions that are consistent with qualitative 

assessment. Furthermore, this method has better interpretability than the other image similarity 

metrics tested by measuring differences in distribution, shape/size, and angle of each FA site. The 

DPM can be extended to calculate accuracy of prediction and/or segmentation of other discrete 

structures of medical relevance. 
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CHAPTER 6 

CGAN FOR 3D SUBCELLULAR MORPHOLOGY PREDICTION 

6.1 Abstract 

 Gaining insight into different cell behaviors is key to better understanding different 

pathologies. These behaviors may be explained in part through close observation of 3D cell 

morphology. Therefore, the objective of this research was to develop a machine learning (ML) 

framework that can predict 3D subcellular morphological variation of endothelial cells (ECs) to 

generate digital twins. ECs were cultured and their membrane, nucleus, and focal adhesion (FA) 

sites were stained and imaged with confocal microscopy. The multicellular confocal z stacks were 

segmented resulting in a total of 60 single-cell stacks. Fifty randomly picked cells were augmented 

20-fold to train the ML framework, and the remaining 10 were used for an independent test of 

prediction accuracy. The ML framework was based on an open-source conditional generative 

adversarial network (cGAN), which was expanded to make 3D predictions using membrane only 

as input to predict nucleus and FA morphology. After training the framework, the results on the 

independent test showed an average prediction accuracy of ~87% for nucleus and ~70% for FA 

sites. The predictions were used to build a digital twin of each EC and compared to their respective 

ground truth, showing an average ~79% global accuracy and ~84% accuracy in FA-Nucleus 

distribution. The results presented show the effectiveness of the developed ML framework to 

generate digital twins of ECs using limited amount of data. These digital twins can be used to 

couple EC morphology with different behaviors. The ML framework can be potentially expanded 

to predict morphology of other subcellular structures as well as to study other types of cells.   

6.2 Introduction 



65 

 

Blood vessels and lymphatic vessels are lined with a monolayer of endothelial cells (ECs) 

called the endothelium. Endothelial cell morphology changes depending on where the cell is in the 

vascular system or lymphatic system and the fluid sheer stress the cell is exposed to  [61]. An 

elongated EC morphology is found in straight sections of arteries, while a cobblestone morphology 

is near pro-atherogenic regions [17]. Therefore, tracking EC morphology (cell geometry and size) 

may indicate either a healthy or diseased cell phenotype [62]–[64]. These cells can influence other 

cells in their neighborhood as they come into contact through junctional structures. For example, 

individual EC morphology has been observed to change from a spindly to a cuboidal geometry in 

the presence of neighboring cells [65]. Such changes in multicellular morphology can help to 

understand how an individual healthy or diseased cell could influence other neighboring cells. 

Developing methods to measure how ECs adapt to their mechanical environment has the potential 

to help explain their behaviors and phenotypic change, which may be explained in part through 

close observation of their 3D morphology [3]. As a single cell or group of cells experience stimuli, 

dynamic adjustments to their morphology must occur. These morphological changes are necessary 

to maintain proper cell adhesion to the extracellular matrix, force distributions through the cell, 

and cell-cell interaction.  

Gaining insight into different cell behaviors is key to better understanding different 

pathologies. To understand how cells respond to their surroundings will require better 

understanding of mechanotransmission, mechanosensing, and mechanotransduction. 

Mechanotransmission is the process of forces being transmitted intra- and inter-cellularly. 

Mechanosensing is the process by which a cellular structure or a protein senses physical cues to 

initiate mechanotransduction. Mechanotransduction is the process of converting physical cues into 

a biochemical response.   For example, mechanosensing can provide new knowledge on 
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development of cardiovascular disease [45] and cancer metastasis [13]. Observing how cell 

morphology, cell membrane and cell nucleus, remodel to changes in the cell’s mechanical 

environment is critical to understanding when a cell transitions phenotype from healthy to a 

cardiovascular disease state [45]. For cancer cells to metastasize, they must create separations 

between endothelial tight junctions, thus altering the external and internal structural components 

of the cell [13].  

Focal adhesion (FA) sites are supramolecular contact points between the cell and the 

extracellular matrix (ECM) [45]. Understanding the shape, distribution, and size of FA sites, can 

help to develop better methods to understand changes in cell morphology. To maintain proper 

adherence between the cell and the ECM, FAs dynamically alter their shape and mechanical 

structure. Focal adhesions directly influence the morphology of the cell through the process of 

mechanosensing. The changes in mechanical forces experienced by the FAs are transmitted 

throughout the cell cytoskeleton via mechanotransmission, creating a feedback loop that alters the 

morphology of cell membrane, nucleus, and other subcellular components [66]. As the 

morphology of the cell is adapting to maintain structural integrity, internal subcellular structures 

such as the nucleus are altering the process of mechanotransduction. Processes that may be altered 

by changes in nucleus morphology are gene expression, DNA synthesis, and calcium signaling 

[67]–[72].  

Current computational mechanical modeling of ECs typically consider groups of cells or 

individual cells. One model idealized EC monolayer as a multi-cell, hexagonal, 3D, viscoelastic, 

multi-component model with each cell having the same idealized geometry. This model was 

developed to explain how fluid flow direction influences the forces experienced by structural 

components of ECs [28, 73]. Another model used 3D single cell specific modeling on bovine aortic 
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endothelial cells to predict stress distributions in focally adhered ECs experiencing apically applied 

fluid-flow [74]. While useful, these approaches neglect emergent properties such as the 

heterogeneous response of cells, morphological variation, cell-cell interactions, and cellular 

dynamics. Another aspect that is poorly understood is the interplay between 3D focal adhesion 

sites and 3D nucleus morphology.  

For a more comprehensive understanding of the endothelium, it is necessary to develop 

methods to observe the changing morphology of subcellular structures and how they are affected 

by the change in EC morphology over time. Live-cell imaging is however limited on the number 

of morphological features that a researcher can image in a single cell simultaneously, since the 

number of simultaneous fluorescent tags is restricted by the spectrum saturation and cell health 

[41]. This limitation prevents the live study of multiple subcellular morphologies along with 

biochemical events. Therefore, a new method is necessary in order to study the relationship 

between cell morphology and cell behavior.  

One method that can be used to help overcome limitations of live-cell imaging is machine 

learning (ML) algorithms. When developing a ML framework, it is important to realize that 

morphology of sub-cellular structures is dependent on the interactions between them. For example, 

the cytoskeleton cannot traverse entirely through the inner cell, as the nucleus prevents this from 

occurring. Furthermore, the position of the nucleus is not static as it depends on internal and 

external forces [75]. Therefore, the relationship between subcellular structures is complicated and 

non-linear [38]. Thus, it is necessary to examine specific sub-cellular structures and how they 

spatially and temporally interact.  

Multiple ML approaches such as convolutional neural networks (CNN) [37, 41], and 

conditional generative adversarial networks (cGANs) [38] have been used to predict the 
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morphology of cells. Each of these methods have the potential to contribute to the study of cell 

morphology but are either limited to 2D morphology, or do not study certain subcellular structures 

relevant to cell behavior such as FA sites. To improve upon previous research, this work is focused 

on 3D nucleus and FA sites morphology prediction using only a labeled cell membrane.  

Therefore, the cGAN method [38], which was used to predict 2D subcellular structures on 

single cells with the nucleus and membrane as the labeled input images, will be further developed 

for this approach. To capture EC morphological variation, a digital twin framework will be 

developed. In this work, a digital twin is a digital representation of an EC that has a cell membrane 

and two predicted subcellular components, the nucleus and FA sites. The overall objective of this 

research is to develop a ML framework that can predict 3D subcellular morphology which can be 

potentially combined with live-cell imaging to study the relationship between EC morphology and 

behavior. 

6.3 Materials and Methods 

6.3.1 Cell Culture and Culture Media 

Human Microvascular Endothelial cells (HMEC-1, #CRL-3243, ATCC, Manassas, VA) 

were maintained in complete growth media. Complete growth media consisted of MCDB 131 

media (#10372019, Gibco, Grand Island, NY) supplemented with 2 mM L-glutamine (#25030081, 

Thermo Fisher Scientific), 10% (v/v) FBS (#15000044, Thermo Fisher Scientific) and 

penicillin/streptomycin (100 U/ml and 100 µg/ml concentration, respectively). Cells were seeded 

at a density of 10,000 cells/cm2 onto fibronectin-coated glass coverslips (#CS-25R17, thickness 

1.5, Warner Instruments, Hamden CT) (fibronectin, 20 µg/ml, #33016-015, Thermo Fisher 

Scientific) mounted in 6-well plates. The cells were grown to confluence in a humidified 

environment at 37˚C with 5% CO2. 
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6.3.2 Immunofluorescence labeling 

 Once the cells reached confluence, the plasma membrane of live cells were stained with 

Wheat Germ Agglutinin (WGA) (CF633, Biotium, Fremont, CA). Cells were washed twice in 

Hank’s Balanced Salt Solution (HBSS, #14025076, Thermo Fisher Scientific), then incubated with 

WGA (5 μg/ml) for 30 minutes at 37°C, then washed twice in HBSS. Next, the cells were 

simultaneously fixed (4% (w/v) paraformaldehyde (PFA) in PBS) and permeabilized in Triton X-

100 (0.5% (v/v), 5 min, #T9284, Sigma-Aldrich). Then post-fixed in 4% (w/v) PFA in PBS, 

followed by PBS wash (3 × 5 min). To image the nucleus, cells were stained with Hoechst 33258 

(1:1000, #116M4139V, Sigma-Aldrich). A blocking solution comprised of goat serum (1:20, 

#G9023, Sigma-Aldrich), 0.1% Triton X-100, and 0.3M glycine in 0.1% (w/v) BSA was added to 

cells for 30 minutes. To image FA sites, cells were blocked with the previously mentioned blocking 

solution for 30 minutes at room temperature. Then cells were incubated overnight with anti-

paxillin (1:500, Abcam, #ab32084). This was followed by a 2-hour incubation with secondary 

antibody goat anti-rabbit Alexa Fluor 488 (1:500, #ab150077, Abcam, Waltham, MA, USA), and 

a 0.1% (w/v) BSA wash (3 × 5 min). The fibronectin coated cover slips were then removed from 

the well plates and mounted cell-side-down onto individual glass microscope slides using ProLong 

Glass (#P36982, Thermo Fisher Scientific). 

6.3.3  Microscopy and Image Acquisition 

 A Leica TCS SP5 confocal microscope with a 63×/1.40 NA oil immersion lens was used 

to image the monolayer. UV 405 nm (nucleus), UV 488 nm (FA sites), and a HeNe 633 nm 

(membrane) lasers were used to sequentially excite samples. Images were acquired at 2048 pixels 

× 2048 pixels, with an x-y spatial resolution of 0.087 μm/pixel and z spatial resolution within the 
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range of 0.1-0.15 μm/slice for different imaging sessions. A total of 8 fields of view (i.e., 8 image 

stacks) were acquired from cells belonging to all well plates. 

6.3.4  Image Processing and Data Augmentation 

 For each field of view, an overlay of the red color channel for membrane, the blue color 

channel for nucleus, and the green color channel for FA sites was obtained and processed as an 

RGB stack. From each stack, individual cells were manually segmented using ImageJ (ver1.52i) 

[43]. A total of 60 single-cell stacks were obtained from all 8 fields of view. Each stack was resized 

to 256 pixels × 256 pixels and all stacks were normalized to have 64 slices where if a stack had 

less than 64 slices it was padded with blank images and if a stack had more than 64 slices then 

blank slices at both ends of the stacks would be removed. For the membrane color channel, a 

threshold was applied to drop all pixel values below 20. Similarly, a threshold was applied to the 

nucleus color channel to drop all pixel values below 50. Finally, the FA color channel was 

processed using a top hat filter with a 3 × 3 rectangular kernel. Then, 50 randomly chosen cells 

from the 60 processed individual-cell stacks were augmented 20-fold performing random rotation 

and translation. For each augmentation iteration, a random angle between 0˚ and 360˚ and a 

random vertical and horizontal shift between -30 pixels and 30 pixels were chosen to rotate and 

shift each individual cell. This augmentation resulted in a total of 1000 single-cell stacks.  

6.3.5  Data Transformation 

 The stacks were then converted to Hierarchical Data Format version 5 (HDF5) format. For 

the conversion, the stacks (i.e., 1000) were transformed into NumPy arrays. The pixel values were 

normalized from the 0-255 range to a 0-1 range. The color channels for membrane and structure 

to be predicted (i.e., nucleus or FA sites) were appended to a single array of dimensions (1000, 64, 

256, 256, 3) labeled as the input X. The labels (i.e., structure to be predicted) were transformed 
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into a one-hot encoded vector and appended to a single array of dimensions (1000, 10) labeled as 

the condition Y, where stacks where evenly assigned to each of the 10 classes (i.e., each class 

consisted of 100 stacks). The color channel for cell membrane structure was separated from the 

images and appended to a single array of dimensions (1000, 64, 256, 256, 1) labeled as the 

reference R. Finally, the three arrays were stored into a single HDF5 file.  

6.3.6  Neural Network Architecture and Training 

 An open-source neural network [38] originally developed for 2D subcellular structure 

prediction was extended to 3D and trained to predict the nucleus and FA sites, using only cell 

membrane as input. The network was based on a conditional generative adversarial network 

(cGAN) architecture, consisting of a generator and discriminator and where the condition Y 

determined the type of structure to be predicted, the input X was used to extract the ground truth 

structure of interest and membrane, and the reference R was used to extract only the membrane 

that would be used to generate a prediction of the structure of interest. The network was modified 

to make 3D predictions by replacing all convolutional layers in both the generator and the 

discriminator to perform 3D convolution. The loss function used for training the discriminator was 

a binary cross entropy, while the loss function for the generator was a sum of the binary cross 

entropy and a Pearson correlation metric. Two different training sessions were performed: one to 

predict nucleus and another one to predict FA sites. The network was trained using the augmented 

dataset which was split into 900 cells for training and 100 for concurrent testing. The remaining 

10 cells out of the original 60 were used for an independent test of prediction accuracy at the end 

of training. The parameters used to train the network for each session were a learning rate of 2 × 

10-3 for the generator and 2 × 10-4 for the discriminator and a batch size of 1. Both training sessions 

lasted 50 epochs as the network converged at this point. 
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6.3.7  Evaluation of Predictions 

 To evaluate the accuracy predictions in the test set, two different metrics were used: 

Pearson Correlation Coefficient (PCC) for nucleus and Discrete Protein Metric (DPM) [76] for FA 

sites. For nucleus, PCC was chosen since previous studies performing nucleus morphology 

prediction [37] have used the same metric for evaluation of the results. For FA sites, DPM was 

chosen as this metric was specifically developed to evaluate FA predictions. Before computing the 

DPM, both ground truth and predicted FA sites were processed using the following steps: 1) a top-

hat filter with a 3 × 3 rectangular kernel was applied to the raw color channel, 2) the channel was 

then binarized to calculate the area of each FA, 3) only FAs that had an area ranging from 1-4 µm2 

were kept as this range has been seen in previous studies [77], 4) the resulting binary stack was 

projected onto a 2D image to apply it as a mask to the original raw color channel. The DPM 

calculates the difference between predicted and ground truth FA sites by measuring three 

characteristics: distribution (d), shape/size (s), and angle of orientation (a) of each FA site. 

Equation (6.1) defines the calculation of the overall DPM metric, 

𝑫𝑷𝑴 = 𝒘𝒅𝒅 + 𝒘𝒔𝒔 + 𝒘𝒂𝒂 (6.1) 

where 𝑤𝑑, 𝑤𝑠, and 𝑤𝑎 are the relative weights for FA site distribution, shape/size, and orientation 

angle respectively. These weights are assigned according to the relative importance of each 

component for the research question of interest. The sum of these weights must always equal one. 

For the purpose of this study, all measurements were given the same importance (i.e., all weights 

were set equal to 0.33). The distribution (d) measurement is calculated using a k-means clustering 

algorithm that divides the FA sites into five clusters and then calculates the difference in number 

of FA sites on each cluster in the prediction and ground truth. The shape/size (s) measurement is 

calculated by pairing each FA site in the prediction to its nearest neighbor in the ground truth and 
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calculating the overlap using an F1 score of the bounding boxes of the predicted and ground truth 

FA site. The angle of orientation (a) measurement is calculated by once again pairing each FA site 

in the prediction to its nearest neighbor in the ground truth and measuring the angle with respect 

to the horizontal axis of the bounding boxes of the predicted and ground truth FA site to calculate 

their difference. The DPM was calculated on the 2D projections obtained at the end of the 

processing step. 

A schematic of the ML training and validation workflow can be seen in Fig. 6.1. 
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Fig. 6.1: Schematic of ML training and validation: (A) Multicellular stack obtained from the confocal 

microscope; (B) Segmentation of single cells from cell cluster; (C) Single cell stack obtained after 

segmentation; (D) Extraction of cell membrane color channel into single stack; (E) Extraction of nucleus 

color channel into single stack; (F) Extraction of FA site color channel into single stack; (G) Conversion 

of image data into condition Y one-hot encoded vector representing the nucleus structure, input X array 

containing ground truth nucleus and membrane, and reference R containing membrane only; (H) 

Conversion of image data into condition Y one-hot encoded vector representing the FA sites structure, 

input X array containing ground truth FA sites and membrane, and reference R containing membrane 

only; (I) Instance of cGAN algorithm trained to predict nucleus; (J) Instance of cGAN algorithm trained 

to predict FA sites; (K) Predicted nucleus generated from cGAN (I); (L) Predicted FA sites generated 

from cGAN (J); (M) Computation of PCC metric between predicted nucleus (K) and ground truth nucleus 

(E); (N) Computation of the DPM metric between predicted FA sites (L) and ground truth FA sites (F). 

 

6.3.8  Digital Twin Generation 

  Once the cGAN was fully trained for both FA and nucleus predictions, digital twins of 

ECs were generated using only the labeled membrane as input to the network. These digital twins 



75 

 

were compared to the true cell (i.e., ground truth) by measuring the global accuracy score defined 

in Equation (6.2),  

𝑮𝒍𝒐𝒃𝒂𝒍 = 𝒘𝒏𝑷𝑪𝑪 + 𝒘𝒇𝑫𝑷𝑴 (6.2) 

where 𝑤𝑛 and 𝑤𝑓 are the relative weights for nucleus and FA sites prediction importance, and PCC 

and DPM are the accuracy scores calculated for nucleus and FA sites predictions. The weights are 

assigned according to the research question of interest. For the purpose of this study, nucleus and 

FA sites predictions were given the same importance (i.e., the weights were set to 0.5).  

For further evaluation of the digital twin similarity to its respective true cell, an FA-Nucleus 

distribution (FA-ND) metric, modified from a previous study [24], was calculated using 

Equation (6.3), 

𝑭𝑨 − 𝑵𝑫 =
𝒎𝒊𝒏{∑ (𝑬𝑫𝑻𝑪)𝒊

𝒏𝑻𝑪
𝒊=𝟏 , ∑ (𝑬𝑫𝑫𝑻)𝒊

𝒏𝑫𝑻
𝒊=𝟏 }

𝒎𝒂𝒙{∑ (𝑬𝑫𝑻𝑪)𝒊
𝒏𝑻𝑪
𝒊=𝟏 , ∑ (𝑬𝑫𝑫𝑻)𝒊

𝒏𝑫𝑻
𝒊=𝟏 }

 (6.3) 

where (𝐸𝐷𝑇𝐶)𝑖 and (𝐸𝐷𝐷𝑇)𝑖 are the Euclidian distance between the centroids of the nucleus and 

the centroid of the ith FA site in the true cell and digital twin respectively, and 𝑛𝑇𝐶  and 𝑛𝐷𝑇 are the 

number of FA sites in the true cell and digital twin respectively. 

A schematic of the digital twin generation process can be seen in Fig. 6.2.  
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Fig. 6.2: Cellular digital twin generation workflow: (A) Raw multicellular stack obtained from the 

confocal microscope with membrane (red), nucleus (blue), and FA sites (green); (B) Segmentation of 

single cells from cell cluster; (C) Single cell stack obtained after segmentation; (D) Extraction of cell 

membrane color channel into single stack; (E) cGAN trained for nucleus prediction; (F) cGAN trained 

for FA sites prediction; (G) Predicted nucleus based on membrane input; (H) Predicted FA sites based 

on membrane input; (I) Digital twin constructed from predicted nucleus (G), predicted FA sites (H), and 

cell membrane (D); (J) True cell containing ground truth nucleus and FA sites from segmented cell (C); 

(K) Comparison between digital twin (I) and true cell (J) using Global score and FA-ND; (L) Accept or 

reject digital twin based on criteria used to establish acceptable accuracy.   

 

6.4  Results 

 The ML framework was trained using an augmented dataset of cultured and stained single 

ECs to predict 3D morphology of nucleus and FA sites based only on membrane morphology. The 

performance of the framework was then evaluated by calculating the prediction accuracy of 
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nucleus and FA sites using an independent test containing 10 cells. Digital twins were then 

generated for all 10 cells and their accuracy was calculated.  

The prediction accuracy for all 10 cells in the independent test set is summarized in Table 

6.1. The average accuracy is presented as mean ± standard deviation. The average prediction 

accuracy for nucleus was 87.7% ± 5.1% as measured using PCC. For FA sites, the average 

prediction accuracy was 70.5% ± 4.6% as measured using DPM, where average d was 

73.1% ± 10.3%, average s was 71.0% ± 4.6%, and average a was 69.6% ± 4.8%. The average 

global score accuracy for the independent test was 79.1% ± 3.1%. The average FA-ND score was 

84.1% ± 9.4%.  
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Table 6.1. Prediction accuracy percentages for nucleus, FA sites, global score, and FA-Nucleus 

distribution for all cells in the independent test dataset 

 Nucleus (PCC) FA (DPM) 
(d, s, a) 

Global FA-ND 

Cell1 90.7 64.4 
(56.9, 69.5, 68.8) 

77.6 96.8 

Cell2 74.7 69.3 
(71.9, 69.9, 68.2) 

72.0 73.4 

Cell3 88.2 66.8 
(63.2, 63.7, 75.5) 

77.5 84.1 

Cell4 90.5 72.4 
(78.0, 67.9, 73.6) 

81.5 76.5 

Cell5 84.9 77.9 
(93.4, 71.8, 70.8) 

81.4 92.8 

Cell6 90.1 68.8 
(65.8, 74.3, 68.3) 

79.5 97.1 

Cell7 85.5 79.2 
(85.7, 79.8, 74.6) 

82.4 74.4 

Cell8 91.4 69.6 
(75.0, 75.1, 60.8)  

80.5 77.4 

Cell9 94.3 70.4 
(66.9, 73.3, 73.0) 

82.3 75.1 

Cell10 86.5 66.4 
(74.2, 64.8, 62.1) 

76.5 93.5 

Average  87.7±5.1 70.5±4.6 
(73.1±10.3, 71.0±4.6, 69.6±4.8) 

79.1±3.1 84.1±9.4 

 

From the 10 samples in the independent test set, Cell 5 was randomly chosen to 

demonstrate the power of the ML framework to generate a digital twin representative of the true 

cell. Fig. 6.3 shows a qualitative comparison of nucleus ground truth and prediction along the z-

stack to demonstrate the accuracy (84.9% PCC) of the 3D prediction. Similarly, Fig. 6.4 shows a 

qualitative comparison of FA sites ground truth and prediction along the z-stack to demonstrate 

the accuracy (77.9% DPM) of the 3D prediction. Finally, Fig. 6.5 shows a visualization of the 3D 

structure of the digital twin compared to the true cell using AGAVE (https://github.com/allen-cell-

animated/agave/releases/tag/v1.2.4). The comparison shows a qualitative validation of the global 

accuracy (81.4%) and subcellular distribution (92.8%) of the digital twin.  

https://github.com/allen-cell-animated/agave/releases/tag/v1.2.4
https://github.com/allen-cell-animated/agave/releases/tag/v1.2.4
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Fig. 6.3: Comparison of nucleus ground truth and predictions for representative z-slices for Cell 5. First 

column represents the ground truth, second column the prediction, and third column an overlay of ground 

truth (red) outlines and prediction (blue) outlines. Each row represents a different slice, as indicated by 

the z slice number on the lower right corner of each row.  
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Fig. 6.4: Comparison of FA sites ground truth and predictions for representative z-slices for Cell 5. First 

column represents the ground truth, second column the prediction, and third column an overlay of ground 

truth (red) and prediction (blue). Each row represents a different slice, as indicated by the z slice number 

on the lower right corner of each row. 
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Fig. 6.5: Cell 5 digital twin (right) versus true cell (left) comparison. The structures represented are 

membrane (red), nucleus (blue), and FA sites (green). Orthographic projection was used for visual 

comparison: (A) 3D representation; (B) 2D orthographic projection of front side; (C) 2D orthographic 

projection of right side; (D) 2D orthographic projection of top side. 

 

 

6.5 Discussion 

The results presented show the effectiveness of the developed ML framework to generate 

digital twins of ECs using limited amount of data. This framework was developed by modifying 

an open-source cGAN [38] that was originally used to predict subcellular protein 2D structure 

from membrane and nucleus input. The developed framework can predict, with high accuracy, 3D 

morphology of nucleus and FA sites based only on the cell membrane morphology. 
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In terms of nucleus predictions, the ML framework achieves accuracy (~87%) comparable 

to other methods that have predicted 2D nucleus [37] and higher than existing methods predicting 

3D nucleus [41]. The fact that the proposed method used single-cell stacks might be one reason 

the ML framework achieves higher accuracy compared to previous methods which used 

multicellular stacks [41]. On the other hand, predictions were based on 3D membrane morphology 

(i.e., cell membrane fluorescence stacks) rather than on 3D whole-cell morphology (i.e., 

transmitted light stacks) [41] which could indicate that membrane is a better predictor of nucleus 

morphology than the whole cell. Membrane morphology was observed to have a ‘bump’ where 

the nucleus was located as seen in Fig. 6.5C. This morphological feature of the membrane might 

help predict nucleus morphology and could therefore be a key reason for the increased nucleus 

prediction accuracy. 

In terms of FA sites predictions, there are no current benchmarks for prediction accuracy 

of this structure. To determine if prediction accuracy is high enough, different FA morphological 

features were studied using the DPM metric [76]. The distribution (d) of FA sites is closely related 

to intracellular stress [27]. Therefore, a significant difference in distribution of FA sites can result 

in a very different mechanical behavior of a cell. The average d prediction accuracy achieved 

(~73%) can be considered high, particularly when looking at the qualitative assessment provided 

in Fig. 6.4, where the overall distribution of FA sites in both ground truth and prediction looks 

similar to each other in terms of location and number of FA sites. On the other hand, size/shape 

(s) of FA sites can also be informative of the mechanical behavior of a cell. For example, the higher 

the substrate stiffness, the larger the size of FAs and the more force they will likely produce [25]. 

The average s prediction accuracy achieved (~71%) can also be seen to reflect the qualitative 

assessment from Fig. 6.4, where FA sites can be seen to have approximately the same area and 
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aspect ratio in both ground truth and prediction. Furthermore, FA site orientation angle (a) can be 

related to the direction of movement of a cell. For example, a large difference in FA site angle can 

mean a drastic change in the direction of forces in a cell due to a change in the direction of flow 

and shear stress in the cell [50]. The average a prediction accuracy achieved (~69%) is consistent 

with the qualitative assessment in Fig. 6.4, where FA sites orientation looks similar in ground truth 

and prediction. Overall, the average DPM score (~70%) reflects the high accuracy in distribution, 

shape/size, and angle of orientation. More importantly, as seen in the results, the average scores 

for the three measurements are very similar to each other which demonstrates that the ML 

framework can consistently predict the different morphological features of FA sites.   

The generation of digital twins reflected the overall subcellular similarity between ground 

truth and predicted morphology. Two methodologies were used to measure this similarity. The 

first method, global score, was a weighted sum of the nucleus and FA sites accuracies. The weights 

for each structure can be assigned depending on the research question of interest. For example, if 

the objective of the study is to observe the relationship between gene expression and morphology, 

predicting nucleus morphology correctly might be more important than correctly predicting FA 

morphology. For this study, the same weight was assigned to both structures since the objective 

was limited to comparing the overall morphology of the true cell and the digital twin. The average 

global score (~79%) is consistent with the qualitative assessment in Fig. 6.5. Nucleus in both true 

cell and digital twin can be seen to be at roughly the same location and have the same area and 

aspect ratio. Similarly, FA sites can be seen to have similar distribution and size in both true cell 

and digital twin. The second method to measure subcellular similarity was a FA-Nucleus 

distribution (FA-ND) metric. This metric measured the sum of the Euclidean distances between the 

nucleus centroid and FA sites centroids in both the true cell and digital twin. This measurement 
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reflects the difference in overall subcellular distribution, which accounts for the difference in 

location of nucleus and FA sites. Furthermore, using the sum of these distances allows to account 

for differences in the number of FA sites in true cell and digital twin. The average FA-ND (~84%) 

is consistent with the subcellular distribution similarity seen in Fig. 6.5.  

The digital twins generated with the ML framework can be potentially used for further 

studies. For example, the relationship between 3D morphology of membrane, nucleus, and FA 

sites could be further explored. The framework could also be expanded to predict other subcellular 

structures that can be included into the digital twin. Incorporating F-actin cytoskeleton and 

actomyosin fibers, substructures affected by changes in cellular morphology [78], could provide 

further insight into the mechanical structure of the EC. It has also been shown that biochemical 

signaling, such as calcium signaling, changes as a result of morphological changes of the cell and 

the nucleus [67, 70]. Therefore, the ML framework can potentially couple morphology with 

different mechanical behaviors and biochemical events. Furthermore, even though this framework 

was used on ECs, it has the potential to be expanded and applied to other cell types to study their 

subcellular morphology.  

The methods presented in this paper have used morphology derived from fixed cells. While 

this can give a snapshot in time of what the EC is experiencing, it lacks dynamic behaviors. These 

behaviors may occur on different time scales. Therefore, future work needs to be adapted to live-

cell imaging. This adaptation can be enabled by using the current ML framework. A next step can 

include live-cell staining the structures studied in this paper (i.e., membrane, nucleus, and FA sites) 

to observe changes in subcellular morphology over time. The ML framework could then be used 

to predict changes in FA and nucleus morphology based on changes in membrane morphology. 
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Capturing these dynamic changes in morphology can enable coupling to biochemical signaling, 

for a more comprehensive understanding of how cell morphology and behavior are related.  

An area that could be improved is the sample size of the experiment. Of the 60 processed 

images, 50 of them were augmented to create 1000 single cell stacks. Even though the results of 

the 3D predictions are promising, having more images that are not augmented can potentially 

improve the accuracy of the predictions. Inputting images that have not been manipulated will 

provide the ML framework with more morphological variability instead of seeing images that are 

only shifted/rotated. Increasing the dataset size can also help determine if membrane morphology 

is enough input to predict nucleus and FA morphology. From the results presented in this paper, it 

could be argued that membrane morphology might be enough to predict nucleus morphology. 

However, for FA morphology more information might be needed. Adding other subcellular 

structures to the input could potentially increase the accuracy of these predictions. For example, 

adding F-actin to the input can potentially improve FA predictions, as the morphology of this 

structure is closely related to FA morphology (FA sites serve as anchoring points for F-actin).  

Another area that could be improved is the validation methods for the digital twins. Global 

and FA-ND scores provide great insight into the similarity between true cell and digital twin, but 

they each have limitations. Global score provides a measurement that accounts for both location 

and shape/size of nucleus and FA sites. However, the accuracy score is calculated independently 

for nucleus and FA sites and, therefore, does not account for the relationship between these two 

structures. On the other hand, FA-ND provides an accuracy score based on the distribution of FA 

sites with respect to the nucleus, thus providing a measurement of the relationship between them. 

However, FA-ND does not account for shape/size of nucleus and FA sites. A combination of these 

two scores can be used to validate digital twins based on an established acceptable accuracy 
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threshold. To determine this threshold, other tests might be needed. For example, mechanical 

simulations of the whole cell can be a great resource. By running these simulations on both true 

cells and digital twins, differences between their mechanical behavior can be used to determine 

which accuracy level is acceptable to validate the digital twins.  

As the ML framework is further developed, more subcellular structures can be predicted 

and biochemical signaling can be integrated into the digital twin to create an interactive 3D model. 

This would differ from the static 3D digital representation of the cell currently presented. It is the 

vision of the authors to create an interactive 3D digital twin that involves a cluster of ECs which 

will create opportunities to view dynamic spatial and temporal changes over multiple cells. 

Elements of the EC that could be explained with the interactive 3D model are how ECs change 

their phenotype to respond to mechanical stimulus, how an EC transitions from a healthy state to 

a diseased state, how do ECs respond to changes of the extracellular matrix stiffness, how are 

biochemical signals transmitted through the EC cluster, and how do multiple subcellular structures 

remodel to adjust to changes in the mechanical and biochemical environment. 

6.6 Conclusion 

 The data presented demonstrates that the ML framework can predict the 3D nucleus and 

focal adhesion sites from only membrane stacks. These predictions were used to generate cellular 

digital twins. These digital twins can be applied to couple individual behaviors on live cells, such 

as mechanosensing, and detailed 3D subcellular morphology of the same cells to identify and 

predict emergent phenotypes. 
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CHAPTER 7 

DISCUSSION 

7.1 Overview 

The most common perception in the literature is that all endothelial cells (ECs) are equal 

to each other and therefore, the endothelium is a homogeneous layer. However, many studies have 

shown that the endothelium is in reality a highly heterogeneous layer [2]. Furthermore, the 

endothelium exhibits emergent properties, where different ECs sense information and 

communicate it between them to elaborate a collective response [3]. Nevertheless, the lack of 

studies considering both the heterogeneity and emergent properties of the endothelium has created 

a gap in the literature. A few recent studies have shown the potential of machine learning (ML) to 

fill this gap. ML has been used to predict fluorescence images of subcellular compartments (e.g., 

nuclei and cell membrane) from unlabeled light microscopy whole-cell images [37]. Other 

approaches have directly used morphology from fluorescence subcellular structures to predict the 

morphology of other subcellular structures on the same cells [38], based on the relationship that 

exists between these subcellular compartments. These studies enable the study of multiple 

subcellular structures simultaneously to observe their heterogeneity in different cells.  

Although these studies are insightful and novel, there is still a gap in the literature in terms 

of using the full potential of these methodologies to study the morphology and interaction of 

certain subcellular structures in ECs (i.e., nucleus and FA sites). Therefore, in this research, EC 

nucleus and FA sites were studied through the development of a ML framework that can predict 

their morphology based on cell membrane morphology. The purpose of this research was to 

contribute to filling the gap in the literature on studying subcellular morphology of multiple 

structures simultaneously in ECs in order to account for their heterogeneity and emergent 
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properties. The results of this work yielded a ML framework capable of predicting EC subcellular 

morphology with high accuracy with a limited amount of data to generate digital twins of ECs and 

demonstrated the power of ML to facilitate the study of EC heterogeneity and emergent properties. 

Further studies can enable the developed ML framework to predict morphology of other 

subcellular structures on live cells to study the relationship between EC function and morphology. 

7.2 ‘In Silico’ Labeling for Nuclear Morphology Prediction 

 The usage of an open-source pre-trained ML algorithm served as a preliminary study to 

determine the feasibility of using ML to predict EC subcellular morphology based on membrane 

morphology. The results showed the potential of ML to predict nuclear morphology using 

relatively small amounts of data and time. Nuclear morphology prediction showed few false 

positives and false negatives. The ML algorithm was also able to generate qualitatively good 

predictions on unlabeled membrane images (i.e., no nucleus labeled), showing realistic nucleus 

shape, size, and location. 

However, the ML algorithm employed here has some limitations. This algorithm heavily 

relies on transfer learning and is, therefore, limited to predicting structures similar to the ones it 

has been pre-trained with. For example, a subcellular structure such as the focal adhesion sites 

might be difficult to predict since no structures seen on the algorithm’s pre-training have similar 

morphology to this structure [37]. On the other hand, training this algorithm from scratch would 

require a lot of time and data. For example, the pre-training of the algorithm required 3 weeks of 

training and 96 datasets [37]. Therefore, a different ML approach was explored to predict 

morphology of other subcellular structures such as the FA sites. 

7.3 CGAN for 2D FA Sites Morphology Prediction 
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The usage of a different open-source ML approach based on a conditional generative 

adversarial network (cGAN) proved to be effective for predicting FA sites morphology. The three 

models proposed on the original paper [38] were tested. Out of these models, the label gated model 

showed the best FA sites results in terms of PCC score (i.e., highest prediction accuracy). On the 

other hand, the encoder gated model showed the best FA sites results in terms of RMSE score (i.e., 

lowest prediction error). Since the label gated model had the highest score in the evaluation of 

overall model performance using parzen window log likelihood, this model was determined to be 

the best one to predict FA sites. This conclusion agreed with the results obtained in the original 

paper, where the label gated model was also determined to be the best performing model [38]. This 

model was selected for further study in the later chapters. 

 Even though these results are promising, the prediction accuracy of FA sites could be 

potentially improved with further analysis. Noise reduction on the images could potentially 

increase the performance of the network as the improved quality of the images would make it 

easier to learn the features. Furthermore, RMSE and PCC provide a preliminary evaluation of FA 

site prediction accuracy. However, these metrics are better suited for analyzing larger organelles 

and therefore, fail to fully analyze features of FA sites predictions that can provide more 

information on what an acceptable accuracy threshold would be. Typically, FA sites morphology 

is analyzed by looking at FA number, location, size, and shape [24]. Therefore, a new evaluation 

metric was developed to fully analyze FA predictions and provide a more interpretable accuracy 

metric. 

7.4 Discrete Protein Metric to Calculate FA Site Prediction Accuracy 

The Discrete Protein Metric (DPM) was developed to analyze FA sites predictions and 

calculate their accuracy when compared to ground truth FA sites. The developed DPM proved to 
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be effective in calculating quantitative accuracy scores for FA site predictions that agree with 

qualitative assessment. Furthermore, the DPM provides a method with better sensitivity and better 

interpretability compared to existing metrics to determine the similarity between a predicted FA 

image and a ground truth image.  

The DPM provides interpretable scores of FA sites distribution (d) (i.e., number and 

location), shape/size (s) (i.e., area and aspect ratio), and orientation angle (a). In terms of FA sites 

locations, DPM has a lower sensitivity for small changes and higher sensitivity to large changes 

compared to other image similarity metrics. It is important for the evaluation metric to have some 

tolerance to small differences in location. If a difference in location is small enough that an FA 

remains in the same region (i.e., cluster), the predicted FA location can be considered acceptable 

[27]. On the other hand, large changes in location should be clearly reflected on the value of a 

metric. The bigger the difference in location, the more FAs that will be located outside of the cell 

and, therefore, the worse the prediction. In terms of number of FA sites, DPM had higher 

sensitivity to both randomly dropping and randomly adding FA sites than all other metrics that 

were tested. As the number of FA sites predicted can drastically affect a cell’s behavior (e.g., 

internal cell tension) [27], this measurement has a high importance. In terms of the shape/size of 

FA sites, the DPM had an overall slightly higher sensitivity than all other metrics that were tested. 

Sensitivity values were higher for small changes, consistent with the importance to detect these 

small changes in FA shape/size. These measurements are important since shape/size of FAs can 

have a substantial impact on the overall morphology of a cell and, therefore, its behavior. For 

example, when looking at the mechanical behavior of a cell, the higher the substrate stiffness the 

larger the size of FAs and the more force they will likely produce [25]. In terms of the orientation 

angle of FA sites, DPM had lower sensitivity for small changes than most other metrics that were 
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tested, while simultaneously it had higher sensitivity for large changes. Small differences in 

orientation angle may not be as significant as large differences. For example, a large difference in 

angle can mean a drastic change in the direction of forces in a cell due to a change in the direction 

of flow and shear stress in the cell [50]. The DPM sensitivity for angle differences is more 

consistent with this behavior. 

Besides its interpretability and sensitivity, the DPM is shown to be capable of determining 

which FA prediction is quantitively more accurate and consistent with qualitative assessment while 

other metrics do not. In Fig 5.14, Sample 1 (Fig. 5.14A) prediction can be seen to be visually less 

similar to its ground truth than Sample 2 and its ground truth (Fig. 5.14B). However, PCC 

determines that Sample 1 (0.42) is a more accurate prediction than Sample 2 (0.33), FSIM 

determines that predictions for both samples are of similar accuracy compared to their respective 

ground truth images (Sample 1: 0.83, Sample 2: 0.81), and IoU also determines that Sample 1 

(0.60) is a more accurate prediction than Sample 2 (0.54). On the other hand, DPM determines that 

Sample 2 is a more accurate prediction than Sample 1 with a score that is nearly 1.5 times different 

(Sample 1: 0.46, Sample 2: 0.70). This ability is crucial to the analysis of FA predictions, as these 

scores will be used to determine if a neural network is performing well or if further tuning is 

needed. 

The development of this metric enables the analysis of FA site predictions generated 

through ML and can be applied to both 2D and 3D predictions. 

7.5 CGAN for 3D Subcellular Morphology Prediction 

The final ML framework for this research consisted of an adaptation of the cGAN network 

previously tested [38]. Specifically, the network was adapted to make 3D predictions of subcellular 
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morphology and generate digital twins of ECs. The developed framework can predict, with high 

accuracy, 3D morphology of nucleus and FA sites based only on the cell membrane morphology. 

In terms of nucleus predictions, the ML framework achieves accuracy (~87%) comparable 

to other methods that have predicted 2D nucleus [37] and higher than existing methods predicting 

3D nucleus [41]. The fact that the proposed method used single-cell stacks might be one reason 

the ML framework achieves higher accuracy compared to previous methods which used 

multicellular stacks [41]. On the other hand, predictions were based on 3D membrane morphology 

(i.e., cell membrane fluorescence stacks) rather than on 3D whole-cell morphology (i.e., 

transmitted light stacks) [41] which could indicate that membrane is a better predictor of nucleus 

morphology than the whole cell. Membrane morphology was observed to have a ‘bump’ where 

the nucleus was located as seen in Fig. 6.5C. This morphological feature of the membrane might 

help predict nucleus morphology and could therefore be a key reason for the increased nucleus 

prediction accuracy. 

In terms of FA sites predictions, there are no current benchmarks for prediction accuracy 

of this structure. To determine if prediction accuracy is high enough, different FA morphological 

features were studied using the DPM metric [76]. The distribution (d) of FA sites is closely related 

to intracellular stress [27]. Therefore, a significant difference in distribution of FA sites can result 

in a very different mechanical behavior of a cell. The average d prediction accuracy achieved 

(~73%) can be considered high, particularly when looking at the qualitative assessment provided 

in Fig. 6.4, where the overall distribution of FA sites in both ground truth and prediction looks 

similar to each other in terms of location and number of FA sites. On the other hand, size/shape 

(s) of FA sites can also be informative of the mechanical behavior of a cell. For example, the higher 

the substrate stiffness, the larger the size of FAs and the more force they will likely produce [25]. 
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The average s prediction accuracy achieved (~71%) can also be seen to reflect the qualitative 

assessment from Fig. 6.4, where FA sites can be seen to have approximately the same area and 

aspect ratio in both ground truth and prediction. Furthermore, FA site orientation angle (a) can be 

related to the direction of movement of a cell. For example, a large difference in FA site angle can 

mean a drastic change in the direction of forces in a cell due to a change in the direction of flow 

and shear stress in the cell [50]. The average a prediction accuracy achieved (~69%) is consistent 

with the qualitative assessment in Fig. 6.4, where FA sites orientation looks similar in ground truth 

and prediction. Overall, the average DPM score (~70%) reflects the high accuracy in distribution, 

shape/size, and angle of orientation. More importantly, as seen in the results, the average scores 

for the three measurements are very similar to each other which demonstrates that the ML 

framework can consistently predict the different morphological features of FA sites.   

The generation of digital twins reflected the overall subcellular similarity between ground 

truth and predicted morphology. Two methodologies were used to measure this similarity. The 

first method, global score, was a weighted sum of the nucleus and FA sites accuracies. The weights 

for each structure can be assigned depending on the research question of interest. For example, if 

the objective of the study is to observe the relationship between gene expression and morphology, 

predicting nucleus morphology correctly might be more important than correctly predicting FA 

morphology. For this study, the same weight was assigned to both structures since the objective 

was limited to comparing the overall morphology of the true cell and the digital twin. The average 

global score (~79%) is consistent with the qualitative assessment in Fig. 6.5. Nucleus in both true 

cell and digital twin can be seen to be at roughly the same location and have the same area and 

aspect ratio. Similarly, FA sites can be seen to have similar distribution and size in both true cell 

and digital twin. The second method to measure subcellular similarity was a FA-Nucleus 
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distribution (FA-ND) metric. This metric measured the sum of the Euclidean distances between the 

nucleus centroid and FA sites centroids in both the true cell and digital twin. This measurement 

reflects the difference in overall subcellular distribution, which accounts for the difference in 

location of nucleus and FA sites. Furthermore, using the sum of these distances allows to account 

for differences in the number of FA sites in true cell and digital twin. The average FA-ND (~84%) 

is consistent with the subcellular distribution similarity seen in Fig. 6.5.  

7.6 Limitations and Future Work 

 Due to the lack of studies predicting EC subcellular morphology (in particular FA sites 

morphology), these findings are novel and valuable. However, this was a preliminary study with 

limitations. These limitations include small amount of data that was used (i.e., only 60 unique 

cells). Even though data augmentation increased the size of the dataset, having a larger number of 

unique cells can provide the ML framework with higher morphology variability which can 

potentially increase the prediction accuracy. Furthermore, the size of the independent test set (i.e., 

10 cells) is not big enough to determine whether the accuracy achieved is significant.  

 Another limitation of this work are the validation methods for digital twins. Even though 

the metrics used to assess prediction accuracy provide great insight into the similarity between 

ground truth cells and digital twins, it is difficult to determine which accuracy level is acceptable. 

The lack of studies in this area does not allow for benchmarking. Further studies could study cell 

behavior and how much does it differ between real cells and digital twins. For example, mechanical 

simulations of ECs could be used to compare how much does the mechanical behavior differ 

between the real cell and its respective digital twin. These studies could be used to assess at which 

accuracy level can a digital twin be accepted as being representative of a real cell. Furthermore, 

statistical tests could be used to evaluate digital twins when the ground truth is unknown (i.e., 
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subcellular structures are not labeled). For instance, principal component analysis could be used 

to determine whether a nucleus prediction is close to the mean of a real population. On the other 

hand, point pattern analysis could be used to determine how much does the FA sites distribution 

of a prediction deviate from a real population. 

 In terms of future work, this research enables further studies into the relationship between 

EC function and morphology. Instead of fixed cells, future studies can use live cells to observe 

how subcellular morphology changes over time. Acquiring time series morphological data can 

allow the ML framework to predict morphology on live cells and potentially predict morphology 

at certain points in time. Furthermore, the ML framework could be trained to predict other 

subcellular structures (e.g., cytoskeleton) that could make for a more complete digital twin.  
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