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ABSTRACT 

 Focal Adhesion sites are important to adhesion and various other functions of human 

endothelial cells. A deeper understanding of these sites within the endothelium can assist in 

understanding different biological states. In recent studies, machine learning algorithms have 

been utilized to learn and predict Focal Adhesion sites within a given membrane for the 

development of a digital twin. This research aimed to validate these predictions when the true 

orientation is unknown. A protocol was developed using the programing language R that loads 

membrane and Focal Adhesion site coordinates of both two groups of cells and determines if the 

two groups are statistically equivalent using the Studentized Permutation Test. A population 

standard was created by comparing actual cells against a larger population of actual cells. The 

response to various error states was explored. The statistical protocol was utilized to compare the 

results of machine learning cells compared to actual cells to the population standard. This 

protocol was then expanded to utilize marks, or other information about the Focal Adhesion site, 

and the process repeated. In both scenarios, the machine learning predictions were determined to 

statistically fit into the population. These predictions can be used in the validation of cellular 

digital twins in future studies.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background and Motivation  

Having the ability to adhere to the surroundings is key to many functions of a cell. This 

includes movement and resistance to movement [1]. This adhesion is particularly important for 

the endothelium, or the cells that line blood vessels. These cells adhere tightly to the basement 

membrane in order to resist the shearing force of pumping blood [2]. Since these cells interact 

directly with blood that is delivered throughout the entire body, it is notable that endothelial cells 

(ECs) are highly involved with the immune system and help protect the body from various 

diseases [2]–[4]. It has been found that adhesion occurs through interactions of Focal Adhesion 

sites (FAs) and the extracellular matrix (ECM) [4].  

Knowing the location of FAs can lead to understanding the forces acting on the cells and 

what the cell is trying to accomplish. An example is seen in the endothelium. Cells in the 

endothelium, specifically the microvascular system, are under shear stress due to the flowing 

blood. Through studying the FA locations, an understanding of how ECs resist these forces can 

be developed.  

 To understand the location and function of FAs and the overall endothelium, analysis of 

planar point patterns (PPPs) can be utilized. While this spatial statistic process has been 

historically used in ecology, geography, and meteorology [5]–[13]. In ecology, PPPs have been 

used to understand the spatial distribution of various plants, such as trees and shrubs. The goals 

of such studies include investigating whether or not plants group together or discovering where 

soil composition may differ through seeing where more or fewer plants are located [11]–[13]. 
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More novel approaches apply PPP analysis to cellular biological processes [14]–[18]. The goal 

of spatially understanding a cell is to find if location has an impact on function. Whether its 

grouping of FA sites, number of sites in a cell, or the size of different sites, more can be learned 

through studying the relationships through PPPs. The spatial relationships between FA sites can 

be studied either with or without additional data, such as site size. The use of the additional data 

is called marked point pattern process analysis and have been used frequently in addition to 

PPPs.  

 In order to expand the availability of cells to study, predictions of cells have been 

developed through the use of machine learning machine learning has been applied to Focal 

Adhesion sites within endothelial cells. Machine learning is being applied to ECs in order to 

predict FA location and a bounding box around each site which can be used to find the width and 

height of the site. This was conducted by using a trained algorithm and inputted membrane 

points [19]. This can reduce the amount of imagine that must be conducted on any given cell, 

which in turn saves money and time in the laboratory setting. While the efficacy of the 

predictions can be determined through an image of the actual orientation of FAs within that 

membrane, there lacks a protocol to verify the accuracy of predictions without staining and 

imaging the cell. If imaging is required for validation, the application of machine learning 

predictions is severely limited since laboratories could just use the cell image instead.  

1.2 Objective of Research  

 The objective of this research was to develop a protocol that validates machine learning 

predictions of focal adhesion sites when the ground truth, or real focal adhesion site pattern, is 

unknown. The This research can be utilized in the continuation of developing EC digital twins as 

well as filling in the research gap of FA and EC research regarding orientation within the cell.  
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 This objective was first met through PPP analysis. Two-dimensional data was read into a 

spatial statistics program to determine the orientation of both imaged cells FA sites as well as 

machine learning predicted FA sites. This objective was further met by the incorporation of mark 

data to further the understanding of FA sites within ECs.   

1.3 Thesis Organization  

 This research will provide a protocol to determine if machine learning predicted cells can 

be statistically considered true. Chapter 2 provides an overview of the current literature on Focal 

Adhesion sites, point pattern analysis, and a brief overview of machine learning for this 

application. Chapter 3 shows the original study using two-dimensional data for planar point 

pattern analysis. A population standard is developed and utilized to validate machine learning 

predictions. This chapter also shows the effectiveness of the protocol to detect certain errors a 

machine learning algorithm may product. Chapter 4 shows the secondary study that incorporated 

further data, or marks, into the point pattern analysis. Like the previous chapter, a population 

standard is developed and used to determine the efficacy of marked predictions form a machine 

learning algorithm while also showing the effectiveness against common errors.  Chapter 5 

summarizes and compares the research from the two methods of statistical validation. It also 

establishes the limitations of this study and the potential for future work.   
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CHAPTER 2 

LITERATURE REVIEW  

2.1 Focal Adhesion Sites 

A cell’s ability to adhere to its surroundings is vital to many cellular functions and the 

overall survivability of the organism. Adhesion is seen in organisms from unicellular creatures to 

complex creatures such as humans [1]. Without adhesion, an organism can lose locomotion 

towards prey and away from predators, lose the ability to mate, and lose the ability to resist 

outside forces.  

In the endothelial cell (EC) blood vessel lining, cells are adhered tightly to the basement 

membrane facilitating plasma flow as well as supporting immune cells locomotion [2]–[4]. 

When considering the blood flow, shear stresses try to pull the ECs in the direction of flow. 

However, membrane adhesion is able to exert enough force to resist shearing. As a function of 

the immune system, ECs support white blood cells by resisting the flow of cells in plasma as 

well as interacting with T cells as they “crawl” [2]. When T cells exit the vessel, they travel 

between the monolayer of ECs and the basement membrane until a gap is found to facilitate T 

cell infiltration [2]. The adhesion of the ECs keeps the plasma flow contained while the T cells 

exit. While the crawling motion is slower than flowing with the pressure gradient, immune 

functions rely on T cells exiting at appropriate times to target inflammation [2]. Without cellular 

adhesion, blood flow mechanisms would not exist.   

Another function of adhesion is attaching cells to a newly installed bone implant through 

a mechanism called osteointegration [20]. Adhesion creates the connection between the 

intracellular cytoskeleton and the surface of the device. Without osteointegration’s adhesion, the 

implant would not stay secure and potentially could cause further damage in vivo. The ability of 
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cells to create adhesions to implant devices is therefore an important factor of healing. 

Osteointegration is also required when new cells are added to existing bone during repair [20]. 

Adhesion keeps new and existing cells together to produce a repaired bone. Without functional 

adhesion, the body would not be able to utilize implanted devices or create new bone, severely 

limiting the treatment and healing options for various ailments such as cartilage degradation, 

disease, or injuries.  

How does this adhesion occur? Focal Adhesion Sites, simply referred to as Focal 

Adhesions (FAs) have developed as the central location that the intra- and extra- cellular 

matrices interact to allow locomotion, connection to prey and mates, and anchorage to resist 

forces [1], [4]. These integrin-based sites are complex and comprised of multiple layers and 

proteins [1], [4]. Integrins are largely responsible for FAs ability to bind to surfaces and other 

cells. Another major component of FAs are cadherins which form cell-cell junctions that are 

dependent on calcium ions [1], [21].  

In order to attach cells, FAs mediate direct protein-protein interactions with surrounding 

surfaces [1]. Transmembrane receptors located at FAs use an extracellular domain to connect the 

cell to the surface and an intracellular domain to connect to the cytoskeleton. FAs also mediate 

protein-carbohydrate interactions through hyaluronan receptor CD44 and galectins [1]. This 

interaction can either be used in promoting adhesion or completing blocking it [1]. Due to their 

part in adhering cells, or preventing unwanted adhesion, FAs are important components for cell 

surface fixation.  

 While cells connecting with a surface is important, FAs also mediate interactions with the 

extracellular matrix (ECM) [1], [2], [4], [21]. One important finding of FAs is the integrins that 

have both an intracellular and extracellular component. This allows the cytoskeleton to interact 
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with the ECM. In a similar manner as binding to surfaces, FAs mediate protein interactions to 

create structure integrity and transduce signals through the integrin-actin network [21]. 

Numerous interactions occur throughout the network and are vital for functions, such as 

organogenesis and adult organ tissue repair [21]. Cell-ECM interactions allow organs to form 

and maintain structures as well as withstand forces. An example organ is the heart with distinct 

chambers that can withstand repetitive contractions [21].  

 As with many bodily functions, a misbalance or mutation of FAs has been linked to 

diseases [21], [22]. Glanzmann thrombasthenia, a disorder that causes excessive bleeding, is 

caused in mutations in the integrins of FAs. The mutated integrin protein greatly reduces the 

effectiveness of platelets when forming plugs, the process of platelets adhering to each other and 

surrounding tissue to close wounds [22]. Furthermore, efficiency in FAs has been linked to 

Kindler syndrome which causes severe skin blistering as well as mucosal membrane atrophy 

which occurs in locations such as the vaginal and urethral walls [21]. At the other end of the 

spectrum, increased activity of FAs and associated proteins have been linked to cancer through 

“increased cell proliferation, resistance to apoptosis, elevated cell motility and invasion, and 

promotion of angiogenesis” [21]. In each case, FAs that are not working properly cause harm to 

the organism.  

 It can be seen that the presence and number of FAs are important, but their spatial 

distribution has the potential to reveal a deeper understanding of how cells respond to forces. In 

an early study, it was observed that endothelial cells elongate with the direction of flow and 

morphologically change under changing hemodynamics [23]. By studying how the FAs change 

within these cells, the cellular reaction to stress can be more accurately mapped. The locations of 
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these FAs and their force interactions between the cytoskeleton and ECM create a well-rounded 

understanding of the functions of a cell.  

 Another important goal of understanding the spatial distributions of a cell is being able to 

make predictions about FAs. When creating a machine learning prediction of a cell’s FAs based 

solely on the outline, how can the predictions be validated? By having a statistical understanding 

of the distribution, as well as morphological features, a comparison between the ground truth and 

outputted cells can be made. Moving a step further, the spatial statistics of the FAs can create a 

methodology to test machine predicted cells without knowing the ground truth. The next sections 

will discuss methods of understanding the spatial statistics and verifying the validity of predicted 

cells. 

2.2 Point Pattern Analysis  

To determine the spatial relationship between points, spatial statistics can be employed. 

One approach often employed is point pattern analysis (PPA). PPA involves mapping the point, 

called events, on a grid system [24], [25]. The relationships between events, as well as their 

relationships to the environment overall, are evaluated to assign significance. One way the 

significance can be applied is to determine the spatial randomness of the points, but there have 

been many applications of this method in previous research.  

One application of PPA is in the analysis of reported weather events. PPA aided in 

developing a framework to understand occurrences of tornadoes within the United States [5]. By 

having a deeper understanding of the spatial relationship of events, researchers will be able to 

further research what spatial and/or weather conditions lead to tornadoes.  

Other studies have used PPA to analyze human behavior, including settlements, traffic 

accidents, and crimes [6], [7]. Many factors affect why humans settle in a certain location, such 
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as water quality, soil fertility, topography, as well as proximity to other people [6]. While 

locations are limited to the network of streets in  modern cities, traffic accidents are also 

dependent on many factors (stop lights, cross walks, parked cars, moving cars, etc.) [7]. While 

crimes are not spatially restricted to the city network, their reports are assigned an address on the 

same grid as traffic incidents and are also impacted by the surroundings [7]. In each of these 

cases, PPA has been utilized to find a relationship between events and their surroundings. With 

deeper knowledge of what is happening around an event, predictions can be made as to what is 

most important for a settlement, what atmospheres are linked to more crashes, and what factors 

show increased crime reports [6], [7]. 

Another common application of PPA is in the field of ecology, particularly when 

studying trees [13], [25]. Researchers use the spatial patterns to find not only how the trees are 

arranged, but why they are arranged that way. By finding the relationship between the tree 

locations and how the overall pattern is located in space, ecologists have been able to investigate 

biological processes. These processes include habitat association, density dependence, 

interspecific competition, dispersal limitation, and the effects of hunting on forest regeneration 

[13]. One possible result of understanding the natural habits of forests is ecologists being able to 

design and support planted forests.  

Within cellular biology, PPA has been used to analyze the components on a subcellular 

scale [14]–[17], [26]. In the superficial cartilage of the shoulder, elbow, knee, and ankle, PPA 

aided in identifying chondrocyte patterns through its power to identify random, homogeneous, 

and grouped spatial patterns [26]. Furthermore, PPA is a common tool used in neuroscience. 

This technique has been used to analyze the neuronal patterns in mice [14] and the distribution of 

cortical synapses in rats [15]. In human neuroscience, PPA has been a powerful tool in studying 
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the distribution of pyramidal neurons in individuals with schizoaffective disorder and 

schizophrenia [14]. PPA data can then be used to further understand why these disorders exist 

and potentially used to develop diagnostic criteria. Nuclear structures, those responsible for 

maintaining and replicating the genome, have also been a point of analysis through the use of 

PPA [16], [17]. Understanding the spatial distribution of nuclear components in different cell 

types can be used to predict, and potentially manipulate, the cellular replication process [17].  

An additional application of PPA is to detect differences between actual populations and 

machine learning predicted populations [27]. In most examples, this is accomplished through 

comparing the spatial distributions of the ground truth to the distributions of machine predicted 

point patterns. While there are published examples of using PPA for verification of predictions to 

the ground truth, there is not established methods for verifying predicted models when the 

ground truth is not known.   

Through the variety of applications, it has been shown that PPA is an established method 

for use in many specialties, including subcellular biology [28]. There is an opportunity to expand 

the applications of PPA to understanding FAs since there is a lack of published research on this 

topic. However, limitations to PPAs do exist, mainly the reduction of an event or structure to a 

single point. A solution to this limitation will be discussed in a later section.  

2.3 Point Pattern Analysis Methods  

As previously stated, PPA is a well-established process and therefore has defined 

properties. The first way to analyze PPA is through first order properties. First order properties 

are concerned with the number of events per unit area and are often referenced back to complete 

special randomness (CSR) [25].  A common metric used is the Nearest Neighbor (NN) metric. In 

the first order, the distance is measured from one event to the next closest event. The average NN 
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can be compared to the CSR NN expectation. Clustered points would be closer than the CSR 

value and dispersed points would have a larger NN distance. There have been several variations 

to the NN method including: nth-order NN where the event is compared to the nth closest event, 

all events compared to all other events, NN contingency tables, and Diggle’s F(x) and G(w) 

functions which are refined NN frequency functions from the theoretical CSR values [25].  

Second order tests look at the spatial dispersion from a global perspective, whereas first 

order looks locally from the point of view of one event. By looking globally, it can be 

determined if the whole pattern is random, clustered, or dispersed [25]. One metric that can be 

used is the Neighborhood Density Function (NDF). NDF uses annuli with increased distance 

from the event and counts the number of events in each ring [25], [29]. Another test is Ripley’s 

K function. Instead of using annuli, the K function is cumulative and uses circles of increasing 

radii with the center at the event [25], [29]. Ripley’s K function is powerful and has been used by 

many researchers and variations have been made to fit different situations [8], [14], [25], [29].  

 Beyond determining the spatial distributions of a single pattern, second order statistics 

can be used to compare populations of patterns. Ute Hahn (2012) developed a test for comparing 

spatial point patterns outlined in the article A Studentized Permutation Test for the Comparison 

of Spatial Point Patterns [30]. This test provides more stability in p-values than previous 

comparison tests, such as Diggle et al.’s Monte Carlo test [30]. By using a comparison test, the 

relationship between populations can be determined. This can be important when analyzing 

control versus experimental groups within cellular experiments.  

2.4  Marked Point Pattern Analysis  

While PPA is a tool that can be used to analyze the spatial characteristics of a pattern, 

many events are more than just a singular point. In order to consider these other features, Marked 



11 

 

Point Pattern Analysis (MPPA) was developed [31]. In MPPA, the coordinates of an event are 

paired with other pieces of information, called marks. Marks can be a continuous numerical 

value, such as diameter or mass, as well as discrete categories, such as color. MPPA has been 

used in the analysis within a variety of sciences.  

In geology, MPPA has been used as a tool to help understand volcanic eruptions [9]. 

While early studies used the zero-dimensional PPA, the addition of volcano type, such as 

rootless cone, enabled researchers to incorporate another factor to strengthen the understanding 

of eruptions. In ecology, marks have expanded the research opportunities in understanding tree 

growth patterns. As previously discussed, the locations and distributions of trees can inform the 

researchers about areas of interest within the habitat. By adding tree height, diameter, or even 

species, a deeper analysis can be conducted [10], [11]. Spatial distribution can be seen by 

population to highlight competition or species dependent favorability to environmental factors. 

This makes MPPA a powerful tool for ecology.  

Similarly, to PPA, MPPA has been expanded for use in analyzing subcellular structures. 

In a study on lysosomal distribution, marks were used as a way to study the spatial relationship 

between lysosomes with constrained diffusion, directed movement, and free diffusion [18]. 

Through an understanding of the types of lysosomes in different areas of the cell, interactions of 

different organelles can be better understood [18]. While there is existing subcellular marked 

analysis, a gap in the research exists for the case of FAs.  

While events are often considered as a regular shape, often as circles, MPPA has been 

adapted to irregular shapes [31]. In a study of shrubs, a mask system was built to restrict an event 

to only the irregular shape of the studied plant. By utilizing hypothesis testing against each 

model, from PPA to the addition of several different marks, the ability to understand irregular 
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shapes in relation to their spatial environment has been expanded [31]. Additionally, many 

researchers utilize Ripley’s K function and modify the method for marks and specific problems 

[8]. One method of modification utilized by Penttineen et. al was assigning weights based on the 

marks [12]. This method is useful when the marks are continuous numerical values and could be 

applied to different situations, such as FA sites that have a finite size.  

2.5 Machine Learning 

While studying point patterns that have been imaged and labeled is the most accurate 

method, “real” data is costly and staining each physical structure is limited by the number of 

available staining colors. In order to supplement the known, stained structures in cells, machine 

learning has been applied.  

Machine learning is the realm of computing that aims to train computers in a way that 

they can “learn” and create outputs without being directly programmed [32]. The training, also 

known as learning, is done in a supervised, unsupervised, or semi supervised manner. Supervised 

machine learning feeds the algorithm true data, unsupervised learning allows the algorithm to 

find natural fits without references to the right answer, and a semi supervised manner combines 

some labeled data with a large amount of unlabeled data [32]. In addition to the level of 

supervision, machine learning can be categorized based on whether the algorithm classifies the 

data into discrete categories where regression machine learning predicts continuous outcomes 

[32].  

In the investigation of FA sites, supervised, regressive methods have been utilized [19]. 

Through an artificial neural network, images of a labeled membrane with FA site as well as just 

the membrane were fed into the algorithm for the computer to “learn” how to produce the FA 
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sites when just the membrane introduced. The accuracy of the algorithm’s outcomes, both during 

training and during use, are compared against the ground truth, or the labeled cell image [19]. 

2.6 Conclusion 

Focal Adhesion sites are important for cellular locomotion and adhesion, with deviations 

from normal conditions being indicators for disease. Analyzing the spatial distribution of point 

patterns, such as FAs within a cell, can be accomplished through point pattern analysis. 

However, there is a gap when machine models need to be verified without the ground truth 

known. When utilizing point pattern analysis, there are several methods that can be employed to 

know local and global trends. By including more information about the event, marked point 

pattern analysis can be used to understand patterns that are more complex than coordinate only 

events. To use these marks, point pattern methods have been modified to incorporate the 

additional data. These are established methods, but there exists a gap in research for utilizing 

them for understanding FA sites. Gaps also are found when needing to test the efficacy of a 

supervised pretrained machine learning algorithm when the ground truth is not known.  
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CHAPTER 3 

POINT PATTERN ANALYSIS 

3.1  Abstract 

 Machine learning has been utilized in predicting the Focal Adhesion locations within 

endothelial cells [19]. While the efficacy of these predictions can be determined with the ground 

truth is known, there is a gap in evaluating predictions without the focal adhesion site orientation 

ground truth. This research sought to fill the gap by creating a protocol to compare machine 

learning predictions against a sample from the population of human microvascular endothelial 

cells to determine if the prediction statistically fits into the population. Membrane, Focal 

Adhesion location, and group data (i.e., population or machine learning) is read into and 

processed in R to develop PPPs. The PPPs are then compared through the use of the Studentized 

Permutation Test [30] which compares the two groups of PPPs to determine the similarities 

between the K-Functions. The test was conducted 30 times for each testing group and the p-

values captured. By comparing imaged cells against imaged cells, a population standard was 

developed. Various errors were simulated to determine the protocols’ ability to handle and reflect 

these errors. To validate machine learning predictions, the test was conducted 30 times 

comparing machine learning predicted cells to imaged, population cells. A two-sample t-test then 

compared if the outcomes from the machine learning prediction tests statistically fit into the 

population standard.  

3.2  Introduction 

Machine learning, specifically convoluted neural networks (CNN), are being utilized to 

predict the location of cellular components, one piece specifically being Focal Adhesion Sites 

[19]. While the efficacy of the machine learning predicted cells can be determined when the 
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ground truth is known, there needs to be a metric to determine the plausibility of a prediction 

without the true orientation known. The goal of this protocol is to determine if a predicted cell 

statistically fits into the large population of ECS.  

 

3.3 Methods  

3.3.1 Data Source and Structure  

Test data was obtained from members of the Mechanobiology and Biomedicine Lab at 

Wichita State University who developed a convoluted neural network process to predict FAs 

[19]. This CNN utilizes a membrane outline and the centroid of FA sites. The data set included 

cells that were imaged and used to train the CNN, images reserved to test the CNN, and the 

machine learning predictions. After training on the given data for a set number of times, the 

CNN takes the testing membrane outlines and predicts where the location of FA centroids. The 

data set is saved as comma separated value (CSV) files with columns for membrane x 

coordinates, membrane y coordinates, FA centroid x coordinates, FA centroid y coordinates, as 

well as the group the cell was from. These CSV files were utilized to develop the program. 

3.3.2 Code Functionality  

As previously discussed, Ripley’s K function is utilized to determine the spatial 

characteristics of a two-dimensional space [25], [29].  One method to compare the spatial 

characteristics of two different sampling sets is to use Ute Hahn’s Studentized Permutation Test 

(SPT) [30]. To perform this test, several preparation steps are required, including identifying two 

groups, such as machine learning predictions and real, imaged cells.  

The first functional block of code is to install and start the required R libraries. These 

include spatstat to analyze spatial statistics [33], readr to read in CSV files [34], contoureR to 
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connect non regular points [35], sf to encode spatial vectors [36], smoothr to smooth the lines 

connecting membrane points [37], concaveman to create a one-pixel membrane [38], and TSP to 

correctly order the membrane coordinates [39]. Next, a function is set up to determine the 

orientation of membrane points as either clockwise or anticlockwise.  

A third function block reads the CSV files and parses the data. During the parsing phase, 

the membrane points are assigned to variables, normalized, and a data frame created. In order to 

avoid any errors caused by low-resolution images, i.e., too few membrane points, interpolation is 

performed to add an artificial membrane coordinate between the real points and create a new 

data frame. This smoothing may not be required for images at higher resolutions that produce 

more membrane points.  

Since a membrane is a bound object, the membrane points are connected with a line in 

the next functional block. In order to connect the points in the most effective way possible, as a 

perimeter, the traveling salesperson optimization problem was used. The basis for this problem is 

a salesperson has several locations to stop at during their workday and return back to the office at 

the end. In order to travel the shortest distance, optimization is utilized to create the route. This 

classic optimization problem works similarly to creating the cell’s perimeter by connecting 

membrane points, and the clockwise function developed earlier ordered the points to be correctly 

used by the SPT. The outcome of the membrane point connection can be seen in Figure 3.1  
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Figure 3.1: Membrane outline of Population Cell 0 after the points have been correctly ordered. 

 

After the membrane has been prepared for the statistical test, another functional block 

parses the FA points, including eliminating the table cells that do not contain data. Blank spaces 

are created due to more membrane points being stored than FA sites. Lists are then created that 

separates the files into the groups they belong to: machine learning predicted cells, actual imaged 

cells, or the population used to train the CNN. Plots are then created for each file as seen in 

figure 3.2. This allows visualization of each cell to ensure that it has been parsed correctly. 
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Figure 3.2: Membrane outline and Focal Adhesion site centroids plotted for population cell 0.  

 

The final block is running the SPT [30], [33]. Each file is read in by group and the K 

function calculated using the defaulted Kest. With a null hypothesis of the K functions being 

equal and alternative hypothesis being that they are not equal, a paired t-test is conducted, and a 

p-value produced.    

 

3.3.4 Development of Population Standard  

To determine appropriate sampling sizes for future usage, an elimination test was conducted. 

3 true, imaged cells were pulled from the population and were tested against the rest of the 

population cells. 3 cells were chosen since this is the minimum number of PPP’s required for the 

SPT. Since the 3 cells are known to be real, the goal was to determine the difference in group 

sizes that would allow for the highest p-value. The original sample sizes were 3 cells and 387 

cells. The larger group was then decreased by 10 cells and the statistical approach applied. This 

continued until there were 7 cells left in the large group concluding with testing the minimum 

number of cells for each group.  
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After the preliminary results were determined, random sampling was developed, and 

elimination testing was conducted. 3 cells were randomly pulled from the true, imaged testing 

cells named “actual” and an initial large group of 390 cells were pulled from the training data. 

Using these different groups were used to avoid the inclusion of the ground truth being included. 

Sample sizes were then chosen from the collected p-value data as comparison points for future 

testing as 3 testing cells compared to 120, 210, or 390 population cells as well as 10 cells were 

tested against their exact copy to show the sensitivity when the ground truth is known. 

3.3.5  Sensitivity to Errors Testing  

To assist in creating a robust protocol, sensitivity to different error types were examined. 

The first of these is to an error in the number of FAs without mark data. Points were eliminated, 

to simulate an underestimate of points, through the use of the function rthin which evaluates each 

point in the PPP and keeps or eliminates points based on the user controlled probability [33].  30 

iterations were conducted for each of the chosen sample sizes to obtain the average p-value. To 

simulate an overestimate of points, a random point pattern was created with the number of points 

being a percentage of the original PPP. The generated and original PPPs were then merged. 30 

iterations were conducted for each overestimate percentage.  

The second sensitivity test was testing for errors in mark location. This was accomplished 

through the use of the rjitter function that moves the points in a PPP within a radius [33]. The 

radius was set as a percentage of the normalized image and contained within the membrane 

boundary. 30 iterations were run from a small movement in the cell to the point being allowed to 

be anywhere in the image. 
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3.3.6 Validation of Machine Learning Predictions 

To validate machine learning predictions, the developed program and protocol were 

utilized. 3 cells from the machine learning group were randomly sampled against the 120, 210, 

and 390 population cells. The p-values were compared to the p-values of the developed 

population standard using a t-test after the assumptions were met.   

3.4 Results  

3.4.1 Population Standard  

After the testing protocol was developed, the average p-values were computed and are 

shown in Figure 3,3. When comparing 3 testing cells to 120 population cells (40-fold difference), 

a p-value of 0.141 is expected; 3 testing cells to 210 population cells (70-fold difference), 0.131 

is expected; 3 testing cells to 390 population cells (130-fold difference), 0.292 is expected. These 

are compared against a ground truth test that includes cells and their exact copies with an average 

p-value of approximately 1.  
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Figure 3.3: Average P-Value computed to create a population standard from comparing (left to 

right): 3 testing cells vs 120 population cells, 3 testing cells vs 210 population cells, and 3 testing 

cells vs 390 population cells as well as cells testing against their exact copy.  

3.4.2 Sensitivity to Error Testing  

3.4.2.1 Number 

After completion of perturbation of the number of FA sites, Figure 3.4 was generated 

showing the trend of the average p-value of 40-fold, 70-fold, and 130-fold as well as sampling 

cells against their copy. For the ground truth, it shows that there is a decrease from the 

undisturbed state (percentage = 1) for both the under and overestimate for the ground truth 

testing. For each of the other groups, the p-value is higher than the undisturbed test from 

approximately 20% to 100% of the original sites. Below 20% and above 100%, the p-value is 

lower than the undisturbed test.   
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Figure 3.4: Average p-values for under and overestimating the number of FAs as a percentage of 

the original number of FA sites. Results for 3 cells vs 120 cells, 3 cells vs 210 cells, 3 cells vs 

390 cells, as well as cells versus their copy as the ground truth are presented with sampling at 

every 100 percent besides testing at every percent +/- 10% from the undisturbed state.   

 

3.4.2.2 Location 

The locations of FA sites were perturbed using the rjitter function and the average p-values are 

shown in figure 3.5 below. For sampling against the ground truth, there is a decrease in p-value 

as the FA sites are perturbed more. Starting at a radius of 0.3, the p-value flattens to a slow 

oscillation about a p-value of approximately 0.5 to 0.6. On the other hand, the average p-values 

for the other tests increase until 0.3 and then evens out in a similar manner to the ground truth 

test.  
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Figure 3.5: Average p-values after shifting the location FA sites for tests of 3 cells versus 130-

fold, 70-fold, and 130-fold more population cells as well as true cells versus their copy. The 

radius perturbation also serves as a percentage due to the cell’s area being normalized to a 

bounding box of 1 x 1. Sampling was done at every percent between 0 and 10 percent and then 

every 10 percent until the maximum of 100 percent.   

 

3.4.3 Validation of Machine Learning Predictions  

Due to the samples being 30 for each group for each difference, a normal distribution of 

p-values can be safely assumed as well as the calculated variances, displayed in table 3.1, being 

relatively equal. The variance of 40x for the imaged cells is 0.0407 (actual) and 0.0449 (machine 

learning), 70x is 0.272 (actual) and 0.0458 (machine learning), as well as 130x being 0.0713 

(actual) and 0.0565 (machine learning). 

Table 3.1: Variances for 40x, 70x, and 130x Fold Group Differences for Actual and Machine 

Learning Predicted Cells 

 40x 70x 130x 

Actual  0.0407 0.0272 0.0713 

Machine Learning Predicted 0.0449 0.0458 0.0565 
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 The p-values of the independent, two sample t-test are shown in table 3.2 with a null 

hypothesis of the average p-values being equal and an alternative hypothesis of the p-values 

being unequal. For 40x, a t statistic of -0.799 and a p-value of 0.4275 were computed; for 70x, a t 

statistic of -1.2906 and a p-value of 0.202 were computed; for 130x, a t statistic of -0.250 and a 

p-value pf 0.8033 were computed.  

Table 3.2: T Statistic and P-Value for the Independent, Two Sampled T-Test for each Difference 

 40x 70x 130x 

T Statistic  -0.799 -1.291 -0.250 

P-Value  0.4275 0.202 0.8033 

 

3.5 Discussion  

It can be seen in the population standard development that there is a higher recognition of 

the testing cells being true members of the ECs population at the 130x difference case than the 

smaller differences. This leads to an assumption that when cells are tested against a larger 

population, there will be a higher chance of true cells finding a match. However, there was a 

slight decrease between 40x and 70x, which could mean that these two cases are too close in size 

to make a difference. Utilizing a larger population pool than was available at this time would be 

the next step in creating a robust testing standard of imaged cells to test machine learning 

predictions against.  

 When considering this protocols sensitivity to errors, the first to understand is the 

sensitivity to the number of FA sites. In the “perfect” case of cells tested against their 

copies/manipulated copies, there is a low change in average p-values +/- 5% from the 

undisturbed case. This means that if the error in number of FA sites of a machine generated cell 
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is within 5%, the protocol will not have the ability to detect this error in a perfect state. However, 

outside of the perfect testing scenario, the protocol overpredicts the alikeness of the two testing 

groups. Meaning, if the machine generated cell has too few FA sites, the protocol would say that 

it is a better prediction than if it has the correct number of sites. On the other hand, the decrease 

seen in Figure 3.4 above correct number of FAs leads to the conclusion that an overprediction 

would be reflected in the outcome of this protocol. For the case of incorrect locations of FA sites, 

figure 3.5 shows that the perfect scenario accurately reflects deviations while the other testing 

scenarios have an overconfidence in the statistical sameness of the two groups. This protocol is 

overall better at catching and accurately reflecting the effects of overestimating the number of 

FA sites than the other error tested.  

 The outcomes for the variance testing of the p-values for the actual and machine learning 

cells shows that the variability of these two groups, for each testing scenario, are roughly the 

same. This leads to the results of a t-test for the hypothesis of the average p-values being equal 

between the actual case and machine learning case. Since p was greater than a confidence level 

of 0.05, it is accepted that the average p-value is the same for each testing scenario. These 

machine learning predicted cells are statistically close enough to the population that they could 

be used in future applications in place of an imaged cell.  

 

3.6 Conclusion  

 In conclusion, this research shows that this protocol can be used to validate machine 

learning predicted cells. When there are errors in location or an underestimate in the FA sites, 

this protocol is not effective at reflecting these errors. However, the protocol can pick out when 

there are errors in overestimating the number of FA sites.  



26 

 

3.7 Code Availability 

 Code for point pattern analysis of Focal Adhesion sites is available on GitHub at 

https://github.com/jmprudence/Focal-Adhesion-Sites-Statistics.  It includes comma separated 

variable files for the population, actual, and machine learning groups.  

  

https://github.com/jmprudence/Focal-Adhesion-Sites-Statistics
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CHAPTER 4 

MARKED POINT PATTERN ANALYSIS 

4.1 Abstract 

 In addition to the location data that is included in standard planar point pattern analysis, 

marked point pattern analysis brings in mark data [12]. This research sought to fill the gap in 

validating predictions without the ground truth through the use of a planar point pattern with the 

inclusion of marks to see if the machine learning predictions statistically fit with the population 

standard. In addition to the membrane, Focal Adhesion location, and group data, the width, 

height, area, and aspect ratio of a bounding box around the Focal Adhesion site. PPPs are then 

created and the mark value used in the Studentized Permutation Test [30] using the Mark 

Weighted K-Function (Kmark) [33]. This test was conducted 30 times for each testing group and 

the p-values recorded. A population standard was developed by comparing real, imaged cells 

against a larger population of real, imaged cells. To understand the robustness of the protocol, 

various errors were simulated and teed. Machine learning predicted cells were then validated 

through the use of the protocol. A two-sample independent t-test was then used to compare the 

machine learning predicted cells test statistically fit into the population standard.  

4.2 Introduction  

 As shown in chapter 3, machine learning can be utilized to predict the location of Focal 

Adhesion sites when a membrane orientation is known. In addition to the coordinates of the site, 

more information can be predicted. This includes a bounding box around the FA and the 

corresponding width, height, area, and aspect ratio. This additional information, known as marks 

in a point pattern process, can be incorporated into analysis to add dimension to spatial statistics. 

The purpose of the marked point pattern process analysis is to incorporate more known 
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information to create a more well-rounded understanding of the Focal Adhesion sites within an 

endothelial cell.  

4.3 Methods  

4.3.1 Data Source and Structure  

The data for marked PPP analysis was obtained from the same source as the PPP data. In 

addition to the membrane coordinates, centroid coordinates, and group data, the width, height, 

area, and aspect ratio of a bounding box around the cell was included.  

4.3.2 Code Functionality Differences 

The first functional difference for the marked PPP analysis was incorporating marks into 

the code. Marks were prepared in a similar manner to the FA site coordinates. This is due to 

there being the same number of marks as FAs. The marks were parsed and labeled correctly for 

future use in marked PPP analysis.  

 A second functional difference from the PPP analysis was the function used within SPT. 

While the PPP used Kest, a different function was required to include the mark values. The 

Mark-Weighted K Function, Kmark, was chosen [33].   

4.3.3 Development of Population Standard  

A population standard of expected p-values needed to be developed for the mark included 

PPP analysis. 3 cells were randomly chosen from the “actual” population were tested against 

120, 210, and 390 cells randomly chosen from the “population” group to avoid the same cell 

being included in both groups. Additionally, 10 cells were testing in each example against their 

exact copy to show the sensitivity when the ground truth is known. The p-values were calculated 

and recorded as the expected value when testing real, imaged cells against other real cells. 
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4.3.4 Sensitivity to Error Testing 

In the expansion to include mark data limited the ability to test the sensitivity to errors in 

number. Elimination of points was able to be conducted, but an overestimate was not able to be 

simulated. This was due to the random generation of a point pattern not generating mark data 

that would fit seamlessly with the existing points.  

The next error sensitivity test was for the FA sites to be shifted around the cell. This was 

conducted using the rjitter function [33]. Since the mark data is maintained with the movement 

of the point, the only differentiation to the no-mark error testing was the marks being included in 

the PPP.  

The final was to determine the sensitivity to errors in the scale of the mark data. While the 

type of mark data, i.e. width, height, aspect ratio, etc., does not impact the PPP and SPT, area 

was chosen as an error is FA size is a realistic error. The area of each FA site was normalized 

along the x and y axis. To manipulate the size, the area was multiplied by user inputted 

percentage over or under the true value. This consistently changed the area for every mark for 

every FA site in the testing group. This area data used as the mark for the PPP and SPT. 30 

iterations were used to determine the average p-value of this sensitivity test. Additionally, mark 

size was also randomly manipulated within an inputted error percentage. The random number 

within the set error was then multiplied by the area mark value and utilized in the PPP and SPT 

to find an average p-value.   

4.3.5 Validation of Machine Learning Predictions  

To validate machine learning predictions, the developed program and protocol were 

utilized. 3 cells from the machine learning group were randomly sampled against the 120, 210, 

and 390 population cells. Additionally, 10 cells were tested against their exact copy to show the 
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ground truth situation. The p-values were compared to the p-values of the developed population 

standard using a t-test after the assumptions were met.   

4.4 Results 

4.4.1 Population Standard  

After the testing protocol was developed to include mark data, tests were conducted to 

develop a population standard and the results are shown in Figure 4.1. When comparing 3 cells 

on a 40-fold differences, an average p-value of 9.437 is expected, comparing on a 70-fold 

difference, an average p-value of 0.472 is expected, and when comparing on a 130-fold 

difference, 0.446 is expected. These are shown next to the comparison of cells with their exact 

copies which will have a p-value of approximately 1.  

 

Figure 4.1: Average p-values computed during the development of a population standard when 

including mark data. Tests include 3 testing cells vs 120 population cells, 3 testing cells vs 210 

population cells, and 3 testing cells vs 390 population cells as well as cells tested against their 

exact copies. 
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4.4.2  Sensitivity to Error Testing  

4.4.2.1 Number  

The number of FA sites were underestimated, and the average p-values are shown below 

in figure 4.2. Every case has a lower p-value (less than or equal to 0.1) and then increases. The 

ground truth samples even out at approximately 1 near the original, undisturbed number of FA 

sites. For the other three cases, they all flatten out to a fluctuation approximately between 0.3 and 

0.5.  

  

Figure 4.2: Average P-Value after underestimating the number of FA sites for 3 cells versus 40, 

70, and 80 times more population cells. Sampling was conducted at every 10% until 90%, then 

sampling occurred at every percent.  

 

4.4.2.2 Location  

After perturbing the location of the FA sites with included marks, average p-values were 

calculated and shown in Figure 4.3. The ground truth testing group drops dramatically from no 

perturbation to the maximum radius of 0.1, or 10% of the cell’s normalized dimensions. The area 

then flattens at 30% to a p-value of approximately 0.05. On the other hand, the p-value quickly 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

A
ve

ra
ge

 P
-V

al
u

e

Percentage of Original Sites

130x

70x

40x

Ground
Truth



32 

 

increases for the other testing groups until 5% maximum shift before decreasing in value until 

10%. There is then a roughly flattened trend, although there is more variation than the ground 

truth model.    

 

Figure 4.3: Average p-values after shifting the location FA sites for tests of 3 cells versus 130-

fold, 70-fold, and 130-fold more population cells as well as true cells versus their copy with 

included mark data. The radius perturbation also serves as a percentage due to the cell’s area 

being normalized to a bounding box of 1 x 1. Sampling was done at every percent between 0 and 

10 percent and then every 10 percent until the maximum of 100 percent.  

 

4.4.2.3 Mark Size  

The area was manipulated consistently across all FA sites, the results are shown below in 

figure 4.4. There is a sharp increase from the area being set to 0 to 10% of the original size for 

both the ground truth and other groups. The ground truth then flattens to approximately 1 for the 

rest of the manipulated values. For the other three groups, the p-values increase and then 

fluctuate between 0.3 and 0.6 after the area is set to 0.  
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Figure 4.4: Average P-Values for area as the mark value being manipulated from 0% to 200% of 

the original size consistently across all FA sites for the ground truth testing, 40x, 70x, and 130x 

differences in testing group sizes. Sampling was conducted at every 10% except at every percent 

+/- 10% from the undisturbed values.   

 

The results from the area being manipulated randomly with a maximum percentage of area is 

shown below in figure 4.5. For the ground truth, the p-value is consistently approximately 1 with 

a subtle decline starting at a maximum error of 70%. All of the other testing groups fluctuate 

between 0.3 and 0.6 for all maximum error values.  
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Figure 4.5: Average P-Values for area as the mark value being manipulated randomly up to a 

maximum error percentage for the ground truth comparison, 40x, 70x, and 130x differences in 

testing group sizes. Sampling was conducted at every 10% except at every percent for 0% to 

10% maximum error. 

4.4.3 Validation of Machine Learning Predictions  

Due to the samples being 30 for each group for each difference, a normal distribution of 

p-values can be safely assumed as well as the calculated variances, displayed in table 4.1, being 

relatively equal. The variance of 40x for the imaged cells is 0.0685 (actual) and 0.1104 (machine 

learning), 70x is 0.07431 (actual) and 0.1173 (machine learning), as well as 130x being 0.0822 

(actual) and 0.1034 (machine learning). 

Table 4.1: Variances for 40x, 70x, and 130x Fold Group Differences for Actual and Machine 

Learning Predicted Cells with Included Mark Data 

 40x 70x 130x 

Actual 0.0685 0.07431 0.0822 

Machine Learning Predicted 0.1104 0.1173 

0.1034 
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The p-values of the independent, two sample t-test are shown in table 4.2 with a null hypothesis 

of the average p-values being statistically equal. For 40x, a t statistic of -0.8591 and a p-value of 

0.3938 were computed; for 70x, a t statistic of 0.4880 and a p-value of 0.6274 were computed; 

for 130x, a t statistic of 0.3856 and a p-value of 0.7012 were computed.  

Table 4.2: T Statistic and P-Value for the Independent, Two Sampled T-Test for each Difference 

with Included Mark Data 

 40x 70x 130x 

T Statistic -0.8591 0.4880 0.3856 

P-Value 0.3938 0.6274 0.7012 

 

4.5  Discussion  

When considering the population standard, all three testing difference groups have 

similar average p-values. This means that the inclusion of marks means that this protocol has 

comparable results no matter what the difference in the testing and population groups are. The 

utilization of a larger population pool could be used to see if this is consistent when the 

difference between groups is much larger. However, this is not available currently.  

 In the situation of underestimating the FA sites for a marked point pattern analysis, there 

is a decrease in p-value as the number of sites decreases from the correct number. This means 

that a marked analysis reflects when there is an underestimate of FA sites. When considering a 

perturbation in FA site location, the protocol overestimates the similarities between groups for 

the first 5%, accurately decreases from 5% to 10%, and then is consistently lower than the 

original arrangement for the larger maximum radii. This means that small errors are inconsistent 

whether the p-value will be over or underestimated, so this test would manage larger location 

changes better than smaller ones. However, the change in p-value will reflect closer to a yes/no 
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scale on whether there is location error instead of an indicator of the degree of location error. 

Finally, there appears to be no effect on p-value when the sizes are consistently manipulated, 

either uniformly across every FA site or randomly up to a maximum error. The one exception is 

that if all of marks are set to 0, as seen in figure 4.4, the protocol computes the lowest p-value of 

0.01.  

 The variances for the validation of machine learning predictions were similar enough to 

move forward with t-test comparisons. With a computed p-value being greater than a confidence 

level of 0.05, All tests can be accepted as the average p-values being equal. This means that the 

machine learning cells are statistically similar enough to the population to be used in other 

experimentation.  

 

4.6 Conclusion  

 Overall, this research shows that marks can be incorporated and used to validate machine 

learning predicted cells. A marked point pattern has the ability to detect when there are 

underestimates of Focal Adhesion sites, a shift in mark location, and when the mark values are in 

extreme error (i.e., all marks being 0). However, there is a limitation due to the inability to detect 

other errors in mark sizing.  

4.7 Code Availability 

 Code for point pattern analysis of Focal Adhesion sites is available on GitHub at 

https://github.com/jmprudence/Focal-Adhesion-Sites-Statistics.  It includes comma separated 

variable files for the population, actual, and machine learning groups including mark data.  

 

  

https://github.com/jmprudence/Focal-Adhesion-Sites-Statistics
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CHAPTER 5 

DISCUSSION  

5.1 Population Standard  

 In the comparison of unmarked and marked point pattern analysis population standards, it 

is notable that the average p-value is higher for all of the marked tests than any of the unmarked 

tests. The marked PPP standard also has a consistency of across the three testing scenarios. This 

lends to conclusion that a marked point pattern analysis will give more consistent results and 

relies less on the number of population cells available to test against. For this reason, it is more 

advantageous to utilize a marked point pattern analysis if the option is available.  

5.2 Sensitivity to Error Testing  

 When comparing the protocols handling of errors within the marked and unmarked 

processes, there several key notes. First, the marked pattern had a trend that accurately reflected 

an underestimate of the FA sites where the unmarked case did not. If it is known that an 

algorithm underestimates the number of FA sites, it is advantageous to utilize a marked pattern. 

Secondly, the marked PPP accurately reflects when the location is shifted from the true location 

whereas the unmarked PPP has the opposite results.  

5.3 Validation of Machine Learning Predicted Cells  

 Both the unmarked and marked point pattern analysis for the machine learning predicted 

cell gave results that are statistically significant to the null hypothesis of the average p-value 

being equal to the corresponding test of actual, imaged cells. Having statistically significant tests 

for each of the protocols means that the algorithm for generating these cells consistently created 

cells that fit into the population framework of other ECs.  
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5.4  Limitations and Future Work  

 One limitation of this statistical protocol is the number of unique cells used to develop 

and test it. There was a total of 390 independent, population cells and 87 cells in the actual and 

their corresponding machine learning predicted cells. The ability to test against a larger 

population set would give the opportunity to see if there is an upper limit to when the size of the 

population group and the accuracy of the protocol.  

 Another limitation is he inability of the protocol to detect when there are differences in 

the mark sizes. While the statistical test picks up on cases of the marks being incorrect, such as 

the mark value being set to 0, it lacks in being able to detect changes in either a consistent or 

random manner within a given tolerance.  

 In terms of future work, this research plays an important role in future studies. The ability 

to predict the location of Focal Adhesion sites using a computer algorithm frees one color of 

cellular stain for other structures. This test is unique in its ability to determine the statistical 

significance of the machine learning outputs without the ground truth present. Another future 

possibility is this research being included in future cellular digital twin development. Finally, this 

statistical protocol can be extended to other discrete proteins bound within cells.   
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