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Abstract 

 

The mean linear intercept (MLI) score is a useful and common approach for quantifying 

lung structure in histopathological images. This thesis describes a system developed to 

calculate the MLI score in a fully automated manner. The system was tested using 20 

WSIs from mice. The root-mean-squared deviation between the MLI score of the 

proposed method and a human rater was 5.73 (standard deviation 5.65), and there was a 

very strong correlation (r=0.9931). Biases for the indirect method of MLI scoring are 

examined and shown to account for the differences with the direct MLI scores. Results 

suggest that shorter guideline length and smaller number of accepted FOV images have a 

higher standard error for MLI scoring when compared to longer guideline lengths and 

higher number of accepted FOV images. The proposed automated system provides an 

efficient, accurate, and accessible method that could replace current manual and semi-

automated techniques. 
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Chapter  1: Introduction 

Pulmonary emphysema is a common and preventable chronic lung condition that is 

characterized by the gradual damage and deterioration of the alveoli in the lung. It is part 

of a group of lung diseases known as chronic obstructive pulmonary disease (COPD). 

Respiratory symptoms include difficulty breathing, coughing, chest tightness, and phlegm 

production. Smoking tobacco is the leading cause of pulmonary emphysema, but 

environmental factors such as air pollutants, fumes, and chemicals can also cause the 

disease to develop [1]. COPD is the third leading cause of death worldwide, responsible 

for approximately 3.23 million deaths in 2019 alone [1]. There are no effective treatments 

to cure emphysema, with current interventions aimed at reducing the progression of the 

disease or managing current symptoms. In the latter stages of the disease, airways can 

become largely obstructed while lung parenchyma are severely destroyed, limiting the 

effectiveness of any currently available interventions [1], [2].  

 

Respiratory illnesses associated with severe acute respiratory syndrome coronavirus 2 (i.e., 

SARS-CoV-2), which is the virus that causes COVID-19, have recently become a large 

focus in research [67]-[69]. Lung complications such as pneumonia, acute respiratory 

distress syndrome (ARDS), and sepsis can occur as a direct result of SARS-CoV-2, with 

long-term complications associated with the disease still not fully understood [3]. With the 

prevalence of COPD amongst the general population and the widespread transmission of 

SARS-CoV-2, the relationship between COVID-19 and patients with pre-existing COPD 

could result in severe complications. Zhao et al. performed a meta-analysis on the impact 
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of COPD on COVID-19 severity, finding that the risk of developing severe COVID-19 in 

patients with pre-existing COPD was four times higher than in patients without [4].  

 

Novel treatments for COPD, such as mesenchymal stem cell therapy, are in the early stages 

of research [5]-[7]. In one study, bone marrow-derived cells were shown to contribute to 

the regeneration and repair of lung tissue of cigarette-exposed mice [8]. More recently, 

mesenchymal stem cell therapy has begun to be researched as a method for treating 

COVID-19. Infection with COVID-19 may cause an immune overreaction within the body, 

resulting in large amounts of inflammatory factors and overproduction of immune cells 

and cytokines, known as a cytokine storm [9]. Recently, Chen et al. [10] researched the 

effectiveness of mesenchymal stem cells (MSCs) in treating ARDS induced by epidemic 

influenza (H7N9) infection. 17 patients with H7N9-induced ARDS were treated with 

allogeneic menstrual-blood-derived MSCs and acted as the experimental group, while 44 

patients with H7N9-induced ARDS were left as a control group. Those treated through 

MSC transplantation had a significantly lower mortality rate (17.6 %) compared to that of 

the control group (54.5%) [10]. The immunomodulatory and anti-inflammatory properties 

of MSC treatment for respiratory diseases were confirmed in 17 completed clinical studies, 

with approximately 70 ongoing trials registered through the U.S. National Library of 

Medicine (ClinicalTrials.gov) [10]. These findings warrant further investigation into the 

potential of stem cell therapies as treatments for COPD and COVID-19. Although many 

investigations are still in their infancy, this field of research is profoundly growing. 

Researchers often use animal models in their investigation, as they can mimic chronic lung 

diseases common to humans and display the associated lung injury phenotype.  
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Researchers must be able to accurately and objectively quantify lung structure when 

researching potential therapies in order to assess treatment effectiveness and disease 

progression. Qualitative observations of pulmonary emphysema are subjective and 

potentially biased methods for determining the impact of the disease, and therefore 

quantitative metrics are needed. The mean linear intercept (MLI) is a popular and 

widespread metric for quantifying lung structure in histopathological images of lungs [11]. 

The MLI is a measure of the mean free distance of the air spaces, and has been thoroughly 

applied to investigate emphysematous changes to lung parenchyma and smoke-induced 

lung injury [12], [13]. It is commonly used to quantify the enlargement of the airspaces, 

which may result from structural damage caused by emphysema; an increase in airspace 

size is reflected as an increase in MLI [14]. Morphometric parameters, such as the 

Destructive Index [65] and Section Assessment [66], are also used. The Destructive Index 

is a measure of alveolar septa damage and emphysema, representing the percentage of 

destroyed space as a fraction of the total alveolar and duct space [65]. Section Assessment 

involves the grading of different sections of all lung lobes by comparison with pictures 

from [66] to grade emphysema. While parameters such as Destructive Index and Section 

Assessment are used, the most heavily utilized technique is the MLI, appearing most 

frequently in the relevant literature [64].  

 

Current methods to quantify the MLI typically involve the use of microscopic analysis of 

histopathological images by an expert. In this technique, hundreds of sub-images are 

extracted from a histopathology lung whole slide image (WSI). In this thesis, these sub-

images are referred to as field-of-view (FOV) images. A horizontal guideline is 
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superimposed onto each FOV image. MLI can be measured indirectly, which involves 

counting the number of times the guideline intersects with an alveolar septa (Figure 1.1.a). 

The MLI is calculated as the total length of the guidelines, divided by the number of 

intersections, from all FOV images. The MLI can also be measured directly, by measuring 

chord lengths, which are the distances along the guideline between consecutive alveolar 

septa (Figure 1.1.b) [15]. The MLI score is an estimate of the average chord length. 

 

 

Figure 1.1 Example Field-of-View (FOV) images for MLI scoring using a) indirect method, where 

intersections (red) between the horizontal guideline (blue) and the alveolar septa are measured, 

and b) direct method, where distances between consecutive alveolar septa (green) along the 

length of the guideline are measured. 
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The MLI score is extremely inefficient when performed manually. Human raters must first 

determine if a FOV image must be rejected and indicate the reason (ex. rejection due to 

contact with a blood vessel). For the remaining accepted FOV images, the human rater 

must then count and record the number of intersection crossings. The time required to 

evaluate a single lung WSI is typically on the order of hours, with [37] noting an 

approximate assessment time of 10 hours per WSI.  Furthermore, such methods are 

subjective due to a lack of visual gold standards when encountering different biological 

structures found within the lung tissue, resulting in inter- and intra-rater variability [11], 

[15]. For example, a human rater may include an additional intersection crossing when 

analyzing a FOV image while a different human rater may not. Repeated differences in 

intersection crossings will then result in inter-rater variability in the final MLI scores. 

Similarly, if a human rater repeats MLI scoring on the same FOV images, they may have 

differences in the number of intersections counted for the same FOV image, resulting in 

intra-rater variability in the final MLI scores. Therefore, current methods for MLI 

quantification are time-consuming, inefficient and susceptible to biases.  

 

Efforts have been made to automate histopathology image analysis to address the 

shortcomings of manual analysis techniques [16]-[18]. However, factors such as stain 

variation, artifacts, and biological structure variability have proven to be challenging 

hurdles in developing robust, accurate and fully automated solutions. Accurate 

segmentation of biological structures found in lung histopathology images is one of the 

main obstacles in automating the MLI scoring process, which is challenging given the high 
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degree of variability within these structures. Recent advances in biomedical image 

segmentation, specifically through the use of deep learning methods, have led to significant 

improvements in segmentation accuracy and performance [19]. These advancements have 

enabled the potential to fully automate the MLI scoring process, which would lead to a 

significant increase in efficiency when analyzing histopathology images of lung tissue and 

allow researchers to quantify results for a much higher volume of specimens.   

 

1.1 Thesis Objectives 

The overall long-term objective of this thesis is the development of a fully automated 

system that can accurately calculate the MLI score, given a digitized histopathology image 

of lung tissue.   

 

The objectives of the thesis are as follows: 

1. Develop a modular system/pipeline to fully automate the MLI scoring process using 

digitized histopathology images of mouse lung tissue 

2. Compare indirect and direct MLI scoring techniques 

3. Investigate the effect of the number of accepted FOV images on the MLI score 

4. Investigate the effect of guideline length on the MLI score 

 

1.2 Thesis Contributions 

The work presented in the thesis resulted in four main contributions: 
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1. Development of a modular pipeline that fully automates indirect MLI scoring 

given digitized histopathology images of mouse lung tissue and performance 

evaluation against human raters 

Previous work to fully automate the indirect scoring of the mean linear intercept 

was demonstrated in 2021 by Salsabili et al. [37]. The author noted segmentation 

errors due to hand-crafted features, which may have contributed to errors in the 

MLI score. Furthermore, the design was highly specialized, meaning changes to 

even small segments of the model would require modification to the entirety of the 

pipeline. In this thesis, a fully automated pipeline was implemented using a modular 

approach, allowing for individual modules of the pipeline to be modified or 

enhanced without the need to make changes to other areas of the pipeline. The fully 

automated pipeline was evaluated on 20 mouse lung WSIs against the average 

manual assessment of three human rater, with a root-mean-squared deviation of 

4.71 ± 2.16 in the MLI score while displaying a high correlation (r=0.9955). 

2. Development of a modular pipeline that fully automates direct MLI scoring 

given digitized histopathology images of mouse lung tissue and comparison 

against indirect techniques 

Previous work to fully automate the direct scoring of the mean linear intercept was 

described by Sallon et al. [39] through colour thresholding and custom software. 

The accuracy of their method, however, was poor, with differences in MLI score as 

great as 40 µm for multiple WSIs. Their method also failed to differentiate between 

the biological structures found within the WSI, meaning the measurements were 

not a true representation of the alveolar and ductal air spaces. In this thesis, a fully 
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automated pipeline was implemented using a modular approach, allowing for 

individual modules of the pipeline to be modified or enhanced without the need to 

make changes to other areas of the pipeline. The automated system utilized a 

semantic segmentation module, which allowed for differentiation between the 

alveolar/ductile air spaces and other biological structures such as blood vessels and 

bronchi.  

 

Indirect measurement of the MLI score is done through intersection counting 

between the guideline and alveolar septa, while the direct measurement is 

performed by measuring distances between consecutive alveolar septa along a 

guideline. Although both indirect and direct measurements look to calculate MLI 

score, the results differ with the direct MLI scoring being consistently lower. In this 

thesis, the alveolar septa width and fixed guideline length are shown to be the major 

biases responsible for the differences between the two methods. The results indicate 

that the alveolar septa width and fixed guideline length each contributed to 

approximately half the difference between the indirect and direct MLI scores.  

 

3. Investigation into the effects of varying the number of field-of-view images 

used for MLI scoring  

The MLI scoring process involves analyzing field-of-view images extracted from 

the original WSI and measuring exact distances or intersections for the direct and 

indirect methods, respectively. One parameter that heavily influences the resulting 

MLI score is the number of accepted FOV images used in the calculation. While a 
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minimum of 300 FOV images are recommended for MLI scoring [37], [38], the 

impact of varying this parameter on actual WSIs of lung tissue has not been 

explored.  

 

Results demonstrate that as the number of accepted FOV images increases, the 

standard error in the MLI score decreases. The average standard error when using 

only 50 accepted FOV images to calculate the MLI score was as high as 4.31 and 

7.26 for direct and indirect methods, respectively. The average standard error when 

using 300 accepted FOV images to calculate the MLI score was as high as 1.72 and 

2.81 for direct and indirect methods, respectively. Therefore the recommended 

number of 300 accepted FOV images from previous literature appears to be a 

reasonable, however a further increase in the number of accepted FOV images still 

leads to a decrease in standard error. The average standard error when using 1000 

accepted FOV images to calculate the MLI score was as high as 1.38 and 0.83 for 

direct and indirect methods, respectively. The automated system allows the user to 

set the stride length between FOV images, with little cost to set them to higher 

values, therefore allowing for a large number of accepted FOV images. This allows 

for a reduction in the resulting standard error and is recommended.   

 

4. Investigation into the effects of varying the guideline length used for MLI 

scoring  
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Guideline length is also an important parameter when performing MLI scoring. The 

effect of varying guideline length on the resulting MLI score has not been 

thoroughly analyzed in literature.  

 

Results demonstrate that indirect MLI scoring decreases with increasing guideline 

length, with a relationship that is similar to an exponential decay. For direct MLI 

scoring, results show that guideline length has little impact, with the relationship 

being relatively flat. The average standard error when using a guideline length of 

19 µm to calculate the MLI score was as high as 1.98 and 52.37 for direct and 

indirect methods, respectively. The average standard error when using a guideline 

length of 155.34 µm was as high as 1.45 and 2.31 for direct and indirect methods, 

respectively. The average standard error when using a guideline length of 349 µm 

was as high as 1.12 and 1.68 for direct and indirect methods, respectively. The 

automated system allows the user to set the guideline length used for MLI scoring, 

with little cost to set them to higher values. This allows for a reduction in the 

resulting standard error and is recommended.  

 

1.3 Thesis Outline 

The thesis is divided into 8 chapters. Chapter 1 introduces the research purpose, states the 

research objectives in relation to the clinical problem, and summarizes the research 

contributions. Chapter 2 presents the relevant background knowledge and a literature 

review detailing previous works on automating the MLI scoring process. Chapter 3 

provides an overview of the pipeline for the automated system. Chapter 4 describes the 
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implementation of the pipeline utilizing the indirect MLI scoring technique and presents 

the evaluation of the automated system against manual MLI scoring by human raters. 

Chapter 5 describes the implementation of the pipeline utilizing the direct MLI scoring 

technique and presents an analysis of the differences between the indirect and direct MLI 

scoring techniques. Chapter 6 presents an analysis of how the number of accepted FOV 

images affects the MLI score. Chapter 7 presents an analysis of how guideline length 

affects the MLI score. Chapter 8 presents the conclusions and areas for future work.  

 

 

 

 

 



 12 

Chapter  2: Background & Literature Review 

This chapter provides the background on lung structure, histopathological images, effects 

of emphysematous changes to lung parenchyma, and the most common methods for MLI 

scoring. This chapter also provides a literature review of previous works on automating 

MLI scoring. 

  

2.1  Lung Anatomy 

The lungs are the fundamental organs of the respiratory system, whose primary 

responsibility is the efficient facilitation of gas exchange between the environment and the 

bloodstream. Figure 2.1 shows the anatomy of the lungs with major structures labeled. In 

its simplest form, the lungs provide the necessary passageway that allows oxygen to diffuse 

into the bloodstream while allowing for carbon dioxide to diffuse out. This exchange of 

gases occurs in millions of tiny air sacs called alveoli, which are enveloped in a network 

of thinly walled blood vessels called capillaries. A thin layer of cells, on average 1 micron 

(1/10000 of a centimeter) in thickness, lines the alveoli and surrounding capillaries; this 

barrier allows for efficient movement of gases between the alveoli and capillaries. Alveoli 

are separated from each other by thin border walls known as septa. Air that is inhaled 

through the mouth or nose travels through the trachea and into the right and left bronchus, 

which travels into smaller passageways called bronchioles. Air passes through these 

bronchioles and into alveolar ducts, which finally connect to the network of capillaries. 
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The outer layer of the lungs, blood vessels, and bronchi are covered by a serous membrane 

known as visceral pleura [20], [21].  

 

2.2 Histopathology Images of the Lung 

Lung histopathology is the microscopic analysis and diagnosis of diseased tissues of the 

lung. Lung tissue is typically removed from the body and is immediately fixated, which is 

a process used to permanently preserve tissue structure; fixation kills pathogenic 

microorganisms, hardens tissue, stops cell metabolism, and prevents enzymatic 

degradation of cells and tissues. After fixation, the specimen is washed, dehydrated and 

enclosed in an embedding medium, which is typically paraffin. Embedding preserves the 

tissue morphology and gives structural support to the tissue during sectioning. When the 

specimen has cooled and hardened, it is mounted on a specialized machine called a 

microtome, which allows for extremely thin slices of the specimen to be cut. These thin 

slices of lung tissue are then stained, typically with solutions of hematoxylin and eosin 

 

Figure 2.1 Anatomy of the lungs with major structures labeled [adapted from 22]. 
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(H&E), which greatly enhances the contrast between different biological structures in the 

tissue, such as bronchi, blood vessels, and septa. The specimens can then be mounted on 

glass slides for microscopic analysis [23], [24]. Figure 2.2 displays a histopathology image 

of lung tissue (described in Section 2.2), with major biological structures identified. Blood 

vessels, which carry blood for gas exchange throughout the lungs, can be typically 

identified by the red blood cells found inside the structure (red blood cells may not always 

be present). The nuclei of cells, such as those found in the walls of blood vessels and 

bronchi, are typically dyed purple as a result of the hematoxylin staining [25].  The space 

found outside of the lung structure is known as the pleural space, which is the cavity that 

exists between the outside of the lungs and the inside of the chest wall [21]. 

 

 

 

Figure 2.2 Histopathological image of lung tissue with major biological structures labeled. 
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2.3 Emphysematous Changes to Lung Parenchyma  

Long term exposure to air pollutants, fumes, chemicals and smoking tobacco are major 

factors in the development of emphysematous changes to lung parenchyma. The 

development and progression of the disease represent a major challenge to public health 

due to its severity and frequency, as current health-care systems may not be able to cope 

with the negative long-term projection trends [26]. In healthy lungs, the homeostatic 

balance between protease and anti-protease enzymes regulates the regeneration, repair, and 

long-term health of lung parenchyma. Smoking tobacco and environmental factors cause 

an inflammatory response in the airways and lung parenchyma, and dysregulation between 

protease and anti-protease enzymes [27]. The imbalance of these enzymes results in the 

destruction of alveolar septa, alveolar ducts, and respiratory bronchioles. This loss in 

alveolar septa results in larger and less frequent alveoli, which reduces the total surface 

area available for gas exchange. There is also a reduction in elastic recoil of the lung (i.e., 

the ability for the lungs to rebound after being stretched during inhalation) and a loss of 

radial traction of the airways (i.e., the force exerted by the lung parenchyma to keep the 

airways open), which results in the retention of excess air within the lungs during 

respiration [28]. Figure 2.3 illustrates the destruction of lung parenchyma associated with 

pulmonary emphysema by contrasting it against healthy lung tissue. The much larger and 

less frequent alveoli from the diseased lung tissue are evident through visual examination 

alone. However, researchers require quantitative measurements to objectively assess 

disease progression or treatment effectiveness.   
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Figure 2.3 Histopathology image of a) healthy mouse lung tissue, b) diseased lung tissue with the 

destruction of lung parenchyma. 
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2.4 Conventional MLI Quantification 

The mean linear intercept (MLI) is a widely used metric for quantifying emphysematous 

changes to lung parenchyma and has been frequently applied to investigate such changes 

in experimental pathology and studies on human lung disease [29], [30], [31]. The MLI is 

most accurately described as a measure of the mean free distance of the air spaces, 

including the alveoli and alveolar ducts, and has been shown to increase with disease 

progression [11], [30]. Although one of the most popular measures, the MLI is significantly 

dependent on lung fixation, as the calculation is severely impacted by changes in lung 

volume [32]. Collapse and disruption to lung structure caused by errors in the fixation 

process can cause lung volume changes, alveolar wall thickening and fixation artifacts, 

which could lead to inaccurate or misleading measurements of the MLI score [33]. With 

proper precautions and accurate fixation processes, which can be comfortably achieved 

with currently available techniques, meaningful interpretation of the MLI score can be 

attained [30], [34]. The MLI can be calculated indirectly, through intersection counting, 

and directly through measurements of the distances between alveolar septa.  

 

2.4.1 Indirect MLI Method (Intersection Counting) 

The indirect method for determining the MLI score is often conducted in a semi-automated 

process, where field-of-view (FOV) images are automatically presented to a human rater 

for analysis. The FOV images are sub-images, generated from pre-defined grid points using 

microscopic software (e.g., MetaMorph Software version 7.8, Molecular Devices, LLC). 

A horizontal guideline of fixed length is superimposed in the center of each FOV image, 

which is used by the rater for MLI quantification. [35], [36]. The rater must first identify if 
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a FOV image can be used for MLI calculation (accepted FOV image) or if it must be 

excluded (rejected FOV image). A FOV image is rejected if any part of the guideline 

intersects with the pleural space (i.e., outside the lung space; Figure. 2.4a), a bronchus 

(Figure. 2.4b), or a blood vessel (Figure. 2.4c). The remaining FOV images are accepted 

and used to calculate the MLI score. For each accepted FOV image, the rater counts the 

number of intersections, which is the number of times the guideline fully crosses over an 

alveolar border wall (Figure 2.4d). 

 

 

Figure 2.4 Example FOV images for indirect MLI scoring with a) rejected FOV image due to 

intersection with pleural space, b) rejected FOV image due to intersection with a bronchus, c) 

rejected FOV image due to intersection with a blood vessel, d) accepted FOV image with 5 

intersections recorded (marked in red). 
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The MLI score (in µm) for the indirect method can then be calculated (Equation 2.1)  

𝑀𝐿𝐼𝑖𝑛𝑑 =  
∑ 𝐺(𝑖)𝑁

𝑖=1

∑ 𝐶(𝑖)𝑁
𝑖=1

    (2.1) 

where N is the number of FOV images that were accepted, G is the length of the guideline 

superimposed on the ith FOV image (in μm), and C(i) is the number of intersection 

crossings for the ith FOV image. In the conventional method for indirect MLI scoring, the 

guideline has a fixed length (e.g., a length of 155.34 μm was used in [37]). A minimum 

number of accepted FOV images is often recommended (e.g., at least 300 accepted FOV 

images) [37], [38]. With a fixed guideline length, equation 2.1 simplifies to equation 2.2 

𝑀𝐿𝐼𝑖𝑛𝑑 =  
𝑁 × 𝐺0

∑ 𝐶(𝑖)𝑁
𝑖=1

    (2.2) 

where N is the number of FOV images that were accepted, G0 is the fixed length of the 

guideline superimposed on each FOV image (in μm), and C(i) is the number of intersection 

crossings for the ith FOV image. 

 

2.4.2 Direct MLI Method (Chord Measurements) 

Similar to the indirect method, the direct method for MLI scoring is often conducted in a 

semi-automated process, where FOV images are automatically presented to a human rater 

for analysis. The FOV images are generated from pre-defined grid points using 

microscopic software, where each FOV image has a superimposed horizontal guideline 

used for MLI quantification [38]. The rater must identify if a FOV image can be used for 

MLI calculation (accepted FOV image) or if it must be excluded (rejected FOV image). 

Identical to the indirect method, a FOV image is rejected if any part of the guideline 



 20 

intersects with the pleural space (i.e., outside the lung space), a bronchus, or a blood vessel. 

The remaining FOV images are accepted and used to calculate the MLI score. Unlike the 

indirect method, where the rater counts the number of intersections between the guideline 

and the alveolar septa, the rater instead measures chord lengths; a chord is a section of the 

guideline spanning consecutive alveolar septa (Figure 2.5).  

 

 

When a guideline of fixed length is superimposed on a FOV image, the ends can often fall 

within alveoli (Figure 2.6a). These sections of the guideline are referred to as partial chords. 

Partial chords can be discarded (Figure 2.6b), as to not negatively skew the measurements 

with smaller chords. Partial chords can also be extended (Figure 2.6c) until the ends of the 

guideline reach another alveolar septa.  

 

 

Figure 2.5 Example FOV images for Direct MLI scoring with a) a single chord measurement 

(shown in green), b) seven chord measurements. 
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The technique of extending partial chords is often conducted in direct MLI scoring [38], 

[41], [42]. In [38], a solid guideline, known as the test line, is fixed towards the left side of 

a FOV image, where chords are measured along the guideline (from left to right) from one 

alveolar septa to the next (Figure 2.7). A longer dashed guideline, known as the guard line, 

is superimposed to the right of test line. In this approach, partial chords that fall within the 

 

Figure 2.6 a) Partial Chords (blue), chords (green) and intersection crossings (red) in Direct MLI 

Scoring, b) partial chords discarded, c) partial chords extended. 
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guard line are extended until they reach an alveolar septa. This approach ensures that longer 

chords are not undersampled [38].  

 

 

In this paper, the guideline is superimposed in the center of the FOV image, and partial 

chords on either end of the guideline are extended until they reach an alveolar septa. The 

resulting MLI score is calculated by finding the mean chord length (Lm). By measuring 

individual chords (L) directly, the rater is able to obtain the variance of the airspace 

measures, which provides a better understanding of the alveolar surface area of the lungs. 

 

Figure 2.7 Example FOV image for direct MLI scoring using a solid test line localized to the left, 

followed by a dashed guard line. When the test line intersects and alveolar septa, the distance 

(chord) to the next wall is measured. If a partial chord falls within the guard line, it is extended 

until it reaches an alveolar septa.  
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Although the direct method provides more information compared to the indirect method, 

it is more time-consuming and labor-intensive [38]. 

 

The MLI score for the direct method can then be calculated (Equation 2.3) 

𝑀𝐿𝐼𝑑𝑖𝑟 = 𝐿𝑚 =  
∑ ∑ 𝐿𝑖(𝑘)

𝐾(𝑖)
𝑘=1

𝑁
𝑖=1

∑ 𝐾(𝑖)𝑁
𝑖=1

    (2.3) 

where N is the total number of accepted FOV images, K(i) is the number of chords in the 

ith FOV image, and Li(k) is the length (in μm) of kth chord in the ith FOV image.  

 

2.5 Current Methods for Automated MLI Scoring 

The most popular methods for MLI scoring are based on the semi-automated assessment 

of histopathology images, which are inefficient, expensive, and susceptible to biases [29], 

[30], [35], [36]. Efforts have been made toward fully automating the MLI scoring process 

to address the shortcomings associated with semi-automated techniques. One of the most 

challenging hurdles in developing a fully automated and robust solution to calculate the 

MLI score is the accurate segmentation of biological structures found within 

histopathology images of lung tissue. Identifying these structures is challenging, given their 

high degree of variability in shape and size, while failing to properly segment these 

structures during fully automated processes can result in underestimating the MLI score 

[39].   

 

Published in 2006, Parameswaran et al. [11] developed an automated method for 

measuring linear intercepts (chords) from digitized histopathology images of lung tissue 

and calculated the mean chord length, Lm, from their distribution. Their method used an 
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image-thresholding approach to separate tissue from alveolar air space and superimposed 

a uniform grid of horizontal and vertical lines to measure chords. The authors determined 

the threshold value manually or with computer assistance, which is inefficient and 

subjective for each WSI. Furthermore, image thresholding is susceptible to a variety of 

errors, since even optimal thresholds may result in segmentation errors of the tissue 

structures. Their approach also did not segment the various biological structures (i.e., 

bronchi and blood vessels) from the alveoli and alveolar ducts, likely leading to 

underestimation of the MLI score [39]. Their method was only applied and tested on a 

small sub-set of FOV images, specifically curated by the authors, rather than with whole 

slide images (WSIs). Furthermore, their results were not compared against the manual 

assessment by human raters, meaning that there was no quantitative evidence of its 

accuracy. Such an approach would therefore have difficulty generalizing to the various 

WSIs that may be encountered and is an inadequate method for automated MLI scoring.  

 

Rieger-Fackeldey et al. [40] studied the effects of hyperoxia development by analyzing 

histopathology images of lung tissue from newborn mice. They utilized digital image 

analysis software (Image Pro Plus version 4.0), a custom written macro, and colour 

segmentation to determine alveolar morphological characteristics. Using only colour 

variation to segment alveoli from the remaining tissue can lead to segmentation errors, 

especially given the colour variability between and within WSIs, due to differences in the 

staining process. Furthermore, similarity in colour between alveoli, blood vessels, and 

bronchi could further increase segmentation errors. The authors provided no technical 

details regarding the design of their proposed automated algorithms nor the accuracy of 
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their method compared to manual assessment by human raters. Therefore this method 

would likely have difficulty generalizing to various WSIs and would also be an inadequate 

method for automated MLI scoring. 

 

In 2015, Sallon et al. [39] proposed a more promising automated method to calculate the 

MLI score in WSIs of mouse lung tissue. They used a thresholding approach combined 

with an analysis of closed areas based on size to identify alveolar structures. Furthermore, 

they assessed the accuracy of their algorithm against the manual assessment of two human 

raters. The authors’ proposed method, however, was applied to as little as 10 FOV images 

per WSI. In contrast, manual/semi-automated methods typically require hundreds of FOV 

images per WSI for MLI scoring [37], [38]. Furthermore, the accuracy of their proposed 

method was questionable, as the results showed statistically significant differences 

between the two human raters and the automated method for multiple WSIs. Finally, their 

proposed method failed to identify or differentiate the main biological structures (i.e., 

bronchi, blood vessels, alveoli) within the lungs, which could lead to underestimation of 

the MLI score, as noted by the authors.  

 

Recently, Salsabili et al. [37] proposed a method to segment the various biological 

structures in lung images to facilitate automated MLI scoring. Segmentation was achieved 

through a combination of colour thresholding, morphological operations, and region 

growing techniques, and created segmentation masks to distinguish these structures from 

one another. In segmenting the various biological structures, their method achieved a mean 

accuracy, Dice coefficient, and Hausdorff distance of 98.34%, 98.22%, and 109.68 μm. 



 26 

These segmentation masks were used to calculate the MLI score via the indirect method. 

When evaluated against the manual assessment by a human rater across 10 mouse lung 

images, results showed a mean difference and standard deviation in MLI score of 2.33 ± 

4.13. While the results were good, their techniques for identifying the various biological 

structures were based on hand-crafted features selected by the authors, which they noted 

caused some segmentation errors. Furthermore, their method performed MLI scoring 

through the indirect method alone. Direct measurements of chord lengths can display the 

variance of the airspace measures and, therefore, a better understanding of alveolar surface 

volume. While the direct method is more tedious and time-consuming than the indirect 

method with manual assessment, it is relatively simple in automated assessments once the 

images are segmented.  

 

 In 2022, Salsabili et al. [49] introduced a novel two-stage multiresolution segmentation 

algorithm capable of segmenting complex biological structures found in mouse lung tissue. 

Four different CNNs were used to extract contextual information at varying magnifications 

(i.e., 2.5×, 5×, 10×, and 20×), with a single CNN to aggregate the extracted information 

and generate the final segmentation masks. The proposed method had mean ± standard 

deviation of 0.971 ± 0.024, 0.873 ± 0.033, and 0.833 ± 0.028 for the pixel-wise accuracy 

(PA), mean Dice similarity coefficient (DSC), and mean positive predictive value (PPV), 

respectively. The high segmentation accuracy of the proposed method provides an 

opportunity to develop a usable and accurate system for MLI scoring, and is utilized in the 

fully automated pipeline described in this thesis.  
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To the author’s knowledge, this work is the first system that utilizes a modular pipeline to 

fully automate the MLI scoring process given digitized histopathology images. The 

modularity of the pipeline allows for efficient enhancements or modifications to individual 

modules without requiring changes to other areas of the pipeline. The automated system’s 

simplistic design requires only that the user provides a digitized WSI of the lung tissue as 

input, where all further steps are taken care of by the pipeline, producing detailed 

information about the analysis of the respective WSI and the final MLI score as output. 

The proposed automated system is also the only method that allows for both indirect and 

direct MLI scoring, providing the user with the flexibility to utilize which technique they 

prefer. The proposed automated system is also used to provide an in-depth analysis of 

different parameters such as guideline length and number of accepted FOV images in order 

to assess their impact on the resulting MLI score. Due to the inefficiencies of semi-

automated methods (e.g., MLI scoring can take hours per image, inter- and intra-rater 

variability), such in-depth analyses have not been performed previously.  
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Chapter  3: Modular Pipeline for Automated MLI Quantification 

This chapter presents an overview of the designed automated pipeline used to calculate the 

MLI score. The modularity of the pipeline allows for efficient enhancements or 

modifications to individual modules without requiring changes to other areas of the 

pipeline.  

 

3.1 Overview of the Automated System Pipeline  

Figure 3.1 shows a block diagram of the proposed automated system, with each module 

enclosed and arrows showing the flow of the pipeline. The input to the pipeline is a 

digitized WSI of lung tissue and the output is the MLI score. There are five processing 

modules in the pipeline: 1) Image Preprocessing, 2) Semantic Segmentation, 3) Field-of-

View Extraction, 4) Field-of-View Screening, and 5) MLI Estimation. Each module is 

described in the following subsections. 

 

 

 

Figure 3.1 Block Diagram of the proposed automated system pipeline. 
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3.2 Image Preprocessing 

Image preprocessing is used to improve image quality, suppress undesired distortions or 

artifacts and enhance key features which may be necessary depending on the particular 

application. This module provides an opportunity to enhance the image quality to an 

acceptable standard or limit factors that may negatively impact subsequent steps in the 

pipeline. One important image preprocessing step is colour normalization, which mitigates 

colour variations that can arise in histological images due to a number of factors such as 

histochemical staining time and histology stain quantity. These variations in colour may 

negatively impact segmentation performance and subsequent MLI score. This 

implementation of the Image Preprocessing module colour normalizes the incoming WSI 

through a colour mapping technique [43] to mitigate any colour variations. This colour 

normalization technique was successfully used as an image preprocessing step for image 

segmentation [44]-[46] 

 

3.3 Semantic Segmentation  

One of the largest hurdles in automating the MLI scoring process is the inability to 

accurately identify the various biological structures found within histopathological images 

of lungs. Variations in these structures, such as in shape, size and colour make it difficult 

to differentiate between them in automated methods. However, for accurate MLI scoring, 

one must be able to differentiate between intersection crossings of the guideline with the 

alveolar septa versus intersection crossings with a bronchus or blood vessel, and when the 

guideline is within the lung structure or in the pleural space. Similarly, one must be able to 

record measurements between alveolar septa (chords), rather than distances between 
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alveolar septa and bronchi, blood vessels or pleura. Failure to accurately differentiate 

between these biological structures has been shown to result in an underestimation of the 

MLI score [39].  

 

In the Semantic Segmentation module, the objective is to accurately segment the various 

biological structures of the lung. In semantic segmentation, each pixel within the WSI is 

labeled to a specific class, with all pixels within a single class being labeled as one entity 

(Figure 3.2b). This differs from instance segmentation, where each object within these 

classes is labeled individually (Figure 3.2c). For the fully automated system, identification 

of individual alveoli, blood vessels and other biological structures is not required; only 

differentiation between the different classes is needed for MLI scoring. The outputs of the 

Semantic Segmentation module are binary masks from one of five classes: 1) Alveoli 

Border Wall, 2) Alveoli Lumen, 3) Bronchi, 4) Blood Vessels, and 5) Background, which 

are all other pixels and include the pleural space and tissue that are not of interest. 

 

  

 

Figure 3.2 b) Semantic segmentation versus c) instance segmentation of nuclei from a) 

histopathology image. 
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In previous work, hand-crafted features based on characteristics such as colour, area, shape, 

and textural features were used to perform semantic segmentation [37]. More recently, 

deep learning methods, specifically convolutional neural networks (CNN), have 

demonstrated effectiveness in the semantic segmentation for other histopathological WSIs 

[47], [48]. Histopathological WSIs are large, high-resolution images (e.g., a single WSI 

used in this thesis can be 80,000×80,000 pixels in size) that cannot be directly inputted to 

CNNs. Therefore, WSIs are often divided into small patches (e.g., size 256x256 pixels) 

that can then be processed by a CNN. These patches are individually segmented and later 

combined to create the final segmented binary masks. While smaller patches may be easier 

to process by a CNN in terms of computational efficiency, they may not provide enough 

information for accurate segmentation, which can be particularly true for larger biological 

structures that may be larger than the patch size. A solution is to increase the patch size; 

however this is at the cost of computational efficiency, which typically leads to increased 

training times for the model. Alternatively, the original WSI can first be down-sampled 

prior to patch extraction, resulting in a wider field-of-view (FOV) for a given patch size. 

However, this approach reduces the resolution of the patch and may affect model 

performance, especially for smaller biological structures. There is a three-fold tradeoff 

between field-of-view, spatial resolution, and computational efficiency. This tradeoff is 

specifically troublesome for histopathology WSIs of lung tissue due to the large size 

variation of the different biological structures. For example, histopathology WSIs of lung 

tissue may have blood vessels as small as 24 µm2 and bronchi as large as approximately 

1.2 mm2 [49]. 
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Recent work attempts to resolve this three-fold tradeoff through a two-stage, 

multiresolution semantic segmentation approach [49]. The multiresolution approach 

analyzes WSIs at varying magnifications, which is a technique that is often performed by 

pathologists. In the first stage, four CNNs are used to extract contextual information from 

the input patches at four different magnifications (i.e., magnification of 2.5×, 5×, 10× and 

20×). Each CNN generates a segmentation heat-map, associated with its particular 

magnification. In the second stage, a single CNN is used to aggregate the resulting heat-

maps from the first stage to generate the final five segmentation masks: 1) Alveoli Border 

Wall, 2) Alveoli Lumen, 3) Bronchi, 4) Blood Vessels, and 5) Background, as shown in 

Figure 3.3.  

 

 

The MLI scoring pipeline presented in this thesis uses this multiresolution approach [49]. 

The modularity of the pipeline allows for new segmentation algorithms to be easily 

incorporated as they become available, benefiting from advanced methods which may be 

more efficient or accurate. Furthermore, the proposed pipeline allows for manual 

intervention, where a user can manually refine the masks before they are utilized in 

 

Figure 3.3 Semantic Segmentation binary masks. 1) Alveoli Border Wall, 2) Alveoli Lumen, 3) 

Bronchi, 4) Blood Vessels, and 5) Background. 
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subsequent stages (e.g., to resolve gross segmentation errors resulting from image 

artifacts). 

 

3.4 Field-of-view Extraction 

In the Field-of-View Extraction module, multiple FOV images are extracted from the 

original WSI and corresponding semantic segmentation masks. This module of the pipeline 

mimics the conventional semi-automated approach, where FOV images are presented to a 

rater for MLI scoring. FOV images are extracted using a sliding window approach. The 

user specifies the size of the FOV images (width × height) and stride length (x and y) 

between each FOV image. As an example, for FOV images of size 800 × 600 pixels, there 

would be no overlap with a stride length of 800 and 600, 50% overlap with a stride length 

of 400 and 300, and maximal overlap with a stride length of 1 and 1. By manipulating these 

parameters, the user can increase the number of FOV images used in the MLI scoring 

process. The pixel locations of the two opposite corners of each FOV image, with respect 

to the original WSI ([1, 1] = top left corner of the WSI), are recorded and saved as a CSV 

file, as shown in Figure 3.4. 
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Saving the FOV images extracted from the original WSI to storage is not necessary for 

MLI scoring, but it could be helpful for manual verification or other analyses. Therefore, 

the system allows the user to select whether or not to save the extracted FOV images. 

Furthermore, if the user decides to save the FOV images, they can also choose to save the 

images with the horizontal guideline superimposed or not. The modularity of the pipeline 

allows for different FOV image extraction methods to be implemented, such as a random 

FOV image extraction rather than the current sliding window approach.  

 

3.5 Field-of-View Screening 

In the Field-of-view Screening module, FOV images are screened to remove undesirable 

images and only utilize those that are deemed acceptable. This implementation mimics the 

conventional method that manual raters use when screening FOV images. In this approach, 

 

Figure 3.4 Example CSV file content containing all data recorded for MLI scoring (first 5 

entries). Original Image Name stores the name of the analyzed WSI. FOV Name is used to 

identify each extracted FOV image. The pixel locations of the two opposite corners of each FOV 

image are stored under the FOV corner x1, x2, y1, y2 headings. ACC/REJ Heading stores whether 

the FOV image was accepted or rejected and why. # Crossings stores the number of intersection 

crossings for each accepted FOV image. # ACC Images stores the total number of accepted FOV 

images. Total Crossings stores the sum of all the intersection crossings from all the accepted FOV 

images. MLI Score stores the MLI score. 
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a horizontal guideline of fixed length is superimposed on the center of the FOV image. In 

this implementation, the length of the guideline is a parameter that can be set by the user. 

The Field-of-view Screening module analyzes the FOV images based on the locations that 

were saved in the CSV file during the Field-of-View Extraction module. 

 

If the superimposed guideline intersects with the pleural space (Figure 3.5a), a bronchus 

(Figure 3.5b), or a blood vessel (Figure 3.5c), the image is rejected; otherwise, the image 

is accepted (Figure 3.5d) and is used to calculate the MLI score.  

 

 

Three binary masks are used to reject FOV images: 1) Bronchi, 2) Blood Vessels, and 3) 

Background. If the pixels of the superimposed guideline intersect with pixels in at least one 

of these binary masks, the FOV image is rejected; otherwise the FOV image is accepted. 

To track which FOV images are accepted and rejected, the module updates the CSV file 

 

Figure 3.5 FOV image results from Field-of-view Screening module. a) rejected pleural space, b) 

rejected bronchi, c) rejected blood vessel and d) accepted FOV images. 
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(Figure 3.4) with the corresponding result. Under the ACC/REJ header, the FOV image 

will either be accepted (i.e., ACC), or rejected with the reason why (i.e. REJ_BG, REJ_BR, 

or REJ_BV).  

 

3.6 MLI Estimation 

In the MLI Estimation module, all accepted FOV images are used to calculate the MLI 

score. The MLI Estimation module analyzes the accepted FOV images based on the results 

saved in the CSV file during the Field-of-View Screening module. The MLI score can be 

determined through the indirect method, which relies on intersection counting between the 

guideline and the alveolar septa, and the direct method, which measures the distances 

between consecutive alveolar septa along the length of the guideline. Regardless of the 

method, the Alveolar Border Wall binary mask is used to determine intersection crossings 

or chord lengths. The modularity of the proposed automated system allows the user to 

select which method they desire. Depending on which method is implemented, either the 

number of intersection crossings or the length of the chords measured per FOV image are 

recorded and saved in the updated CSV file. Chapter 4 and Chapter 5 detail the 

implementation of the indirect MLI method and the direct MLI method for the MLI 

Estimation module, respectively.  

 

3.7 MLI Score 

The final MLI score is calculated using all the accepted FOV images and their respective 

number of intersection crossings or chord measurements, depending on whether the 

indirect or direct MLI method was used, respectively. If the indirect method was used, the 
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MLI score is calculated as per equation (2.1). If the direct method was used, the MLI score 

is calculated as per equation (2.3). The MLI score is recorded and saved in the updated 

CSV file.  
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Chapter  4: Indirect Method for MLI Scoring 

The MLI score can be measured indirectly through intersection counting. An intersection 

occurs when the guideline fully crosses over an alveolar border wall. In this approach, all 

accepted FOV images are analyzed and the number of intersections for each FOV image is 

measured and recorded. The pipeline of the proposed automated system using the indirect 

MLI method is shown in Figure 4.1. This is identical to the generic pipeline shown in 

Figure 3.1, except for the introduction of the Intersection Counting module, replacing the 

generic MLI Estimation module. 

 

 

Figure 4.1 Block Diagram of the proposed automated system pipeline with indirect MLI method 

implemented through the intersection counting module. 

 

In this chapter, the implementation of the Intersection Counting module is defined and the 

proposed automated system is evaluated against the manual assessment by a human rater.  

 

4.1 Intersection Counting Module 

In the indirect method for MLI scoring, the number of intersections between the guideline 

and alveolar septa is recorded for every accepted FOV image. This module mimics the way 
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that human raters perform indirect MLI scoring in the conventional semi-automated 

approach. For the Intersection Counting module, the same guideline length that was used 

in the Field-of-view Screening stage is used to determine the number of intersections. An 

intersection is when the guideline fully crosses an alveolar septa. The original guideline 

length is marked in blue, and intersections between the guideline and alveolar septa are 

marked in red. Figure 4.2 displays two FOV images that pass through the Intersection 

Counting module. The user can choose to save the FOV images with the guidelines and 

red-marked intersection crossings; while unnecessary, this option contributes to the 

transparency of the system, allowing the user to visualize the detected intersections. The 

intersection counting process is repeated for every accepted FOV image, with the results 

saved in a CSV file, as shown in Figure 3.4. The MLI score for the indirect method, MLIind, 

is calculated using Equation 2.1 from Section 2.4.1, where the sum of all guideline lengths 

(in µm) is divided by the total number of intersections measured from all accepted FOV. 

 

Figure 4.2 Results from indirect mli module with a) one intersection and b) two intersections. 
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4.2 Methodology 

4.2.1 Histopathology Dataset of Lung Tissue 

The proposed automated system was tested on a set of 20 WSIs, comparing the MLI score 

generated from the automated system against the MLI score from a human rater. The 

dataset consists of 20 histopathology WSIs of mouse lungs, provided by the Sinclair Centre 

for Regenerative Medicine (Ottawa Hospital Research Institute, Ottawa, ON). The WSIs 

were prepared in accordance with all policies and protocols set forth by the University of 

Ottawa Animal Care Committee. All specimens were prepared as detailed in [37].  The 20 

mice were from one of four different experimental groups. The first group consisted of 5 

healthy mouse lung tissue from mice that were housed in room air (RA group), which acted 

as the control group. The next group consisted of 5 WSIs of lung tissue from mice that 

were exposed to a high concentration of oxygen (O2 group). The next group consisted of 5 

WSIs of lung tissue from mice that were housed in room air but were exposed to a high 

concentration of lipopolysaccharide (RA + LPS group). The final group, consisting of 5 

WSIs of lung tissue, was taken from mice that were exposed to both high concentrations 

of oxygen and lipopolysaccharide (O2 + LPS group). High concentrations of oxygen and 

lipopolysaccharide, can lead to lung injury, resulting in typically fewer and larger alveoli 

within the lung, when compared to those in the RA control group. This should result in a 

higher MLI score due to the decrease in the number of alveoli and an increase in alveolar 

size [37]. 

 

4.2.2 MLI Scoring: Automated System versus a Single Rater 
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The proposed automated system described in chapter 3, with the indirect MLI module from 

chapter 4.1, is used to calculate the MLI score for all 20 WSIs described in chapter 4.2. 

FOV images of size 1072 (height) × 1388 (width) pixels were extracted using a sliding 

window, with a stride length of 268 and 347 in the horizontal and vertical directions, 

respectively (75% overlap). The number of accepted FOV images per WSI ranged from 

782 to 1846. The horizontal guideline length was set to 312 pixels, which corresponds to a 

length of 155.34 μm for the given scanning resolution (this length has been used for MLI 

scoring of mouse lungs; e.g., [51], [52]) 

 

The MLI score for all 20 WSIs was also calculated in previous works [49] by a human rater 

who was engaged in clinical research involving MLI scoring of mouse lungs and is 

considered an expert rater with three years of experience. Semi-automated scoring was 

performed using Metamorph Software version 7.8, Molecular Devices, LLC. Note that this 

software used different FOV images than the automated system, but used the same 

guideline length of 155.34 μm.  

 

4.2.3 Analysis 

The MLI scores of the automated were compared against the MLI scores of the human 

rater using root-mean-squared deviation (RMSD), a Bland Altman analysis [50], and a 

Pearson correlation coefficient.   
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4.3 Results 

The resulting MLI scores from the automated system and the human rater for the 20 WSIs 

are shown in Figure 4.3. Table 4.1 summarizes the RMSD between the MLI score of the 

human rater and the automated system. There was a very strong correlation (r=0.9931) 

between the MLI scores of the human rater and the automated system.  

 

 

Figure 4.4 shows a Bland-Altman plot, comparing the MLI scores from the human rater 

and the automated system. The mean difference in the MLI score between the two methods 

is 0.95 (i.e., low bias). The plot shows a negative trend between the MLI scores, with the 

automated system scoring lower than the human rater for images with higher MLI scores, 

and higher than the human rater for images with lower MLI scores. 

 

Figure 4.3 MLI scores from the proposed automated system versus the MLI score (MLIind) of the 

human rater. 
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4.4 Analysis and Discussion 

The MLI score of the proposed automated system was compared against the manual 

assessment of a human rater, showing a strong correlation r=0.9931. In Figure 4.4 a 

negative trend from the Bland-Altman analysis is noted. The WSIs which have lower MLI 

 

Figure 4.4 Bland-Altman plot for MLI score (MLIind) of automated system versus the human 

rater. 

 

Table 4.1 RMSD between human rater and automated system for each WSI group. 

WSI Group Name RMSD between human 

rater and automated system 

RA 5.35 ± 1.50 

RA + LPS 7.62 ± 3.43 

O2 3.65 ± 0.61 

O2 + LPS 5.61 ± 3.28 
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scores are the RA and RA + LPS groups, which have much smaller and more frequent 

alveoli compared to the WSIs from the O2 and O2 + LPS groups.  

 

It is possible that the human rater could have biases when determining intersections, which 

could have played a role in the differences between the two methods. The FOV images 

which were used by the automated system were different from those of the human rater, 

which may also explain some of the differences. Furthermore, the number of accepted FOV 

images used by the automated system ranged from 782 to 1846 per WSI for MLI scoring, 

which is much higher than the human rater (approximately 300 to 500 FOV images per 

WSI). A larger number of FOV images should result in a lower standard error of the MLI 

score, suggesting that the standard error of the automated system should be less than that 

of the human rater. Section 6.2 examines the relationship between the number of FOV 

images and standard error. 

 

4.4.1 Mann-Whitney U Test 

The MLI score is a commonly used method for quantifying lung structure and monitoring 

emphysematous changes to lung parenchyma. An ideal method for MLI quantification 

would be able to detect the differences between distinct groups, such as the four conditions 

in the dataset described in Chapter 4.2. Exposure to different conditions, such as high 

concentrations of lipopolysaccharides and oxygen, can lead to pathophysiological changes 

that mimic those associated with emphysema [53], [54]. While looking at the MLI scores 

of both the human rater and automated system from Figure 4.3, it appears that the results 

of the latter show better differentiation between groups compared to those of the former. 
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Specifically, it appears as though the automated system can better differentiate between the 

RA vs. RA + LPS groups compared to the human rater. Similarly, it appears that the 

automated system can better differentiate between the O2 vs. O2 + LPS groups compared 

to the human rater. The distribution of the MLI scores for the different groups is unknown, 

and therefore it is uncertain whether these scores follow a normal distribution. Therefore 

to test this theory, the non-parametric Mann-Whitney U test [55] is performed to determine 

if either the automated method or the human rater can differentiate between the groups 

(i.e., RA vs. RA + LPS, O2 vs. O2 + LPS). The results of the Mann-Whitney U test are 

presented in Table 4.2 

 

 

Table 4.2 Mann-Whitney U Test Results: Automated System vs. Human Rater (α=0.05). 

MLI 

Method 

 

Groups Mean 

(MLI) 

Min 

(MLI) 

Max 

(MLI) 

U-Calc U-Crit P-Value 

Automated 

System 

RA 53.40 51.30 55.79 1 4 0.016 

RA + LPS 58.30 55.19 59.85 

Automated 

System 

O2 85.14 81.20 88.73 1 4 0.016 

O2 + LPS 91.91 88.05 96.24 

Human 

Rater 

RA 48.27 45.02 53.19 8 4 0.35 

RA + LPS 51.49 45.91 56.85 

Human 

Rater  

O2 88.74 83.9 92.95 3 4 0.05 

O2 + LPS 96.46 91.96 107.09 
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Based on the results from Table 4.2, the automated system shows a significant difference 

between the RA (M=53.40) vs. RA + LPS (M=59.85) groups (U(5,5) = 1, p-value = 0.016) 

and a significant difference between the O2 (M=85.14) vs. O2 + LPS (M=91.91) groups 

(U(5,5) = 1, p-value = 0.016). The human rater, however, fails to show significant 

difference between the RA (M=48.27) vs. RA + LPS (M=51.49) groups (U(5,5) = 8, p-

value = 0.35) but does show significant difference between the O2 (M=88.74) vs. O2 + LPS 

(M=96.46) groups (U(5,5) = 3, p-value = 0.05). The results from the Mann-Whitney test 

suggest that the automated system shows better differentiation between the groups 

compared to the human rater; however, because of the small sample size, the evidence is 

not strong enough to make any definitive claims.  

 

4.4.2 Inter- and Intra-Rater Variability 

MLI scoring performed by human raters is subject to inter- and intra-rater variability [37]. 

Since a subset of 10 WSIs (i.e., 5 WSIs from RA group and 5 WSIs from O2 + LPS group) 

used in this paper were the same WSIs used in [37], which involved 3 human raters, some 

additional analyses are possible. In [37], two of the human raters, labelled rater 1 and rater 

2, are considered novice scorers, who were provided 5 hours of training by an expert scorer. 

Rater 3 was the same rater mentioned in 4.2.2, so their ratings are referred to as Rater 3 

Trial 1 (MLI score using the microscopic software) and Rater 3 Trial 2 (MLI score using 

FOV images from [37].  In [37], human raters used FOV images that were extracted using 

a sliding window of size 1072×1388 pixels with 50% and 75% overlap in the horizontal 

and vertical directions, respectively.  
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Figure 4.5 shows a plot of the MLI scores from the subset of 10 WSIs, from the automated 

system and three human raters. For Rater 3, there is noticeable differences between their 

two trials, with a RMSD of 4.90 ± 1.92. These differences show the intra-rater variability 

that can occur during such measurements, noting that some differences could be a result of 

the different FOV images used between the two scorings. When analyzing the MLI scores 

of the other human raters, there is noticeable variability and biases between the three human 

raters (Fig. 4.5; e.g., Rater 3 typically scores the WSIs higher compared to raters 1 and 2). 

The MLI scores from the automated system fall within this range of the human raters. 

 

The average MLI score of the 3 raters was compared against the MLI score of the 

automated system. The average of the 3 raters was first computed by taking the average of 

 

Figure 4.5 Calculated MLI scores (MLIind) from the proposed automated system and three 

different human raters. 
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the two scores from Rater 3, and then averaging that with the scores from Raters 1 and 2. 

The RMSD was 4.71 ± 2.16 and there was a very strong correlation (r=0.9955). A Bland-

Altman analysis was performed with the plot shown in Figure 4.6 

 

 

There is a noticeably larger bias (mean difference of 4.45 in Figure 4.6 and 0.95 in Figure 

4.5), while the limits of agreement are much tighter (0.61 to 8.28 in Figure 4.6 and -10.13 

to 12.03 in Figure 4.5). While a negative trend was observed in Figure 4.5, there is no such 

trend in Figure 4.6. These results indicate that the performance of the automated system 

might be better than the assessment that a single rater suggests (e.g., Figure 4.5).  

 

4.4.3 Processing Time: Automated System vs. Human Rater 

 

Figure 4.6 Bland-Altman plot for the MLI score (MLIind) of the automated system versus the 

average score of the 3 human raters. 
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The processing time required for the human rater to calculate the MLI score for a single 

WSI is on the order of hours [37]. The processing time required by the proposed system to 

calculate the MLI score for a single WSI was approximately 15 minutes. The system was 

tested on a standard workbook with an Intel Xeon E3-1505M v5 2.80 GHz CPU, 32 GB of 

installed RAM, a single NVIDIA Quadro M1000M with 4 GB memory. While minimizing 

processing time was not the priority in this work, the automated system is substantially 

faster in calculating the MLI score, with the added benefit of a fully automated pipeline. 

This allows a user to input multiple WSIs, which can be processed continuously 

unsupervised until completion.   

 

4.5 Conclusions 

An automated system to calculate the MLI score through intersection counting between the 

guideline and alveolar border wall was introduced. This system was evaluated using a 

mouse lung dataset, consisting of 20 WSIs from four different groups (i.e., RA, RA + LPS, 

O2, and O2 + LPS), comparing the automated system against the assessment of a human 

rater. Results were encouraging with an overall RMSD of 5.73 ± 5.65 and very strong 

correlation (r=0.9931). Results from a Mann-Whitney U test demonstrated that the MLI 

scores from the automated system can identify statistically significant differences between 

the different mouse groups (i.e., RA vs. RA + LPS and O2 vs. O2 + LPS), while the human 

rater may not. There is intra- and inter-rater variability in MLI scoring with human raters, 

and the proposed automated system falls within this variability. While processing time was 

not a priority in this work, the automated system required significantly less time (i.e., ~15 

minutes) to calculate the MLI score of a WSI compared to a human rater (i.e., ~10 hours). 
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Chapter  5: Implementation of Direct MLI Scoring 

The MLI score can be measured using the direct method. Similar to the indirect method, 

FOV images are extracted and a guideline is superimposed on each FOV image. FOV 

images are rejected if any part of the guideline intersects with the pleural space (i.e., outside 

the lung space), a bronchus, or a blood vessel. The remaining FOV images are accepted 

and further analyzed, with the length of chords along the superimposed guideline measured 

and recorded. The MLI score is the average chord length computed across all accepted 

FOV images. 

 

In this chapter, the implementation of the Direct MLI Module is presented. The pipeline of 

the proposed automated system using the direct MLI method is shown in Figure 5.1. This 

is identical to the generic pipeline shown in Figure 3.1, except for the Chord Measurements 

module, which replaces the generic MLI Estimation module. 

 

 

 

Figure 5.1 Block Diagram of the proposed automated system pipeline with direct MLI (MLIdir) 

method implemented. 
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5.1 Direct MLI Module 

In the direct method for MLI scoring, the lengths of chords between consecutive alveolar 

septa along a superimposed guideline are recorded for every accepted FOV image. The 

original guideline length is marked in blue, while intersections are marked in red, and chord 

measurements are marked in green (Figure 5.2).  

 

If the guideline falls completely within alveoli or alveolar ducts, the guideline is extended 

on both sides until it reaches an alveolar septum, and the full chord length is recorded 

(Figure 5.2a). If either end of the superimposed guideline falls within an alveolus or 

alveolar duct, the guideline is extended until it reaches an alveolar septum (Figure 5.2b), 

and the resulting chord is measured. If the end of the guideline falls within a septum, the 

guideline is not extended (Figure 5.2c). If a chord extension reaches the end of a FOV 

image, the distance from the initial intersection to the end of the extension line is recorded, 

as it is better to record the measurement rather than eliminate it entirely (Figure 5.2c). 

Guidelines are not extended if doing so will result in contact with pleura, bronchi, or blood 

vessels (Figure 5.2d), and are instead essentially truncated to the nearest septum. When 

guidelines are not extended, that portion of the guideline remains blue in colour and does 

not contribute to the chord length estimation. This approach of extending the guideline 

provides an unbiased sampling of chords, irrespective of their length, ensuring that large 

alveoli are not undersampled. 



 52 

 

 

Figure 5.2 a) The guideline fits entirely inside an alveoli (left) and therefore both ends are 

extended until they reach an alveolar border wall (right). b) Both ends fall inside an alveoli (left) 

and are therefore extended until they reach an alveolar border wall (right). c) Left side of 

guideline falls inside an alveolar septa while the right side falls within an alveoli (left) and 

therefore the left side of the guideline is not extended and the right side of the guideline is 

extended until it reaches the edge of the FOV image, since it did not reach an alveolar septa 

(right). d) Left edge of the guideline falls within an alveoli (left) but is not extended because doing 

so would result in contact with a bronchi (right).  
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This chord length measurement process is repeated for every accepted FOV image, with 

the results saved in a CSV file (Figure 5.3). The MLI score is then calculated using 

Equation 2.3 from Section 2.4.2, where the sum of all chord measurements (in µm) is 

divided by the total number of chords measured from all accepted FOV images. The user 

can choose to save FOV images for verification or further analyses. FOV images can be 

saved with the guideline superimposed and with or without colours indicating the detected 

intersections and chords. 

 

  

5.2 Biases between Direct and Indirect MLI Scoring 

The direct method for MLI scoring (i.e., measuring chord lengths) is a more labor-intensive 

and time-consuming approach compared to the indirect method (i.e., counting 

 

Figure 5.3 Example CSV file content containing all data recorded for MLI scoring using the 

direct method (first 5 entries). Original Image Name stores the name of the analyzed WSI. FOV 

Name is used to identify each extracted FOV image. The pixel locations of the two opposite 

corners of each FOV image are stored under the FOV corner x1, x2, y1, y2 headings. ACC/REJ 

heading stores whether the FOV image was accepted or rejected and why. Image Chord stores 

which FOV image is being analyzed, with the chord measurement stored directly to the right 

under the Chord Measurements header. # ACC Images stores the total number of accepted FOV 

images. # Chords stores the total number of chords measured from all the accepted FOV images. 

Average Chord Length stores the average chord length (Lm), which is the MLI score calculated 

through the direct method. 
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intersections) when performed by a human rater. Measuring chords directly, however, 

allows the user to see the variance of the airspace measures and obtain a better 

understanding of alveolar surface area of the lungs. According to [38], both methods are 

unbiased, and when proper precautions are taken, they can provide the user with an accurate 

measurement of the free air space within the lung. However, there are inherent differences 

between the two methods, which can result in differences in MLI scores. The direct and 

indirect methods for MLI scoring are analyzed in this chapter using the same WSIs and 

extracted FOV images to investigate these differences. Specifically, two potential biases 

that account for the difference between the direct and indirect methods are examined: 1) 

Septa Bias, and 2) Partial Chord Bias. 

 

5.2.1 Septa Bias 

The indirect method is an alternative approach to the direct method to estimate the mean 

free distance of the air spaces within the lung (see Section 4.1). It utilizes a guideline of 

fixed length, and counts the number of intersections between the guideline and alveolar 

septa. The MLI score is calculated by summing the fixed guideline lengths from all 

accepted FOV images and dividing by the total number of intersections measured, as 

shown in Equation 2.2. This approach, however, assumes that the widths of the alveolar 

septa are negligible. The septa widths are essentially included as part of the chord length 

in the indirect method, resulting in a higher MLI score than the direct method, which only 

includes the length between septa. From observation alone, it is shown that the total length 

of the septa widths (shown in red in Figure 5.4) is not insignificant relative to the entire 

length of the fixed guideline. 
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To remove this bias, the indirect method is modified by subtracting the septa widths of 

every intersection crossing from the guideline length for each FOV image, which in turn 

results in a lower MLI score. The MLI score with the Septa Bias removed is termed as 

MLIindS (Equation 5.1) and computed as: 

𝑀𝐿𝐼𝑖𝑛𝑑𝑆 =
∑ 𝐺𝑠(𝑖)𝑁

𝑖=1    

∑ 𝐶(𝑖)𝑁
𝑖=1

=  
∑ (𝐺0 − ∑ 𝑆𝑖(𝑗

𝐶(𝑖)
𝑗=1 ))𝑁

𝑖=1    

∑ 𝐶(𝑖)𝑁
𝑛=1

    (5.1) 

 

where N is the number of FOV images that were accepted, GS(i) is the length of the 

guideline with all septa widths subtracted (in μm) in the ith FOV image, G0 is the original 

 

Figure 5.4 Septa Bias FOV image, where G0 represents the original length of the guideline while 

septa widths are represented by S1, S2, and S3.  
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length of the superimposed guideline (in µm), Si(j) is the width of the septa of the jth 

intersection in the ith FOV image (in μm), and C(i) is the number of intersection crossings 

for the ith FOV image.  

 

5.2.2 Partial Chord Bias 

The indirect method for MLI scoring uses a guideline of fixed length. The ends of the fixed 

length guideline often fall within alveolar septa, resulting in partial chords. The indirect 

method estimates the average chord length of a FOV image by taking the guideline length 

and dividing it by the number of intersections. The partial chords at the ends of the 

guideline result in an underestimate of the average chord length, as large alveoli are 

undersampled. The direct method extends the ends of the guideline to remove partial 

chords as described in Section 5.1. The difference caused by the partial chords is defined 

as the Partial Chord Bias. 

 

To account for this bias, the indirect method can be modified by extending the ends of the 

guideline in the same manner as is done for the direct method in Section 5.1. Note that 

extending the guideline for the indirect MLI method is asymmetrical in that the left side 

of the guideline is extended until an entire septa wall is fully crossed, whereas the right 

side is extended until it reaches a septa wall, as shown in Figure 5.5. This asymmetrical 

extension allows for the number of intersections to equal the number of chords. 
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The MLI score with associated Partial Chord Bias is now defined, which is termed as 

MLIindE (Equation 5.2) 

  𝑀𝐿𝐼𝑖𝑛𝑑𝐸 =
∑ 𝐺𝐸(𝑖)𝑁

𝑖=1    

∑ 𝐶(𝑖)𝑁
𝑖=1

 = 
∑ (∑ 𝐿𝑖(𝑘)

𝐶(𝑖)
𝑗=1 +∑ 𝑆𝑖(𝑗

𝐶(𝑖)
𝑗=1 ))𝑁

𝑖=1    

∑ 𝐶(𝑖)𝑁
𝑖=1

    (5.2) 

 

where N is the number of FOV images that were accepted, GE(i) is the length of the 

guideline with partial chords extended (in μm) in the ith FOV image, C(i) is the number of 

intersection crossings for the ith FOV image,  Li(k) is the length of the kth chord in the ith 

 

Figure 5.5 Partial Chord Bias FOV image, where GE represents the total length of the new 

guideline, which is the sum of chord measurements (L) and septa widths (S).  
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FOV image (in μm), and Si(j) is the width of the septa of the jth  intersection in the ith FOV 

image (in μm).  

 

5.2.3 Combined Septa Bias and Partial Chord Bias 

By combining the methods to account for Septa Bias (MLIindS) and Partial Chord Bias 

(MLIindE), the MLI score from the indirect method should match the direct method. Figure 

5.6 illustrates the combination of the methods to account for Septa Bias (MLIindS) and 

Partial Chord Bias (MLIindE), where there are four crossings and the guideline length used 

in the MLI score is the sum of the four chords shown in green, which excludes the septa 

widths from the guideline length. 

 

Figure 5.6  Combined Septa Bias + Partial Chord Bias FOV image, where GSE represents the total 

length of the guideline composed of the sum of chord measurements (L(k)). 

 



 59 

 

The indirect MLI score with associated Septa Bias and Partial Chord Bias accounted for 

is termed MLIindSE (Equation 5.3). 

 

𝑀𝐿𝐼𝑖𝑛𝑑𝑆𝐸 =
∑ 𝐺𝑆𝐸(𝑖)𝑁

𝑖=1    

∑ 𝐶(𝑖)𝑁
𝑖=1

 =
∑ [∑ 𝐿𝑖(𝑘) + ∑ 𝑆𝑖(𝑗

𝐶(𝑖)
𝑗=1 )

𝐶(𝑖)
𝑗=1 − ∑ 𝑆𝑖(𝑗

𝐶(𝑖)
𝑗=1 )]𝑁

𝑖=1    

∑ 𝐶(𝑖)𝑁
𝑖=1

≡
∑ ∑ 𝐿𝑖(𝑘)

𝐾(𝑖)
𝑘=1

𝑁
𝑖=1

∑ 𝐾(𝑖)𝑁
𝑖=1

= 𝑀𝐿𝐼𝑑𝑖𝑟     (5.3) 

 

where N is the number of FOV images that were accepted, GSE is the length of the guideline 

with both Septa Bias and Partial Chord Bias included (in μm), C(i) is the number of 

intersection crossings for the ith FOV image, Si(j) is the width of the septa of the jth 

intersection in the ith FOV image (in μm), Li(k) is the length of the kth chord in the ith FOV 

image (in μm), and K(i) is the number of chords for the ith FOV image.  

 

The number of intersections crossings, C(i), is equivalent to the number of chords, K(i), as 

a result of the asymmetrical extension for each FOV image. The indirect MLI score with 

Septa Bias and Partial Chord Bias (MLIindSE; Equation 5.3) is therefore shown to be 

equivalent to the direct method for MLI scoring (MLIdir; Equation 2.3)  

 

5.3 Methodology 

5.3.1 Histopathology Dataset of Lung Tissue 

To evaluate the direct MLI module and investigate the effects of the Septa Bias and Partial 

Chord Bias, the same 20 histopathology WSIs of mouse lung tissue as described in Section 



 60 

4.2.1 is used, consisting of four distinct groups (RA group, RA + LPS group, O2 group, 

and O2 + LPS group). 

 

5.3.2 MLI Scoring: Indirect Method versus Direct Method 

The proposed automated system described in chapter 3, using the indirect method (MLIind) 

from Section 4.1, and the direct MLI module (MLIdir) from Section 5.1, are used to 

calculate the MLI score for all 20 WSIs described in Section 5.3.1. A modified version of 

the indirect MLI module from Section 4.1, and the automated system described in chapter 

3, are used to assess the impact of Septa Bias on the resulting MLI score. Through the 

modification, the widths of the intersection crossings (in µm) identified in each FOV image 

are measured. By subtracting the septa widths from the original guideline length in each 

accepted FOV image, the MLI score (MLIindS) can be calculated as per equation 5.1 

(illustrated in Figure 5.4). To assess the impact of Partial Chord Bias, the direct module 

from Section 5.1, and the fully automated system described in Chapter 3 is used. Through 

the modification, the resulting guideline length (in µm) for each FOV image was the sum 

of chord lengths and septa widths measured (illustrated in Figure 5.5). The resulting MLI 

score (MLIindE) can then be calculated as per equation 5.2. The MLI score (MLIindSE) is 

also computed, which takes into account both the Septa Bias and Partial Chord Bias. 

 

FOV images of size 1072 (height) × 1388 (width) pixels were extracted using a sliding 

window, with a stride length of 268 and 347 in the horizontal and vertical directions, 

respectively (75% overlap). Therefore, the same FOV images used in Section 4.2.2 to 

calculate the MLI score for the indirect method, are used to evaluate the direct MLI score 
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and assess the impact of Septa Bias and Partial Chord Bias. The horizontal guideline length 

is maintained at 312 pixels, corresponding to a length of 155.34 μm for the given scanning 

resolution.  

 

5.3.3 Analysis 

The MLI score of the automated system using the direct method was compared against the 

MLI score of the automated system using the indirect method from Section 4.3. A root-

mean-squared deviation (RMSD), a Bland Altman analysis [50], and a Pearson correlation 

coefficient is used in the analysis. 

 

5.4 Results 

5.4.1 Direct MLI Scoring 

While both indirect and direct methods can be used to calculate the MLI score, the direct 

approach allows the user to obtain the variance of the chord measurements and therefore a 

better understanding of the alveolar surface area of the lungs. Figure 5.7 displays the 

distribution of the chord measurements taken from one of the WSIs of the dataset. 
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5.4.2 Indirect versus Direct Method for MLI scoring 

 

The resulting MLI scores from the automated system using the indirect and direct methods 

are shown in Figure 5.8. The MLI scores from the direct method (MLIdir) are consistently 

lower than the MLI scores from the indirect method (MLIind). Table 5.1 summarizes the 

RMSD between the MLI scores of the direct and indirect method. There was a very strong 

correlation (r=0.9919) between the MLI scores of the indirect and direct method.  

 

Figure 5.7 Example chord length distribution obtained from automated direct MLI (MLIdir) 

scoring. 
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Figure 5.9 shows a Bland-Altman plot, comparing the MLI scores of the indirect and direct 

method. The mean difference in the MLI score between the two methods is 26.93 (i.e., high 

 

Figure 5.8 MLI score calculated by the automated system using the indirect (MLIind) and direct 

(MLIdir) MLI modules. 

 

Table 5.1 RMSD between the indirect and direct MLI scores. 

WSI Group Name RMSD between human 

rater and automated system 

RA 24.10 ± 1.17 

RA + LPS 25.75 ± 1.39 

O2 28.38 ± 1.64 

O2 + LPS 29.78 ± 3.13 
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bias). The plot shows a positive trend between the MLI scores, meaning that the difference 

between the indirect and direct methods is higher for images with higher MLI scores, and 

lower for images with lower MLI scores. 

 

 

5.4.3 Septa Bias, Partial Chord Bias, and Combined Septa Bias + Partial Chord 

Bias 

 

The resulting MLI scores considering the Septa Bias, Partial Chord Bias, and combined 

Septa Bias + Partial Chord Bias described in sections 5.2.1, 5.2.2, and 5.2.3, 

respectively, are shown in Table 5.2, with the results graphed in Figure 5.10. When the 

 

Figure 5.9 Bland-Altman plot for MLI score for indirect (MLIind) and direct (MLIdir) methods. 
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Septa Bias or Partial Chord Bias are accounted for, the MLI scores for the indirect 

method decrease towards the MLI score of the direct method. When both the Septa Bias 

and Partial Chord Bias are accounted for simultaneously, the MLI scores are equal 

between the indirect and direct methods. 

 

 

 

Figure 5.10 MLI Score using indirect (MLIind), direct (MLIdir), Septa Bias (MLIindS), Partial 

Chord Bias (MLIindE), and Septa Bias + Partial Chord Bias (MLIindSE) equations. 

 

Table 5.2 Average MLI Score per Group for Direct (MLIdir), Indirect (MLIind), Septa Bias 

(MLIindS), Partial Chord Bias (MLIindE), and Septa Bias + Partial Chord Bias (MLIindSE) MLI 

Scores 

WSI Group MLIdir MLIind MLIindS MLIindE MLIindSE 

RA 29.33 53.40 35.63 43.22 29.33 

RA + LPS 32.59 58.30 39.91 47.06 32.59 

O2 56.80 85.14 66.69 71.94 56.80 

O2 + LPS 61.51 89.92 70.34 78.34 61.51 
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5.5 Analyses and Discussion 

From Figure 5.8, we see a large difference in the MLI scores between the direct and indirect 

method, but still a high correlation (r=0.9858). Although there is a high RMSD of 27.09, 

there is a small standard deviation of 0.71. This suggests that although the indirect and 

direct methods differ greatly in MLI score, this difference is due to a bias between the two 

measurements, rather than an error in either of the two methods. These biases have been 

defined as Septa Bias and Partial Chord Bias.  

 

By removing the widths of the septa from the length of the guideline (Septa Bias MLI; Eq. 

5.1), there is a large drop in MLI score (i.e., average drop of 18.54 µm between the indirect 

method and the Septa Bias), bringing the indirect MLI score closer to the direct MLI score. 

This demonstrates that the widths of the septa are not negligible and significantly impact 

the resulting calculation. Similarly, by extending the edges of the guideline (Partial Chord 

Bias MLI; Eq. 5.2) until an alveolar septa is reached on one end and an extra intersection 

is measured on the other, there is a decrease in the MLI score when compared to the indirect 

method (i.e., average drop of 11.54 µm between the indirect method and the Partial Chord 

Bias). Finally, when both the Septa Bias and Partial Chord Bias are combined (Septa Bias 

+ Partial Chord Bias MLI; Eq. 5.3), the resulting MLI score is identical to that of the direct 

method. The differences between the indirect and direct MLI methods are therefore a result 

of the Septa Bias and Partial Chord Bias, as predicted in Equation 5.3.  
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A Mann-Whitney U test is used to determine if the implementation of the direct MLI 

method can also differentiate between the different groups of the dataset. The results of the 

Mann-Whitney U test are presented in Table 5.3 

 

Based on the results from Table 5.3, the direct MLI method (MLIdir) does not show a 

significant difference between the RA (M=29.32) vs. RA + LPS (M=32.45) groups (U(5,5) 

= 4, p-value = 0.08) but does show a significant difference between the O2 (M=56.08) vs. 

O2 + LPS (M=61.42) groups (U(5,5) = 2, p-value = 0.03). This is in contrast with the results 

of the Mann-Whitney U test for the indirect MLI method (MLIind) from Table 4.2, which 

showed significant differences between all WSI groups. These results could be a result of 

the limited dataset used for the Mann-Whitney U test and therefore because of the limited 

sample size, the evidence is not strong enough to make any definitive claims. 

 

Table 5.3 Mann-Whitney U Test Results: Direct (MLI dir) Method for MLI Score (α=0.05). 

MLI 

Method 

 

WSI 

Groups 

Mean 

(MLI) 

Min 

(MLI) 

Max 

(MLI) 

U-Calc U-Crit P-Value 

Direct 

(MLIdir) 

Method 

Automated 

System 

RA 29.32 25.83 32.97 4 4 0.08 

RA + LPS 32.45 29.47 35.41 

Direct  

(MIdir) 

Method 

Automated 

System 

O2 56.08 54.76 57.50 2 4 0.03 

O2 + LPS 61.42 57.25 63.62 
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5.6 Conclusion 

The MLI score can be measured directly through measurements of chord lengths between 

consecutive alveolar septa. The automated system was evaluated utilizing the Chord 

Measurements module on 20 WSIs, consisting of 4 different groups. The results of the 

Mann-Whitney U test demonstrate that the MLI scores from the direct method can identify 

statistically significant differences between the different mouse groups of the dataset. The 

direct method shows high correlation (r=0.9858) with the results from the indirect method 

(Chapter 4.4). The RMSD between the direct method and indirect method was large 

(RMSD = 26.96); however, there was a small standard deviation (0.71), suggesting that 

there is a large bias causing the difference between the two methods.  

 

In this chapter, two biases were defined, the Septa Bias (Equation 5.1) and Partial Chord 

Bias (Equation 5.2), which are considered as the main contributions to the difference 

between the direct (MLIdir) and indirect (MLIind) MLI scores. When these biases are 

accounted for the MLI scores are identical between the indirect and direct methods. 

 

In semi-automated approaches, the direct method for MLI scoring is more time-consuming 

and laborious compared to indirect MLI scoring. In the automated approach, however, both 

indirect and direct MLI scoring methods can be done in a less amount of time. When proper 

precautions are taken, both methods can provide an assessment of lung air space size. The 

direct method, however, may provide a richer amount of information that could be useful 

clinically. For example, the MLI score from the direct method provides the user with the 
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variance of air space size (e.g., chord length distribution), while the indirect method only 

provides a single score.  
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Chapter  6: Effect of Number of Accepted FOV Images on MLI Score 

The number of accepted FOV images is a parameter that affects the MLI score. In previous 

works, it is recommended that at least 300 FOV images should be used for accurate MLI 

scoring [37], [38]. Examining the effect of this parameter would be tedious and time-

consuming with semi-automated MLI scoring techniques; however, with automated MLI 

scoring, such investigation is made easier. To the best of the author’s knowledge, there 

have not been any studies systematically researching the impact of number of accepted 

FOV images on a dataset of real WSIs of lung tissue. Similarly, there is no work that 

examines the impact of number of accepted FOV images on the resulting MLI score for 

both indirect and direct methods simultaneously. 

 

Crowley et al. examined the effects of number of chords on the resulting MLI score, and 

estimated that approximately 174-791 chords were required [36], depending on the actual 

MLI score.  They did not, however, perform tests on WSIs of lung tissue, but instead on 

artificially created circles. These circles may not accurately replicate the complexity and 

variability of biological structures found in lung tissue; therefore, caution must be taken 

when interpreting their results. The objective of this chapter is to quantify the relationship 

that number of accepted FOV images has on the resulting MLI score for both indirect and 

direct MLI methods.  

 

6.1 Number of Accepted FOV Images 

In chapters 4 and 5, the number of accepted FOV images varied from 782 to 1846 images. 

With a small number of FOV images, it is expected that the calculated MLI score would 
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vary dramatically and therefore have a larger standard error. As the number of accepted 

FOV images increases, it is expected that the standard error decrease for both the direct 

and indirect methods for MLI calculation. Since the direct method for MLI scoring 

measures chord lengths directly, it is expected to see a smaller standard error for the same 

number of accepted FOV images compared to the indirect method. With the fully 

automated system, such analysis can easily be implemented.  

 

6.2 Methodology 

6.2.1 Histopathology Dataset of Lung Tissue 

To quantify the impact of number of accepted FOV images has on the MLI score, the same 

20 histopathology WSIs of mouse lung tissue as described in Section 4.2.1 is used, which 

consists of four distinct mouse groups (RA group, RA + LPS group, O2 group, and O2 + 

LPS group).  

 

6.2.2 MLI Scoring 

The proposed automated system described in chapter 3 and the Intersection Crossing 

module and Chord Measurements modules from Section 4.1 and 5.1, respectively, are used 

to calculate the MLI score for all 20 WSIs described in Section 6.2.1.1. FOV images of 

size 1072 (height) × 1388 (width) pixels were extracted with a stride length of 107 and 139 

in the horizontal and vertical directions, respectively (90% overlap). The guideline length 

is set to 312 pixels (155.34 µm) for both the direct and indirect methods. The number of 

accepted FOV images varied from 2168 to 5320. For each WSI in the dataset, the MLI 

score was calculated through both indirect and direct methods using varying numbers of 
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accepted FOV images (i.e., 10, 50, 100, 200, 300, 400, and 1000). This was repeated 1000 

times for all WSIs at each number of accepted FOV images, allowing for the standard error 

to be calculated from the distribution.  

 

6.3 Results 

MLI scores are calculated for each WSI at varying numbers of accepted FOV images. This 

process is repeated 1000 times and the standard error for each number of accepted FOV 

images is calculated from the distribution. The standard errors for the WSIs in the same 

group are averaged, which is repeated for every number of accepted FOV images, with the 

results shown in Table A1 of Appendix A. The average mean and standard error for the 

RA, RA + LPS, O2, and O2 + LPS groups are plotted in Figure 6.1, Figure 6.2, Figure 6.3, 

and Figure 6.4, respectively.  
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Figure 6.1 Average mean MLI score and standard error for varying number of accepted FOV 

images for RA group 

 

 

Figure 6.2 Average mean MLI score and standard error for varying number of accepted FOV 

images for RA + LPS group 
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Figure 6.3 Average mean MLI score and standard error for varying number of accepted FOV 

images for O2 group 

 

 

Figure 6.4 Average mean MLI score and standard error for varying number of accepted FOV 

images for O2 + LPS group 
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6.4 Analyses and Discussion 

As shown in Figure 6.1 to Figure 6.4, as the number of accepted FOV images used to 

calculate the MLI score increases, the standard error decreases. There is a large variability 

in the associated MLI score for both direct and indirect measurements when using a number 

of accepted FOV of 200 (i.e., standard error as high as 3.54 and 2.10 for direct and indirect 

methods, respectively). The average standard error when using 300 accepted FOV images 

ranged from 0.73 to 1.72 and 1.17 to 2.81 for the direct and indirect methods, respectively, 

depending on the WSI group. Comparing the intra-rater variability measured in Chapter 

4.5, there is a RMSD of 4.90 ± 1.92, meaning the standard error using 300 accepted FOV 

images appears to be much more consistent than individual human rater analysis. The 

average standard error when using 1000 accepted FOV images ranged from 0.34 to 0.83 

and 0.57 to 1.39 for the direct and indirect methods, respectively, depending on the WSI 

group. In this work, the inter- and intra-rater variability that was found during human rater 

analysis from [37] was compared against the standard error associated with varying the 

number of accepted FOV images. In future work, determining that threshold of 

acceptability regarding the standard error could help determine minimum requirements for 

the number of accepted FOV images when calculating the MLI score. The standard error 

of the indirect method is higher compared to the direct method for every number of 

accepted FOV images tested. This further demonstrates the benefit of utilizing the direct 

method for calculating the MLI score compared to the indirect method. The direct method 

results in a lower standard error at the same number of accepted FOV images, while also 

providing the user with the variance of chord measurements taken throughout the WSI.  
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6.5 Conclusion 

The fully automated system was used to assess how number of accepted FOV images 

impacts the resulting MLI score for both indirect and direct methods. For a small number 

of accepted FOV images (i.e., approximately below 200), there is a high standard error, 

shown through repeated random sampling. As the number of accepted FOV images used 

to calculate the MLI score increases, there is a continuous decrease in the standard error of 

repeated measurements for both indirect and direct MLI scoring methods. The direct 

method has a smaller standard error when compared to the indirect method, perhaps due to 

the nature of measuring chords directly, rather than estimation through intersection 

crossings. These results suggest that 300 accepted FOV images, as suggested in the relevant 

literature (i.e., [37], [38]), is an ample number to ensure a low standard error in the resulting 

MLI score. As the number of accepted FOV images increases past 300, the standard error 

continuous to decrease, albeit at a slow rate. With the fully automated system, a user can 

easily increase the number of accepted FOV images to reduce the resulting standard error 

for both indirect and direct methods without the large increase to analysis time that would 

be found in semi-automated approaches. The results also suggest that the direct method for 

MLI scoring is a much more preferable approach when compared to the indirect method, 

due to its lower standard error for the same number of accepted FOV images.  
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Chapter  7: Effect of Guideline Length on MLI Score 

In the indirect and direct methods for MLI scoring, a superimposed guideline is used to 

either count intersection crossings or record chord measurements, respectively. Guideline 

length is a parameter that affects the MLI score. Examining the effect of this parameter 

would be tedious and time-consuming with semi-automated MLI scoring; however, with 

automated MLI scoring, such investigation is made easier. To the best of the author’s 

knowledge, there have not been any studies systematically researching the impact of 

guideline length on the resulting MLI score in histopathology images of lung tissue. Until 

this point, the guideline length was fixed at a length of 155.34 µm when calculating the 

MLI score with the automated system. In this chapter, the relationship that guideline length 

has on the resulting MLI score for both indirect and direct MLI methods is quantified.  

 

7.1 Guideline Length 

Until now, the length of the guideline used for the indirect and direct automated MLI 

scoring was fixed at 155.34 µm. In the indirect method, the guideline stays at this fixed 

length, and the number of intersections between the guideline and alveolar septa is counted. 

Increasing the guideline length would result in more intersections per FOV image (Figure 

7.1a), while decreasing the guideline length would result in less intersections per FOV 

image (Figure 7.1b). However if a guideline length is too small, the guideline would have 

a lower probability of having intersections, particularly for larger alveoli, resulting in a 

higher and inaccurate MLI score. For indirect MLI measurements, it is likely that the length 

of the guideline can impact the resulting MLI scores, especially for much smaller lengths.  
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For the direct method, although the initial guideline length is set by the user, edges of the 

guideline are often extended (if they fall within alveoli or alveolar ducts) to ensure that full 

chords are measured. Such an approach would therefore limit the effects that guideline 

length has on the resulting MLI score. Increasing the initial guideline length would result 

in more chords measured per FOV image (Figure 7.1c), which should only increase the 

number of chords measured per WSI and provide a better measure of the MLI score. 

Decreasing the guideline length would result in less chords measured per FOV image 

(Figure 7.1d), but with sufficient number of FOV images, the resulting impact on the final 

MLI score should be small.  
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Figure 7.1 Example FOV image for a) indirect MLI scoring with large guideline, b) indirect MLI 

scoring with small guideline, c) direct MLI scoring with large guideline, d) direct MLI scoring 

with small guideline. 
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7.2 Methodology 

7.2.1 Histopathology Dataset of Lung Tissue 

To quantify the impact of guideline length on resulting MLI score, the same 20 

histopathology WSIs of mouse lung tissue as described in Section 4.2.1 are used, which 

consists of four distinct groups (RA group, RA + LPS group, O2 group, and O2 + LPS 

group).  

 

7.2.2 MLI Scoring 

The proposed automated system described in chapter 3 and the Intersection Crossing 

module and Chord Measurements modules from Section 4.1 and 5.1, respectively, are used 

to calculate the MLI score for all 20 WSIs described in Section 4.2.1. FOV images of size 

1072 (height) × 1388 (width) pixels were extracted using a sliding window, with a stride 

length of 268 and 347 in the horizontal and vertical directions, respectively (75% overlap). 

The horizontal guideline length is varied from 39 to 702 pixels, corresponding to a length 

of 19.42 to 349.52 μm, respectively, for the given scanning resolution. The MLI score is 

calculated for each FOV image in the dataset, for both the indirect and direct methods.  

 

To estimate the standard error associated with different guideline lengths, FOV images of 

size 1072 (height) × 1388 (width) pixels are extracted using a sliding window, with a stride 

length of 107 and 139 in the horizontal and vertical directions, respectively (90% overlap). 

For each WSI in the RA and O2 + LPS groups of the dataset, the MLI score was calculated 

through both indirect and direct methods by randomly sampling 400 accepted FOV images 
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at each guideline length. This was repeated 1000 times for each WSI so that the standard 

error could be calculated from the distribution. 

 

7.3 Results 

Figure 7.2 shows the graph of the indirect MLI score and number of intersections versus 

varying guideline lengths.  

 

 

 

Figure 7.2 Average indirect MLI (MLIind) score (solid line) and average number of intersections 

(dashed line) vs. guideline length (in µm). 
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Figure 7.3 shows the graph of the direct MLI score and number of chords versus varying 

guideline lengths. 

 

 

As the length of the guideline increases, so does the likelihood of rejecting a FOV image 

due to a higher likelihood of contact between the guideline and a bronchi, blood vessel, or 

pleural space. Therefore while the number of extracted FOV images remains the same for 

each WSI, it is expected to see fewer accepted FOV images (Figure 7.4). 

 

 

Figure 7.3 Average Direct MLI (MLIdir) Score (solid line) and Average Number of Chords 

(dashed line) vs. Guideline Length (in µm). 
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The number of accepted FOV images steadily decreased as the length of the 

superimposed guideline increased. The number of accepted FOV images varied from 

2287 to 421 at a guideline length of 19.42 to 349.52 μm, respectively. Although the 

number of accepted FOV images decreases for larger guideline lengths, the lowest 

amount available for a single WSI to calculate the MLI score was 421, which is still 

above the recommended minimum. For each group (i.e., RA, RA + LPS, O2, O2 + LPS), 

the resulting MLI scores, number of intersections, and number of chords are averaged, 

rather than displaying all 40 data lines in a single graph. To ensure that the number of 

accepted FOV images is not a factor in this analysis, the average MLI score for all groups 

 

Figure 7.4 Number of accepted FOV images as a function of guideline length. 

 



 84 

is repeated, but at a fixed number of 400 randomly selected accepted FOV images per 

WSI. The results are shown in Figure 7.5 for the indirect MLI method and Figure 7.6 for 

the direct method.  

 

 

 

Figure 7.5 Average indirect MLI (MLIind) score per WSI group vs. guideline length (µm) at fixed 

number of accepted FOV images per WSI (400) 
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For all WSI groups, repeated random sampling is performed to estimate the standard 

error associated with each guideline length. 400 randomly selected FOV images are used 

to calculate the MLI score for each WSI, with the results within each group averaged 

together. This is repeated 1000 times to get the standard error. The Results are shown in 

Table A2 of Appendix A. The results can be visualized in Figure 7.7, Figure 7.8, Figure 

7.9, and Figure 7.10 which displays the average indirect and direct MLI score and 

standard error for the RA, RA + LPS, O2, and O2 + LPS group WSIs, respectively.  

 

Figure 7.6 Average direct MLI (MLIdir) score per WSI group vs. guideline length (µm) at fixed 

number of accepted FOV images per WSI (400) 
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Figure 7.8 Average indirect MLI score (MLIind) and direct MLI score (MLIdir) and associated 

standard error vs. guideline length (µm) at 400 accepted FOV images for RA WSI Group 

 

Figure 7.7 Average indirect MLI score (MLIind) and direct MLI score (MLIdir) and associated 

standard error vs. guideline length (µm) at 400 accepted FOV images for RA + LPS WSI Group 
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Figure 7.10 Average indirect MLI score (MLIind) and direct MLI score (MLIdir) and associated 

standard error vs. guideline length (µm) at 400 accepted FOV images for O2 + LPS WSI Group 

 

 

Figure 7.9 Average indirect MLI score (MLIind) and direct MLI score (MLIdir) and associated 

standard error vs. guideline length (µm) at 400 accepted FOV images for O2 WSI Group 
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7.4 Analyses and Discussion 

As the guideline length increases, the number of accepted FOV images decreases 

somewhat linearly. This trend is expected, since an increase of guideline length increases 

the likelihood of contact between the guideline and a bronchi, blood vessel or pleural space. 

Therefore while the number of extracted FOV images per WSI remains the same for all 

guideline lengths, the number of accepted FOV images changes. The lowest number of 

accepted FOV images was 421, which is still greater than the recommended minimum of 

300.  

 

In Figure 7.2, as the guideline length increases, the MLI score decreases with a relationship 

similar to a decaying exponential. For very small guideline lengths, many FOV images that 

contain no intersections are accepted, thus resulting in a large increase in MLI score, as per 

Equation 2.1. Smaller guideline lengths also fail to have any intersections for larger alveoli, 

which in turn can largely increase the MLI score. This range of guideline lengths results in 

a non-linear relationship with the MLI score and a high standard error (i.e., standard error 

of 7.22 and 18.79 for the RA and O2 + LPS groups, respectively, at guideline length of 

38.83 µm). As the guideline length increases further, its effect on the MLI score eventually 

starts to plateau (i.e., standard error of 1.03 and 2.43 for the RA and O2 + LPS groups, 

respectively, at guideline length of 155.34 µm). This plateauing begins approximately at a 

guideline length of 135.9 µm, where the standard error is approximately 1.26 and 3.03 for 

the RA and O2 + LPS groups, respectively. 
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When observing the direct MLI score graph (Figure 7.3), there is almost no impact of 

guideline length on the resulting MLI score. Even for extremely small guideline lengths, 

the MLI score is relatively stable. These results are expected due to the nature of how the 

direct MLI score is calculated. If a guideline falls completely within an alveoli, which is 

typical for small guideline lengths and large alveoli, the edges of the guideline are extended 

until they reach an alveolar septa. Therefore typically at least a single chord is measured 

per FOV image, meaning that even with small guideline lengths, enough samples can be 

measured to accurately calculate the average chord length (direct MLI score). There is also 

a noticeably smaller standard error, even for small guideline lengths (i.e., standard error of 

0.92 and 1.98 for the RA and O2 + LPS groups, respectively, at guideline length of 19.42 

µm) 

 

As shown in Figure 7.4, as guideline length increases, the number of accepted FOV 

images decreases somewhat linearly. This is expected, as an increase in guideline length 

increases the likelihood of contact between the guideline and a bronchi, blood vessel, or 

pleura. Therefore for smaller guideline lengths, there is a substantially higher number of 

accepted FOV images used for MLI calculation compared longer guideline lengths. To 

ensure that the number of accepted FOV images does not contribute to investigation, the 

number of accepted FOV images was fixed at 400, regardless of guideline length. As 

shown in Figure 7.5 and 7.6, the resulting MLI score follows the same pattern as before, 

even when fixed at 400 accepted FOV images. 
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The standard error at each guideline length was calculated through repeated random 

sampling at a fixed number of accepted FOV images for the RA, RA + LPS, O2, and O2 + 

LPS groups, shown in Figure 7.7, Figure 7.8, Figure 7.9, and Figure 7.10, respectively. For 

small guideline lengths, there is a noticeable standard error for the indirect MLI method 

(e.g., guideline length of 19.42 µm had a standard error of 52.37 for the O2 + LPS group) 

but a small standard error for the direct method (e.g., guideline length of 19.42 µm had a 

standard error of 1.98 for the O2 + LPS group). As guideline length increased however, the 

standard error for the indirect method largely decreased (e.g., guideline length of 155.34 

µm had a standard error of 2.31 for the O2 + LPS group) while the standard error decreased 

slightly for the direct method (e.g., guideline length of 155.34 µm had a standard error of 

1.45 for the O2 + LPS group). What qualifies as an acceptable standard error in MLI 

calculation is not defined in the relevant literature. In this work, the inter- and intra-rater 

variability that was found during human rater analysis from [37] was compared against the 

standard error associated with varying the guideline length. In future work, determining 

that threshold of acceptability regarding the standard error could help determine minimum 

requirements for guideline length when calculating the MLI score. The results suggest that 

the direct MLI method is less impacted by guideline length compared against the indirect 

MLI method, though the difference in impact is negligible for the guideline lengths 

typically used (i.e., > 155.34 µm). The direct method also allows the user to obtain the 

variance of air space measures for the WSI and therefore a better understanding of the 

alveolar surface area. The results from this investigation suggest that the direct method for 

MLI calculation could be a more accurate and robust approach compared to indirect 

measurements, as it is less susceptible to variations caused by guideline length.  
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7.5 Conclusion 

The fully automated system was used to assess how guideline length impacts the 

resulting MLI score for both indirect and direct methods. For indirect measurements of 

the MLI score, there is an inverse relationship between guideline length and MLI score; 

as the guideline length increased, the MLI score decreased like a decaying exponential. 

Using small guideline lengths (i.e., < 135 µm) can result in inaccurate and misleading 

MLI calculations with a large standard error.  

 

For direct measurements for MLI scoring, guideline length has little impact on the MLI 

score, suggesting that the direct method is perhaps a more robust approach to MLI 

scoring, with the further benefit of providing the variation of chord measurements of the 

lung and therefore a better understanding of the alveolar surface area. The time required 

to manually assess the MLI score by a human rater is on the order of hours, with the 

direct approach requiring even more time. The fully automated system however can 

perform both indirect and direct MLI scoring for a single WSI in 15 minutes. This 

analysis performed on guideline length would be extremely inefficient, costly and subject 

to human error if performed through human rater analysis, showing the versatility and 

research potential of the automated system. 
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Chapter  8: Conclusions and Future Work 

8.1 Conclusions 

The objectives of this thesis were the development of a modular and fully automated 

system to calculate the MLI score of digitized histopathology images of mouse lung tissue, 

an analysis into the differences between indirect and direct MLI scoring methods, and an 

investigation into the effects of guideline length and number of accepted FOV images on 

the resulting MLI score. The MLI score is a useful and extensively used method to assess 

air space size in histopathological images of lung tissue and is commonly used to monitor 

emphysematous changes to lung parenchyma. MLI scoring is predominantly performed in 

a semi-automated process, where FOV images are automatically presented to a human rater 

for analysis. Such methods, however, are inefficient, expensive, and susceptible to biases 

and errors. In this thesis, a modular pipeline was developed, that could fully automate the 

MLI scoring process of high-resolution WSIs of mouse lung tissue. The MLI score of the 

automated system was compared against the manual assessment of a human rater, showing 

a high degree of accuracy. The overall RMSD between the automated system and the 

human rater was 5.73 ± 5.66, and a Pearson’s correlation coefficient of r=0.9931. When 

compared against three human raters, the automated system displayed a higher degree of 

accuracy, with a RMSD between the automated system and the average of the three human 

raters of 4.71 ± 2.16 and a correlation of r=0.9955. These results suggest that the 

performance of the automated system might be better than the assessment of a single rater. 

The automated system could also differentiate between the different groups of the WSI 

dataset, showing a significant difference between the RA (M=53.40) vs. RA + LPS 

(M=59.85) groups (U(5,5) = 1, p-value = 0.016) and similarly a significant difference 
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between the O2 (M=85.14) vs. O2 + LPS (M=91.91) groups (U(5,5) = 1, p-value = 0.016), 

using the indirect MLI module. This demonstrates the potential of the automated system in 

differentiating between diseased and healthy lung tissue. While semi-automated evaluation 

can be on the order of hours per WSI, the processing time of the automated system was 

approximately 15 minutes, which could lead to a significant reduction in cost and increase 

in efficiency for researchers.  

 

The modularity of the system allowed for enhancements or modifications to specific 

modules, without requiring changes to other modules of the pipeline. This was 

demonstrated through the use of two different modules in the MLI Estimation block; The 

Intersection Counting module, for indirect MLI scoring, and the Chord Measurements 

module, for direct MLI scoring. To investigate the differences between the indirect and 

direct methods for MLI scoring, the MLI Estimation module and the Intersection Counting 

module is utilized, respectively. The RMSD between the MLI scores of the two methods 

was 27.09 ± 0.71, while displaying a high correlation (r=0.9919). By modifying the 

pipeline, the impact of Septa Bias and the Partial Chord Bias on the resulting MLI score 

was quantified. 

 

By utilizing the fully automated system, the impact of guideline length and number of 

accepted FOV images on the resulting MLI score was quantified. For indirect MLI scoring, 

linear and non-linear regions were identified. A minimum number of accepted FOV images 

of approximately 300 FOV images had a standard error between 0.73 to 1.72 and 1.17 to 

2.81 for direct and indirect methods, respectively, for the different mouse groups of the 
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dataset. Further increases in the number of accepted FOV images beyond 300 has a smaller 

impact on the standard error, but the standard error still decreases. With an automated 

system, using a large number of accepted FOV images (e.g., 1000) is still advantageous, 

whereas it would be perhaps an unreasonable analyses involving human raters. These 

results suggest that using the direct method for MLI scoring is less susceptible to 

parameters such as guideline length, with a smaller standard error when compared to the 

indirect method. Such analysis would be extremely time-consuming if done through semi-

automated methods, highlighting the benefit of the automated system.  

 

8.2 Study Limitations 

In this thesis, a dataset of 20 WSIs of mouse lung tissue was used, composed of four 

different groups. When analyzing the automated system ability to differentiate between 

groups, the analysis was performed on only five WSIs per group, and therefore the results 

could not be conclusive. While the results did suggest that the automated system was able 

to better differentiate between the different groups compared to the manual evaluation of a 

human rater, a much larger dataset is needed for conclusive results.  

 

As displayed in Chapter 4, single rater evaluation could be subject to intra-rater variability 

and bias. To confirm the accuracy of the automated system, it would be beneficial to have 

more human raters perform MLI scoring on a larger WSI dataset to allow for more 

conclusive evidence and a better understanding of the automated systems performance.  
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8.3 Future Work 

The work in this thesis has contributed to the automation of air space size assessment in 

WSIs of lung tissue, a greater understanding of how guideline length and number of  

accepted FOV images impact the MLI score, and identification of how two biases (i.e., 

Septa Bias and Partial Chord Bias) result in differences between direct and indirect MLI 

scoring methods. More work is needed to finalize the design of the system to allow for its 

use in a research setting. The subsections below provide a few recommendations of the 

work that can be conducted.  

 

8.3.1 Development of a User-Friendly Graphical-User-Interface 

The fully automated system was designed in Python (version 3.6.13) using Jupyter 

Notebook IDE during development and testing. To perform MLI scoring through the fully 

automated system, the user must provide the full folder path where the high-resolution 

WSIs are located, and run the resulting PY file. While the user can run the file on any IDE 

(i.e., Jupyter Notebook, Spyder… etc), it would be highly beneficial to design and 

implement a stand-alone desktop application. A desktop application where, for example, 

the user could drag and drop the WSIs they wish to analyze, would be beneficial for 

facilitating ease-of-use by researchers.   

 

8.3.2 Investigation into analysis of WSIs of lung tissue for different species 

The fully automated system utilized a deep learning model that was trained on the same 

dataset described in Section 4.2.1. It would be beneficial to evaluate the system and train 

the deep learning model on different animal species. Mouse lung tissue have major 
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difference to human lung tissue, with organ size being a significant differentiator. With 

larger airway diameter and alveolar size, it would be interesting to evaluate the 

generalizability of the fully automated system on different species. For example, rats are 

another common species used in lung research. 

 

8.3.3 Addition of other methods for evaluating air space size and emphysematous 

changes 

The MLI score is one of the most frequently used parameters for quantifying lung structure 

and emphysematous changes to lung parenchyma. There are, however, other parameters 

used for assessing lung structure, such as counting profiles per area (ex. Cells/FOV image 

or vessels/area), radial alveolar counts (RAC), and medial wall thickness [64]. With the 

binary segmentation masks generated in the semantic segmentation module and utilizing 

the general structure of the automated systems pipeline, it would be beneficial to implement 

other parameters for evaluating lung structure and compare the results against the relevant 

gold-standard.  

 

8.3.4  Investigation into the effects of orientation and positioning of the 

superimposed guideline 

The automated system was designed to calculate the MLI score in a way that mimicked 

human raters in the conventional semi-automated approach. In this method, a horizontal 

guideline is superimposed in the center of each FOV. The modularity of the automated 

system, however, can allow for modification of the guidelines positioning and orientation 

within the FOV image. This could increase the number of individual measurements that 
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contribute to the MLI score and may also reveal differences in the MLI score with 

regards to directionality and spatially within the lung. 
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Appendix A 

 

Table A1 provides a summary of the average standard error at varying number of 

accepted FOV images for each WSI group. The information from Table A1 is illustrated 

in Figure 6.1, Figure 6.2, Figure 6.3, and Figure 6.4 from Section 6.3 

Table A1. Average standard error at varying number accepted FOV images for each WSI group. 

Group # Acc 

FOV 

10 50 100 200 300 400 1000 

RA SE Dir 4.25 1.84 1.30 0.89 0.73 0.61 0.34 

SE Ind 7.09 3.03 2.11 1.45 1.17 0.99 0.57 

RA + 

LPS 

SE Dir 5.15 2.22 1.52 1.06 0.86 0.71 0.39 

SE Ind 8.69 3.62 2.46 1.76 1.37 1.19 0.64 

O2 SE Dir 8.57 3.79 2.64 1.83 1.47 1.25 0.69 

SE Ind 14.89 5.91 4.25 2.98 2.37 2.07 1.14 

O2 + 

LPS 

SE Dir 9.82 4.31 3.02 2.10 1.72 1.47 0.83 

SE Ind 18.45 7.26 5.03 3.54 2.81 2.37 1.39 
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Table A2 provides a summary of the average standard error at varying guideline lengths 

for each WSI group. The information from Table A2 is illustrated in Figure 7.7, Figure 

7.8, Figure 7.9, and Figure 7.10 from Section 7.3. 

  

Table A2. Average standard error at varying guideline length for RA, RA + LPS, O2, and O2 + 

LPS WSI group. 

Group Guideline 

Length 

(µm) 

19.42 38.83 116.5 135.9 155.3 194.2 233 271.8 349.5 

RA SE Dir 0.92 0.89 0.81 0.7 0.62 0.63 0.59 0.56 0.52 

SE Ind 33.59 7.22 2.52 1.26 1.03 0.97 0.91 0.84 0.79 

RA + 

LPS 

SE Dir 0.96 0.91 0.86 0.73 0.65 0.62 0.61 0.58 0.55 

SE Ind 37.63 9.53 3.48 1.85 1.23 1.15 1.04 0.98 0.92 

O2 SE Dir 1.93 1.82 1.77 1.69 1.27 1.19 1.1 1.04 0.97 

SE Ind 46.78 17.83 5.98 2.93 2.13 1.94 1.55 1.28 1.15 

O2 + 

LPS 

SE Dir 1.98 1.85 1.82 1.73 1.45 1.36 1.31 1.23 1.12 

SE Ind 52.37 18.79 6.17 3.42 2.31 1.92 1.86 1.76 1.68 
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