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Introduction 

         In the modern medical age timely diagnosis of disease states are critical for 

effective treatment and healthy recovery of patients. Modern day physicians are 

subjected to scrupulous amounts of pressure to efficiently as well as accurately 

diagnose patients, while often given minimal information and time. In order to 

combat this issue, medical images from modalities such as Computed Tomography 

(CT) and Magnetic Resonance Imaging (MRI) have become ubiquitous for 

preventative disease screening, disease diagnosis, and treatment selection for 

patients (Bercovich & Javitt, 2018). These images often undergo analysis through a 

process called manual segmentation, which differentiates anatomical regions of the 

image. The resulting images provide insurmountable qualitative and quantitative 

information for clinicians; however, the process of manual segmentation is an 

arduous and time-consuming task for physicians and often leads to inter-observer 

biases (Merjulah & Chandra, 2019). 

         The technical portion of the capstone uses deep learning convolutional neural 

networks (CNNs) to efficiently and consistently automate the manual segmentation 

process for three disease states: coronary artery disease, hypertrophic 

cardiomyopathy, and hydrocephalus. A CNN will be made for each respective 

disease state which will segment coronary arteries from Computed Tomography 

Angiographies (CTAs), myocardial scarring from MRIs of hypertrophic 

cardiomyopathy patients, and neural ventricles in CT scans of hydrocephalus 

patients. Although deep learning CNNs can be used to help aid physicians in quickly 

diagnosing disease states, there are often worries and trepidations when 

introducing automation into a pre-existing field like medicine, such as the fear of 



3 
 

being replaced as well as the fear of exterminating human interaction (Huang & 

Rust, 2018). These worries often serve as barriers in implementing said 

technologies, which ultimately undermines the value and usefulness of the 

technology. Moreover, physician’s acceptance has always played a role in hospitals 

adopting medical technologies, such as in the case with clinical information 

technologies, and experts posit automation in the medical field will be no different 

(Yarbrough & Smith, 2007). Thus, the sociotechnical portion of the capstone will 

analyze how switching to automated and deep learning processes for medical 

diagnoses can affect the physicians feeling of relevance, the patient-physician 

relationship, and how engineers can alter their design in order to gain physician’s 

acceptance. 

Technical Topic 

In the clinical workflow, medical images such as CTs or magnetic MRIs are 

commonly used in diagnosis. Most current clinical processes rely on qualitative 

interpretation of the images by radiologists. However, quantitative evaluation can 

improve the accuracy and reliability of diagnosis by extracting imaging biomarkers, 

which are measurable indicators of a disease state, to provide insights such as 

probability for disease progression, intensity of disease presence, and other 

numerical features about the physiology and anatomy of the image (Kim et al., 

2015). We identify three disease states of interest that require quantitative medical 

image analysis. 

         Coronary artery disease is classified by the narrowing of the arteries via a 

buildup of plaque, limiting the blood flow to the heart, and often leading to a heart 

attack (Mayo Clinic, 2020). Coronary artery disease is the most common type of 
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heart disease, killing 365,914 people in 2017, and affecting 18.2 million adults 

above the age of 20 in the United States (CDC, 2020). Current diagnosis of 

coronary artery disease mainly consists of manually segmenting CTAs for the 

presence of calcification and plaque residues (Arnett et al., 2019). This approach of 

identification is too time-consuming and inconsistent between users; however, 

through automated CTA segmentation, the narrowing and calcification of the 

coronary arteries can be quantified in a constant and timely manner, preventing 

heart attacks.     

Hypertrophic Cardiomyopathy (HCM), a disease with a prevalence of 1 in 

200, is characterized by unexplained enlargement of the heart’s left ventricle (LV), 

misalignment of cardiac fibers, and cardiac scarring, all of which can lead to heart 

dysfunction (Kramer et al., 2015; Olivotto et al., 2011; Semsarian et al., 2015). 

Most HCM cases are genetically inherited and can gradually progress towards 

cardiac arrest (Watkins et al., 2011). Current identification methods for HCM 

include genetic testing and manual segmentation of cardiac magnetic resonance 

(CMR) images for unexplained left ventricular wall thickness and scarring (Wigle et 

al., 1985). Automating CMR image segmentation would allow for more efficient 

patient diagnosis and condition monitoring, ultimately improving personalized 

patient care.  

Hydrocephalus affects 1 million people in the United States and it is very 

common in children as 1.1 in every 1000 infants will develop hydrocephalus (Tully 

& Dobyns, 2014). It is characterized by the buildup of fluid in the ventricles inside 

the brain which can damage brain tissues and cause severe disabilities (Hamilton et 

al., 2016). Image segmentation, an essential toolkit for hydrocephalus diagnosis, is 
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used to extract snapshots of brain ventricles. Automating image segmentation can 

more efficiently estimate ventricular abnormality and can potentially distinguish 

between chronic and acute hydrocephalus, allowing physicians to optimize patient 

treatment plans.  

         Manual segmentation is currently used to diagnose all three of the disease 

states discussed above. Furthermore, manual segmentation is laborious and time 

consuming for physicians, and the process often leads to inter-observer biases 

resulting in inconsistent diagnoses (Merjulah & Chandra, 2019). Innovative 

automated processes are required for improved segmentation efficiency and 

consistency. There have been several recent advances in using artificial intelligence 

to automatically segment medical images (Litjens et al., 2017). Deep learning 

convolutional neural networks (CNNs) allow for image classification. Images can be 

fed through a series of convolutions to extract image features for classification. For 

segmentation, different regions of the images are classified.  However, these 

attempts to use CNNs for segmentation often produce results far from satisfactory. 

For example, conventional CNN image segmentation algorithms used for coronary 

arteries show relatively limited performance with a Dice Similarity Coefficient (DSC) 

of 0.5975 and 0.66 (Kjerland, 2017; Moeskops et al., 2016). DSC is a statistic used 

to gauge the similarity of two segmentations, a DSC of 1 means the segmentations 

are identical. In image segmentation you are comparing the CNN algorithm 

segmentation from a “ground truth” which is an accurate manually segmented 

image. 

         The goal of the project is to develop and validate more accurate, 

precise, and efficient deep learning-based segmentation algorithms for 
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regions of interest for the three disease states in CT and MRI scans as well 

as implementing these algorithms into a medical software package. We plan 

on achieving this goal by adopting a fully convolutional neural network (FCNN). 

FCNNs have been leveraged for image segmentation since they take an image input 

and output an image or tensor (Maher et al., 2019). A specific type of FCNN is the 

UNet architecture which uses a series of downsampling convolutional layers and 

then a series of upsampling layers to reconstruct the segmented images (U-Net — 

DeepLearning 0.1 Documentation, n.d.). Each convolutional layer is followed by 

some form of normalization and an activation function. The downsampling layer 

encodes the image information and the upsampling layer decodes the 

classifications. UNet architecture is most common in medical imaging and has 

shown to provide a high DSC score for medical image segmentation (Liu et al., 

2020). Medical images for each of the aforementioned disease states will be 

segmented for their regions of interest using a UNet backbone. For coronary artery 

segmentation, innovative multi-channel inputs about the prior shape of blood 

vessels will be fed into the FCNN to improve model result. For HCM scar and LV wall 

segmentation, the goal will be to evaluate the patient population generalizability of 

an improved segmentation algorithm. For hydrocephalic brain ventricle 

segmentation, most automatic segmentation algorithms are done using MRIs; 

however, we will segment CT scans for increased spatial resolution. Automated 

segmentation results will be compared against the “ground truth” as a metric of 

success (DSC score). 

          Considering medical professionals must undertake a multitude of tasks, they 

must maintain high productivity when completing any given task. Presenting the 
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aforementioned automated segmentation algorithms to physicians in their raw form 

would create potential for unintended modification of the algorithms, thus creating 

technical issues, reducing efficiency, and compromising patient care. To alleviate 

this concern, we also propose creating a universal software application to house 

and black-box our underlying automated segmentation algorithms. Creating a user 

interface (UI) that prioritizes simplicity, intuitive use, and extensive user control 

would grant physicians the power to see biomarker information in as much depth as 

needed while avoiding common problems, such as electronic medical record click 

fatigue, that plague physician interactions with software (Collier, 2018). Therefore, 

a software application for the automated segmentation algorithms would make 

them more likely to see use in clinical and clinical training environments.  

         In order to complete the objectives of this project I will be working with 

Carina Medicals, a startup that originated from multiple labs at the University of 

Virginia and the University of Kentucky. Specifically, I will be working with three 

students from the University of Virginia, as well as Carina Medical Co-Founder, Dr. 

Xue Feng. My responsibility within this team is to help implement the tubular shape 

of the coronary arteries into Dr. Feng’s pre-existing FCNN Coronary Artery 

segmentation algorithm in order to improve the accuracy, precision, and efficiency 

of the algorithm (Chen et al., 2019). I will be working with one other student on the 

Coronary Artery segmentation algorithm, while the other two students will be 

working on the goals stated for the HCM and hydrocephalus segmentation 

algorithms respectively. The resources required to complete this project consists of 

medical CT and MRI scans of patients with coronary artery disease, HCM, as well as 

hydrocephalus. These datasets originated from multiple hospital data records within 
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Virginia and Kentucky. Lastly, python tensor flow is used as the main software for 

the creation and manipulation of the FCNNs, while NVIDIA CUDA GPUs are used as 

the main computer systems to train and validate said FCNNs. 

STS Topic 

         With the sudden boom of artificial intelligence from autonomous vehicles to 

autonomous factories, stakeholders in these respective fields are becoming more 

anxious and fearful for their occupations (Frank et al., 2019). The fact of the matter 

is that whenever automation and artificial intelligence is introduced into a new field 

of work questions about the intent of the technology arises. Such questions consist 

of “Is this technology meant for the augmentation of workers, or the replacement 

of workers?” or “How will this technology affect human interaction?”. Artificial 

intelligence within the medical sector is no different, and physicians, patients, and 

clients all experience similar trepidations and worries about the intent of the 

technology (Ahuja, 2019). In addition, these trepidations serve as an impasse for 

implementing said technologies, resulting in the extermination of the value and 

potential relationship between the user and technology. Thus, my long-term 

objectives within this STS portion is to analyze how switching to deep learning and 

artificial intelligence for medical diagnoses will change the current regime of the 

hospital-physician system. Specifically, I will be looking at the physician’s feeling of 

relevancy with AI, how the patient-physician relationship will be affected, and how 

creators of the technology can change their design in order to obtain the physician’s 

trust and avoid an impasse situation. 

Background Information and Framing 
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         The hospital-physician system is one of the most unique systems seen within 

any sector or branch of society, and it is fundamentally driven through the 

sociotechnical interactions between physicians, clients, patients as well as medical 

tools or technologies. One staple of the hospital-physician system is the physician-

patient relationship. In the most fundamental sense, the physician-patient 

relationship is defined as a consensual relationship in which the patient knowingly 

seeks the physician’s assistance and in which the physician knowingly accepts the 

person as a patient. Within the physician-patient relationship there are four models 

which consists of the paternalistic model, the informative model, the interpretive 

model, and the deliberative model (Emanuel & Emanuel, 1992). Each model serves 

its own purpose to help provide the best course of action for the patient, for 

example, the deliberative model seeks to help the patient choose the best health 

related values by acting as a teacher or friend and engaging the patient in 

meaningful dialogue (Gedge & Waluchow, 2012). With the implementation of AI, 

stakeholders wonder what will remain of the physician-patient relationship. Debates 

about if artificial intelligence will help or harm the physician-patient system have 

been cited in numerous articles (Ahuja, 2019). Experts in medicine such as Abby 

Norman and Bertalan Meskó state how “your future doctor may not be human”, and 

how AI is “The Stethoscope of the 21st Century” implying how doctors will likely be 

replaced, ending the physician-patient relationship (Artificial Intelligence Is the 

Stethoscope of the 21st Century, 2017; Your Future Doctor May Not Be Human. 

This Is the Rise of AI in Medicine., n.d.). While other experts such as Krittanawong 

state how physicians are still needed for traditional physical exams, especially in 

areas such as neurology, which require high-level patient-physician interaction 
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(Krittanawong, 2018). Lastly, experts are also divided as to whether AI is likely to 

support and augment physicians by taking away the routine parts of a physician’s 

work and enabling the physician to spend more time with their patients, or if the AI 

will take away all parts of the physician’s work (Ahuja, 2019).  

Another staple of the hospital-physician systems is the physicians-technology 

relationship or the physician’s acceptance of technology. The physician’s acceptance 

can be modeled by a technology acceptance model (TAM) (Chuttur, 2019). TAM 

serves to provide stakeholders a better understanding of physician technology 

acceptance, as well as inform stakeholders about barriers that make physicians 

hesitant to embrace new technologies designed to increase efficiency and improve 

quality in a health care setting (Yarbrough & Smith, 2007). Understanding the TAM 

model for artificial intelligence technologies can help give insight to the degree of AI 

implementation in the hospital-physician system, as well as helping understand how 

AI technologies affect a physician’s feeling of relevancy, which are topics currently 

unknown and debated amongst medical professionals. Moreover, reverse 

engineering the TAM model can help aid engineers in designing technologies that 

will gain the trust of the physician, ultimately leading to a more productive society. 

With the increasing implementation of automation and artificial intelligence 

into the medical fields many stakeholders are curious in how these staples of the 

hospital-patient system will be affected. Given that many experts are conflicted and 

confused about the stance of AI in the medical sector, exploration and analysis of 

this subject manner is necessary in order to obtain the true impact of AI in the 

medical sector as well as to prepare for the future of medicine.  
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Exploration of the Changes in the Medical Sector via Artificial Intelligence 

Through the Lens of Multi Level Perspective Theory 

         Multi-Level Perspective Theory (MLP), developed by Arie Rip and Rene Kemp, 

is a transitional framework that concerns itself with the way in how society and 

sociotechnical systems change and develop (Caletrío, 2015). MLP states how during 

a systems transformation three levels interact. These levels are classified at the 

regime level, the landscape level, and the niche level. The landscape refers to 

global or social trends that occur which influence and pressure the regime, the 

regime which is mainstream society that is supported by social norms and 

integrated systems, and the niche developments where new ideas are allowed to 

grow until they have an opportunity to challenge the existing regime (Geels & 

Schot, 2007). The changes within the hospital-physician system brought about 

niche developments in AI as well as landscape pressure to improve diagnostics can 

be observed through the lens of MLP. 

         I plan to use an altered version of MLP created by Geels & Schot, which 

acknowledges how different timing and nature of multi-level interactions lead to 

different outcomes. For example, if landscape pressure happens when niche-

developments are not completed, the transition path will be different than when 

they are fully developed. In addition, Geels and Schot state that different multi-

level interactions have natures associated with them, which also alter the transition 

path. For example, Niche-innovations have a competitive relationship with the 

existing regime, when they aim to replace it. Niche-innovations have symbiotic 

relationships if they can be adopted as enhancing add-ons in the existing regime. 

AI is a niche development that is still not fully developed, and has an unknown 
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nature with the medical sector. In addition, the timing of the medical diagnosis in 

the medical field at the current moment is urgent, due to COVID-19 as well as 

everyone’s concern for safety. Thus, this altered version of MLP will serve well in 

gaining insights. 

Scope 

         Through the remaining time of this semester, as well as STS 4600, I will 

focus on how to use the altered MLP framework by Geels & Schot to examine how 

artificial intelligence and pressures for improved diagnostics will affect the hospital-

physician system. Within the hospital-physician system, I will be focusing on the 

patient-physician relationship, the physician’s feeling of relevancy, as well as how 

engineers can alter their designs to gain physician’s acceptance. This will be done 

by expanding research on the regime level, landscape level, and the niche 

development level. I will also explore TAM to understand feelings of relevancy and 

optimal technology designs. For example, for the regime level I will do an extensive 

search on the current practices and standards of medical image diagnostics. For the 

landscape level, I will research the social pressures placed on hospitals in order to 

diagnose illnesses more accurately due to COVID-19. Lastly, for niche development, 

I will research the current state of AI in the medical field in order to understand its 

nature as well as its potential to infiltrate the regime. In addition, research will be 

conducted to help understand the controversies about AI, such as if AI is to 

augment or replace. Research will be conducted with academic sources, books, and 

trusted news articles since I consider these empirical sources of evidence. Once all 

the research is done, I will be able to map out how each level of MLP interacts with 

each other, thus being able to posit the changes in the medical sector via artificial 
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intelligence. Lastly, the essential stakeholders are the physicians, patients, clients, 

institutions, as well as the engineers that are involved in innovation, 

implementation, or direct use of the medical system.   

Next Steps 

• November 4th – 15th: Obtain approval from STS professor on my prospectus.  

• November 15th – 30th: Start the research process for the landscape level, as 

well as start working on the coronary artery UNET backbone. 

• December 1st – 15th: Start the research process for the niche and regime 

level. Start looking at novel methods to increase efficiency, precision, and 

accuracy of the UNET algorithm. 

• December 15th –31st: Start the research process on TAM, and how TAM can 

be used to support MLP and give insights on designing better technologies for 

physicians.  

• February: Have a working coronary artery segmentation algorithm and start 

computing DSC scores with manual segmentations. 

• March: Compile all my STS research in order to start “connecting dots” and 

witnessing the interactions between MLP levels.  

• May: Submit Capstone paper, presentation as well as STS thesis. 
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