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Abstract

Accurate localization of the Nipple-Areola Complex (NAC) is essential for achieving
optimal aesthetic outcomes in chest reconstruction surgeries such as gender-affirming surgeries
and post-mastectomy procedures. Traditional methods for NAC placement rely heavily on
surgeons’ experience and judgement, which are subject to variability and limited reproducibility.
This thesis presents a machine learning-based decision support framework for automated NAC
localization using pose estimation and regression modeling. A dataset of 102 clinical images from
34 male subjects was processed using OpenPose, an open-source pose estimation algorithm, to
extract upper-body landmarks. Normalized distances between selected landmarks were used as
input features for six regression models: Decision Tree Regressor, Random Forest Regressor,
CatBoost Regressor, Multilayer Perceptron (MLP) Regressor, Support Vector Regressor (SVR),
and Linear Regressor. Among these, the Linear Regression model achieved the lowest mean
absolute percentage error (MAPE) of 0.06% for normalized distance prediction and 0.69% for
average predicted NAC position. To further enhance accuracy, a tilt correction algorithm was
implemented, reducing the MAPE from 1.2% to 0.75% (right NAC) and from 0.99% to 0.63%
(left NAC) in cases with subject tilt.

To address limitations in dataset size and diversity, a second phase of research introduced a
synthetic image generation pipeline using a Large Language Model (Llama 3.2). A prompt
engineering strategy enabled the creation of demographically varied anatomically realistic images.
Three experiments evaluated the impact of synthetic data on model performance. Results
demonstrated that moderate augmentation improved performance and generalization, particularly
when tested on demographically diverse or real-world images not seen during training.

This work illustrates the potential of Al-assisted decision support tools in plastic surgery,
specifically in standardizing NAC localization through data-driven modeling. The integration of
synthetic datasets further addresses challenges in data scarcity and enhances the generalizability

of clinical machine learning applications.
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Chapter 1. Introduction

Plastic surgery encompasses a broad range of reconstructive and aesthetic procedures that demand
meticulous planning and intraoperative decision-making to achieve optimal outcomes. In recent
years, the proliferation of medical data and advances in computational methods have opened new
avenues for clinical decision support. In particular, machine learning, a subfield of artificial
intelligence (Al), is increasingly being explored as a tool to assist surgeons in interpreting complex
clinical data and guiding surgical decisions[1], [2]. Researchers have highlighted the promise of
machine learning-based, data-driven approaches in plastic and reconstructive surgery, suggesting
that these techniques can help identify patterns in large datasets and improve key clinical decision
processes beyond the limits of human judgment[3], [4]. Early applications of machine learning in
plastic surgery have already demonstrated success in several domains. For example, algorithms
have been developed to predict burn wound healing time and to suggest optimal reconstructive
strategies for complex cases[5], [6].

One challenging context where decision support could be highly beneficial is in
reconstructive chest surgeries, such as post-mastectomy breast reconstruction, correction of
gynecomastia, and gender-affirming chest masculinization procedures. A critical aspect of these
surgeries is the proper localization of the nipple-areola complex (NAC) on the chest wall.
Achieving a natural and symmetric NAC position is central to the aesthetic success of the
reconstruction [7]. Surgeons typically determine the NAC placement during preoperative
planning, drawing on experience and various anthropometric guidelines. However, for male chests
and post-mastectomy reconstructions, there are relatively few standardized algorithms, and many
are impractical to apply [8]. As a result, surgeons often rely on intuition, experience and
individualized judgment for NAC placement in these cases [9].

Recent studies have quantified the extent of variation and difficulty in NAC localization.
Even experienced plastic surgeons exhibit significant discrepancies when asked to place the NAC
on a given chest wall, indicating that intuitive determination of the NAC is a challenge and prone
to inconsistency [10]. In the literature, the ideal NAC position remains a topic of debate: some
authors advocate using anatomical landmarks such as the pectoral muscle borders or thoracic
circumference as guides, whereas others acknowledge resorting to subjective judgment [11], [12].

This variability can lead to suboptimal outcomes if the NAC is misplaced, as the human eye is
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very sensitive to asymmetry [13].

Advancements in medical imaging and computational analysis offer a promising path to
address this need. Modern machine learning algorithms, especially deep learning models, can learn
complex spatial patterns from imaging data and have advanced automated image analysis in
medicine [14], [15]. In fields like radiology and oncology, convolutional neural networks (CNN5s)
can detect subtle features in images that humans might overlook [16]. Translating these capabilities
to surgical planning, researchers envision Al systems that analyze patient-specific anatomical data
and propose individualized operative plans [17], [18]. In breast surgery, machine learning tools
have been tested for tasks ranging from tumor localization to predicting reconstructive outcomes
[19], [20]. Applying machine learning to NAC localization is a natural extension of this trend.
Initial efforts in this direction have shown encouraging results. Ghodratigohar et al. developed a
prototype machine learning method to assist NAC localization in chest masculinization surgery,
using an artificial neural network trained on a dataset of male torso images [21]. Despite a limited
dataset, the model achieved high accuracy, demonstrating the feasibility of using machine learning
to support surgeons in NAC placement decisions. However, clinical datasets in this domain are
relatively small and often lack diversity due to the challenges of data collection in surgery [22].
Many machine learning models in medical imaging struggle with insufficient or biased training

data, which can hinder their reliability when generalized to new patients [23].

1.1 Objectives of the thesis

Accurate and consistent localization of the nipple-areola complex in chest reconstruction surgery
remains a significant challenge. During chest reconstructive surgery, surgeons performing post-
mastectomy breast reconstructions, gynecomastia corrections, and gender-affirming chest
surgeries often lack clear reference points for NAC positioning. Current NAC placement relies on
subjective judgment and heuristic guidelines, resulting in high variability among surgeons [9],
[10]. Patient-specific anatomical variation further complicates the determination of an ideal NAC
location. The absence of reproducible, objective methods introduces the risk of suboptimal
aesthetic outcomes and potential need for revision surgeries[7], [13]. The paucity of available data
also makes the development of an automated process a challenge. Therefore, the goals of this thesis
are:

e To develop a machine learning-based decision support approach to assist in the precise and



consistent localization of the NAC in reconstructive chest surgery.
e To evaluate the effect of augmenting real clinical datasets with synthetic images on the

performance and generalizability of the decision support system.

1.2 Motivation

The motivation for solving this problem is both clinical and technical. Clinically, precise
positioning of the nipple—areola complex (NAC) is critical to achieve natural chest aesthetics and
high patient satisfaction in both gender-affirming and post-mastectomy reconstruction. In chest
masculinization surgery, for example, accurate NAC placement is essential to create a convincing
male chest contour [24]. Misplacement of the NAC is a well-known pitfall [25], and proper NAC
placement significantly impacts postoperative satisfaction and body image, especially in gender-
affirming and post-cancer procedures [7], [13]. Patient-reported outcomes confirm this
importance, as the analysis of 363 of transgender men’s reviews found that NAC position and
appearance were the strongest drivers of satisfaction with chest masculinization surgery. Likewise,
in female breast reconstruction following cancer, restoring the NAC markedly improves body
image and psychosocial health. Women score significantly higher on psychosocial and sexual
well-being after undergoing NAC reconstruction than before [26]. In short, the NAC is often
described as the “finishing touch” that completes breast reconstruction and strongly influences a
patient’s sense of normalcy and confidence [26] . Technically, NAC localization represents a
complex, image-based anatomical prediction task that challenges current machine learning
pipelines due to small, non-diverse datasets [22]. The literature has proposed many different
references (the edges of the pectoralis muscle, rib or intercostal spaces, and thoracic width
ratios[7]) but these remain largely unstandardized. For instance, surgeons often rely on intuition
or experience when deciding NAC placement, rather than a reproducible mathematical rule [7].
This variability makes automated image-based prediction difficult: a recent review notes that
although many anatomical markers have been suggested, “placement of the NAC is contentious in
the literature” and consensus is lacking [7]. Timmermans et al. likewise observe that an accurate
patient-specific model for NAC position is still needed for preoperative planning [27]. Most
current approaches are ad hoc: surgeons measure and mark landmarks by hand or use simple
formulas. This manual landmarking is time-consuming and introduces variability. Timmermans et

al. found that without a standardized algorithm, routine practice led to systematic placement errors



(on the order of 1-2 c¢m) in both the horizontal and vertical coordinates. The lack of reproducible,
data-driven placement methods means existing techniques often lack consistency and
generalizability. Developing an effective solution could reduce subjectivity in surgical planning,
improve aesthetic outcomes, and serve as a template for broader Al-assisted tools in plastic
surgery.

It is worth mentioning that this project was initiated at the request of Dr. Kevin Cheung, a
reconstructive surgeon, who identified the need for a more automated and reliable method for NAC

localization in surgical planning

1.3 Contributions

This thesis makes the following contributions:

e Development of a fully automated machine learning-based NAC prediction model using
pose estimation and normalized distances from anatomical landmarks.

¢ Implementation of a tilt correction mechanism to improve model accuracy in cases with
subject tilt.

e Integration of an automatic prompt generation procedure using a large language model
(ChatGPT-4)

e Integration of synthetic data generated using a diffusion model (Emu) to augment dataset
diversity and size.

e Experimental evaluation across three scenarios: clinical images, synthetic images with

demographic variability, and external real-world public images.

1.4 Thesis Organization

This thesis is organized as follows. Chapter 2 presents a literature review. Chapter 3 presents the
development, methodology, and evaluation of a machine learning-based NAC localization system
using pose estimation and regression models. Chapter 4 explores the use of synthetically generated
chest images to augment training data and improve model generalization. Chapter 5 outlines the

conclusion and an outlook on future work.



Chapter 2. Background and Related Work

This chapter establishes the technical and clinical context of this thesis by surveying the evolution
of decision support systems in surgery, with a focus on applications in plastic and reconstructive
procedures. It provides an overview of existing methods and technologies that aim to improve
operative planning, especially regarding the localization of the nipple-areola complex (NAC) in
chest reconstruction. This background introduces the current state of the field and the necessity of

developing Al-based solutions for NAC positioning.

2.1 Decision Support Systems in Surgery

In this section, we review decision support systems and their integration into surgical practice. We
examine how these systems, ranging from rule-based to Al-powered tools, have contributed to

enhancing surgical planning and intraoperative guidance.

2.1.1 Decision Support in Surgical Planning

Clinical decision support systems (CDSS) are computer-based tools designed to assist clinicians
in making complex decisions by integrating patient-specific information with a knowledge
base[28]. In the context of surgical planning, decision support aims to enhance the surgeon’s
judgment and planning process with data-driven insights. Since their introduction in the 1980s,
CDSS have evolved significantly and are now often embedded in electronic health records to
provide real-time recommendations [28]. For surgeons, this means pertinent alerts or suggestions
(for example, reminders for prophylactic antibiotics or risk assessments) can be provided during
the preoperative planning and perioperative period. Garg et al. demonstrated that such systems can
improve adherence to clinical guidelines and provider performance, potentially reducing errors
and adverse events [29]. However, successful implementation in surgical workflows requires
careful integration so as not to overwhelm or distract the surgical team. User-friendly design and
relevance of advice are factors in surgeons’ acceptance of these tools.

Decision support in surgery can be broadly categorized by the approach used. Early-
generation systems are knowledge-based, relying on explicit clinical rules and guidelines (often
encoded as “if-then” statements), whereas newer systems may be non-knowledge-based,
employing statistical patterns or artificial intelligence (Al) to generate recommendations [28].

Knowledge-based (rule-based) systems use a predefined knowledge base, for example, a database
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of surgical best practices or protocols against which patient data are compared to produce
recommendations [28]. These systems have the advantage of transparency and explainability, as
the rationale follows human-authored rules. On the other hand, non-knowledge-based systems
leverage machine learning to identify complex patterns in data without explicit human-written
rules [28]. Such Al-powered decision support can potentially consider a vast array of variables
(imaging, lab results, prior cases, etc.) and may uncover insights not evident to human observers.
The drawback of using machine learning is that Al models often act as “black boxes” with limited
explainability, which raises concerns in high-stakes fields like surgery where accountability and
transparency are critical [28], [30]. Despite these challenges, there is growing enthusiasm for
integrating Al into surgical decision support because of its promise to improve predictive accuracy
and individualized planning [30]. Loftus et al. highlight that artificial intelligence-enabled decision
support in surgery is an emerging state-of-the-art, expected to transform how surgeons plan and
execute procedures in the future [30].

Overall, decision support systems in surgical planning seek to augment the surgeon’s
expertise with computational assistance. By combining patient-specific data with medical
knowledge, these systems can provide risk assessments, diagnostic suggestions, operative
planning guidance, and reminders for best practices. The goal of these systems is not to replace
surgeon decision-making but to support it, improving safety, consistency, and outcomes. As more
data become available and Al algorithms become more sophisticated, decision support tools are
likely to play an increasingly prominent role in surgical planning and intraoperative guidance [30],
[31]. Ensuring that these tools are validated and carefully integrated into clinical procedures will

be key to realizing their benefits while maintaining the surgeon’s authority in decision-making.

2.1.2 Decision Support Systems in Plastic Surgery

Within the field of plastic and reconstructive surgery, decision support systems have been applied
to assist surgeons in making complex operative planning choices. Plastic surgery often involves
complex decisions, such as selecting the optimal reconstructive technique for a defect or weighing
the trade-offs between aesthetic and functional outcomes [32]. Traditional surgical decision-
making in this domain has relied heavily on surgeon experience and patient preference. In recent
years, formal decision analysis and computerized support tools have been introduced to bring more

objectivity and consistency to these choices. For example, Sears et al. present decision analysis as



a structured approach to guide plastic surgeons through complex clinical decisions [33]. This
technique involves constructing decision trees that map out possible strategies and outcomes,
assigning probabilities and utilities to each, and computing which strategy yields the best expected
outcome [33]. The introduction of decision analysis to plastic surgery provides a systematic way
to evaluate options like reconstruction versus amputation or various surgical techniques, especially
in cases where high-level evidence may be limited. By 2010, decision analysis was being promoted
as an important tool for plastic surgeons to complement clinical judgment with evidence-based
modeling of decisions [33].

Plastic surgery has also benefited from specialty-specific risk assessment tools that support
decision-making. An example is venous thromboembolism (VTE) risk stratification for
postoperative patients. The Caprini Risk Assessment Model, originally a generic tool, has been
validated in plastic surgery populations as an effective predictor of VTE risk [34]. Pannucci et al.
(2011) demonstrated that the Caprini score accurately stratifies plastic surgery patients by VTE
risk, which in turn assists surgeons in making prophylaxis decisions (such as prescribing
anticoagulants for high-risk patients) [34]. By identifying patients at elevated risk for thrombosis,
the surgical team can tailor perioperative management accordingly. This kind of decision support
(a point-based statistical risk model) improves patient safety by ensuring at-risk patients receive
appropriate preventative measures. In practice, the Caprini score and similar risk models have
become part of many plastic surgeons’ preoperative planning to guide discussions about
prophylaxis and to fulfill informed consent obligations regarding risk.

Another area of decision support in plastic surgery is the development of algorithm-based
clinical pathways for specific procedures. These are essentially rule-based decision support
systems tailored to common surgical scenarios in plastic surgery. A recent example is the work of
Ziani et al. (2025), who developed a digital decision-support application to standardize
intraoperative choices during immediate breast reconstruction in patients with large ptotic breasts
[35]. This mobile app encodes an institutional surgical algorithm as an interactive guide: at each
decision point during the operation, the app prompts the surgeon with questions about the patient’s
anatomy or surgical findings and based on the preset algorithm, recommends the next step (such
as which reconstructive technique to use or whether to employ adjunctive support like acellular
dermal matrix) [35]. In a pilot study, use of the app led to consistent decision-making across

different surgeons, indicating that a rule-based system can reduce variability in care [35]. This was



a demonstration of a decision support system in plastic surgery that improves adherence to best
practices. The algorithm was derived from expert consensus and prior outcomes, and by following
it, surgeons achieved standardized results. Such tools are particularly valuable in complex
reconstructive procedures where multiple viable options exist because they ensure that decisions
are aligned with evidence-based pathways rather than purely individual preferences.

Plastic surgeons are increasingly exploring advanced decision support powered by artificial
intelligence as well. Although detailed discussion of Al methods is presented in section 2.1.5, it is
worth noting here that plastic surgery has been at the forefront of some Al-driven decision support
innovations. For instance, in breast reconstruction planning, machine learning algorithms have
been applied to recommend whether an implant-based or autologous tissue reconstruction would
be most appropriate for a given patient, based on that patient’s unique profile (e.g., body habitus,
medical history, and aesthetic goals) [36]. A recent systematic review by Ospina-Goémez et al.
highlights several advances in applying Al to breast reconstruction, including predictive models
that assist in flap selection and outcome prediction [36]. These Al models serve as decision aids
by analyzing large datasets of past patients to predict which surgical approach might yield the best
balance of safety and aesthetic outcome for a new patient. [32], [33]. Decision support algorithms
have demonstrated promising performance in tasks such as complication risk estimation and flap
viability prediction, with reported consistent AUC values between 0.70 and 0.78 for complication
prediction models [36] and AUC values of 0.95 (training) and 0.67 (testing) for flap failure
prediction [37].

2.1.3 Rule-Based Systems

Rule-based decision support systems rely on explicit knowledge representations, typically in the
form of if-then rules or decision trees crafted by medical experts. These systems are a subset of
knowledge-based CDSS and were among the earliest successful implementations of computerized
decision support [28]. In a rule-based system, a knowledge base of facts and rules is created, often
derived from clinical practice guidelines, protocols, or expert consensus. During use, the system
matches patient-specific inputs to this knowledge base and triggers recommendations according to
the encoded rules. For example, a simple rule in a surgical context might be: “IF the patient has an
allergy to penicillin, THEN recommend an alternative antibiotic for prophylaxis.” More complex

rule sets can guide multi-step decision processes, such as workups for surgical candidates or



perioperative management pathways.

In surgical planning and execution, rule-based CDSS have been used to promote
standardization and adherence to best practices [29]. One benefit of rule-based systems is that the
rationale for their recommendations is transparent, because the rules can be inspected and
understood by clinicians. This transparency helps build trust, as surgeons can verify that the
suggestions align with established guidelines. Many hospitals employ rule-based alerts in their
order-entry systems (for instance, reminding a surgeon to order deep vein thrombosis (DVT)
prophylaxis if a patient’s risk factors meet a certain threshold). These interventions have been
shown to improve compliance with care protocols and reduce oversight errors, thereby potentially
improving patient outcomes [29]. Systematic reviews have found that knowledge-based CDSS can
significantly improve practitioner performance in following guidelines, though the impact on
patient outcomes can vary case by case [29].

Despite their advantages, rule-based systems have limitations. They are only as
comprehensive as the knowledge encoded into them. If a rule base is incomplete or outdated, the
system may not recognize special circumstances or novel strategies, limiting its usefulness.
Additionally, rigid rule-based advice may not account for context that falls outside the predefined
logic. Surgeons sometimes face scenarios where strict guideline adherence must be balanced
against individual patient factors, and a simplistic rule might not capture that context. In such
cases, overly rigid decision support could be ignored or even potentially misleading. Therefore,
maintaining and updating the knowledge base is critical, which would require continual input from
experts to keep the rules aligned with current best practices.

Nonetheless, well-designed rule-based CDSS remain highly relevant in surgery. As
mentioned in the section 2.1.2, Ziani et al. implemented a rule-based intraoperative guidance
system (an algorithmic app) for breast reconstruction [35]. This is essentially a modern expert
system where the “if-then” logic was derived from an institutional algorithm vetted by experienced
surgeons. The success of that system, which improved decision consistency, illustrates that when
expert knowledge is appropriately captured in rules, the CDSS can effectively act as a real-time
checklist and guide. Beyond single-institution projects, many surgical specialties have developed
consensus-based care pathways (for example, Enhanced Recovery After Surgery (ERAS)
protocols in colorectal surgery or algorithms for trauma care) and embedded them into electronic

CDS tools. These are rule-based by nature and help ensure that no key step is missed in patient



care.

2.1.4 Statistical Models

As computing power and clinical data availability grew, statistical models became important
tools for decision support in surgery. These models typically use patient data and statistical
methods (such as regression analysis) to predict outcomes or risks, thereby aiding decisions with
quantitative risk-benefit estimates. Unlike simple rule-based logic, statistical models can consider
multiple variables simultaneously and provide probabilistic assessments [38]. In surgical planning,
one of the most common uses of statistical decision support is in risk prediction calculators. These
calculators estimate the likelihood of various outcomes (complications, mortality, etc.) for an
individual patient if they undergo a certain procedure. Surgeons can use these predictions to inform
treatment planning and to have more informed consent discussions with patients.

An example is the American College of Surgeons National Surgical Quality Improvement
Program (NSQIP) Surgical Risk Calculator, a tool developed from a multi-institutional clinical
dataset of over a million patients [38]. The NSQIP risk calculator uses logistic regression models
to predict the chances of specific complications (like pneumonia, cardiac event, surgical site
infection) and overall mortality for a given patient based on their preoperative variables and the
planned procedure [38]. Bilimoria et al. (2013), who developed and validated this universal risk
calculator, described it as a decision-support tool to facilitate shared decision-making and informed
consent [38]. The calculator outputs patient-specific risk percentages for outcomes within 30 days
of surgery. In practice, a surgeon planning an operation can input the patient’s demographics,
comorbidities, and the intended procedure, and the model will provide an estimated risk profile. If
the risk for a complication is particularly high, the surgeon might opt to modify the surgical plan
(for instance, schedule a higher level of postoperative care, or even reconsider the indication for
surgery if nonoperative options exist). On the other hand, a low-risk profile can reassure both
surgeon and patient and support proceeding with the planned intervention. The NSQIP calculator
exemplifies how statistical models improve decision-making: it brings data-driven risk assessment
to the table, countering cognitive biases or anecdotal impressions with hard numbers.

Many other statistical models are in use across surgical specialties. In cardiac surgery, for
example, the EuroSCORE and Society of Thoracic Surgeons (STS) risk models predict operative
mortality, helping decide candidacy for high-risk surgeries [39]. In plastic surgery specifically, the
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field has developed risk models for certain outcomes like flap failure or wound complications.
These models often take the form of nomograms or scoring systems derived from retrospective
clinical studies. As noted earlier, the Caprini score is a statistically derived risk stratification for
venous thromboembolism (VTE); its validation in plastic surgery demonstrates its effectiveness at
guiding prophylactic decisions [34]. Another example in plastic surgery is the work by O’Neill et
al., who created a machine-learning-based model (a form of statistical predictive model) to predict
free flap failure in breast reconstruction using numerous perioperative variables [40]. That model
achieved a high accuracy of 0.82 Area Under the Receiver Operating Characteristic Curve
(AUROC) in training and 0.63 AUROC on external testing, highlighting the need for robust
validation. This demonstrates how more complex statistical, or machine learning models are being
explored to support microsurgical decision-making. Surgeons could use such a model
preoperatively to identify patients at high risk of flap loss and perhaps choose a different
reconstructive strategy or ensure closer monitoring.

Statistical decision support models generally enhance the surgeon’s ability to anticipate
outcomes. They are particularly useful in facilitating shared decision-making with patients,
because they provide concrete estimates (e.g., “Based on our data, you have a 5% chance of a
major complication with this surgery”). This information can be important in helping patients
weigh the pros and cons of elective surgeries. It also allows personalization, moving away from
one-size-fits-all assumptions to acknowledging, for example, that an elderly patient with multiple
medical conditions might face a very different risk than a young, healthy patient. The limitation of
statistical models is that they rely on the quality and representativeness of the data on which they
were developed. If a patient differs significantly from the development population or if a surgery
1s uncommon, the estimates might be less reliable. Moreover, traditional statistical models assume
relationships based on historical data and might not capture complex, non-linear interactions as
well as newer machine learning methods. Despite these weaknesses, statistical models remain a
used tool in surgical decision support, providing an evidence-based quantification of risk that
complements the surgeon’s clinical judgment [34], [38]. They serve as an intermediate step
between simple rules and Al usage, as they are more flexible than rigid rules, yet more interpretable

and established than many machine learning models.

11



2.1.5 Al-powered systems

The latest generation of decision support systems in surgery are driven by Al and machine learning
algorithms. These Al-powered systems represent a shift from explicitly programmed knowledge
to learned patterns extracted from large datasets. In surgical planning and decision-making, Al
technologies are being employed to tackle complex tasks such as medical image analysis, outcome
prediction, surgical skill assessment, and even real-time intraoperative guidance [41]. One of the
major advantages of Al systems is their ability to integrate multiple streams of data like radiologic
images, electronic health record data, surgical videos, etc. and detect patterns or make predictions
that would be challenging for humans to do unaided.

In the preoperative phase, Al has shown promise in processing imaging studies for surgical
planning. For instance, computer vision algorithms using deep learning can automatically segment
anatomical structures on Computed Tomography (CT)/Magnetic Resonance Imaging(MRI) scans,
which is valuable for planning reconstructions or oncologic resections [37]. In plastic and
reconstructive surgery, this capability has been used to map out perforator vessels for flap
surgeries: Al models can analyze a CT angiogram and identify the optimal perforators for a
microsurgical flap, saving the surgeon time and increasing accuracy in planning the incision and
flap design [37]. By improving preoperative vessel mapping, such Al decision support can reduce
intraoperative guesswork and potentially lower the risk of flap failure or operative time. Similarly,
Al-driven 3D modeling can help craniofacial surgeons by converting patient imaging into virtual
surgical plans like planning osteotomies in orthognathic surgery or simulating post-reconstruction
facial appearance [37]. These Al tools augment the surgeon’s planning by providing a virtual
environment to rehearse or fine-tune surgical steps, effectively serving as a sophisticated decision
aid when choosing how to execute a surgery.

Machine learning models have also been created to predict surgical outcomes and
complications with high complexity, sometimes outperforming traditional statistical models [42].
These models (ranging from random forests to neural networks) can incorporate hundreds of
variables to forecast outcomes like complications, length of stay, or success of a graft. In the realm
of plastic surgery, recent studies have used machine learning to predict outcomes such as breast
reconstruction success or the likelihood of postoperative complications in cosmetic surgery
patients [36], [37]. Because machine learning can capture non-linear relationships, it may detect

subtle combinations of risk factors that classical regression would miss. Comprehensive Al-
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powered decision platforms that combine multiple aspects are emerging. For example, an Al
system might simultaneously analyze patient risk factors (predicting complications), anatomical
considerations (from imaging), and even surgeon-specific performance data to recommend an
optimal surgical plan [37]. Mansoor et al. (2025) describe such integrated platforms where Al
provides a recommendation on surgical approach by synthesizing patient-specific risk assessment,
expected outcomes, and anatomical analyses [37]. In their vision, a plastic surgeon planning a
breast reconstruction could receive an Al-generated recommendation on whether to use an implant
or a particular flap, which donor site to use, and how to execute the reconstruction to maximize
symmetry and minimize complication risk, all tailored to the patient’s unique profile [37]. This
kind of comprehensive decision support goes far beyond what earlier rule-based systems offered.

Al is also making its way into intraoperative decision support. In the operating room,
advanced systems can monitor the surgical field via computer vision. For example, in laparoscopic
surgery, Al algorithms can identify anatomical landmarks on the video feed and alert the surgeon
if instruments are approaching critical structures (as has been prototyped in bile duct identification
during cholecystectomy) [30]. These systems essentially act as a co-pilot, offering real-time
“observations” and safety checks. Another frontier is the use of large language models for
immediate decision support. Recent studies have evaluated models like ChatGPT in answering
intraoperative queries from surgeons. Atkinson et al. tested ChatGPT’s ability to provide accurate
responses to urgent surgical questions (specifically in the context of a complex plastic surgery flap
procedure) and found that while the Al could rapidly supply information, its reliability varied, and
it occasionally gave incorrect or incomplete advice [43]. This highlights both the potential and the
current limitations of Al, as a language model can sift through medical knowledge in seconds to
assist a surgeon, but it might lack the judgment or updated knowledge base to be fully trusted
without oversight [43]. Ongoing research is comparing different AI models (for example,
OpenAI’'s GPT-4 vs. other models) in how well they support surgical decision-making, with
improvements occurring rapidly in this field [44].

While Al-powered decision support offers powerful new capabilities, it also brings
challenges that need to be addressed for safe adoption in surgery. Surgeons must be aware of issues
like algorithm bias (AI models trained on non-diverse data may not generalize to all patient
populations) and lack of explainability in many Al recommendations [28], [30]. Moreover,

surgeons and patients may be hesitant to accept an Al-driven suggestion without a clear rationale
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or evidence of proven benefit. For these reasons, Loftus et al. stresses that Al systems in surgery
should function as adjuncts, providing supportive information rather than autonomous decision-
makers [30]. The surgeon remains the final arbiter of any decision, using Al input as one additional
source of insight. With appropriate validation, regulatory oversight, and user training, Al-powered
systems have the potential to enhance surgical planning and execution. Early outcomes from Al
implementations are promising, but further studies and experience will determine how these tools
can be best integrated into surgical practice for improved patient outcomes [30][37]. What is clear
is that the use of both surgical expertise and artificial intelligence holds promise for advancing

surgical care.

2.2 NAC Localization and Placement Techniques

This section examines the various approaches developed to determine ideal NAC positioning
during chest surgeries. It describes the historical and traditional methods, then progresses to more
structured geometric and manual measurement techniques and finally evaluates recent innovations
involving artificial intelligence and machine learning. This progression reflects how the field has

evolved from heuristic rules to increasingly personalized, quantitative planning strategies.

2.2.1 Traditional Methods

In the early development of breast surgery, surgeons focused on techniques to preserve the NAC
rather than precise quantitative positioning. In 1922, Thorek introduced the use of free NAC grafts
(removing and reattaching the nipple) to reposition the complex [45]. This approach allowed
flexibility in placement but often sacrificed innervation and carried risks of graft loss. It was soon
largely supplanted by pedicled flap techniques, which are techniques that allow tissue transfer
while maintaining the NAC blood supply. For example, Schwarzmann in 1930 described a
periareolar de-epithelialization method, and Gillies and MclIndoe in 1939 developed a skin—gland
flap mammaplasty to transpose the NAC while keeping it vascularized [45]. These early methods
established that the NAC could be moved to a more natural location on the reshaped breast mound,
but the placement was determined mostly by the surgeon’s experience and anatomical landmarks
rather than by measurements.

By the mid-20th century, efforts began to standardize the ideal NAC position on the breast.

Penn in 1955 proposed a simple rule based on anthropometry: in an aesthetically ideal breast, the
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suprasternal notch and the two nipples should form the vertices of an equilateral triangle with sides
approximately 21 cm in length [46], [47]. This guideline implied that the nipple-to-nipple distance
and the notch-to-nipple distance should each be about 21 cm in young women with proportionate
figures [47]. However, this guideline did not include any statistical validation across diverse body
types, and was not adjusted for patient height, weight, chest width or Body Mass Index (BMI). In
1956, Wise introduced a preoperative “keyhole” skin resection pattern designed to achieve this
symmetric placement of the NAC on the breast mound [48]. The Wise pattern provided a
reproducible template (resulting in the classic inverted-T scar) that helped surgeons position the
NAC consistently while preserving blood supply and sensation [48]. Over time, surgeons refined
reduction mammaplasty markings like Pitanguy’s 1960s technique using a dermoglandular
pedicle, however, they generally still adhered to similar landmark-based NAC positioning (e.g. a
sternal notch-to-nipple distance around 20-22 cm) [49]. Traditional female breast reduction
markings often placed the new nipple approximately 7 cm above the inframammary fold on the
breast meridian and centered over the breast mound [49]. This typically corresponded to the level
of the inframammary fold projected onto the breast surface, which surgeons would locate by
palpation or with calipers [47]. Such methods, while simple, introduced subjectivity. For example,
feeling the fold through a large breast is imprecise and did not account for variations in breast
ptosis[47].

In male chest surgery (gynecomastia and female-to-male transgender mastectomy), early
practices likewise relied on fixed anatomical landmarks. Surgeons historically placed the NAC at
roughly the level of the 4th intercostal space (around the 4th rib) along the lateral border of the
pectoralis muscle, which in an adult male corresponds to the usual nipple line[50]. For instance,
Murphy et al. in 1994 recommended positioning free nipple grafts for severe gynecomastia at the
fourth rib and just medial to the anterior axillary line[51]. The horizontal position was often taken
as the midclavicular line on each side, yielding an internipple distance similar to an average male’s
chest width [50]. Many surgeons simply “eyeballed” the placement to mimic a cisgender male
chest, sometimes using the one-third rule of the clavicle or aligning with the pectoral muscle
contour [50]. For example, Monstrey et al. suggested locating the new nipples one-third of the
clavicle length from the sternum on each side and slightly above the inframammary line [50]. A
common rule of thumb that emerged was to position male nipples about 19—20 cm down from the

sternal notch and approximately 22 cm apart from each other, based on average male
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anthropometry[50]. These set values were used in many standard “top surgery” cases and are in
line with measured norms (cisgender male averages around 19.3 cm notch-to-nipple and 22.3 cm
internipple distance)[52]. However, such one-size-fits-all guidelines often failed to account for
varied body types and weights. Clinicians observed that strictly following Penn’s 21 cm triangle
or analogous fixed numbers could produce a less natural look in older or larger patients, whose
nipples often sit lower and farther lateral preoperatively [47]. In the context of female to male
(FTM) chest reconstructions, early outcomes sometimes had the nipples placed too high on the
chest or too close together because surgeons applied female-based distances without tailoring to
the patient’s torso [53]. As Maas et al. noted in a 2020 review, these traditional methods using
chest-wall landmarks or fixed measurements often lacked a patient-specific approach and yielded
inconsistent aesthetic results in many cases [24]. Over time, it became clear that a more objective,

individualized strategy was needed to improve the accuracy of NAC localization.

2.2.2 Geometric and Manual Measurement Techniques

To introduce more precision into NAC placement, surgeons and researchers developed geometric
and measurement-based techniques in the late 20th and early 21st centuries. Rather than relying
on rough estimates, these methods use anthropometric measurements and simple math or tools to
determine the optimal nipple position for each patient. One early example was by Aufricht in 1949,
who advocated an “empiric and geometric planning” for pendulous breast reductions [47]. In the
modern era, several groups performed detailed anthropometric studies to derive reproducible
landmarks. Beckenstein et al. (1996) measured 52 males and reported normative distances for male
NAC location, finding for instance an average internipple distance of about 22 cm and a nipple-
to-midline distance around 11-12 cm in their cohort [54]. They also documented average areola
sizes and noted little variation with age or body mass, establishing baseline parameters for male
chest aesthetics. Around the same time, Shulman et al. (2001) analyzed male chest measurements
and suggested that the midclavicular line and inframammary fold could serve as reliable guides
for horizontal and vertical nipple position, respectively [12], [50]. These manual measurement
approaches provided surgeons with concrete numbers (e.g. distance from the sternum or clavicle)
to use during preoperative marking.

A significant advance came from applying analytical geometry to NAC localization. Beer et

al. (2001) developed a pair of equations to calculate the ideal nipple coordinates based on a
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patient’s thoracic dimensions[11], [24]. In their method, the chest circumference and the sternal
length are measured, and then simple formulas yield the recommended nipple-to-midline distance
and nipple height on the chest wall. This was one of the first attempts to create a predictive model
for NAC placement: Beer’s formula could be used to personalize the internipple distance and the
vertical level for an individual male patient [24]. Although relatively straightforward, the accuracy
of this approach depended on the assumption that chest shape scales predictably with those two
measurements. Subsequent studies by other authors worked to improve such models. Hage et al.
(1995), in a comprehensive review of FTM chest contouring, also emphasized taking patient
measurements into account and compiled earlier data to guide nipple positioning in transgender
men[55]. They highlighted that previous algorithms with fixed values did not fit everyone and
called for more tailored techniques [56].

Other teams devised geometric constructions to locate the NAC. In female breast surgery,
Khan et al. (2008) introduced an innovative method using the geometry of a triangle. They
postulated that the two nipples and the sternal notch should form an equilateral or short isosceles
triangle on the chest [47]. In their technique, the surgeon measures the base width (across the chest)
and the vertical distance from the notch, then uses the Pythagorean theorem to calculate the
hypotenuse, which corresponds to the precise distance from the notch to each new nipple position.
This “geometrical calculation method” objectively determines where to mark the nipple on the
breast surface. Khan et al. reported applying it in 40 breast reduction patients with satisfactory
placement of the NAC in all cases. They noted that the method was quick, required no special
instruments, and gave trainees confidence by reducing work that required subjective judgement.
Similarly, in male chest surgery, Mett et al. (2017) proposed the Mohrenheim-Estimated
Tangential Tracking Line (METT-Line) technique as an intuitive geometric guide. By evaluating
male chest photographs and surgeons’ freehand nipple drawings, Mett’s team found that the NAC
in men consistently lies along a line drawn from the infraclavicular fossa (Mohrenheim’s pit) and
about 4 to 4.5 cm above the inframammary fold level [8]. This finding was used to define the
METT-Line, along which the nipples can be placed using a combination of metric measurement
and the surgeon’s visual judgment. The METT-Line approach bridges empirical intuition with a
fixed geometric reference, and the authors reported it could reliably recreate a natural male NAC
position in their series of patients.

Several manual measurement algorithms have also been developed. Atiyeh et al. advocated
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another approach by invoking the golden ratio (¢ = 1.618) in determining NAC coordinates. They
observed that previous guidelines often yielded NAC placements that were “too high and too far
medially” on the male chest and sometimes involved cumbersome calculations [12]. In response,
Atiyeh’s method uses the divine proportion to simplify the process: key horizontal and vertical
distances on the torso are partitioned according to the golden ratio to locate the nipples in a more
aesthetically pleasing position. For example, one of the relationships they mention is between the
internipple distance and the distance from the umbilicus to the axilla, which they found to follow
a golden ratio in idealized physiques. By applying ¢, their technique yields a quick two-step
measurement for re-positioning nipples without complex tools. Atiyeh’s study, which presented
this method along with clinical examples, argued that it produces a balanced look and is easier for
surgeons to use in the operating room. Another example of a simplified measurement tool is the
use of templates or positioning calipers that some surgeons employ. For instance, a template might
ensure the nipples are marked at a set distance from midline and at the same height bilaterally
before making incisions [24]. These manual aids, while not algorithmic, represent the practical
extension of geometric principles in surgery.

In recent years, hybrid approaches combining patient-specific data and simple formulas have
emerged. Tanini et al. (2021) examined a cohort of athletic male subjects and noted that the ideal
male NAC has a consistent spatial relationship with the pectoralis major muscle. They found that
in well-built physiques the NAC is typically about 3 cm medial to the lateral border of the
pectoralis and roughly 2.5 cm above the inferior insertion of that muscle on each side [50]. Using
these observations, Tanini’s group described a quick intraoperative technique: after identifying the
edges of the pectoral muscle on the chest wall, the surgeon can mark the new nipple positions by
measuring a few centimeters inward from the muscle edge and up from its lower margin [51]. This
method was demonstrated in a pilot study of young male patients who were water-polo players
with fit bodies. However, the authors acknowledged that their cohort was relatively homogenous,
and results might differ in patients with higher body fat or less defined muscular tone.

All these geometric and manual measurement techniques aim to improve the accuracy and
reproducibility of NAC localization. They introduce objective criteria, whether mathematical
equations, proportional constants, or fixed landmark offsets, to guide surgeons in planning nipple
position. For instance, when applying Beer’s formula or Khan’s triangle in practice, surgeons can

achieve nipple symmetry within a few millimeters of the intended spot, as opposed to variations
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of a centimeter or more with purely visual estimation [47]. The push for measurable precision also
has introduced the idea of validating these methods statistically. Timmermans et al. performed
meta-analyses and external validations to compare different algorithms’ performance [27]. In one
study, Timmermans compiled data from 150 cisgender men to create a two-step regression model
predicting optimal internipple distance and sternal notch-to-nipple distance for a given individual.
This model achieved a mean absolute error under 5% for both key distances and proved
reproducible across external cohorts [27]. The effort to statistically validate such algorithms shifts
this field from traditional “rules of thumb” to evidence-based, quantitative planning. Despite these
improvements, these approaches remain constrained by assumptions of anatomical regularity and
limited adaptability to diverse body types. Moreover, the reliance on manually derived
measurements and fixed geometric heuristics restricts personalization, especially in complex or
non-normative chest anatomies. These limitations emphasize the need for more dynamic, data-
driven solutions, such as Al-based systems, that can generalize across variability and optimize

NAC localization beyond the constraints of rule-based methods.

2.2.3 Al-Based Techniques

Precisely positioning the NAC is critical for achieving a natural male chest contour. Surgeons
performing chest masculinization or gynecomastia correction surgeries have historically relied on
subjective judgment. As Mett et al. observed, “to date, there are no standards” for male NAC
placement and “only a few, metric and often impractical algorithms” are available [8]. Recent
studies have therefore explored computer vision and machine-learning solutions to standardize
NAC localization.

In one example, Kenig et al. developed a YOLOv3-based neural network to detect key breast
landmarks (including the NAC) in frontal photographs of breast-reconstruction patients [57].
While their model detected all NACs and achieved a landmark detection rate of 97.74%, the
method was limited to postoperative analysis and did not provide predictive capabilities for
preoperative NAC localization or guidance for initial placement. Similarly, Park et al. created the
S-BEST system, a DenseNet-264 network trained on annotated frontal breast photos, to
automatically detect 30 standardized breast landmarks including both nipples [58]. In validation,
S-BEST’s landmark measurements showed no statistically significant differences from manual

physical exam measurements for most distances (except for a high bias in nipple to inframammary
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fold distance), indicating high localization accuracy [58]. However, the system is limited to
postoperative aesthetic evaluation and does not provide predictive guidance for preoperative NAC
positioning, particularly in cases requiring reconstruction or gender-affirming surgery. Other work
has applied deep learning to related tasks. For instance, Guo et al. (2022) proposed a fully
automated deep-learning pipeline for breast cosmesis evaluation, using convolutional networks to
segment breast contours and extract landmarks [59]. Their system achieved performance
comparable to state-of-the-art clinical tools (such as BCCT.core[60]) without manual inputs.
However, the primary focus of this method is on postoperative cosmetic assessment rather than on
predictive NAC placement. As such, while these machine learning-based approaches demonstrate
that neural networks can detect NAC locations on patient images with high sensitivity (=98%
detection rates [57]), they do not address anatomical variability or offer decision-support
capabilities for guiding initial NAC localization during surgical planning.

Ghodratigohar et al. developed a machine learning method to predict the nipple—areola
complex (NAC) location for chest masculinization procedures using an artificial neural network
trained on body ratios extracted from 173 frontal images of male torsos [61]. Their model was
designed to estimate the horizontal and vertical positions of the NAC using normalized distances
from key anatomical landmarks, including the suprasternal notch, umbilicus, and anterior axillary
folds. These landmarks were manually annotated by the authors for each image in the dataset. By
converting these distances into dimensionless ratios, the authors aimed to minimize the effect of
scale and intersubject variability. The neural network, composed of fully connected layers with
ReLU activations and dropout regularization, was trained to regress the vertical and horizontal
NAC coordinates independently. On the test set, the model achieved root mean square errors
(RMSE) of 0.0617 and 0.0560 for the vertical and horizontal ratios respectively. When translated
into pixel-based distances normalized by body width, the RMSE for horizontal NAC position was
0.0254 (left) and 0.0314 (right), while the vertical position error was 0.0383. Despite these results,
several limitations constrain the generalizability and clinical readiness of this approach. The
dataset consisted of publicly available images of adult male torsos, which may not reflect the
diversity in body types or anatomical variability encountered with real life examples. Moreover,
the dataset size was limited, further constraining the generalizability of their model. In addition,
the anatomical landmarks used as model inputs were manually identified, which introduces

subjectivity and makes the process more labor-intensive, limiting its applicability in real-world

20



clinical settings.

2.3 Datasets for AI Decision Support Systems in Plastic Surgery

This section addresses the importance of data in the development of Al-driven decision support
tools. It outlines the challenges of assembling and curating surgical datasets and discusses how
dataset quality and diversity affect model performance. This section sets the stage for the data-

centric methodology introduced in Chapter 4 of the thesis.

2.3.1 Overview of Existing Datasets

A variety of image datasets have been used to train Al in plastic surgery, though most are limited
to specific tasks or small cohorts. In facial plastic surgery, for example, researchers have compiled
pre- and post-surgery photograph collections. Rathgeb et al. describe the IIIT-Delhi Plastic
Surgery Face Database, which originally contained 1,800 frontal face images (900 individuals)
with “before” and “after” views for various procedures (rhinoplasty, blepharoplasty, brow lift, skin
peeling, rhytidectomy)[62]. This database is publicly accessible via provided links, but many
original images are now unavailable. An additional set Rathgeb et al. used, the Hochschule
Darmstadt University of Applied Sciences Plastic Surgery Face Database, contains 638 subjects
(540 female, 98 male), with roughly 100 image pairs each for five common facial surgeries. Such
face datasets have been used in biometric and surgical outcome studies. These databases illustrate
the types of clinical photographs used for Al tasks: typically, 2D frontal views standardized for
size and pose.

For breast and aesthetic surgery, other clinical photograph collections have been used. Park
et al. developed a deep-learning tool (S-BEST) for breast aesthetic scoring using a dataset of frontal
breast photographs from 100 women with breast cancer[58]. They annotated each image with 30
anatomical landmarks (sternum, nipple, etc.) and trained their model to measure symmetry and
distances. Their model achieved very high agreement with physical exam measurements on most
landmarks, though one distance (nipple-to-inframammary fold) showed some bias (coefficient of
determination ~0.38—0.42). Park et al. therefore demonstrate that relatively small, well-annotated
real-image datasets (100 patients, 2D photos) can train useful Al tools for specific plastic surgery
metrics. Similarly, small surgical image sets have been used for tasks like ptosis evaluation or

symmetry assessment in reconstructive breast surgery (though these are usually proprietary to each
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study, often on the order of dozens of patients). Keefer et al. conducted a systematic analysis of
data sharing practices across the seven highest-ranked plastic surgery journals between 2018—
2023, revealing that only 1.51% (11 out of 727) of published clinical articles included a data-
sharing statement [63]. The prevalence of statements varied significantly by journal, ranging from
0.43% to 4.42%, and was more common in clinical trials (1.92%) than cohort studies (1.16%).
Follow-up with authors who promised data availability yielded no responses. These results indicate
that very few plastic surgery datasets are accessible or even acknowledged.

Singh et al. reviewed ethical factors related to artificial intelligence in plastic surgery and
highlighted multiple dataset-related concerns, including bias and patient privacy risks [64]. The
authors analyzed 63 Al-related publications (15 selected for in-depth review), concluding that most
datasets lack diversity, particularly in terms of skin tone, gender, and age distribution, and that
sensitive clinical images are often collected without standardized consent or anonymization. They
emphasized the need for transparent, secure, and ethically governed dataset practices guided by
regulatory frameworks such as HIPAA (Health Insurance Portability and Accountability Act) and
for the deployment of explainable AI models. These observations demonstrate the significant
ethical constraints and gaps in currently available datasets for plastic surgery Al models.

In addition to human-derived images, medical imaging datasets tangentially related to plastic
surgery have been released. For instance, the fastMRI-Breast dataset provides multi-institutional
contrast-enhanced breast MRI scans from 381 patients (over 2,000 MRI examinations) for Al
research in breast imaging[65]. While fastMRI-Breast is aimed at cancer screening, such
volumetric imaging resources could potentially support reconstruction planning or implant
assessment. However, most explicitly plastic surgery Al work relies on 2D clinical photos as
above.

For surgical planning (e.g. craniofacial or orthognathic surgery), some groups have collected
limited 3D scan or radiographic sets (for example, the test set of 53 3D breast scans used in a
computational modeling study [66]), but no large public repository is known. Spoer et al. reviewed
1,820 Al-related publications and found only 44 met criteria for clinical relevance, with nearly all
still in early validation phases (phases 0-2) and only one study reaching phase 3 (clinical
evaluation)[67]. The authors emphasized that inadequate dataset scale, structure, and
standardization were major barriers to progress and recommended collaborative development of

standardized plastic surgery datasets to support clinical deployment of Al
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2.3.2 Challenges in Collecting Real Datasets

Building robust Al models for plastic surgery is hampered by numerous data challenges. Plastic
surgical data are intrinsically sensitive and hard to share. Keefer et al. note that patient privacy
concerns and unclear data-sharing conditions were primary barriers to data sharing [63]. Routine
clinical photography in plastic surgery is invaluable for monitoring outcomes, but each image is
potentially identifiable. As Keefer et al. explain, incorporating photography into routine care
heightens legal and privacy risk, as digital images may expose patient identity if not rigorously de-
identified. Informed consent for photography is another hurdle, as inconsistency in obtaining valid
photo consent can lead to incomplete datasets [68]. Thus, IRB and ethical constraints often limit
both the size and availability of real surgical image sets.

Even when data can be collected, dataset size and diversity are often insufficient. Plastic
surgery is highly individualized and elective; assembling large cohorts is slow. Studies frequently
use only dozens of cases per procedure. Although larger datasets are needed for more accurate
results, plastic surgery patients inherently yield small samples [64]. This scarcity is aggravated by
the fact that many procedures are uncommon or only performed on one side (e.g. rare
reconstructive cases). As an example, the IIIT-Delhi face database, though sizable for a face
dataset, still had imbalances. Some surgery types (otoplasty) had far fewer examples, and overall
images per patient varied widely [62]. Consequently, AI models trained on such data risk
overfitting and may not generalize to broader populations.

Another challenge is data heterogeneity and quality control. Real clinical photos vary in
lighting, pose, resolution, and background. Rathgeb et al. report that the IIITD face dataset
contained many low-quality images, duplicates, and inconsistent framing [62]. These issues make
it hard to 1solate the effect of surgery from trivial variations. For instance, Nguyen et al. found that
differences in inter-ocular distance and head tilt (unrelated to surgery) could confuse models
trained on the dataset [69]. Schlett et al. examined web-scraped facial image datasets and found
that hundreds to thousands of duplicate images persisted even after deduplication measures,
indicating that unintended factors like repeated head positions or framing can influence model
outcomes in face-recognition systems, which could generalize to other applications [70]. This lack
of standardization is typical, as photos taken for the same dataset years apart may use different
cameras or patient positioning, adding noise. Ensuring uniform photographic protocols and image

preprocessing is labor-intensive.
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Closely related is the annotation bottleneck. Many Al tasks (e.g. landmark detection,
symmetry scoring) require expert labeling. Plastic surgeons must mark key points or rates
outcomes, which is time-consuming. As Duong et al. advise, collaboration between surgeons and
Al teams is essential: clinicians should “assist Al researchers by granting access to clinical data
and aiding in the annotation of datasets for AI model training”[71]. In practice, however, busy
surgeons and institutions have limited capacity to label hundreds of images. This often forces
studies to rely on automated or semi-automated annotations, which may be less accurate, or to
limit study size to what is manually feasible.

Finally, bias and representativeness of collected data pose critical challenges. Many datasets
over-represent certain demographics (e.g. young, healthy females for cosmetic procedures) while
under-representing others (older patients, males, diverse skin tones). Singh et al. emphasize that
“biased datasets can lead to discriminatory practices”[64]. For example, if a plastic surgery Al
model is trained mostly on light-skinned patients, it may perform poorly on darker-skinned
individuals. Similar issues arise if most data come from one geographic region or ethnicity.
Mitigating bias is difficult without deliberately curating balanced data, which in turn may not be
feasible given the limited pool. Kenig et al. succinctly state that “the model [is] only as good as
the data set used to train [it]”’[57], highlighting that any bias or gaps in the data will directly affect
model performance.

Real-world plastic surgery datasets face major hurdles: patient privacy/legal issues limit data
sharing [63]; small, imbalanced samples reduce model robustness [62], [64]; image
quality/standardization varies widely [62]; and annotation/bias concerns complicate model
training [71]. These challenges explain why many current studies rely on small internal cohorts

and motivate the exploration of synthetic data and novel data-collection strategies.

2.3.3 Importance of Diversity and Scale

Data scale and diversity are critical for the reliable performance of machine learning in
plastic surgery decision support. In general, larger training datasets improve statistical robustness
and reduce model variance, whereas insufficient data increase overfitting and estimation error [72],
[73]. For instance, Althnian et al. found that “large datasets lead to better classification
performance and small datasets may trigger over-fitting” [72]. Overfitting occurs when a model

learns noise or outliers in the training set rather than the underlying pattern. It is much harder to
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avoid overfitting with few examples because the model has freedom to fit every point. Althnian et
al. explain that small datasets “cannot generalize patterns in training data” and that over-fitting can
even spill over into validation sets [72]. In other words, with limited data, even cross-validation
performance may not reflect true generalization.

Similarly, Giitter et al. found that very small training sets produced less robust models, with
rapidly rising error when any label noise or variation was introduced [73]. Small-scale datasets
yield high error variance. The model’s predictions swing dramatically with minor data changes,
making the machine learning model unreliable. By contrast, large datasets (with diverse examples)
average out random noise, yielding smoother decision boundaries and lower test error [72], [73].
Giitter et al. report that models require “sufficiently large datasets” or they will “likely overfit to
the training data” [73]. These principles follow from the bias—variance tradeoff: with small data
the estimation variance is high, so predictions vary widely and error rates are elevated. Conversely,
increasing sample size tends to reduce variance and improve generalization, lowering the expected
error on new patients [72], [73]. Althnian et al. note that increasing dataset size almost always
improves predictive accuracy, whereas reducing data can sharply degrade it [72]. In their
experiments, classifiers trained on small medical datasets (e.g. a few hundred examples) showed
much higher variability and lower accuracy than those trained on larger sets. For example, on one
subset with only 98 samples, the average accuracy was as low as 62%, whereas on larger subsets
it approached 99%. This broad range (62—99%) illustrates how limited data can lead to extreme
performance swings depending on dataset scale.

Biased training sets also inflate sampling error and bias the model. When key subgroups are
underrepresented, a model may learn false correlations. Class imbalance is a well-known
phenomenon: if one class (e.g. a specific breast shape or facial phenotype) is rare, a machine
learning model tends to favor the dominant class, often yielding poor sensitivity for the minority
class [72]. In plastic surgery, rare anatomies (e.g. unusual craniofacial variations or large
reconstruction cases) may be under-sampled, leading to predictions that systematically omit or
misestimate those cases. Similarly, non-uniform sampling of patient demographics (e.g. an
imbalance between young vs. older patients) creates sampling bias in the dataset. This means the
training data do not fairly represent the target population, causing the model to perform well on
common cases but worse on atypical ones. Statistical learning theory dictates that robust

generalization requires representative sampling; skewed data can violate assumptions and thus
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degrade performance [72]. In practice, algorithms trained on limited or biased data “may perform
worse,” exhibiting inflated errors even on held-out validation examples [72].

Plastic surgery involves patients of all skin tones, ages, genders, and body types, so an Al
model must work well across this spectrum to be safe and fair. However, most existing datasets
(in any medical domain) are dominated by light-skinned individuals and narrow demographic
slices. For example, facial image datasets often comprise roughly 80% or more lighter-skinned
faces [74], leaving darker-skinned patients underrepresented. Buolamwini et al. demonstrated that
commercial facial analysis systems trained on such skewed data had higher error on dark-skinned
women (up to 34.7% error) than on light-skinned men (as low as 0.8% error)[74]. The authors
reported that in standard test sets the error rates in determining the gender of light-skinned men
were never worse than 0.8%, whereas for dark-skinned women the error rates were at 20-34.7%
[74]. These findings, though in a general vision context, directly illustrate how intersectional

underrepresentation (skin tone X gender) can yield inequitable performance.

2.3.4 Synthetic Datasets in Plastic Surgery

The application of artificial intelligence to plastic surgery is limited by the scarcity and sensitivity
of real clinical data. Unlike many other domains, large-scale annotated datasets of surgical images,
outcomes, or patient records in plastic surgery are rare due to privacy concerns, ethical restrictions,
and the heterogeneity of procedures [75], [76]. Because real plastic-surgery images are scarce,
recent studies have explored synthetic data generation. For example, Ozmen et al. argue that Al in
surgery is limited by “scarcity of large, diverse outcomes datasets.” Generating synthetic data
using Al can mitigate these barriers by augmenting existing datasets or creating fully artificial
cohorts. Synthetic images can capture a broad spectrum of patient anatomies and surgical
scenarios, thereby enhancing model training without compromising privacy [75]. For instance,
generative adversarial networks (GANs) have been proposed to generate “realistic synthetic data,
capturing a broad spectrum of patient profiles and surgical scenarios” for outcome prediction [75].
This approach enables training of Al models on enriched datasets that more comprehensively
represent the variability encountered in plastic surgery.

Generative methods extend beyond image augmentation. Recent work emphasizes
conditional GANSs, variational autoencoders (VAEs), and style-based networks tailored to medical

imaging. Ozmen et al. describe using conditional GANSs [77] and Wasserstein GANs [78] to model
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the statistical properties of surgical data [75]. This approach has been explored in specific domains:
for example, Chandaliya et al. developed PlasticGAN, a GAN-based framework that generates
post-operative facial images by simulating aesthetic procedures [79]. PlasticGAN is designed to
produce realistic “after” surgery faces given “before” inputs, aiding tasks like outcome
visualization or recognition. They report that even state-of-the-art face recognition systems
struggle with these synthetic post-surgery images, emphasizing their complexity. Flynn et al.
generated a repository of 1000 synthetic facial images using an open-source GAN, then analyzed
attributes (e.g. age, gender, landmarks) via computer vision [80]. These synthetic faces adhered to
aesthetic principles of horizontal thirds and vertical fifths, demonstrating “excellent
correspondence” to real photographs [80]. In other words, the GAN-produced faces mirrored the
statistical facial proportions of real patients while providing unrestricted research samples.
Similarly, Hayajneh et al. introduces CleftGAN, which they used to create photorealistic children’s
faces with cleft lip deformities [81]. Hayajneh et al. report that CleftGAN can generate “an almost
unlimited number of high-fidelity facsimiles of cleft lip facial images” from only 514 real training
photos [81].

In breast reconstruction and augmentation, synthetic data enables outcome simulation and
risk modeling. Chartier et al.’s BreastGAN trained a convolutional network on paired preoperative
and postoperative breast photographs to simulate surgical results [82]. The model produced
synthetic postoperative images from preoperative photos, and these Al-generated images were
“comparable to real surgical results” according to qualitative evaluation [82]. This demonstrates
that synthetic image generation can model breast augmentation outcomes without requiring
expensive 3D simulation hardware. Furthermore, Ozmen et al. note that in breast reconstruction
contexts, GANs could synthesize data capturing the full “spectrum of patient features, tumor
characteristics, and treatment variables™ to predict oncologic and aesthetic outcomes [75].

To the best of my knowledge, no large public repository of synthetic plastic-surgery images
yet exists, but these proof-of-concept studies suggest potential. In microsurgery research, Ozmen
et al. showed that augmenting a small outcomes dataset with high-quality GAN-generated cases
can improve Al predictive modeling of surgical success [75]. Similarly, Lim et al. have proposed
using text-to-image models (like DALL-E) to simulate cosmetic procedures in underrepresented
groups, generating synthetic faces to balance training data [83]. These examples illustrate that the

approach of creating synthetic plastic surgery images is emerging, even if fixed “datasets” of
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synthetic images are not yet standardized.
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Chapter 3. Enhancing Nipple Positioning Accuracy in Chest
Reconstruction Surgery: An Automated Machine
Learning Approach

This chapter addresses thesis objective 1 of developing a machine learning-based decision support
approach to assist in the precise and consistent localization of the NAC in reconstructive chest
surgery. This chapter presents a complete version of the paper accepted for publication in the
proceedings of the IEEE International Symposium on Medical Measurements and Applications
(IEEE MeMeA). It addresses the problem of automated nipple—areola complex (NAC) localization
in chest reconstruction surgery. The content is reproduced in its original form without any

modifications.

3.1 Abstract

Accurate placement of the Nipple-Areola Complex (NAC) is critical for the aesthetic success of
chest reconstruction surgery. Traditional methods rely on the surgeon's experience and subjective
judgment, presenting a need for a more objective and reliable approach. This study introduces a
machine learning solution to estimate the NAC position on a male chest wall. In this study, we
feed a dataset composed of 102 images of 34 male subjects of different ages and body types into
an open-source pose estimation algorithm to detect upper body key points that are common to both
biological sexes such as shoulders and elbows. A selected subset of those key points is then used
to form a normalized feature set which was fed into six regression models: Decision Tree
Regressor, Random Forest Regressor, CatBoost Regressor, Multilayer Perceptron Regressor,
Linear Regressor, and Support Vector Regressor to predict the NAC position. The lowest mean
absolute percentage error (MAPE) between the real and predicted normalized body ratios (0.69%)
was achieved with Linear Regression. Subsequently, the chosen model was used to predict the
positions of both nipples. A tilt-correction mechanism was introduced to improve accuracy when
patient posture was misaligned. Without tilt correction, the MAPE for right and left NAC positions
was 1.2% and 0.99%, respectively, which was reduced to 0.75% and 0.63% after correction. Our
results suggest that machine learning can be used to assist surgeons performing chest

reconstruction surgeries.
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3.2 Introduction

The precise localization of the Nipple-Areola Complex (NAC) is vital for the success of chest
masculinization surgeries for female-to-male (FtM) transgender patients, as well as individuals
undergoing reconstructive procedures following breast cancer surgery. These procedures typically
involve the removal of the NAC, followed by its reconstruction at the end of the surgery,
positioning the NAC in a location aligned with that of a biological male chest. Ghodratigohar et
al.[21] underscore the significance of accurate NAC positioning in achieving a male-appearing
chest, a critical determinant of the procedure’s aesthetic success. The inherent differences in the
location and shape of the NAC between male and female chests necessitate innovative approaches
for repositioning, which include the removal of breast tissue, excess skin, and the strategic
reshaping of the NAC to minimize scarring while maintaining its masculine characteristic shape.

The complexities of NAC repositioning are highlighted by Kééridinen et al.[10] who
observed that 40.4% of FtM transgender patients required secondary aesthetic correction. Their
work divided patients into two groups, on which either a transverse incision approach or a
concentric circular approach was used for the mastectomy procedure. It was shown that 27.6% of
the concentric circular group and 3.6% of the transverse incision group needed corrections to the
shape and size of the NAC, which highlights the necessity for precise NAC repositioning and
potential aesthetic revisions. Ayyala et al. [9] emphasized the importance of accurate NAC
localization in chest masculinization and breast reduction surgeries to achieve appropriate
masculine chest contours. This is typically done using traditional methods, where a triangular
reference is manually constructed using the suprasternal notch, the left or right nipple, and the
corresponding inframammary fold projected to the midline as vertices. In a follow-up study by
Van de Grift et al. [84], 80% of patients who underwent double-incision mastectomy reported
satisfaction with chest symmetry, but only 60% were satisfied with nipple symmetry. These
findings suggest that improving methods for precise NAC localization is necessary to enhance
postoperative outcomes.

Beer et al. [11] observed that the nipple-areola complex in men can be localized by manually
measuring some anatomical reference points on the chest. NAC localization was done relative to

the lateral edges of the pectoralis major muscles and the midline of the body. The localization was
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obtained with the use of a mathematical formula involving measurements like the height of the
pectoral muscle fold and the distance to the midline. However, the results indicate that although
the NAC could be localized using this formula, its accurate placement could vary depending on
factors such as patient’s Body Mass Index (BMI), height, and age, and as such, some adjustments
might be necessary. For example, patients with higher BMI typically required the NAC to be
positioned slightly lower and more laterally compared to patients with a lower BMI.

Atieh et al. [12] proposed another method to localize the NAC based on the golden ratio
(Phi), using two manually measured distances; the umbilicus-suprasternal notch distance (U-SN)
and the umbilicus-anterior axillary fold distance (U-AX). They also examined the correlation
between the calculated NAC coordinates and factors such as weight, height, and BMI and observed
that while the inter-nipple distance (N-N) did not significantly correlate with these factors, U-AX
and U-SN distances were correlated. This suggested that the vertical positioning of the NAC may
vary with patient body size and shape, necessitating manual correction. Due to their manual and
labor-intensive nature, traditional methods for NAC localization often prove clinically impractical.

Ghodratigohar et al.[21] introduced an image-based method utilizing an Artificial Neural
Network (ANN) for automatic NAC localization. The method involved manually labelling various
body landmarks such as the suprasternal notch (SN), anterior axillary fold (AX), and umbilicus
(U) and then creating normalized distances using the distances between those landmarks as inputs
to the ANN. However, this approach did not achieve full automation of the localization process.

In response to the inaccuracies involved in the traditional NAC localization methods, and
the manual labor-intensive nature of the aforementioned approaches, this paper proposes a novel,
fully automated machine learning approach for NAC localization, building upon the work of
Ghodratigohar et al.[21] while incorporating an anti-tilt mechanism to further refine the precision
of surgical planning and execution in chest reconstruction surgeries. Our work builds upon the
work of Ghodratigohar et al.[21] and addresses the mentioned limitations, demonstrating that

artificial intelligence can be used to support decision-making in chest reconstruction surgeries.

3.3 Methodology

3.3.1 Dataset

The anatomical structure of the biological male chest differs from that of the biological

female chest. Since the goal of chest masculinization reconstruction surgery is to create a male-
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appearing chest, our machine learning model needed to learn from examples that reflect the final
aesthetic goal. To achieve that, we collaborated with the Children’s Hospital of Eastern Ontario
(CHEO) to collect a dataset featuring 34 biological male subjects. Each subject was photographed
in three poses to reflect varying real-world scenarios, as can be seen in Fig. 3. 1. This clinical

dataset was assembled after obtaining the ethics approval certificate H-03-20-5662.

(b) (©

Figure 3. 1(a): Patient standing in an anterior-posterior orientation, with arms away (b):
Patient standing in an anterior-posterior orientation, with arms to the side (c): Patient in supine
position, with arms away.
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All of the patient images were compiled to form our dataset, consisting of 102 images in
total. This dataset was later split into training (80%) and testing (20%). To prevent overlap between
the training and testing sets, we randomly selected seven subjects and allocated all their images
exclusively to the testing set. As a result, our dataset was split into 81 images for training and 21
images for testing.

The patients’ skin color, body type, and age groups were recorded in the pie charts in Fig.3.2
below. The patient’s skin colors were classified according to the Fitzpatrick scale[85] highlighted
in Fig.3.3.[85]

Obese: 4 (11.8%)

I: 7 (20.6%)
Slightly Obese: 9 (26.5%)

_“ VI: 1 (2.9%)

II: 17 (50.0%) V:1(2.9%)

IV: B (23.5%)
Lean: 21 (61.8%)

(a) (b)

= 35 years: 10 (29.4%)

< 35 years: 24 (70.6%)

(©

Figure 3. 2 Pie-Charts showing the distribution of the clinical dataset in terms of a) Skin Color b)
Body type and c) Age groups
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Figure 3. 3 The Fitzpatrick skin phototype scale (Types I-VI), classifying human skin by its
response to ultraviolet (UV) exposure[85]

3.3.2 Landmarks

To automate NAC localization in chest reconstruction surgeries, we leveraged OpenPose, an
advanced open-source pose estimation library[86] to automate the extraction of anatomical
landmarks, an advancement over prior manual selection methods. We fed our data into OpenPose
which superimposes color-coded points on the input images (Fig. 3.4-a) like shoulders and elbows.
For every image, a JSON file that details the coordinates (x and y) of each detected anatomical
landmark detected for every detected object in the image is generated. As our goal is to localize
NAC coordinates, we subsequently labelled the dataset by manually annotating the coordinates of
the left and right nipples (LN and RN) (Fig. 3.4-b).

For some images in our dataset, the OpenPose algorithm mistakenly identified some
inanimate background objects like a glovebox or a thermometer hanging on the wall of the clinical
examination room as human subjects, as can be seen in Fig. 3.4. To eliminate these erroneous
detections, we leveraged the fact that our object of interest, the patient, is in the foreground while
other unwanted objects are smaller and confined to the background. Hence, we calculated the
vertical distance between the highest and lowest detected landmarks for each detected object and

selected the object with the greatest vertical distance.
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(b)

Figure 3. 4 (a): The raw output from OpenPose detecting 4 objects in the image, one of the
objects is the subject we are interested in, the other 3 are background noise. (b): The output
after manually adding the Left and Right nipples.

For this study, we used the OpenPose’s Body 25 model, which detects 25 anatomical
landmarks (Table 3.1-a). However, as some of our dataset images exclude the subjects' legs,
certain landmarks, including the left and right knees and ankles, are not detectable. Additionally,
inconsistencies were noted in the detection of some landmarks, such as the left and right wrists
and hips, across images processed by OpenPose.

To address this, a team of three researchers reviewed each of the images and selected six landmarks
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that were consistently well-detected across all images (Table 3.1-b). Additionally, we manually

labelled two additional landmarks: the left nipple and the right nipple, as shown in Table 3.1-b.

Table 3. 1-a All the output features from Openpose

All Landmarks from OpenPose
Nose

Left Eye; Right Eye

Left Ear; Right Ear

Neck

Left Shoulder; Right Shoulder
Left Elbow; Right Elbow

Left Wrist; Right Wrist

Left Hip; Right Hip; Mid Hip
Left Knee; Right Knee

Left Ankle; Right Ankle

Left Big Toe; Right Big Toe
Left small Toe; Right small Toe
Left Heel; Right Heel

Table 3. 2-b Reduced Openpose features chosen, in addition to the 3 features we added

Final Chosen
Landmarks (FCLs)

Neck Detected
Left Shoulder by
Right Shoulder OpenPose
Left Elbow
Right Elbow
Mid Hip
Left Nipple (manually | Manually
added) (LN) annotated
Right Nipple (manually
added) (RN)

3.3.3 Feature Extraction

Using the coordinates obtained from the pose estimation phase, we calculate the pixel distance
between each Final Chosen Landmark (FCL) point and every other point in that dataset. The
coordinate system used is defined with its origin at the top-left corner of the image, where the
positive x-axis extends horizontally to the right and the positive y-axis extends vertically
downward. Images in our dataset may display the subject at different distances from the camera,
hence making pixel distances a poor choice of measurement for NAC localization. To address this,
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we normalized these pixel distances by dividing them by a reference distance. To select the
reference distance, a committee of three researchers reviewed the images and observed that the
inter-shoulder distance (ISD), the distance between the left and right shoulders, was well defined
in all OpenPose-processed images.

Since the goal is to determine the coordinates of the NAC, it is essential to define both a
vertical and a horizontal reference distance to establish a coordinate system on the body. For the
y-coordinate, a reference point aligned horizontally with the right and left nipples (RN and LN)
was needed. Given that the FCLs include the Neck and Mid Hip along a central vertical axis
passing through the chest, an additional point, the center of the inter-nipple distance (CN), was
introduced along this same axis (Figure 3.4-b). The normalized distance from the Neck to CN,
denoted as A, was selected as the vertical reference for the model. For the x-coordinate, the most
relevant horizontal distance is the RN-LN distance, as it directly represents the natural separation
between the two anatomical landmarks. This normalized distance, denoted as B, was therefore
chosen as the horizontal reference as shown in Table 2. The rest of the inputs to the model are

referred to by Wi, where i is an integer ranging from 0 to 14.

Table 3. 2 Normalized distances as inputs or outputs of the machine learning model

Normalized Distance Between Landmarks/ Input/Output
Distance Alias Inter-Shoulder Distance (ISD)

All the distances between the
w;,ie€{0,,...,14} Landmarks, normalized by Input
dividing them by ISD, except the
two outputs below (15 normalized

distances)
A (Neck —CN) /ISD Output
B (RN-LN)/ISD Output

3.3.4 Machine Learning Model

Following the image dataset processing by OpenPose, six machine learning regression models
were evaluated for localizing the NAC. Each model received 34 input features, representing the
normalized distances from the selected FCL set. The goal was to determine which model

performed best in predicting the NAC position by calculating the MAPE. The six models tested
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are Random Forest, Decision Tree Regressor, CatBoost, Multi-layer Perceptron, Linear
Regression, and Support Vector Regression (SVR), each chosen for their different approaches to

regression tasks.

3.3.4.1 Decision Tree Regressor

The Decision Tree Regressor [87], implemented using the DecisionTreeRegressor module in
scikit-learn [88], splits the dataset’s numerical features into subsets at each node by minimizing
variance [89]. This process creates a sequence of decision nodes that yield a predicted value for
NAC localization. Decision trees are effective at capturing feature interactions and can adapt well
to smaller datasets. However, they are prone to overfitting, especially when dealing with complex
or noisy data [90]. This model was chosen as a baseline to evaluate the ability of simple algorithms

to extract patterns from the normalized distance data.

3.3.4.2 Random Forest Regressor

The Random Forest Regressor [91], available via the RandomForestRegressor module in scikit-
learn, builds an ensemble of decision trees and averages their predictions to achieve robustness.
This model reduces overfitting seen in individual trees and can capture complex, nonlinear
relationships[92] present in the normalized distances derived from the OpenPose output. Random
Forest was selected for its ability to handle feature interactions and its robustness, making it a

strong candidate for NAC localization.

3.3.4.3 CatBoost Regressor

CatBoost [93], implemented using the CatBoostRegressor module, applies gradient boosting to
iteratively refine predictions. It is particularly optimized for categorical data but also performs well
on numerical inputs such as the normalized distances derived from our dataset. CatBoost’s
strengths include its resistance to overfitting [94] and its ability to achieve high accuracy with
minimal tuning [95]. However, its training process can be resource intensive. CatBoost was
selected for its high predictive performance and its efficiency in leveraging the structured

numerical dataset.

3.3.4.4 MultiLayer Perceptron (MLP) Regressor

The MLP Regressor [96], implemented with the MLPRegressor module in scikit-learn, is a
feedforward neural network capable of capturing intricate non-linear relationships [97] in

numerical datasets. By adjusting weights iteratively, it learns to approximate complex functions
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mapping input distances to NAC coordinates. The model’s performance depends heavily on
hyperparameter tuning and requires substantial computational resources [98]. MLP was chosen for
its flexibility in learning from intricate patterns in the normalized distances, although its sensitivity

to dataset size posed a limitation.

3.3.4.5 Linear Regressor

Linear Regressor, implemented using the LinearRegression module in scikit-learn, models the
relationship between input distances and NAC coordinates as a simple linear function. Its
straightforward implementation and minimal computational requirements, combined with its high

predictive power [99], make it a promising choice for our NAC localization task.

3.3.4.6 Support Vector Regressor (SVR)

Support Vector Regressor (SVR) [100], available as SVR in scikit-learn, is based on support vector
machines and finds a hyperplane that best fits the data within a specific margin of tolerance. SVR’s
ability to handle high-dimensional spaces and outliers [101] makes it useful for prediction tasks,
though it may require careful tuning of parameters like the regularization and kernel. SVR was
chosen because of its robustness to outliers and its potential ability to generalize well in the

normalized distance feature space.

3.3.5 NAC Localization

3.3.5.1 Preliminary Localization

To localize the NAC, normalized distance A (Neck-CN) and normalized distance B (RN-LN) were
used. The Neck coordinates provided by OpenPose served as the starting point, and then the

coordinates of CN were determined using Equations (3.1) and (3.2).

Yen = Yneck + (A-1SD) (3.1)

XcN = XNeck (3.2)

In this process, the neck is used as a starting point. Then, the y-coordinate of the CN is
calculated by moving vertically downward by the unnormalized Neck-CN distance (3.1). The x-
coordinate of the neck is assigned to that of CN (3.2). Next, the x and y coordinates of the nipples
(RN, LN) are calculated using Equations (3.3), (3.4), and (3.5).
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YRN = YLN = YcN (3.3)

(B-1ISD) (3.4)
XRN = X¢N — 5

(B-1ISD) (3.5)
XN = Xcy t+ —

Here, the LN and RN are assigned the same y-coordinate as that of CN. Then, proceeding
horizontally from CN, the left and right nipple x coordinates are found by traversing to the left and
to the right by half the predicted unnormalized inter-nipple distance respectively.

While straightforward, this method has a limitation: if the subject in the image is not
positioned vertically along the y-axis, but rather appears tilted, the predicted NAC coordinates will
reflect this tilt. Consequently, the inter-nipple distance will be angled from the x-axis by the same

degree as the subject’s tilt from the y-axis.

To further refine the localization in case of tilted images, a tilt-correction algorithm was

implemented, detailed in section 3.3.5.2.

3.3.5.2 Tilt Correction

To address the issue of tilted images in the dataset, where the body’s orientation deviates from the
vertical and horizontal axes (Figure 3.5-a), a tilt correction algorithm was developed. This
algorithm uses the body’s orientation, determined through specific landmarks detected by

OpenPose, to localize the NAC regardless of the subject pose (Figure 3.5-b).

The following equations provide a more accurate localization of the CN by adjusting for
the subject tilt. First, the position of CN (RCN) is calculated by moving vertically along the Neck-
Mid Hip line by the predicted Neck-CN unnormalized distance (Eq. 3.7). Then, the left and right
nipple coordinates are found by moving horizontally from CN (Eq. 3.9).

To find the CN coordinates, the directional unit vector (rN-MH) along the Neck-Mid Hip
Line is calculated from the Neck-Mid Hip vector (RN-MH) using Equation (3.6).
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- _ Ry_mu (3.6)
N=MH IRy-pmmll

CN Coordinates are then calculated using equation 3.7.
Rey = Ryec + (A ISD) - Ty_yy (3.7)

To accurately identify the left and right nipples' positions correcting for tilt, the normalized
left shoulder to right shoulder vector (rrs-rs) was calculated in Equation (3.8) from the vectors

joining the origin to the right shoulder (Rrs) and the left shoulder (Rrs).

Rys_gs (3.8)
ris—grs = 1SD

To calculate the coordinates of LN vector (Rpn) and RN vector (Rrn), the results of

Equations (3.7) and (3.8) are substituted into Equation (3.9).

B -ISD 39
R yryv = Rey £ ( > ) " TLs—gs (39

This approach ensures accurate NAC localization even in images where the subject is not

aligned with the image's vertical and horizontal axes, as can be seen in Fig. 3.5-b.

3.4 Results

The comparative analysis of all models is shown in Table 3.3, summarizing their performances
using the normalized distance mean absolute percentage error (MAPE) metric. This was
implemented using Equation (3.10), where n is the number of data points, Y;refers to the observed

values, and ¥; refers to the values predicted by the models.
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(b)

Figure 3. 5 (a) Before applying the tilt-correction mechanism and (b) after applying it

n ~
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The results shown in Table 3.3 were obtained on the testing set, using an 80%-20% train-

‘-100 (10)

test split. Based on these results, the Linear Regression model demonstrated the lowest MAPE,
indicating the highest accuracy among the evaluated models. Consequently, Linear Regression

was selected as the final model for the application.

Table 3. 3 Normalized distance MAPE comparison across tested models.

Model Normalized Distance
MAPE

Random Forest 2.2%

Decision Tree 5.19%
Regressor

CatBoost 2.64%

Multi-layer 9.75%
Perceptron

Linear Regression 0.06%

SVR 6.95%

One likely reason for linear regression outperforming the other models is the relatively
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small size of our dataset. Linear regression is known to perform robustly on smaller datasets
because of its simplicity and low variance[102], whereas more complex models such as tree-based

methods or neural networks tend to require larger sample sizes to generalize effectively.

A second reason could relate to the nature of the relationships within the data itself. More
complex models attempt to capture nonlinear or higher-order interactions in addition to linear
patterns. While this flexibility is advantageous when such complexity is present, it can introduce
unnecessary noise or overfitting when the underlying relationships are predominantly linear. Our
results suggest that the distances and ratios derived from the OpenPose keypoints are best
described through linear associations, which would explain why linear regression consistently

outperformed the other methods in this study.

For the selected Linear Regression model, the MSE was calculated for the right and left
nipple (RN and LN) position in pixels. Without applying the tilt correction algorithm, the RN
MAPE was 1.2% and the LN MAPE was 0.99%. With the tilt correction algorithm, the RN MSE
was reduced to 0.75% and the LN MSE was reduced to 0.63%.

To improve the reliability of the model’s generalizability given the small nature of the
dataset, a 5-fold grouped cross-validation was used, using MAPE as the scoring metric. This choice
of cross validation groups each of the three images of the same patient into one group, making 21
groups in total, then splits the entire groups into folds, ensuring no overlap between the training
and the testing dataset. This approach also reduces the risk of overfitting and assesses the model’s
performance across different data subsets to estimate the RN-LF and Neck-CF normalized
distances accurately. Fig. 3.6 shows the MAPE of the two model’s output normalized distances

across all the test subjects, which are 0.12% and 1.40e™'* % respectively.

In addition to the normalized distances, Fig. 3.7 presents a comparison between the actual
and estimated NAC coordinates for each subject’s images (4288 x 2848 pixels) in the dataset. The
results show a MAPE of 0.63% for the left NAC position and 0.75% for the right NAC position.
Additionally, the average inter-nipple distance error was calculated as 3.61¢7%%, and the average

angle between the actual and predicted NAC positions was found to be 1.42 degrees.
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Figure 3. 6 Comparison of actual and estimated data for: (a) normalized distance C MAPE of
0.12% and (b) normalized distance B MAPE of 1.4e-15
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3.5 Discussion and Conclusion

This study introduces a machine learning-based approach to improve the accuracy of NAC
localization in chest reconstruction surgeries. Results indicate that the Linear Regression model
demonstrated the lowest prediction MAPE compared to other tested models. The integration of a
tilt correction algorithm effectively addressed issues related to image orientation, making the

model applicable to a range of imaging conditions beyond ideal setups.

The Linear Regression model was trained using normalized distances between key
anatomical landmarks, such as the Shoulders, Elbows, Neck, and Mid Hip, allowing it to predict
two essential normalized distances: the vertical normalized distance between the neck and the
center of the inter-nipple distance and the horizontal normalized distance between the left and right
nipples. From these predicted normalized distances, the NAC coordinates were found. The model
was trained on 80% of the dataset provided by CHEO hospital, consisting of 34 male subjects,
each with 3 images. When tested on the remaining 20% of the dataset, the model achieved a MAPE
of 0.06% for the output normalized distances and a MAPE of 0.69% between actual and predicted

nipple positions.

These findings have significant implications for fields such as chest masculinization surgery
and breast cancer reconstruction, where accurate NAC placement is vital for patient satisfaction
and overall surgical success. However, a limitation of this study is the small dataset size, with only
3 images per subject for 34 subjects. This limited dataset restricts the ability to capture the diversity
of body types, sizes, and ethnicities, which is essential for broader applicability. Future work
should focus on expanding the dataset to include a wider range of body types and demographics
to improve generalizability. This study highlights the potential of machine learning to support
surgeons in making informed decisions in the planning phase of reconstructive surgery,

contributing to improved outcomes in NAC localization.
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Figure 3. 7 (a) and (b) comparison of actual and estimated x and y coordinates of Left nipple. (c)
and (d) comparison of actual and estimated x and y coordinates of Right nipple

While it may appear useful to compare our machine learning framework with a hybrid

approach that combines OpenPose-based feature extraction and geometric rule-based methods

from the literature, such a comparison is not feasible. The geometric methods described by Beer

et al.[11] and Ghotradigohar et al.[21] rely on landmarks such as the xiphoid, the anterosuperior

iliac spine, and the anterior axillary folds. These landmarks are not captured by OpenPose, which

is limited to a standardized set of keypoints (primarily joints and facial points) that do not

encompass the anatomic references required for geometric calculations of NAC position. Without

these landmarks, implementing those geometric approaches within an OpenPose-driven pipeline

is impractical.
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Moreover, attempting to supplement OpenPose with manual annotation of the missing
landmarks would contradict the central aim of this research: to provide an automated, reproducible
method for NAC localization that reduces dependence on manual expertise. The strength of the
presented machine learning approach lies in its ability to work directly with the reliably available
keypoints from OpenPose, without requiring additional operator input. Introducing manual
intervention would undermine both scalability and the clinical value of automation. For these
reasons, a hybrid comparison would not only be impractical but also misaligned with the scope

and objectives of this study.
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Chapter 4. Enhancing NAC Localization Accuracy via
Synthetic Image Augmentation Using Large Language
Models and Diffusion Models

This chapter presents an investigation into the use of synthetic data to improve the generalizability
of the selected machine learning model in chest reconstruction surgery decision support. It builds
on Chapter 3 and contributes to the development of data-driven tools for clinical decision-making.
This chapter addresses thesis objective 2 of evaluating the effect of augmenting a real clinical

dataset with synthetic images on the performance of the decision support approach.

4.1 Abstract

Accurate localization of the Nipple-Areola Complex (NAC) is essential for achieving optimal
outcomes in chest reconstruction surgery. However, the development of machine learning models
for this task is limited by the scarcity and demographic narrowness of clinical imaging datasets. In
this study, we address this challenge by introducing a synthetic dataset generated through large
language model (LLM)-assisted prompt engineering and text-to-image diffusion models. We
evaluate the impact of synthetic augmentation on a linear regression-based NAC localization
model using normalized anatomical distances extracted from OpenPose. Three experiments assess
model performance under increasingly diverse and challenging test conditions: real-to-real, real-
to-synthetic, and real-to-out-of-distribution image generalization. Results show that moderate
augmentation with synthetic data can slightly improve model performance on real images, while
the model’s error on challenging, real-world images dropped from 1.63% to 0.91% after
introducing 130 synthetic samples, representing a 44% reduction in prediction error. These
findings demonstrate the potential of combining LLM-guided prompt generation with diffusion-
based synthetic image creation to enhance the robustness and generalizability of machine learning

models in clinical applications.
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4.2 Introduction

Accurate Nipple-Areola Complex (NAC) localization is essential for chest reconstruction
surgeries, including those for female-to-male (FtM) transgender patients and individuals
undergoing breast cancer reconstruction. NAC reconstruction was introduced in the 1940s and has
evolved alongside breast reconstruction [103]. It involves the reconstruction of both the nipple and
the areola. Ideal reconstruction aims for symmetry in position, size, shape, texture, and

pigmentation, as well as permanent projection [104].

Accurate NAC localization is not only a technical necessity but also plays a critical role in
patients’ psychological well-being and satisfaction with surgical outcomes. In chest
masculinization surgeries, particularly for FtM transgender individuals, the appearance of the
chest, including symmetric and appropriately positioned NACs, significantly affects body image
and gender affirmation [13]. Inaccuracies in NAC placement can lead to dissatisfaction and the

need for revision surgeries [10].

Traditional methods are subjective and heavily rely on the surgeon’s experience. Recent
advances in machine learning have introduced automated approaches to NAC localization [21].
Our previous work proposed a fully automated regression-based model to enhance the precision

of surgical planning and execution [105].

The shortage of annotated clinical data is a common problem when training a machine
learning model in the medical field, largely due to privacy regulations, data heterogeneity, and
annotation costs [106]. In our prior work [105], we used a dataset collected in collaboration with
the Children’s Hospital of Eastern Ontario (CHEO). This dataset includes 102 images from 34
biological male subjects. Male subjects were used since the anatomical structure of the biological
male chest is distinct from that of the biological female chest and the target application of this
work is chest masculinization reconstruction surgery. While our previous model showed strong
predictive accuracy on the collected dataset, its generalizability remains in question due to the
limited size of the dataset. The dataset lacked sufficient variability in skin tone, chest size, and
posture, which are critical to building a robust model that can adapt to real-world clinical diversity.

As such, extending the dataset beyond a narrow demographic profile became a crucial objective
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to enhance our model.

To address this challenge, this paper explores the use of synthetic image data generated by
text-to-image diffusion models via Large Language Model (LLM)-engineered prompts for NAC
localization. In this paper, we evaluate multiple LLMs for prompt generation and multiple text-to-
image diffusion models for image generation. Furthermore, we investigate the role of prompt
engineering in improving image realism and diversity. The synthetic dataset is then used to
augment our existing training set and to assess the impact of this augmentation on the performance

of the NAC localization model.

4.3 Background and Related work
4.3.1 Synthetic Data in Medical Imaging

There are several significant challenges in collecting real clinical images for training machine
learning models [4], [22], [106]. One major challenge lies in the source of the images [106], which
typically falls into two categories: research-collected images and routinely collected clinical

images.

Research-collected images are usually captured under controlled conditions with
participant consent. However, such datasets are often small in size and lack diversity, which limits
the generalizability of the models trained on them. This limitation arises because the acquisition

environment is highly constrained and does not reflect real-world variability.

On the other hand, routinely collected clinical images are those generated during routine
clinical care. They are more abundant but come with their own set of challenges. These images are
highly heterogeneous due to differences in imaging equipment, vendor specifications, and clinical
settings, leading to inconsistency in the data. Additionally, leveraging such data requires complex

ethics approvals and extensive anonymization procedures.

Privacy concerns also play a major role. Regulations such as the General Data Protection
Regulation (GDPR) in Europe, the Health Insurance Portability and Accountability Act (HIPAA)
in the US, and the Personal Information Protection and Electronic Documents Act (PIPEDA) in

Canada strictly govern how patient data can be processed and shared [106]. Even when data is
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anonymized, certain types such as 3D reconstructions of head Magnetic Resonance Imaging
(MRI)/Computed Tomography (CT) scans, still pose a risk of re-identification. Researchers must
also navigate complex data governance protocols and obtain multiple approvals before accessing

clinical data [4].

Augmenting real datasets with synthetic data, whether by completely generating new
samples or augmenting data through techniques such as rotating and flipping, presents a promising
solution to many of these challenges[15]. It eliminates patient re-identification risk, enabling data
sharing without violating privacy regulations. Furthermore, it enhances model generalizability by

introducing variations not found in limited real datasets.

Recent studies have demonstrated that in some cases, synthetic data alone can be used to
train effective machine learning models [107]. Synthetic medical images are becoming
increasingly common in areas such as X-ray, Computed Tomography (CT), Magnetic Resonance
Imaging (MRI), and Positron Emission Tomography (PET) [15]. Synthetic data has also been
used in applications like body part localization and segmentation. For example, Saviolo et al. [108]
developed a framework for human body part segmentation using automatically generated synthetic

images of human limbs, showing promising applications in surgery and medical image analysis.

However, for anatomical landmark detection, there is still under-representation in medical
datasets due to large anatomical variability, which increases the difficulty of accurate landmark
localization [109]. This limitation was also highlighted in [105]as a primary challenge in training
a robust machine learning model for NAC localization in chest reconstruction surgeries. The lack
of dataset diversity, especially in terms of body types, sizes, and ethnicities, limits model

generalization and hinders clinical applicability.

4.3.2 Image-Generative Models and Automatic Prompt Generation

The use of synthetic data in medical imaging has evolved from early methods involving basic
image augmentation to more advanced approaches that leverage generative models such as
Generative Adversarial Networks (GANSs) to produce realistic data [110]. However, as noted in
[111], GANSs tend to produce images with lower fidelity and limited diversity. To address this

limitation, the authors proposed a class-conditioned diffusion model as a more effective
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alternative.

Recent advancements in text-to-image generation have significantly improved the
quality and realism of synthetic human images [112]. For instance, Cevik et al. [23] found that
diffusion-based models such as DALL-E2 and Midjourney produced images with greater visual
diversity in gender and skin tone compared to those generated by GANs. Their study assessed Al-
generated depictions of surgeons and noted reduced representational bias in diffusion model
outputs, suggesting improved demographic inclusivity in image generation. In this study, four
diffusion models were tested for image generation: DALL-E 2, Midjourney, Meta AI’s Emu, and
Google’s Imagen 4.

The strength of using LLMs in the process of image generation lies in their capacity for
effective prompt engineering, which plays a crucial role in enhancing image quality. Well-crafted
prompts lead to more detailed and contextually appropriate images by incorporating background
information and common-sense relationships [113]. Building on the importance of prompt quality,
recent research has explored automatic prompt generation, a process in which language models
autonomously construct, refine, or optimize textual prompts based on minimal user input or
predefined objectives[114]. Unlike manual prompt engineering, which relies on human expertise
to craft effective instructions, automatic prompt generation uses machine learning techniques, such
as reinforcement learning, supervised fine-tuning, or prompt templates, to produce more
descriptive, contextually rich, and model-compatible queries[114]. This capability is particularly
valuable in image generation tasks, where subtle differences in phrasing can lead to substantial
variations in visual output. For example, Cao et al. introduced BeautifulPrompt, a deep generative
model that transforms simple raw descriptions into high-quality prompts, resulting in more
aesthetically pleasing and diverse images through Stable Diffusion and similar models [115].
Rosenman et al. proposed NeuroPrompts, an adaptive framework fine-tuned to enhance user
prompts by employing constrained decoding with language models, thereby improving image
fidelity and alignment with human expectations[116]. Furthermore, Yaru Hao et al. developed a
prompt optimization method combining supervised fine-tuning and reinforcement learning (called
“prompt adaptation”) that outperforms manual prompt crafting on metrics of aesthetic quality and
user preference[114]. Collectively, these approaches demonstrate that automatic prompt

engineering can reduce human effort, increase image quality, and support scalability across
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varying models and tasks. In this study, three large language models were tested for prompt

engineering: ChatGPT-3.5, Llama 3.2, and Gemini 1.0 Pro.

4.3.3 Nipple Areola Complex (NAC) Localization

Nipple-Areola Complex (NAC) and its accurate placement are critical for the success of chest
reconstruction surgery. It is vital for the success of chest masculinization surgeries for female-to-
male (FtM) transgender patients as well as individuals undergoing reconstructive procedures
following breast cancer surgery. Ghodratigohar et al. [21] introduced an image-based method
using an Artificial Neural Network (ANN) for automatic NAC localization. This method involved
manually labeling body landmarks and creating normalized distances as inputs to the ANN model.
However, this approach did not achieve full automation of the localization process. The work in
[105] built upon this method by introducing a machine learning solution to improve the accuracy
of NAC localization. The work also incorporated an anti-tilt correction mechanism to improve
accuracy when the patient's posture was misaligned. One of the main challenges facing the
proposed method is the limited size of the existing dataset, which was composed of 102 images of
34 biological male subjects, each photographed in three poses to reflect varying real-world

scenarios.
4.4 Synthetic Data Generation
4.4.1 Model Selection for Image Generation

To augment our clinical dataset with synthetic images, a selection process was conducted to
identify a large language model capable of generating photorealistic images aligned with the
study’s requirements. The task was defined as generating an image of a male subject who is
shirtless and facing the camera. The subject’s chest had to be exposed, and the lower body had to
be clothed in pants. One body type and one ethnicity were selected for homogeneity across all
models to be tested. Five default prompts were used for uniformity across four selected models as
shown below, Midjourney, Imagen4 through Google Gemini 1.0 Pro’s web interface, Emu through

the Llama 3.2 web interface, and DALL-E2 through the OpenAl ChatGPT 4 web interface.

1. Generate a high-resolution image of an obese African American man, shirtless and standing

frontally. He is wearing pants and the full upper body should be visible
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2. Generate a front-facing image of an obese African American male subject who is shirtless
and clothed from the waist down, with the full upper body and head visible.

3. Generate a photorealistic image of an African American male, obese build, standing
shirtless and facing the camera. His bare skin is visible from head to crotch, and he is
wearing dark pants.

4. Generate a photorealistic image of a male subject facing the camera. The male subject is
shirtless, and his bare skin is exposed at the top. He is wearing pants. The male subject is
African American and obese.

5. Generate a high-resolution image of an obese African American man, shirtless and standing

frontally. He is wearing pants and the full upper body should be visible.

In this section, we will show the results of the models when prompted with prompt 4 listed above.

The model selection process is outlined in Fig. 4.1 below.
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Figure 4. 1 Model selection process for synthetic image generation

4.4.1.1 Midjourney

Midjourney was chosen due to its widespread popularity and high-quality output in the domain of
creative image generation.[117]. Eom et. al ranks Midjourney among the top four used generative
Al tools globally.[117] The default prompt was issued to Midjourney and the model returned an
image that was stylistically consistent with digital illustration rather than true photorealism. The
subject was rendered with smooth skin gradients and non-photorealistic facial proportions,
indicating that the image was more aligned with cartoon-like digital artwork (Fig. 4.2). A review
was conducted by a committee of three researchers, who independently determined that the image
lacked sufficient anatomical realism to be used for data augmentation in medical applications. As

a result, Midjourney was rejected from further use.
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Figure 4. 2 Output synthetic image generated by Midjourney using default prompt 4

4.4.1.2 Imagen4

While Imagen4, accessed through the web interface of Gemini 1.0 Pro, is generally capable of
generating images from text prompts[118], it failed to produce an output when provided with the
standardized instruction used for model comparison. Instead, the interface returned the message:
“I'm a text-based Al and can't assist with that.” This response suggests that the system’s automated
content safety filters prevented it from processing prompts involving shirtless human subjects,
even when framed in a clinically relevant context. Since no image was generated, Imagen4 was

excluded from further consideration.

4.4.1.3 DALL-E2

DALL-E2, accessed through the ChatGPT4 web interface, has been reported to have good human
image-generation capabilities [119]. When prompted through the interface, ChatGPT declined to
generate an image in response to the default prompt. The response consistently returned by the
interface was: “I couldn’t generate the image because the request violates our content policies. If

you’d like, I can help create a different image—ijust let me know what you'd like to see instead.”
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This behavior reflects the application of OpenAl’s safety and content policy enforcement

mechanisms. Due to this restriction, ChatGPT was excluded from the model selection process.

4.4.1.4 Emu

Emu was accessed through the Llama 3.2 interface. The interface was prompted with the same
default prompt, and the model returned an image that was determined to be visually realistic by a
committee of three researchers. The generated image presented anatomically coherent body
proportions, realistic lighting and skin texture, and accurate rendering of the specified
demographic features (Fig. 4.3). The outputs were reviewed by the same three-member committee
and were unanimously deemed suitable for use in synthetic dataset construction. Based on this
evaluation, Emu was selected as the image generation model for the synthetic data augmentation

pipeline.

Figure 4. 3 Output synthetic image generated by Emu using default prompt 4.
4.4.2 Prompt Engineering

Following the selection of Emu as the interface model for image generation, an automatic prompt
generation procedure was implemented to replace the initial default prompt with a set of more
diverse and dataset-relevant instructions. This procedure was structured into two complementary

phases: text-based prompt engineering and image-based prompt engineering (Fig. 4.4). In the text-
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based phase, candidate language models were prompted to generate a text-to-image prompt
meeting predefined requirements; the resulting prompt was then used to generate an image via the
Emu diffusion model. In the image-based phase, the models were provided with a real image from
the clinical dataset and tasked with producing a descriptive caption. The LLM was then tasked to
refine the caption into a prompt suitable for Emu-based image synthesis. The outputs from both
phases were evaluated, and the more effective prompt (determined by visual analysis of the

resulting images by a committee of three researchers) was selected for generating the final
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Figure 4. 4 The prompt engineering process for synthetic image generation.

4.4.2.1 Phase 1: Text-Based Automatic Prompt Engineering

In the first phase, the goal was to explore the effectiveness of the selected models in
generating prompts for image synthesis based on high-level textual instructions. The three
candidate LLM’s -ChatGPT, Gemini, and Llama 3.2- were queried using an instruction to generate
10 prompts each that could produce images of shirtless male subjects facing the camera with varied

ethnicities, ages, and body types.
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For example, when each model was asked to produce a descriptive prompt that, when given
to an LLM, would prompt it to generate an image of a shirtless white male, 25 years of age with
an obese build, standing face towards the camera. Gemini 1.0 Pro responded with a prompt that
restated the input without offering any additional descriptive detail “A shirtless, 25-year-old white
male with an obese build stands facing the camera”. This output closely mirrored the original
instruction and did not introduce any elements, such as background, lighting, posture, or contextual

details, that would enhance the effectiveness of the prompt for image generation.

ChatGPT-4 generated a slightly more elaborate version of the input, adding background
and lighting context. However, the increase in descriptive value remained marginal: "Generate a
photorealistic image of a 25-year-old white male subject standing and facing the camera. The
subject has an obese body build and is shirtless, with his upper torso exposed. He is wearing pants
and standing in a neutral pose against a plain studio background with even lighting." Although
more elaborate, the prompt still did not offer significant enhancements to realism or visual

instruction.

Llama 3.2 responded with the following prompt: "Create an image of a 25-year-old White
man with an obese build standing shirtless in front of a plain background, facing directly towards
the camera with a neutral expression." Similar to the aforementioned responses, this response

included only minimal contextual or anatomical expansion beyond the original prompt.

These results suggest that text-based prompt engineering provided little to no added value
over human-authored prompts. The output from all three models was constrained by the semantic
limitations of the original instruction and failed to introduce clinically or visually relevant details

that could guide image generation to the desired dataset-level quality.

4.4.2.2 Phase 2: Image-Based Automatic Prompt Engineering

To overcome the limitations identified in Phase 1, an image-based prompt engineering approach
was implemented. Real images from our previously collected dataset in collaboration with CHEO
were uploaded to ChatGPT and Gemini Web Interfaces, the only systems at the time with image
input capabilities. The two models where then asked to generate a detailed description of the
uploaded images. Gemini returned a restriction message: “Sorry, I can't help with images of people
yet.” As such, no descriptive output was obtained from Gemini.
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ChatGPT, in contrast, returned highly detailed descriptions. The descriptions included
subject gender, pose, posture, facial expression, body type, clothing, accessories, and
environmental context, such as the presence of medical equipment mounted on the clinical room
wall. These descriptions were parsed and refined to exclude unrelated information, such as glasses,
clothing, and clinical equipment, while retaining critical physical descriptors such as gender, pose,

body type, and orientation.

ChatGPT was then asked to transform this refined description into a generalized prompt

template that incorporated variability across three dimensions:
e Age: 25 years - 55 years
e Body Type: Obese, Skinny, Lean
e Ethnicity: Black, White, East Asian, Hispanic, Indian, Middle Eastern

This resulted in a list of prompts representing every possible permutation of the three
dimensions mentioned above. Each prompt was manually reviewed, and inconsistent descriptions-
such as those describing subjects having both a “obese build” and a “flat midsection™- were
excluded. This resulted in 36 unique prompts listed in section 4.4.2.3. These prompts were then

used cyclically to generate images for the new synthetic dataset (Fig. 4.5).

60



Figure 4. 5 Output synthetic image generated through Llama 3.2 web interface (diffusion model.:
Emu) using the engineered prompt.

4.4.2.3 Engineered Prompts List

The following is the list of 36 unique prompts generated after following the prompt engineering

methodology described in section 4.4.2.2.

1. Generate an image of a 25-year-old Black man with an obese build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a broad and smooth
upper body and a rounded and smooth midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

2. Generate an image of a 25-year-old Black man with a skinny build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a slim and undefined
upper body and a flat and slim midsection, and is wearing black drawstring pants. The

room has a pale-colored wall, and the lighting is bright and warm, evenly illuminating the
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subject. Focus on the subject's overall body type and neutral demeanor, keeping the
setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Black man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old White man with an obese build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a broad and smooth
upper body and a rounded and smooth midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old White man with a skinny build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a slim and undefined
upper body and a flat and slim midsection, and is wearing black drawstring pants. The
room has a pale-colored wall, and the lighting is bright and warm, evenly illuminating the
subject. Focus on the subject's overall body type and neutral demeanor, keeping the
setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old White man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,

keeping the setting simple and clean to emphasize the subject.
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7.

10.

11.

Generate an image of a 25-year-old East Asian man with an obese build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a broad
and smooth upper body and a rounded and smooth midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old East Asian man with a skinny build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a slim
and undefined upper body and a flat and slim midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old East Asian man with a lean build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a
moderately defined upper body and a toned but balanced midsection, and is wearing
black drawstring pants. The room has a pale-colored wall, and the lighting is bright and
warm, evenly illuminating the subject. Focus on the subject's overall body type and
neutral demeanor, keeping the setting simple and clean to emphasize the subject.
Generate an image of a 25-year-old Hispanic man with an obese build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a broad
and smooth upper body and a rounded and smooth midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Hispanic man with a skinny build standing in a
clinical examination room. The man has a neutral expression and is standing facing

forward with his arms resting naturally by his sides. He is shirtless, showcasing a slim
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12.

13.

14.

15.

and undefined upper body and a flat and slim midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Hispanic man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Indian man with an obese build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a broad and smooth
upper body and a rounded and smooth midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Indian man with a skinny build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a slim and undefined
upper body and a flat and slim midsection, and is wearing black drawstring pants. The
room has a pale-colored wall, and the lighting is bright and warm, evenly illuminating the
subject. Focus on the subject's overall body type and neutral demeanor, keeping the
setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Indian man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.

The room has a pale-colored wall, and the lighting is bright and warm, evenly
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16.

17.

18.

19.

illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Middle Eastern man with an obese build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a broad
and smooth upper body and a rounded and smooth midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Middle Eastern man with a skinny build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a slim
and undefined upper body and a flat and slim midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 25-year-old Middle Eastern man with a lean build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a
moderately defined upper body and a toned but balanced midsection, and is wearing
black drawstring pants. The room has a pale-colored wall, and the lighting is bright and
warm, evenly illuminating the subject. Focus on the subject's overall body type and
neutral demeanor, keeping the setting simple and clean to emphasize the subject.
Generate an image of a 55-year-old Black man with an obese build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a broad and smooth
upper body and a rounded and smooth midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,

keeping the setting simple and clean to emphasize the subject.
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20.

21.

22.

23.

24.

Generate an image of a 55-year-old Black man with a skinny build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a slim and undefined
upper body and a flat and slim midsection, and is wearing black drawstring pants. The
room has a pale-colored wall, and the lighting is bright and warm, evenly illuminating the
subject. Focus on the subject's overall body type and neutral demeanor, keeping the
setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old Black man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old White man with an obese build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a broad and smooth
upper body and a rounded and smooth midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old White man with a skinny build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a slim and undefined
upper body and a flat and slim midsection, and is wearing black drawstring pants. The
room has a pale-colored wall, and the lighting is bright and warm, evenly illuminating the
subject. Focus on the subject's overall body type and neutral demeanor, keeping the
setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old White man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with

his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
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25.

26.

27.

28.

upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old East Asian man with an obese build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a broad
and smooth upper body and a rounded and smooth midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old East Asian man with a skinny build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a slim
and undefined upper body and a flat and slim midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old East Asian man with a lean build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a
moderately defined upper body and a toned but balanced midsection, and is wearing
black drawstring pants. The room has a pale-colored wall, and the lighting is bright and
warm, evenly illuminating the subject. Focus on the subject's overall body type and
neutral demeanor, keeping the setting simple and clean to emphasize the subject.
Generate an image of a 55-year-old Hispanic man with an obese build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a broad
and smooth upper body and a rounded and smooth midsection, and is wearing black

drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
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29.

30.

31.

32.

evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old Hispanic man with a skinny build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a slim
and undefined upper body and a flat and slim midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old Hispanic man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old Indian man with an obese build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a broad and smooth
upper body and a rounded and smooth midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

Generate an image of a 55-year-old Indian man with a skinny build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a slim and undefined
upper body and a flat and slim midsection, and is wearing black drawstring pants. The
room has a pale-colored wall, and the lighting is bright and warm, evenly illuminating the
subject. Focus on the subject's overall body type and neutral demeanor, keeping the

setting simple and clean to emphasize the subject.
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33. Generate an image of a 55-year-old Indian man with a lean build standing in a clinical
examination room. The man has a neutral expression and is standing facing forward with
his arms resting naturally by his sides. He is shirtless, showcasing a moderately defined
upper body and a toned but balanced midsection, and is wearing black drawstring pants.
The room has a pale-colored wall, and the lighting is bright and warm, evenly
illuminating the subject. Focus on the subject's overall body type and neutral demeanor,
keeping the setting simple and clean to emphasize the subject.

34. Generate an image of a 55-year-old Middle Eastern man with an obese build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a broad
and smooth upper body and a rounded and smooth midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

35. Generate an image of a 55-year-old Middle Eastern man with a skinny build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a slim
and undefined upper body and a flat and slim midsection, and is wearing black
drawstring pants. The room has a pale-colored wall, and the lighting is bright and warm,
evenly illuminating the subject. Focus on the subject's overall body type and neutral
demeanor, keeping the setting simple and clean to emphasize the subject.

36. Generate an image of a 55-year-old Middle Eastern man with a lean build standing in a
clinical examination room. The man has a neutral expression and is standing facing
forward with his arms resting naturally by his sides. He is shirtless, showcasing a
moderately defined upper body and a toned but balanced midsection, and is wearing
black drawstring pants. The room has a pale-colored wall, and the lighting is bright and
warm, evenly illuminating the subject. Focus on the subject's overall body type and

neutral demeanor, keeping the setting simple and clean to emphasize the subject.
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4.4.3 New Dataset Composition

The obtained synthetic dataset was generated by cycling through the 36 unique prompts
listed in section 4.4.2.3 to produce a balanced and diverse collection of images representing six
ethnicities (Fig. 4.6a), three body types (Fig. 4.6b), and two age groups (Fig. 4.6¢). Each prompt
instructed the model to generate a shirtless male subject standing facing the camera in a clinical
examination room with his arms resting naturally by his sides. The pose, facial expression, and

room setting were kept consistent to ensure control over non-essential variables.

However, the distance of the subject from the camera was not constrained in the prompt
design. This introduced variability in the framing of the generated images. Some images are close-
ups that exclude the subject’s head, while others capture more of the upper body with varying

degrees of anatomical detail.

Black: 35 (17.5%) East Asian: 33 (16.5%)

Obese: 67 (33.5%) Lean: 66 (33.0%)

White: 33 (16.5%) Hispanic: 33 (16.5%)

Middle Eastern: 33 (16.5%) Indian: 33 (16.5%)

skinny: 67 (33.5%)

(@) (b)

55 years: 94

(46.1%) 25 years:

110 (53.9%)

(©)

Figure 4. 9 Pie charts showing the distribution of the synthetic images by (a) ethnicity (b) body
type and (c) age
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Despite the balanced design of prompt features, it was observed that the dataset exhibits a
bias toward muscularity. Even in prompts explicitly describing obese body types, subjects
frequently displayed some degree of muscular definition (Fig. 4.7). This likely reflects an inherent
bias in the training datasets used by text-to-image models, which overrepresent physically fit

individuals due to the higher availability and visibility of such imagery online.

N

Figure 4. 10 Output synthetic image generated by Emy through the Llama 3.2 web interface
showing muscular definition on a subject with obese build

4.5 Methodology
4.5.1 Model Architecture

This section will provide a recap of the previous NAC estimation machine learning model
and evaluation (Target 1: Neck to chest and Target 2: Nipple to Nipple) done in our previous work
[105].

The baseline model architecture presented in this study builds upon our prior work on
Nipple-Areola Complex (NAC) position estimation in chest reconstruction surgery [105]. In the
original study, a dataset of 102 clinical images from 34 male subjects was used. Each subject
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contributed three images taken in varying poses. OpenPose [86], an open-source pose estimation
framework, was employed to extract 25 body key points. A team of three researchers narrowed
these to a subset of six consistently detected anatomical landmarks (Neck, middle hip, left
shoulder, right shoulder, left elbow and right elbow), two manually annotated points (left and right

nipples), and one calculated point (the center of the inter-nipple distance).

From these landmarks, 34 normalized distances were calculated relative to the inter-
shoulder distance (ISD), which served as a reference length. These 34 normalized distances served
as inputs for the models to be tested. Two output distances were computed: the vertical distance
between the neck and the midpoint between the nipples (denoted as Target 1), and the horizontal
distance between the two nipples (denoted as Target 2). These targets formed the outputs of the

predictive model.

Six machine learning regression models were tested: Decision Tree Regressor, Random
Forest Regressor, CatBoost Regressor, Multilayer Perceptron (MLP), Linear Regression, and
Support Vector Regressor (SVR). Each model was evaluated for its ability to predict the NAC
coordinates using normalized distance inputs. Linear Regression was identified as the best-
performing model, achieving the lowest Mean Absolute Percentage Error (MAPE) given by (4.1)
across all evaluations and was thus selected for the applications of this chapter. In this equation, n
is the number of data points, Y; refers to the observed values, and ¥; refers to the values predicted

by the models.

1| -7
MAPE =—z 7 100 @.1)
n Y;

i=1

To further enhance accuracy, especially in cases where the subject’s posture was
misaligned (tilted), a tilt correction algorithm was implemented. This algorithm adjusted
predictions based on the orientation of the torso using vector normalization techniques involving
the neck-mid-hip and shoulder-shoulder vectors. The correction reduced MAPE values from 1.2%

(right NAC) and 0.99% (left NAC) to 0.75% and 0.63%, respectively.
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The model’s performance was validated using a grouped 5-fold cross-validation that
grouped each subject’s images to prevent overlaps between training and testing sets. The final
average inter-nipple distance error (error between the distance between the real left and right
nipples and the distance between the predicted left and right nipples) was calculated as 3.61e-14%,

and the average angle between the real and predicted nipples was 1.42 degrees.

4.5.2 Model Training and Evaluation

Building on the results from [105] as discussed in Section 4.5.1, in which linear regression was
identified as the most accurate model for NAC localization, this section outlines the experimental
setup used to evaluate its performance under different training and testing conditions. Table 4.1
below summarizes the types of training and testing datasets involved in the experiments that follow

in this section.

Table 4. 1 Dataset composition for each experiment

Experiment Training Set Testing Set
1 Real, Synthetic Real
2 Real, Synthetic Synthetic
3 Real, Synthetic External Real-World
4.5.2.1 Experiment 1

To evaluate the impact of augmenting the training set with synthetic data, a controlled experiment
was conducted using the existing clinical dataset consisting of 102 real subjects’ images, (each of
the 34 subjects contributed three different images). The first 7 subjects (21 images) were initially
selected as the test set, while the remaining 81 real images were used for training. A baseline was
first established by training the model using only these 81 real images and recording the mean

absolute percentage error (MAPE) for Target 1 and Target 2.

73



Following the baseline, synthetic data was incrementally introduced into the training
dataset. At each step, 10% of the original training dataset size (8 synthetic images per iteration)
was added until the complete set of 200 synthetic images was integrated. After each addition, the

model was retrained and the MAPE for both targets were recorded.

The experiment was repeated using a sliding window approach across the entire real
dataset. For each repetition, the subsequent group of 7 subjects (21 images) was designated as the
test set, and the remaining real images were used as the training set to be augmented by synthetic
data. The synthetic data injection into the training dataset was repeated until the synthetic dataset
was exhausted, resulting in multiple folds of testing. In each fold, the MAPE for both targets were

computed after every synthetic data injection.

Finally, the average MAPE and the standard deviation across all folds were calculated for
each target at each level of synthetic data inclusion to visualize the change in performance and

variability introduced by the synthetic data augmentation.

4.5.2.2 Experiment 2

Given the limited demographic diversity in the original clinical dataset, a second experiment was
conducted to evaluate model performance on a more varied test set. To accomplish this, a subset
of the synthetic dataset, which included broader variability across ethnicity, age, and weight class,

was used as the testing dataset.

In Experiment 2, the training dataset initially consisted of all 102 real images collected
from the original dataset. To evaluate the model’s generalizability on a demographically diverse
population, a subset of the synthetic dataset was used as the testing set. The first 20 synthetic
images were selected as the initial test set. From the remaining 180 synthetic images, synthetic
samples were incrementally added to the training set in steps of 10% of the original training set
size (i.e., 10 synthetic images per iteration). After each augmentation step, the model was retrained,

and the mean absolute percentage error (MAPE) for both target outputs was recorded.

A sliding window approach was employed in the testing phase to iterate over the entire
synthetic dataset. In each fold, a new block of 20 synthetic images was selected as the test set,

while the remaining synthetic images were incrementally added to the training set following the
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same augmentation strategy. At each iteration, the MAPE for both targets was computed, allowing

assessment of the model’s performance as synthetic data volume increased.

This procedure was repeated until the entire synthetic dataset was exhausted for testing in
20-image segments. At the end of the experiment, the average MAPE and standard deviation
across all folds were calculated for each target. These values were used to analyze how model
performance and prediction variability changed as a function of synthetic training data volume,

particularly when tested against a more diverse and demographically realistic dataset.

4.5.2.3 Experiment 3

In a third experiment, the performance of the model was evaluated against a more
challenging test set composed of real-world images collected from public sources. This dataset
will be referred to by “external real-world dataset”. Given the synthetic nature of the previous
testing dataset and the limited demographic and weight class diversity in the original clinical
dataset, this external real-world test set was selected by a team of three researchers who
unanimously accepted that the images were suitable for the desired objective and that the trained

model had not encountered similar images.

Ten images of shirtless male subjects were manually selected from online image
repositories. The selected images varied in ethnicity, age, and body type, and featured a broad
range of poses and backgrounds. Unlike the controlled posture of the synthetic dataset, where
subjects had their arms extended straight at their sides, this new dataset included subjects with
arms placed on their hips, hands resting on their bellies, or arms flexed upwards as seen in Fig.
4.8. Additionally, the background environment varied from indoor to outdoor settings, further

diverging from the clinical examination room background used in synthetic image generation.

To evaluate the impact of synthetic augmentation on model performance, the full set of
102 clinical images was used as the initial training dataset. Synthetic images were then
incrementally added to this training set in batches of 10 images, corresponding to 10% of the
clinical dataset size per increment. After each addition, the model was retrained and evaluated on
the external real-world test set. The mean absolute percentage error (MAPE) was recorded after
every training round to quantify performance changes. This procedure enabled a stepwise
assessment of how the inclusion of synthetic data influenced the model’s ability to generalize to
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images that are significantly different from those seen during initial training.

(2) (b)

Figure 4. 14 Examples of selected images for the external real-world dataset showing (a) a
subject with arm flexed upwards, (b) a subject with hands placed on his hips.

4.6 Results and Discussion
4.6.1 Experiment 1 Results

Experiment 1 evaluated the effect of progressively augmenting the real clinical training dataset
with synthetic images generated via Emu. The model was initially trained on 81 real images and
tested on 21 held-out real images per fold. Synthetic images were added incrementally in 10%
steps, and performance was assessed at each stage using Mean Absolute Percentage Error (MAPE)
for two target distances. The goal was to determine whether synthetic augmentation could improve

or maintain model performance on real clinical data.

Fig. 4.9 illustrates the MAPE for Target 1 and Target 2 of experiment 1 averaged across
five folds, with shaded regions indicating +1 standard deviation across folds. Target 1 displays

complex behavior in regards to the synthetic dataset augmentation. At baseline (no synthetic data),
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the model achieved a stable MAPE of approximately 0.00145%. As synthetic samples were
gradually introduced, performance improved slightly, with a minimum MAPE of 0.0013% at
around 25 added synthetic images (~20% augmentation). However, beyond 100 synthetic images,
the MAPE began to increase, and the variance across folds widened significantly, highlighting
reduced model robustness. These observations suggest that while synthetic augmentation provides
initial benefits, there exists a saturation point, after which further augmentation may impair model

generalization.

While the downward trend of the MAPE in the final phase could be an indication of a
potential minimum beyond the 200 synthetic images mark, more synthetic images are needed to

confirm this behavior.
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Figure 4. 18 A Graph showing the MAPE and standard deviation of (a) Target I (b) Target 2
across 5 folds for experiment 1.

The error is observed to be consistently close to zero for Target 2 across all folds of the
experiment. This suggests that the linear regression model has achieved a near-optimal
generalization for this output (Target 2) with the initial 81 real images, suggesting that target 2
exhibits a linearly predictable spatial relationship that is less sensitive to individual variability. The
standard deviation across all folds for target 2 remains negligible, which suggests that the synthetic

augmentation of the dataset has little to no measurable impact on the prediction MAPE of Target
2.

4.6.2 Experiment 2 Results

The results of experiment 2 are detailed in Fig. 4.10 below.
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Figure 4. 22 A Graph showing the MAPE and standard deviation of (a) Target 1 (b) Target 2
across 10 folds for experiment 2.

In Experiment 1, the test set consisted of real patient images similar to the training set, and
the model achieved low baseline MAPE. In contrast, experiment 2 highlights the model’s initial

limited generalizability when evaluated on demographically diverse synthetic images, as
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evidenced by the higher initial error of 0.0035%. However, performance improves steadily with
synthetic augmentation and stabilizes around 0.002%. The most noticeable improvement occurs
in the first 10 synthetic samples added, after which performance gains taper off. This suggests
diminishing returns beyond a certain augmentation threshold. The variance (shaded band) is
relatively large throughout, especially in early iterations. This reflects model inconsistency when
first exposed to demographically diverse test data. However, as synthetic data is introduced into
training, the variance narrows slightly, indicating improved generalization and reduced fold-to-

fold variability.

When it comes to Target 2, the results in experiment 2 further confirm the ability of the
linear regression model to accurately predict Target 2 and its insensitivity to the synthetic data
augmentation process. The MAPE of Target 2 is consistent with the results of experiment 1,

showing a negligible error across all folds.

4.6.3 Experiment 3 Results

This experiment assessed the model’s ability to generalize to out-of-distribution data by evaluating
it on a challenging external real-world dataset collected from public sources. These images
featured greater variability in pose, background, body type, and ethnicity compared to the clinical
training set. The model was trained on the full set of real clinical images (102 images), and
synthetic images were incrementally added to the training set. Performance was measured using
MAPE to determine whether synthetic augmentation could improve model robustness in real-

world scenarios.

The results of experiment 3 are outlined in Fig 4.11 below.
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Figure 4. 26 A Graph showing the MAPE and standard deviation of (a) Target 1 (b) Target 2 for
experiment 3.

Fig. 4.11 presents the MAPE for Target 1 in Experiment 3, where the model was evaluated
on an external real-world test set composed of images collected from public online sources. Unlike
the synthetic or CHEO clinical images used in previous experiments, these images featured highly

varied poses, body types, ethnicities, and backgrounds. The baseline model, trained only on CHEO
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data, exhibited a relatively high MAPE of 1.63%, highlighting its inability to generalize to diverse,
real-world scenarios. However, as synthetic data was incrementally added to the training set, the
model’s performance steadily improved. A significant drop in MAPE was observed after 130
synthetic samples, reaching a minimum error of 0.91%. This steep improvement indicates that
synthetic data augmentation was able to bridge the domain gap between clinical and real-world
imagery. The results also suggest that the model begins to generalize and recognize patterns more
effectively beyond a certain threshold (~130 synthetic images). The findings of this experiment
suggest that for Target 1, synthetic data can enhance generalization to out-of-distribution samples,
provided a sufficient volume is included. However, the improvement is non-linear and requires

surpassing a certain threshold before benefits materialize.

The MAPE of target 2 remains negligible across this experiment as well, indicating that
the model has already generalized well to target 2 under varied testing conditions. The small
fluctuations observed in MAPE of target 2 are not significant, as the overall error is in the

magnitude of e-13%.

In interpreting the error magnitudes obtained, it is important to note that several results fell
within the order of e-15% to e-13%. Errors in the e-15 to e-13 range can be reasonably interpreted
as zero for all practical purposes. In other words, these outcomes indicate that the predicted and
target values are functionally identical within the resolution of the image data and the
normalization scheme employed. This interpretation is consistent with the pixel-level granularity

of the dataset, where sub-pixel differences are not observable in practice.

4.7 Conclusion

This study addressed a key limitation, the scarcity and demographic narrowness of real
clinical imaging datasets, in machine learning-driven NAC localization for chest reconstruction
surgery. By introducing a synthetic dataset generated via Llama 3.2, through customized prompt
engineering, we demonstrated the potential of large language models to produce realistic,
demographically varied training images. A series of three experiments were conducted to evaluate
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the impact of synthetic data augmentation on model performance under increasingly diverse and

challenging testing conditions.

In Experiment 1, the model was trained on real clinical images and tested on a subset of
real patient images. The training set consisted of 81 real images, and the testing set consisted of
21 real images per fold. Synthetic images were incrementally added to the training set to assess
their impact. Results revealed that moderate augmentation of the original dataset with synthetic
images could slightly improve or maintain model performance. However, performance gains
plateaued or slightly declined when synthetic data exceeded a certain threshold, suggesting that

balance is essential to avoid overfitting or introducing noise from overly synthetic content.

In Experiment 2, the model was again trained on the full set of 102 real clinical images but
tested on synthetic images that were purposefully designed to represent a more demographically
diverse population in terms of age, body type, and ethnicity. As synthetic data was gradually added
to the training set, results indicated a significant improvement in model generalization. This
confirmed that synthetic augmentation helped bridge the demographic gap in the training data and

enabled the model to perform better on a more varied input distribution.

In Experiment 3, the model was trained on the real clinical images and evaluated on a
challenging test set composed of real-world images collected from online sources. These test
images differed substantially from the training data in terms of pose, background, and subject
diversity. Initially, the model exhibited a high MAPE due to the out-of-distribution nature of the
test set. However, as synthetic images were incrementally introduced into the training set, model
performance significantly improved. A notable drop in error occurred after approximately 130
synthetic images were added, reducing the MAPE by nearly 50%. This demonstrated that synthetic
data can significantly enhance model robustness and domain generalization, especially under

challenging and heterogeneous testing conditions.

These findings show the value of synthetic image generation using LLMs in overcoming real data
limitations. Carefully designed and demographically diverse synthetic datasets can improve the
accuracy and generalizability of machine learning models in clinical applications such as NAC

localization.
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Chapter 5. Summary and Conclusions

This thesis set out to explore the development of machine learning-based decision support systems
for plastic surgery, with a particular focus on automating and improving the precision and
reproducibility of nipple-areola complex (NAC) localization in reconstructive chest procedures.

The work was guided by two primary objectives:

e Todevelop a machine learning-based decision support approach to assist in the precise and

consistent localization of the NAC in reconstructive chest surgery.

e To evaluate the effect of augmenting a real clinical dataset with synthetic images on the

performance and generalizability of the decision support system.

To address the first objective, Chapter 3 presented an NAC localization pipeline that
utilized OpenPose for upper-body landmark extraction and applied six regression models for
prediction. The models included Decision Tree Regressor, Random Forest Regressor, CatBoost
Regressor, Multilayer Perceptron Regressor, Support Vector Regressor, and Linear Regressor. The
linear regression model achieved the best performance, with a mean absolute percentage error
(MAPE) of 0.06% for normalized distances and an average NAC positional error of 0.69%. A tilt
correction algorithm was implemented to address misalignment in body posture, reducing the
MAPE from 1.20% to 0.75% for the right NAC and from 0.99% to 0.63% for the left NAC in
affected cases. These results demonstrated that the selected models can predict NAC position with
high accuracy in normalized image space, offering a significant improvement over subjective
manual estimation. This work builds on the work of Ghodratigohar et al. [21] by replacing
manually annotated landmarks with a fully automated pipeline that uses pose estimation to extract
anatomical keypoints. Moreover, it uses a different regression model (linear regression vs. the

proposed artificial neural network) to achieve a higher localization accuracy.

Chapter 4 addressed the second objective by evaluating the impact of synthetic data
augmentation on model performance and generalizability. A total of 200 synthetic images were
generated using a controlled prompt engineering pipeline and incrementally added to the real
dataset across three experiments. In Experiment 1, the model was trained on 81 real images and

tested on 21 real images in the first fold. Synthetic images were then gradually introduced to the
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training set to assess their impact on performance. Results showed that moderate augmentation
slightly improved or maintained accuracy, but performance declined when synthetic data exceeded
a certain threshold, indicating the importance of balance. In Experiment 2, the model was initially
trained on all 102 real clinical images and evaluated on a demographically diverse set of synthetic
test images, which included variability in age, body type, and ethnicity. To assess the effect of
synthetic augmentation on model generalization, synthetic images were incrementally added to the
training set in 10% steps relative to the original training size. After each addition, the model was
retrained and re-evaluated on a rotating subset of 20 synthetic test images. This process was
repeated across multiple folds until the full set of 200 synthetic images was utilized. Results
showed a consistent decrease in prediction error as more synthetic data was incorporated,
indicating that the inclusion of demographically varied synthetic images improved the model’s
ability to generalize beyond the narrower distribution of the original clinical dataset. In Experiment
3, the model was evaluated on a challenging external real-world dataset composed of images
collected from public sources. These images featured subject characteristics, such as pose,
background, and body types, that were not present in the original clinical dataset, making them
unfamiliar to the model during training. To assess whether synthetic augmentation could improve
performance under such conditions, the model was trained on all 102 real clinical images, and
synthetic images were incrementally added to the training set in batches of 10% of the size of the
training set (10 images/batch). After each increment, the model was retrained and tested on the
same external dataset. Initially, the model exhibited relatively high prediction error due to the
unfamiliarity of the test images. However, after approximately 130 synthetic images were
introduced into the training set, the MAPE dropped by 44%. These results confirm that when real
datasets lack diversity, strategically increasing synthetic data volume can enhance model

robustness and generalization across broader real-world scenarios.
Collectively, the findings of this thesis support the following five contributions:

e A fully automated machine learning-based NAC prediction model was developed,

leveraging pose estimation and normalized anatomical distances.

e A tilt correction algorithm was implemented to improve model robustness in cases of

subject misalignment.
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e An automatic prompt generation workflow using ChatGPT-4 was designed to support

diverse synthetic image creation.

e Synthetic data generated via the Emu diffusion model was successfully integrated to

expand dataset diversity and scale.

e The model was experimentally evaluated across three scenarios, real clinical images,
synthetic images with demographic variation, and external public datasets, which

allowed for the demonstration of improvements in generalization.

Finally, this thesis has demonstrated that machine learning models can achieve high-
precision NAC localization (<0.75% MAPE) using structured anatomical features, and that
synthetic data can improve generalization when combined with real datasets. These results
contribute toward automated, scalable, and reproducible Al systems for plastic surgery decision

support, and lay the foundation for future clinical integration and model refinement.

In conclusion, this thesis presented a machine learning—based framework for automated
nipple—areola complex (NAC) localization from upper body keypoints detected by OpenPose.
While it may appear intuitive to compare this method against prior geometric approaches from the
literature, such a comparison is not practical. Those methods depend on landmarks such as the
xiphoid process, anterior superior iliac spine, or anterior axillary folds, which OpenPose does not
detect. Incorporating these landmarks through manual annotation would undermine the very
objective of automation, making such comparisons misaligned with the scope and goals of this

study.

A limitation of this study lies in the composition of the clinical dataset. The sample
predominantly included lean individuals, which does not adequately represent the full spectrum of
body types encountered in the general population. As a result, the model may not fully capture the
variability in anatomical landmarks and chest morphology that can occur in individuals with higher
body mass index (BMI) or different body compositions. This imbalance could introduce bias into
the predictive framework, limiting its generalizability and accuracy when applied to more diverse
patient groups. Addressing this limitation will require the inclusion of a larger and more

heterogeneous real dataset that encompasses a broader range of body types, thereby improving the
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robustness and clinical applicability of the proposed method.

Another limitation lies in the bias introduced through the use of synthetic data
augmentation. The synthetic dataset was generated using models that tend to emphasize muscular
body forms, which could reduce the diversity of body types represented and affect generalizability.
Future datasets should incorporate a broader range of body compositions to mitigate this bias and

improve robustness across populations.

Looking ahead, this system can be envisioned as a component within a larger surgical
planning system. One immediate direction is its integration into a mobile application where the
images are taken by the surgeon through the application and the predicted measurements are
provided directly to the surgeon, who can then manually translate them onto the patient’s body
during preoperative planning. A more advanced pathway is the incorporation of this predictive
framework into an augmented reality (AR) environment. In such a system, the surgeon could
visualize the projected NAC locations directly on the patient’s chest in real time, providing an
intuitive and precise guide to support surgical decision-making. These directions highlight the
translational potential of the current work and its role in shaping more automated, accessible, and
clinically useful tools in reconstructive surgery. Initial feedback from Dr. Kevin Cheung
confirmed the potential usefulness of this work in surgical contexts, supporting its translational

relevance.
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