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Abstract
Breast reconstruction is a critical component of breast cancer treatment. With the rapid integration of Artificial 
Intelligence (AI) into healthcare, its potential to revolutionize breast reconstruction has become increasingly 
evident. This narrative review examines the latest AI developments across the preoperative, intraoperative, and 
postoperative phases of breast reconstruction. In preoperative consultations, AI and augmented reality (AR)-driven 
simulations help both the surgeons and the patients visualize reconstruction outcomes. Imaging analysis and 
predictive modeling enhance the precision and efficiency of autologous procedures such as deep inferior epigastric 
artery perforator flap-based reconstruction. Within the operating room, AI applications such as real-time 
perforator mapping and AR modeling offer plastic surgeons improved control and visualization, which helps to 
reduce postoperative complications. Furthermore, AI models help surgeons design and deliver more personalized 
and value-based postoperative care, thereby improving patient satisfaction and overall cost-effectiveness. While AI 
applications demonstrate promising utility, challenges such as high costs, reliability, and the need for extensive 
clinical validation remain. Ongoing research and large-scale clinical trials are crucial to fully harness AI’s potential 
in improving breast reconstruction outcomes.
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INTRODUCTION
Plastic surgery is a creative field at its core that is driven forward by innovation in both the techniques and 
devices used in aesthetic and reconstructive procedures. Breast reconstruction is a critical aspect of breast 
cancer treatment with significant physical and psychological benefits for patients[1]. Artificial intelligence 
(AI), which encompasses various fields such as machine learning and natural language processing, can 
drastically transform current breast reconstruction practices. Recently, many applications of AI, such as 
imaging analysis and symptom monitoring, are gradually becoming tools for plastic surgeons, both inside 
and outside of the operating room. As various AI technologies continue to emerge in the surgical realm, it is 
important to assess how these budding applications can be implemented in breast reconstruction to further 
improve patient outcomes. Here, we present a narrative review of the latest AI developments relating to the 
preoperative, intraoperative, and postoperative phases of breast reconstruction.

METHODS
This narrative review synthesizes key findings from the current literature on AI applications in breast 
reconstruction. A comprehensive literature search was conducted on PubMed and MEDLINE on August 1, 
2024. Articles published on or prior to this date were included in the query. Keywords included MeSH 
terms “artificial intelligence”, “mammaplasty”, “surgery, plastic”, and “augmented reality”. Given the 
narrative nature of the review, no formal inclusion or exclusion criteria were applied. Articles were included 
if they offered specific discussions and presented novel findings on the use of AI, including machine 
learning (ML), Large Language Models (LLMs), and convolutional neural networks (CNNs) in breast 
reconstruction. Priority was given to original research, clinical trials, and articles with the most up-to-date 
information within the field. Articles that offered substantial insights or unique perspectives on 
advancements, limitations, and clinical applications were emphasized. The included articles were 
categorized into pre-, intra-, and postoperative applications. Recurring findings, including AR, AI-assisted 
perforator mapping, symptom monitoring, and patient satisfaction and outcome initiatives, were grouped 
and discussed.

AI IN PREOPERATIVE PLANNING
The gold standard for autologous breast reconstruction is the deep inferior epigastric artery perforator 
(DIEP) flap. Computed tomography angiography (CTA) is essential for plastic surgeons to understand the 
complex vascular architecture associated with the inferior epigastric artery and to select appropriate 
perforators for autologous breast reconstruction with DIEP flaps. However, manual interpretation of CTA 
by radiologists and plastic surgeons is labor-intensive and subject to variability.

As a promising alternative, AI has been deployed to automate CTA interpretation for DIEP flap planning. A 
recent study published by Mavioso et al. tested the feasibility of using semi-automated software to detect 
perforators for DIEP reconstruction. This AI application reduced the time spent on planning each case by 
approximately two hours[2]. While the software’s accuracy is lower for smaller vessels (< 1.5mm), it performs 
equally well for larger vessels compared to manual selection. Another recently published study by Lim et al. 
compared four LLMs in the interpretation of CTA scans[3]. Certain models, like Bing AI (Microsoft, 
Redmond, Washington, 2023), demonstrated superior accuracy and readability. However, as noted by the 
authors, the reliability of the output by these models remained a significant challenge, as they can 
sometimes provide irrelevant or “hallucinated” references. This limitation can detrimentally mislead 
surgeons, indicating the need for further development and testing of AI in CTA analysis.
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Predictive analytics powered by ML models have emerged as crucial tools in preoperative risk assessment 
and management. In a study by O’Neill et al., a ML model was used to predict flap failure in microvascular 
breast reconstruction. It identified high-risk patient groups, such as those with obesity, comorbidities, and 
smoking habits, allowing for targeted interventions and improved outcomes[4]. With tools like this, surgeons 
can immediately stratify the risk of each patient and provide personalized counseling to high-risk patients 
on lifestyle modifications to prevent flap failure.

The Artificial Intelligence-Based Multimodal Risk Assessment Model for Surgical Site Infection (AMRAMS) 
exemplifies the potential of AI in risk management[5]. By incorporating demographics, preoperative lab 
results, and free-text preoperative notes, AMRAMS leveraged deep learning methods, including CNNs, to 
enhance accuracy. Compared with the National Nosocomial Infections Surveillance risk index manually 
scored by surgeons, AMRAMS offered significantly higher accuracy. The inclusion of semantic embeddings 
of preoperative notes further improves model performance, suggesting that AMRAMS could potentially 
replace traditional risk indices to provide highly personalized guidance for preoperative interventions.

AI-aided surgical planning is also transforming preoperative consultations. Traditional preoperative 
consultations often involve the use of diagrams, photographs, and verbal descriptions, which may not 
effectively render the potential outcomes of the surgery. In a study published by Chartier et al., BreastGAN, 
an AI tool driven by generative adversarial neural networks (GANs), was able to simulate breast 
augmentation outcomes based on preoperative images[6]. The use of another complementary technology in 
tandem with AI is particularly revolutionizing this space. Augmented reality (AR) overlays digital content 
onto the real world. When combined with AI that provides computational analysis and predictive 
capabilities, AR creates more immersive and comprehensive ways to tangibly visualize surgical outcomes, 
helping center patient expectations and improve postoperative satisfaction.

A prospective study with patients undergoing breast augmentation reported that patients were satisfied with 
preoperative 3D simulation using Arbrea Breast Software (Arbrea Labs, Zurich, Switzerland, 2018) and 
postoperative outcomes, measured with a visual satisfaction analog scale and BREAST-Q Augmentation 
module[7]. Arbrea, similar to BreastGAN, uses a type of generative AI called GANs in combination with AR 
and 3D simulation to help patients visualize surgical outcomes. Additionally, in another cohort of 40 
patients undergoing breast reconstruction, virtual reality (VR) tools (3D imaging) and external sizers were 
shown to be the most effective among the five methods tested in choosing the implant volume[8]. 
Furthermore, the Crisalix portable 3D surface imagers, driven by deep learning, predicted breast volume 
with accuracy closely matching estimates from experienced plastic surgeons and actual intraoperative 
specimen weights[9].

Despite these exciting results, there are several barriers hindering the wider adoption of AI and AR in 
preoperative consultations. Users report that AR tools like the 3D HoloLens can be cumbersome and 
challenging to use[10]. In terms of breast volume prediction, discrepancies in accuracy may exist between 
different AI softwares, highlighting the need for additional testing and head-to-head comparison when 
choosing the application carefully[11]. Moreover, the cost of implementing AR technology for preoperative 
planning remains unclear, largely due to its scarce implementation thus far[12]. However, the cost of AR 
modalities that may implement AI is relatively fixed, such as the Microsoft 3D HoloLens, which retails for 
about $3,500; thus, their gradually decreasing cost per use may be beneficial for long-term 
implementation[13]. Effective utilization also requires specialized training for surgeons. Therefore, future 
studies should focus on addressing these limitations by exploring cost-effective solutions and developing 
standardized training protocols. Further, large-scale randomized controlled trials are necessary to validate 
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the benefits of AR and establish its efficacy in different clinical settings.

AI APPLICATIONS INSIDE THE OPERATING ROOM
AI is revolutionizing the use of intraoperative imaging and visualization, particularly in autologous breast 
reconstruction, by generating AR models based on the data collected through advanced imaging 
technologies. These advanced imaging technologies include Near-Infrared Laser-Assisted Indocyanine 
Green (ICG) imaging, which has emerged as a reliable assessment tool of direct perforator perfusion zones. 
From raw ICG data, the SPY-Q Analysis Toolkit (Novadaq Technologies, Inc., Toronto, Canada, 2009) can 
calculate quantifiable parameters like relative and absolute perfusion values, so surgeons can objectively 
identify the dominant perforators and their perfusion zones. Sacks et al. demonstrated success in 
conventional free anterolateral thigh flap dissection with the aid of laser-assisted ICG, with only 1 flap loss 
in 15 due to venous congestion[14]. Ongoing efforts have shown early success in developing high-fidelity AI 
models using ICG fluorescence angiography to assist in flap trimming decisions intraoperatively. 
Singaravelu et al. developed an ensemble subspace k-nearest neighbor model that was able to predict the 
optimal excision area with 99.3% accuracy[15].

Building upon SPY-Q-guided manual identification, the integration of 3D-printed vascular modeling 
(3DVM) enables the visualization of more spatial information with depth, orientation, and direct tactile 
feedback in DIEP flap breast reconstructions[16]. Following these advancements in 3DVM, Meier et al. 
introduced a novel approach using projected AR for perforator mapping in DIEP flap breast reconstruction 
with the aim of increasing interactive visualization of vascular anatomy[17]. The study utilized a self-aligning 
projection device equipped with a thermal camera, which projected a color-coded thermal map directly 
onto the patient’s abdomen. This system employed dynamic infrared thermography (DIRT) to identify 
perforators based on their heat signatures, offering a quick and non-invasive method for perforator 
mapping. While the technology is still nascent, early results are promising, with the majority of 
DIRT-identified perforators also identified on preoperative Doppler and CTA, as well as intraoperatively, all 
without the need for radiation or contrast.

Recent advancements in AI have led to the development of a novel approach using DIRT coupled with 
CNNs for automated blood vessel detection in DIEP flap breast reconstruction[2]. These deep learning 
models can extract complex features from medical images, capturing both local and global context to 
enhance the accuracy of perforator identification and flap perfusion assessment[18].

The study by De La Hoz et al. utilized a DIRT protocol to capture images of the abdominal area after 
cooling[19], generating a dataset that was used to train and test the CNN. The CNN was designed to directly 
segment these thermograms to identify perforators with high confidence. Saxena et al. further advanced the 
field by exploring deep learning for vessel segmentation in DIEP flap planning[20]. Their approach used 
rectus abdominis muscle segmentation from computed tomography (CT) scans to select the appropriate 
region of interest for targeted vessel segmentation and diameter measurement. However, the model’s 
reliance on synthetic datasets requires further validation.

A separate study by Seth et al. segmented CTA data using AI-enabled software, Materialise Mimics 
(Materialise NV, Belgium, 2017)[21]. Materialise Mimics can provide automated segmentation of anatomical 
structures on CTA using proprietary AI that involves image thresholding, ML, deep learning, and graph 
learning algorithms applied to computer vision. This study created a virtual overlay of 3D models 
containing color-coded representations of patient anatomy, subsequently manually aligned with the patient 
using fixed anatomical landmarks[22]. This allowed for the visualization of DIEP’s extra- and intramuscular 
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routes directly on the patient's abdomen, effectively remedying the limitations with perforator depth and its 
respective course changes mentioned by DeFazio et al.[16]. While the sample size was limited to 5 cases, 
preoperative perforator route identification was successful for all patients, as verified by Doppler. Map 
alignment time may prove to be prohibitive to large-scale implementation, but other studies using 
coordinate systems centered around the umbilicus have shown high accuracy without the same tedious 
alignment process[23].

The economic considerations of implementing 3D modeling as an intraoperative aid vary significantly 
between physical and virtual approaches. Ghasroddashti et al. reported that the cost of printing each 3DVM 
differed significantly, ranging from $6.50 to $829.72[24]. While plastic and reconstructive surgery lacks formal 
cost-benefit analyses specific to the field, insights can be drawn from other surgical specialties. Ravi et al. 
and Ballard et al. have demonstrated that within the field of general surgery, orthopedic, and maxillofacial 
surgery, the reduced operative times do generally outweigh the model production costs[25,26]. In contrast, 
virtual 3D modeling approaches, particularly those utilizing DIRT technology, show promising cost 
advantages. The growing adoption of DIRT can be attributed to its operational simplicity and potential for 
further cost reduction through integration with smartphone-based cameras, though comprehensive cost 
analyses for virtual modeling implementations remain limited[27].

AI TOOLS TO ENHANCE POSTOPERATIVE OUTCOMES
Symptom monitoring and postoperative recovery
AI is rapidly revolutionizing breast reconstruction procedures by transitioning postoperative care from 
traditional in-person flap checks and clinical visits to portable and ambient tools, providing closer 
monitoring, quicker responses, and improved surgical outcomes. One such application is the use of 
smartphone-based tools for managing and monitoring microvascular flaps[28]. Supervised ML was able to 
predict vascular compromise in free flaps with a high accuracy of 98.4% using images taken on a 
smartphone and clinical variables[29]. In the study by Hsu et al., a deep learning model integrated 
smartphone application was used for free flap monitoring, which demonstrated high accuracy (95.3%), 
sensitivity (95.2%), and specificity (95.3%) in predicting venous congestion in free flaps, with an area under 
the curve being 0.99[30]. More importantly, in several cases, the smartphone application was able to detect an 
increase in congestion probability on average two hours earlier than human observers. Another study by 
Kim et al. similarly harnessed the power of CNNs and the convenience of smartphone cameras for free flap 
monitoring[31]. Their best model detected venous insufficiency and arterial insufficiency with sensitivity of 
97.5% and 92.8%, respectively. Pilot implementation of a smartphone application equipped with the same 
AI algorithms on 10 patients demonstrated great utility in the clinical setting, with prompt feedback in less 
than one second. In autologous breast reconstruction, the time at which potential flap compromise is 
detected may determine what surgical or medical interventions are possible, and the likelihood of those 
treatments working to salvage a flap from progressing to failure. The current practice of detecting free flap 
failure primarily involves frequent clinical examination of the flap combined with Doppler ultrasound to 
monitor blood flow. This process requires specially trained medical professionals and needs to be done in 
the medical setting, which is laborious and resource-intensive. Digital monitoring tools, especially when 
equipped with predictive ML algorithms to identify early risk factors, could provide cost-effective, real-time, 
and non-invasive monitoring. These emerging applications of AI will not only allow for prompt 
intervention by plastic surgeons to improve flap survival, but also enhance patient outcomes and optimize 
resource allocation within the healthcare system.

While smartphone-based tools and ML show promising clinical utility, comprehensive cost analysis specific 
to those technologies when used in postoperative flap monitoring is limited. Lee et al. noted a significant 
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cost reduction due to a drastic decrease in the staffing burden required for frequent flap checks, especially 
within the first 24 h post-operation[32].

Predictive analytics can also be utilized to create personalized postoperative care plans and enhance patient-
specific, value-based care and recovery[33]. ML models based on preoperative and intraoperative information 
can help plastic surgeons quickly stratify risk factors of flap failure in microvascular breast reconstruction 
and guide postoperative treatment planning[34]. For example, ML models have been developed to predict 
30-day reoperation and readmission for head and neck free flap patients using patient demographics and 
perioperative factors (operation time, hospital length of stay, surgical site infection)[35]. In the instances of 
autologous breast reconstruction, such models could potentially shorten hospital stays and reduce spending 
among low-risk patients while informing preventative measures to reduce flap failure among high-risk 
patients.  For implant-based breast reconstruction, ML models were also able to identify significant 
predictors of periprosthetic infection and explantation, as well as nipple-areolar complex necrosis following 
immediate breast reconstruction[36,37]. Breast reconstruction has been among the top 5 most performed 
reconstructive procedures for the last 2 years, and this volume only continues to grow[38]. As more data 
become available to train these models, their acuity and surgical utility will continue to improve. 
Additionally, this growing volume of autologous procedures also signals the need for more efficient and 
cost-effective postoperative management strategies, potentially enabled by AI[39]. As we transition to a future 
with shorter hospital stays and more focus on personalized medicine[40,41], AI could greatly enhance the 
precision and effectiveness of postoperative care, leading to better patient outcomes and overall satisfaction.

Other AI applications that are revolutionizing postoperative care include remote monitoring and 
telemedicine. Wearable AI devices have been applied in aesthetic postoperative settings to monitor patient 
compliance with positioning after discharge[42]. This could be used to detect clinical derangements and alert 
surgeons in real time, enabling prompt response and better outcomes, while allowing patients to recover 
from the comfort of their own homes.

Patient satisfaction and outcomes initiatives
Patient satisfaction with breast reconstruction following mastectomy is highly variable and subject to 
influence from various factors involved in their cancer treatment process. ML models developed from an 
international cohort of patients diagnosed with breast cancer who underwent mastectomy and 
reconstruction demonstrated the ability to accurately predict individual patient-reported outcome measures 
(PROMs), as evaluated by BREAST-Q, prior to the initiation of the reconstruction process[43]. By integrating 
these AI models into treatment planning for each patient, plastic surgeons may better guide the patients in 
making treatment plans that maximize patient satisfaction.

AI tools such as chatbots and virtual assistants can significantly enhance the patient experience with 
consultation and education by promptly addressing patients’ queries. For real-time patient question 
resolution, a survey from a single institution demonstrated that 96% of patients were satisfied or somewhat 
satisfied with their interaction with the patient-facing AI chatbots[44]. Regarding general simplification of 
patient instructions and educational materials, Chat Generative Pretrained Transformer 3.5 (OpenAI, San 
Francisco, California, 2022) could effectively simplify these resources down to a broadly acceptable reading 
level[45]. This is especially relevant for patients considering implant-based reconstruction, who often face 
lengthy and evolving educational materials about implant safety and risks, as the Food and Drug 
Administration (FDA) continues to update its recommendations and warnings surrounding breast 
implants[46]. For example, AI-driven tools can help break down lengthy patient materials regarding the safety 
profile and risks associated with these implants into more digestible formats, which will help patients make 
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informed decisions.

Moreover, patients undergoing breast reconstruction, especially those from racial minority groups, report 
significant dissatisfaction with the information provided to them regarding preoperative decision making 
and postoperative recovery[47]. They often perceive significant gaps in their knowledge and understanding of 
expected outcomes, leading to increased anxiety and fear during the surgical process. Patients are 
increasingly turning to online resources for advice and insights prior to a potential surgical journey, often 
because of the stress and frustration of navigating the complex or inaccessible materials provided by their 
surgical teams. Yet, even as the available number of existing resources targeted toward breast reconstruction 
continues to grow, most are not written at a broadly accessible level[48]. This calls for the need to improve 
this process, which will not only elevate immediate patient experience, but may also lead to overall increased 
patient satisfaction with their breast reconstruction. AI chatbots in their current state have shown the ability 
to perform such tasks effectively and could be easily integrated to bridge this gap with almost immediate 
effect[49]. Notably, a concern in validating AI software is that it is limited by the biases of the datasets on 
which it is built, including those disproportionately affecting populations that are poorly represented even 
in large clinical trials. With even high-level evidence succumbing to this weakness[50,51], it is important that 
clinically facing tools are continuously refined to ensure high-quality care.

CONCLUSION
The integration of AI in breast reconstruction holds great promise for improving surgical outcomes and 
patient satisfaction. AI-driven image analysis, predictive modeling, and personalized planning tools enhance 
the precision and efficiency of surgical planning. Additionally, VR and AR technologies provide innovative 
ways to educate and engage patients, helping them make informed decisions about their care. As AI 
technologies continue to evolve, their applications in breast reconstruction are likely to expand, offering 
even greater benefits to patients and surgeons alike. Overcoming current limitations, including costs, 
accuracy, and reliability, and further evaluating these applications through prospective, randomized, and 
large-scale clinical trials will be necessary to leverage AI’s full potential to improve surgical care and patient 
outcomes in breast reconstruction.
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