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Abstract
From novel reconstructive operations to the creation of negative pressure wound therapy, plastic surgery is defined 
by a rich history of surgical and technological innovation. One of the latest technologies changing the face of 
medicine is artificial intelligence (AI), with its increasing popularity embodied by the meteoric rise in AI-related 
publications over the last decade. Abdominal wall reconstruction (AWR) is a discipline within plastic surgery that 
has taken an interest in AI technology, incorporating it into research to better understand hernia outcomes, 
interpret preoperative data, and improve patient-specific care and education. This review aims to explore the 
current breadth of AI use within AWR to give readers a better understanding of where the field currently stands 
and inspire ideas for where it may go in the future.

Keywords: Abdominal wall reconstruction, AWR, hernia repair, artificial intelligence, deep learning, machine 
learning

INTRODUCTION
Artificial intelligence (AI) has taken the world by storm, integrating itself into our everyday lives with better 
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technology seeming to emerge by the day. Medicine, specifically surgery, has been quick to adopt this 
disruptive technology, finding various ways to incorporate it into research and practice. The volume of AI 
publications within surgical fields has increased drastically in the last decade without signs of slowing 
down[1]. Numerous early studies have shown the benefits of AI within medicine, surgery, and, specifically, 
plastic surgery, including database analysis, image analysis, predictive algorithms, computer vision, and 
intraoperative guidance[2-8].

To understand the various applications of AI algorithms, it is important to first develop a basic 
understanding of the types of AI algorithms available and the terminology currently in use. AI, machine 
learning (ML), and deep learning (DL) are just a few of the oft-confused terms currently in use. While AI is 
a general term that captures any technology mimicking human intelligence, ML and DL are subtypes of AI, 
with unique characteristics distinguishing their algorithms from one another[9,10]. ML is a form of AI where 
models learn to perform tasks without prior instruction, learning only from the dataset and the output of 
interest. However, ML requires time-intensive feature extraction and the identification of key features for 
the algorithm to focus on to help guide the algorithm. DL models, on the other hand, do not require feature 
extraction; instead, they identify important features independently. The tradeoff is that DL models generally 
require larger data sets and higher computing power, with the added difficulty of determining what features 
the model actually finds important[9,11,12]. Both ML and DL models can be either supervised or unsupervised. 
Supervised models are given labeled outputs, meaning the model knows the outcome and has the goal of 
creating a map from the input to the output. Supervised models are more frequently employed in medicine, 
where a specific question is trying to be answered. Unsupervised learning entails giving a model unlabeled 
data, serving a more exploratory purpose where the model tries to identify unknown structures and 
relationships within the data[11]. With this basic understanding of AI, we can better interpret the types of 
models being created and used within plastic surgery.

Abdominal wall reconstruction (AWR) is an expansive field that crosses general and plastic surgery, and as 
a specialty, it has produced significant research to provide patients with reproducible, reliable, and lasting 
outcomes. Ventral and incisional hernias are commonplace, with incisional hernias estimated to occur in 
more than 1 in 8 patients after laparotomy. Thus, hernia repair and AWR are among the most common 
surgical procedures performed across the globe[13-15]. With the increasing complexity of hernia repair, there 
is a concomitant increase in complications, with a higher incidence of wound complications, infections, and 
recurrences[16-18]. Described as a “vicious cycle of complications”, it has become well understood that 
complications after AWR and hernia repair, specifically wound complications and infection, lead to 
recurrence, and reoperation for hernia recurrence incurs added risk of complications and recurrence with 
each operation[16].

With the emergence of AI technology, AWR, a subspecialty of medicine with the need for such quality 
outcomes, and surgeons motivated to study and pursue these outcomes, is a field that is well positioned to 
take advantage of the technological disruption of AI in medicine. This review aims to summarize the 
current body of evidence for the use of AI in AWR and evaluate the future directions and new applications 
of AI technology in the field.

AI DATABASE ANALYSIS
A clear early indication of the use of AI within any field is database analysis, due to AI algorithms’ immense 
power and speed in the analysis of large datasets. This trend has held true in AWR, where AI has been used 
to detect long-term infections following inguinal, umbilical, and ventral hernia repairs[19]. Using a ML 
algorithm, O’Brien et al. were able to analyze 96,435 inguinal, umbilical, and ventral hernia repairs with 
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synthetic mesh for the occurrence of a skin and soft tissue infection related to their hernia repair over a five-
year period. The model performed very well in discriminating between patients with and without infection. 
The authors believe their model could aid in future outcomes research by decreasing administrative burden 
in assessing infectious outcomes over extended periods of time, as well as possibly automating surveillance 
programs for identifying patients with an infection[19].

In 2022, Hassan et al. published their work on using AI to predict complications following AWR. Utilizing a 
dataset of 725 patients and nine supervised ML algorithms, they aimed to preoperatively predict hernia 
recurrence, surgical site occurrences, and 30-day readmission following AWR. Their algorithms 
demonstrated good discriminatory performance for predicting hernia recurrence and 30-day readmission 
measured by area under the receiver operating curve (AUC), with AUCs of 0.71 and 0.75, respectively. 
Additionally, their algorithms were able to identify many unique significant predictors for hernia 
recurrence, surgical site occurrences, and 30-day readmission. This study was an early example of an AI 
algorithm using preoperative clinical data to predict postoperative outcomes in AWR - a tool that the 
authors conjecture could help in providing patient-specific risk assessment and preoperative counseling[20].

In 2023, two studies focused on using AI to identify risk factors for hernia development rather than 
outcome prediction[21,22]. Ortega-Deballon et al. investigated the predictors of hernia formation. Utilizing a 
large national database, they evaluated 710,074 patients who underwent abdominal surgery, looking for 
predictors of hernia recurrence by analyzing the patients who subsequently underwent at least one 
incisional hernia repair within five years. They utilized both a Cox multivariable analysis and a ML analysis. 
The study identified several risk factors for the development of incisional hernia, including age, length of 
hospital stay, laparoscopy vs. laparotomy, and intraabdominal surgical site. When focusing on the ML 
evaluation, pancreatic operations and colorectal operations were the procedures with the highest risk of 
incisional hernia repair within five years. Age, laparotomy, and obesity also proved to be important risk 
factors, even in surgical sites with lower risks of eventual need for hernia repair[21].

Choi et al. similarly used ML database analysis to evaluate the risk of hernia occurrence after laparoscopic 
cholecystectomy. Their main aim was to evaluate if there was an increased risk of post-laparoscopy 
incisional hernia for index operations performed at a teaching hospital. Utilizing multiple different ML 
algorithms, they evaluated 117,570 laparoscopic cholecystectomy cases and the risk factors that led to 
subsequent hernia development. They found that surgery performed at a teaching hospital did not increase 
the risk of post-laparoscopy hernia formation. However, ML did identify other patient- and hospital-
specific factors that impacted the risk of incisional hernia development both positively and negatively[22].

AI IMAGING ANALYSIS
While database analysis using AI, such as in the studies detailed above, can afford more efficient and timely 
analysis of small to large datasets, imaging analysis can potentially open even more doors in AWR research. 
Medical imaging is comprised of a wealth of data, nuances of which, such as slight differences in shades of 
grey, can be imperceptible to the human eye. AI can analyze images not just at record speeds compared to 
humans, but can also assess changes and differences in images that humans cannot appreciate[23,24].

The first study utilizing AI imaging analysis in the hernia and AWR population was by Elhage et al. in 2021. 
This also happens to be the first use of DL algorithms in the field of AWR research. The authors utilized DL 
algorithms to analyze preoperative computed tomography (CT) scans of 369 patients, with the goals of 
predicting the need for component separation (a proxy for surgical complexity) and predicting 
postoperative surgical site infections and pulmonary failure. Using preoperative images alone, the surgical 
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complexity and surgical site infection models performed very well, with AUCs of 0.744 and 0.898, 
respectively. Additionally, the surgical complexity model outperformed a panel of expert surgeons on a 
separate validation set, with an accuracy of 81.3% compared to the expert surgeon accuracy of 65.0%. 
However, the model for predicting pulmonary failure was unsuccessful, with an AUC of 0.545, and this was 
thought to be due to the low sample size of patients who developed postoperative pulmonary failure[25].

A follow-up study by Ayuso et al. in 2023 aimed to utilize specialized techniques to improve the accuracy of 
DL models for predicting rare but often devastating outcomes in AWR. Querying a database of 510 patients, 
they utilized framework-augmented DL models that incorporated image augmentation and anomaly 
detection, as a way to give an algorithm more data for learning when original unique data may be limited. 
Despite the variables of interest occurring at low rates, pulmonary failure at 5.6% and mesh infection at 
3.7%, they were able to successfully predict these outcomes with the augmented DL models. In comparison, 
these models significantly outperformed conventional DL models assessing the same outcomes[26].

In 2022, McAuliffe et al. utilized ML to successfully predict the development of incisional hernia after 
colorectal operations. Rather than AI analyzing images on its own, the authors identified features on 
preoperative CT images, 21 of which were capable of discriminating between incisional hernia and non-
incisional hernia patients. With these features, they utilized ML to generate predictive algorithms based on 
three unique pathophysiologic domains: structural widening of the rectus complex, increased visceral 
volume, and atrophy of the abdominopelvic skeletal muscle. Based on the importance of these domains, the 
authors hypothesized a mechanism for hernia formation based on the premise of early fascial microgap and 
failed healing, in the setting of decreased fascial integrity and higher forces on the fascia via increased intra-
abdominal pressure. Work such as this can not only help with the prediction of hernia development, but 
can also improve our understanding of the underlying pathophysiology[27]. Furthermore, this study 
highlights important traits of supervised ML algorithms, where the significance of specific features can be 
uncovered, as opposed to DL models where feature significance is often hidden in a black box[11].

Talwar et al. similarly aimed to predict the risk of hernia development after abdominal operations, utilizing 
optimal biomarkers identified on preoperative CT imaging to train their predictive ML model. Optimal 
biomarker methodology can utilize unstructured data to “identify a small subset from a large set of features 
that are both discriminative for the outcome of interest and independent from other features”. Using this 
technique, their most successful ML model was able to predict incisional hernia formation well, with an 
AUC of 0.85, accuracy of 0.83, sensitivity of 0.86, and specificity of 0.81[28].

An interesting study by Wilson et al. published in 2024 was the first in the hernia literature to compare 
three DL predictive models using images alone, clinical data alone (age, sex, body mass index, diabetes 
status, and history of tobacco use), and a combined model using images and clinical data. All three models 
were found to be poorly predictive of hernia recurrence; however, a noteworthy conclusion from this study 
was that the DL model based only on clinical data outperformed the image-based model and the combined 
model. This observation suggests that certain outcomes may benefit more from image analysis or clinical 
data, and that the combination of the two does not necessarily purport an additive effect in terms of 
accuracy[29].

GENERATIVE AI
Generative AI is a fascinating field within AI that focuses on AI’s ability to create new content. Much of the 
AI technology that has infiltrated our day-to-day lives, such as Chatbots and music-, image-, and video-
generating software, are examples of generative AI. There has been much speculation as to the future 
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implications of generative AI on medicine and within AWR specifically, though the field remains ripe for 
study[30]. Though there has been very little published on the use of generative AI within AWR, momentum 
appears to be building. A recent study published in 2024 by Lima et al. aimed to evaluate the 
appropriateness of recommendations from a publicly available Chatbot to common questions about ventral 
hernia repair. Based on an expert review of the Chatbot’s answers to 23 questions, 74% of answers were 
deemed to be appropriate by a majority of the reviewers. However, the authors highlighted known 
difficulties with generative AI in the medical field, one importantly being the lack of, or the generation of, 
false citations. A specific area where the Chatbot struggled in this scenario was in discussing the use of mesh 
and surgical approaches. While these findings are exciting and encouraging, the technology remains far 
from being applied in clinical practice[31].

FUTURE DIRECTIONS
The future of AI in AWR is exciting and we are merely at the tip of the iceberg. Much of future research will 
be focused not only on improving upon current algorithms and developing new ones, but also on how we 
can best validate these algorithms to ensure their safety[32]. One can imagine a future where AI assistance 
occurs at every level of surgical patient care: as an adjunct in preoperative decision making, for assistance 
and guidance in the operating room, and even in the postoperative setting for early detection of 
complications. Beyond simply creating new algorithms to answer questions or make predictions, the 
surgical community must focus efforts on studying the best ways to deploy this technology into our daily 
workflows, ensuring that we are using AI not only to improve patient outcomes, but also to improve 
surgeon efficiency.

Another key direction for future research in the realm of AI and AWR will certainly be robotics. While the 
implementation of computer vision into robotic platforms and autonomous robotics is beyond the scope of 
this review, research has already started in the realm of AWR[33]. Studies have begun to assess AI’s ability for 
phase recognition within robotic inguinal hernia repair; however, this is proving difficult, and will only be 
more difficult for AWR outside of inguinal hernia repair due to significant heterogeneity in case steps, order 
of operations, and unique surgical anatomy[34]. Beyond computer vision and autonomous robotic platforms, 
AI research can influence the future of robotics by assisting with defining indications and predicting 
outcomes for robotic versus open AWR. Current research, including randomized controlled trials, has not 
shown significant differences in outcomes between the two modalities, leaving room for AI analytical 
technology to potentially answer this question[35].

The future of AI lies not just in database and imaging analysis, but also in generative AI, which is poised to 
play a larger and larger role in our clinical practice. While the aforementioned AWR-specific study evaluates 
a chatbot’s response to questions, other fields in plastic surgery are pushing the envelope with generative AI 
technologies. Within plastic surgery, generative AI has been used to generate consent material and answer 
surgeon questions for intraoperative assistance[36,37]. While this technology is far from being ready to be used 
clinically, it is exciting to picture a world where it will be seamlessly integrated into the framework of our 
daily practice. Future studies focused on generative AI in AWR can utilize this technology to improve the 
consent process and create new and improved mechanisms to educate patients and disseminate medical 
information.

CONCLUSION
AI will continue to grow its presence in medicine as technology improves and our research into the field 
deepens. AWR as a specialty has embraced this technology and is using it to better study and predict hernia 
occurrence and AWR outcomes. Our review highlights key studies in the field, encompassing database 
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analysis, image analysis, and generative AI, and we encourage AWR surgeons to pursue future AI research.
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