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INTRODUCTION 

Artificial intelligence (AI) has moved from experimental 

pattern recognition to a broad family of tools capable of 

classification, segmentation, prediction, natural-language 

generation, and multimodal data integration. In surgical 

practice, machine learning and deep learning can combine 

clinical variables, imaging, and perioperative data to 

support decisions that are difficult to standardize by human 

assessment alone. Previous work across general surgery 
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ABSTRACT 

Artificial intelligence (AI) is expanding rapidly in plastic and reconstructive surgery, but the central question has shifted 

from whether an algorithm can perform a task to whether it can generalize, improve clinical decisions, and remain safe 

after deployment. This critical review examines contemporary AI applications in burn assessment, facial and 

craniofacial surgery, microsurgical free-flap monitoring, breast reconstruction, and patient communication, with 

emphasis on translational readiness rather than cataloguing technologies. A structured PubMed/MEDLINE search 

through September 6, 2026 was supplemented by reference chaining from recent systematic reviews and reporting 

guidance. Image-based systems have reached high performance for selected bounded tasks, including automated free-

flap monitoring (area under the curve 0.960), burn-depth assessment (95% accuracy in a prospective clinical cohort), 

and some externally validated breast-reconstruction outcome models (area under the curve up to 0.97). In contrast, 

prediction of multifactorial complications remains less discriminative, and general-purpose large language models have 

shown clinically important limitations in factual accuracy and postoperative triage. The principal barrier is therefore not 

algorithm development but clinical translation: external validation, prospective impact studies, subgroup performance, 

human-AI workflow design, data governance, and post-deployment monitoring remain inconsistently addressed. Plastic 

surgery is well positioned to benefit from AI because it is image-rich and outcome-sensitive, but implementation should 

prioritize narrowly defined tasks with measurable clinical value and preserve surgeon oversight, patient-reported 

outcomes, and transparent lifecycle governance. 
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has identified risk prediction, operative assistance, 

perioperative decision support, and outcome optimization 

as major domains of AI application, while also 

emphasizing the persistent gap between technical 

performance and real-world clinical implementation.1 

Plastic and reconstructive surgery is an especially 

favorable environment for these methods because clinical 

photography, three-dimensional imaging, perfusion 

assessment, anthropometry and patient-reported outcomes 

are integral to the specialty. 

The literature has expanded quickly. Broad reviews have 

catalogued AI applications across plastic surgery, facial 

aesthetics, aesthetic surgery, and microsurgery.2-5 A 2026 

systematic review focused on facial aesthetic surgery 

again confirmed rapid growth but also emphasized that 

much of the evidence remains concentrated in 

development, feasibility, and validation rather than 

interventional clinical evaluation.6 Consequently, another 

catalogue of AI applications would add limited value. The 

more clinically relevant question is which applications 

have crossed the translational gap from technically 

impressive performance to evidence that is generalizable, 

clinically actionable, and deployable. 

This distinction matters because internal test-set 

performance can overstate real-world utility. Dataset shift, 

differences in skin pigmentation, photographic devices, 

lighting, surgical technique, outcome prevalence, and local 

practice patterns can materially alter model behavior. 

Contemporary reporting and implementation frameworks 

such as TRIPOD+AI, CLAIM, and FUTURE-AI therefore 

emphasize external validation, transparent reporting, 

fairness, robustness, human factors, and lifecycle 

monitoring.7-9 This review examines the strongest 

contemporary applications of AI in plastic and 

reconstructive surgery through that translational lens and 

identifies the evidence required before routine clinical 

implementation. 

LITERATURE SEARCH AND REVIEW 

APPROACH 

This article was designed as a critical, structured narrative 

review rather than a systematic review or meta-analysis. 

PubMed/MEDLINE was searched for English-language 

literature available through September 6, 2026 using 

combinations of the terms artificial intelligence, machine 

learning, deep learning, large language model, ChatGPT, 

plastic surgery, reconstructive surgery, aesthetic surgery, 

breast reconstruction, microsurgery, free flap, burn, 

craniofacial, and orthognathic surgery. Reference lists of 

recent systematic reviews were used for backward citation 

searching.2-6 Priority was given to peer-reviewed original 

studies from 2021 onward that reported quantitative 

clinical performance, external validation, prospective 

evaluation, or implementation, together with major 

reporting and deployment guidance.7-9 Earlier or 

nonclinical publications were retained only when 

necessary to establish context. Because the objective was 

interpretive synthesis of heterogeneous technologies and 

clinical tasks, no pooled effect estimate was calculated and 

the studies summarized in the tables should be considered 

representative rather than an exhaustive denominator of all 

AI publications in the specialty. 

WHY TRANSLATIONAL READINESS IS THE KEY 

QUESTION 

A useful distinction in medical AI is the difference 

between technical validity and clinical utility. Technical 

validity asks whether a model can reproduce a label or 

predict an outcome in a defined dataset. Clinical utility 

asks whether the model remains calibrated in a new 

population, changes clinician behavior appropriately, 

improves a patient-relevant outcome, reduces workload or 

cost, and does so without introducing inequity or unsafe 

automation. A model can achieve an area under the 

receiver operating characteristic curve (AUC) above 0.90 

and still fail clinically if the test population resembles the 

training cohort too closely, if the output is not actionable, 

or if false reassurance carries substantial harm.7-9 

This problem is visible in plastic surgery because AI tasks 

range from tightly bounded image classification to highly 

contextual decisions. Detecting a color or temperature 

change in an exposed free flap is a substantially narrower 

problem than predicting flap loss from preoperative 

variables, and generating educational text is fundamentally 

different from deciding whether a postoperative patient 

requires emergency reassessment. Translational readiness 

should therefore be judged against the clinical task, 

intended user, consequence of error, and degree of human 

oversight rather than a single performance metric. Figure 

1 presents a practical pathway from model development to 

sustained clinical deployment. 

 

Figure 1: Translational pathway for artificial 

intelligence in plastic and reconstructive surgery. The 

pathway emphasizes that model development and 

internal performance are early stages; external 

validation, prospective clinical impact, and post-

deployment monitoring are required before routine 

use. At every stage, the intended clinical task, 

consequences of error, subgroup performance, human 

oversight, and governance should be explicit. 
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AI IN BURN ASSESSMENT 

Burn care is a natural target for computer vision because 

management depends on visually derived variables such as 

wound extent and depth. Chang et al demonstrated deep-

learning segmentation of burn wounds from clinical 

images, supporting automated measurement of injured 

surface area.10 A subsequent study using 4,991 burn-

wound images and 1,050 palm images reported precision 

of 0.908 and sensitivity of 0.901 for total-wound 

segmentation with DeepLabV3+, while palm 

segmentation approached 0.99.11 These studies illustrate 

strong technical performance for a clearly defined visual 

task. 

The translational step is more important. El Masry et al 

developed AMBUSH-AI, integrating B-mode ultrasound, 

tissue Doppler elastography, and AI interpretation to 

classify burn depth. After preclinical development, 

prospective clinical evaluation in 30 patients achieved 

95% accuracy for identifying third-degree burns.12 This 

moves beyond retrospective image classification toward a 

decision with direct implications for excision and grafting. 

Nevertheless, broader deployment requires multicenter 

evaluation across skin tones, injury mechanisms, 

operators, and acquisition hardware. For burn AI, the most 

credible path to implementation is therefore not 

replacement of expert assessment, but standardized 

decision support in settings where burn expertise is limited 

or interobserver variability is high. 

FACIAL, AESTHETIC AND CRANIOFACIAL 

APPLICATIONS 

Facial plastic surgery has generated a large AI literature 

because standardized photography, cephalometry, and 

three-dimensional imaging allow quantitative analysis of 

shape and symmetry. Zhang et al used four neural 

networks in 50 facelift patients and found an AI-estimated 

apparent-age reduction of 4.3 years compared with 6.7 

years by patient self-appraisal; AI-derived age change 

correlated with FACE-Q satisfaction.13 Lo et al used three-

dimensional contour features in 158 orthognathic patients 

and reported improvement in mean symmetry score from 

2.74 to 3.52 after surgery.14 

AI has also been evaluated as a decision-support tool for 

orthognathic treatment. Shin et al. analyzed cephalograms 

from 840 individuals and reported test accuracy of 0.954, 

sensitivity of 0.844, and specificity of 0.993 for predicting 

the need for orthognathic surgery.15 In a separate cohort of 

920 radiographs, de Oliveira et al compared ten machine-

learning models; the combined approach achieved AUC 

0.791 overall, 0.824 in Class II patients, and 0.890 in Class 

III patients.16 Ho et al later combined three-dimensional 

contour maps with hyperdimensional computing, training 

on 5,150 images and clinically evaluating 200 patients; the 

system achieved 84.1% accuracy and quantified a 53% 

postoperative improvement in symmetry score.17 

The most important limitation is constructing validity. In 

facial feminization surgery, automated female 

classification increased from 48.1% preoperatively to 

74.1% postoperatively, but algorithmic classification was 

not equivalent to patient satisfaction.18 Similarly, in 48 

Chinese women after facelift surgery, AI estimated 

apparent-age reduction differently from both blinded 

observers and the patients themselves.19 These studies 

demonstrate that reproducible computational metrics can 

be clinically informative without being valid substitutes 

for patient-defined success. Aesthetic AI should therefore 

complement, not displace, patient-reported outcome 

measures and shared decision-making. It also requires 

explicit testing across ethnic and phenotypic groups 

because training distributions may encode culturally 

narrow standards of age, symmetry, femininity, or 

attractiveness. 

MICROSURGERY AND FREE-FLAP 

MONITORING 

Microsurgery provides one of the clearest examples of 

how task definition determines AI performance. Asaad et 

al. developed machine-learning models in 4,000 head-and-

neck free-flap reconstructions. Any complication occurred 

in 33.7%, major recipient-site complications in 26.5%, and 

total flap loss in 1.7%; the best AUCs were 0.61, 0.68, and 

0.66, respectively.20 These modest values reflect the 

difficulty of predicting multifactorial outcomes from 

preoperative and perioperative variables. 

By contrast, models focused on direct perfusion 

assessment have performed substantially better. Huang et 

al analyzed 805 postoperative flap observations and 

reported 98.4% accuracy with a random-forest model 

distinguishing normal perfusion, arterial insufficiency, and 

venous insufficiency; temperature and color differences 

were dominant predictors.21 Kim et al developed an 

automated smartphone-based monitoring system using 

photographs from 305 patients. The segmentation model 

achieved a Dice coefficient of 0.970; the perfusion 

classifier, trained on 11,112 images, achieved AUC 0.960, 

with sensitivity of 97.5% for venous insufficiency and 

92.8% for arterial insufficiency. Crucially, the integrated 

system was subsequently used in ten patients across 143 

automated monitoring sessions.22 

This sequence - objective signal, high internal 

performance, integration into a clinical workflow, and 

initial prospective use - is closer to genuine translational 

readiness than many purely retrospective prediction 

studies. The remaining questions are external: 

performance across different skin pigmentation, flap types, 

lighting conditions, smartphone cameras, buried flaps, and 

institutions. Automated monitoring is therefore best 

conceptualized as a sentinel system that can escalate 

concern to clinicians rather than as an autonomous 

replacement for bedside examination. 
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Table 1: Representative clinical evidence illustrating different levels of AI translation in plastic and reconstructive 

surgery. 

Domain Study 
Population / 

data 
AI task 

Reported 

performance 
Translation status 

Burns Chang et al11 

4,991 wound 

images + 1,050 

palm images 

Automated 

segmentation / 

%TBSA 

support 

Precision 

0.908; 

sensitivity 

0.901 for total 

wound 

Internal image 

validation 

Burns El Masry et al12 

30 patients 

(prospective 

clinical phase) 

Burn-depth 

classification 

95% accuracy 

for third-degree 

burns 

Prospective clinical 

evaluation 

Facial / 

orthognathic 
Shin et al15 840 patients 

Need for 

orthognathic 

surgery 

Accuracy 

0.954; 

sensitivity 

0.844; 

specificity 

0.993 

Internal validation 

Facial / 

orthognathic 

de Oliveira et 

al16 
920 radiographs 

Surgery vs 

orthodontic 

treatment 

AUC 0.791 

overall; 0.890 

in Class III 

Train/validation/test 

split 

Microsurgery Asaad et al20 
4,000 free-flap 

reconstructions 

Postoperative 

complication 

prediction 

AUC 0.61-0.68 

depending on 

outcome 

Retrospective internal 

validation 

Microsurgery Huang et al21 
805 flap 

observations 

Perfusion-state 

classification 
98.4% accuracy 

Retrospective internal 

validation 

Microsurgery Kim et al22 

305 patients; 

11,112 images; 

10-patient 

deployment 

Automated flap 

monitoring 

AUC 0.960; 

venous 

sensitivity 

97.5% 

Integrated clinical 

deployment pilot 

Breast 

reconstruction 
Ozmen et al25 

13,312 DIEP 

procedures 

30-day 

readmission 

AUC 0.8921; 

accuracy 88%; 

recall 79% 

Large database internal 

test set 

Breast 

reconstruction 
Gabay et al26 27,718 patients 

Readmission, 

reoperation, 

prolonged stay 

AUC 0.614-

0.861 

Large database internal 

validation 

Breast 

reconstruction 
Chen et al27 

2,687 

developments + 

2,089 external 

validations 

1-year 

BREAST-Q 

improvement 

AUC up to 0.97 
External multicenter 

validation 

Generative AI Hung et al28 

Patient 

education 

materials 

Breast-

reconstruction 

education 

50% of 

ChatGPT 

content judged 

accurate 

Expert comparison; no 

clinical deployment 

Generative AI 
Abi-Rafeh et 

al29 

22 simulated 

complications 

Postoperative 

triage 

44% most-

likely 

diagnosis; 55% 

disposition 

Simulation only 

BREAST RECONSTRUCTION AND 

INDIVIDUALIZED OUTCOME PREDICTION 

Large reconstructive datasets allow AI to identify risk 

phenotypes and predict outcomes that are difficult to 

estimate at the individual level. Using 14,274 patients from 

the National Surgical Quality Improvement Program 

(NSQIP), Kim et al applied unsupervised learning and 

identified seven clinically distinct subgroups after 

autologous breast reconstruction, with complication 

profiles ranging from relatively low-risk to clusters 

enriched for reoperation, readmission, and wound 

dehiscence.23 In implant-based reconstruction, Chen et al 

analyzed 209 patients (406 breasts); a neural-network 
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model using clinically significant variables achieved an 

AUC of 0.74 for secondary procedures, with sensitivity of 

84.2%.24 

More recent national-database models have improved 

discrimination. Ozmen et al evaluated 13,312 DIEP flap 

procedures and reported a 5.42% readmission rate; a 

stacked model achieved 88% accuracy, 79% recall, and 

AUC 0.8921 for 30-day readmission.25 Gabay et al 

analyzed 27,718 breast reconstructions across autologous, 

implant, and tissue-expander cohorts; AUCs ranged from 

0.614 to 0.861, with the strongest performance for 

prolonged length of stay after implant reconstruction and 

readmission after delayed autologous reconstruction.26 

The strongest evidence of generalizability comes from 

external validation. Chen et al. developed models using 

2,687 patients and externally validated them in 2,089 

patients from the Mastectomy Reconstruction Outcomes 

Consortium. For one-year BREAST-Q improvement, 

reported AUCs reached 0.97 for abdominal physical well-

being and remained clinically informative across breast 

satisfaction, sexual well-being, chest physical well-being, 

and psychosocial well-being.27  

This is a meaningful advance because the target outcome 

is patient-reported and the model was tested outside the 

development cohort. The next translational step is 

prospective decision-impact evaluation: whether 

providing these predictions to surgeons and patients 

improves counseling, procedure selection, expectation 

alignment, or postoperative resource use. 

GENERATIVE AI AND PATIENT 

COMMUNICATION 

Large language models (LLMs) require a different safety 

framework because fluent language can obscure factual 

error. Hung et al compared breast-reconstruction 

education materials produced by experts and ChatGPT. 

Expert materials were more readable (approximately grade 

7.5 versus grade 10.5), and only 50% of ChatGPT-

generated content was judged accurate.28 Abi-Rafeh et al 

tested Bard in 22 simulated postoperative body-contouring 

complications. After history-taking, the model identified 

the most likely diagnosis correctly in 44% of scenarios, 

suggested the indicated disposition in 55%, and recognized 

red-flag features with 48% accuracy.29 These performance 

levels are inadequate for autonomous postoperative triage. 

Domain specialization can improve language-model 

behavior without proving clinical safety. 

PlasticSurgeryGPT was fine-tuned on 25,389 plastic-

surgery abstracts and outperformed its baseline GPT-2 

model on BLEU, METEOR, and ROUGE-1 linguistic 

metrics.30 However, these metrics measure text similarity 

rather than diagnostic safety, guideline adherence, or 

patient outcomes. In 2026, Perez Rivera et al compared 

ChatGPT-5 with a medical evidence-oriented platform 

across 20 aesthetic procedures. OpenEvidence produced 

higher DISCERN scores and greater citation accuracy, 

while readability and actionability were similar.31 This 

finding supports retrieval-grounded or evidence-linked 

systems for patient education, but it does not justify 

unsupervised clinical decision-making. 

For current practice, LLMs are most defensible for low-

risk functions such as drafting educational material, 

summarizing information for clinician review, or 

administrative assistance. High-risk outputs - 

postoperative triage, complication diagnosis, procedural 

eligibility, or recommendations that could delay urgent 

evaluation - require explicit human verification and 

conservative escalation rules. 

A PRACTICAL TRANSLATIONAL-READINESS 

FRAMEWORK 

The evidence can be organized into five stages rather than 

a binary distinction between experimental and clinical AI. 

Stage 1 is model development with a clearly defined 

intended use and clinically meaningful ground truth. Stage 

2 is internal validation with patient-level separation 

between training and test data, calibration, and appropriate 

uncertainty reporting. Stage 3 is external validation across 

institutions, devices, demographic groups, and workflow 

conditions. Stage 4 is prospective clinical impact 

evaluation in which the model is actually used by 

clinicians or patients and compared with usual care. Stage 

5 is deployment with ongoing monitoring for performance 

drift, subgroup harm, cybersecurity, usability, and model 

updates.7-9 

Most plastic-surgery AI remains in stages 1-2. The 

strongest examples approaching stages 3-4 include 

prospective burn-depth assessment, automated free-flap 

monitoring with initial clinical deployment, and externally 

validated breast-reconstruction outcome prediction.12,22,27 

Table 2 translates these stages into evidence requirements 

that can be applied by surgeons, reviewers, and institutions 

when evaluating a new tool. 

Table 2: Practical translational-readiness framework for clinical AI in plastic surgery. 

Stage Minimum evidence 
Principal 

unresolved question 

Illustrative status in 

current literature 

1. Development 

A clinically bounded intended use, 

representative ground truth, patient-level 

data separation 

Technical 

discrimination alone 

Burn segmentation; domain-

specific LLM proof of 

concept 

Continued. 
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Stage Minimum evidence 
Principal 

unresolved question 

Illustrative status in 

current literature 

2. Internal 

validation 

Independent test set from development 

environment, calibration, uncertainty, error 

analysis 

Generalization 

outside the source 

institution 

Most retrospective 

prediction and imaging 

studies 

3. External 

validation 

Independent 

institutions/populations/devices; subgroup 

and calibration analysis 

Clinical impact when 

used in practice 

Externally validated breast-

reconstruction outcome 

prediction 

4. Prospective 

impact 

Human-plus-AI workflow compared with 

usual care; patient and workflow outcomes 

Durability and model 

drift 

Prospective burn 

assessment; initial 

automated flap monitoring 

5. Deployment 

and monitoring 

Governance, version control, 

cybersecurity, drift monitoring, update 

pathway, audit trail 

Ongoing safety and 

equity 

Target state for routine 

clinical AI 

GENERALIZABILITY, FAIRNESS AND HUMAN 

FACTORS 

Plastic surgery is unusually sensitive to dataset 

representativeness. Skin pigmentation affects visual cues 

in burns and flap monitoring; facial morphology and 

aesthetic preferences vary across ancestry, age, sex, gender 

identity, and culture; and reconstructive outcomes depend 

on institutional technique and thresholds for reoperation. 

External validation should therefore be planned around 

clinically plausible sources of shift rather than performed 

as a token split of the same database.7-9  

Fairness analysis should report clinically relevant 

subgroup performance, but equal performance metrics 

alone are insufficient. The consequences of error matter. 

Missing venous congestion in a free flap, underestimating 

a deep burn, or falsely reassuring a patient with a 

postoperative complication carries a different risk profile 

from a small error in apparent-age estimation. Human 

factors are equally important: alerts must be interpretable, 

actionable, and integrated into workflow without creating 

alarm fatigue or automation bias. The relevant unit of 

performance is often the human-AI team, not the algorithm 

alone.9 

REGULATION, GOVERNANCE AND MODEL 

LIFECYCLE 

Clinical deployment also requires governance beyond 

publication. Good Machine Learning Practice principles 

emphasize representative datasets, independent test sets, 

clinically relevant performance, transparency, human-AI 

team performance, and monitoring of deployed models.32 

For software that functions as a medical device, iterative 

updates create an additional challenge: performance may 

change after deployment as data distributions, hardware, 

and model versions evolve. Institutions should therefore 

document the intended use, model version, validation 

population, update process, fallback pathway, and 

responsibility for acting on outputs. 

Data governance is particularly important in plastic 

surgery because facial and body photographs may be 

identifiable biometric data. Uploading clinical images to 

external AI services without an appropriate legal basis, 

security controls, and institutional governance can create 

confidentiality risks independent of model accuracy. Local 

deployment decisions should therefore involve surgery, 

information security, privacy, clinical engineering, and 

ethics rather than being treated solely as a software 

procurement decision. 

IMPLICATIONS FOR LATIN AMERICAN 

PRACTICE 

AI could be valuable in Latin American reconstructive 

practice precisely where specialist resources are unevenly 

distributed. Smartphone-based flap monitoring, 

standardized burn assessment, and validated risk tools 

could support regional hospitals and postoperative follow-

up if they are designed for constrained environments.  

However, importing models trained predominantly in 

North American or East Asian cohorts without local 

validation risks systematic error. Multicenter Latin 

American datasets should capture skin-tone diversity, 

imaging hardware, socioeconomic and access variables, 

local operative techniques, and patient-reported outcomes 

in Spanish and other regional languages.  

The most realistic implementation strategy is selective 

rather than comprehensive: begin with a bounded, high-

value task; validate it locally; define an escalation 

pathway; measure workload and patient outcomes 

prospectively; and monitor performance after deployment. 

This approach is more likely to produce durable clinical 

benefit than adopting broad generative systems because 

they are widely available. 
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Table 3: Priority implementation questions by clinical domain. 

Domain Near-term opportunity Key implementation risk Most useful next study 

Burn assessment 

Standardize wound 

extent/depth; support 

nonspecialist triage 

Skin tone, image quality, 

operator/device variability 

Multicenter prospective 

diagnostic-impact study 

Facial / craniofacial 

Quantitative symmetry; 

planning; outcome 

measurement 

Construct validity, 

phenotypic/cultural bias, 

surrogate outcomes 

External validation linked to 

patient-reported outcomes 

Free-flap monitoring 

Continuous sentinel 

monitoring and early 

escalation 

Lighting, skin pigmentation, 

camera models, buried flaps, 

alarm fatigue 

Multicenter prospective 

human-plus-AI salvage/time-

to-detection study 

Breast reconstruction 

Individualized risk and 

patient-reported outcome 

prediction 

Institutional technique, 

calibration, treatment-

selection effects 

Prospective decision-impact 

trial with calibration 

monitoring 

Generative AI 

Education, 

documentation support, 

evidence synthesis 

Hallucination, citation 

errors, outdated versions, 

unsafe triage 

Retrieval-grounded systems 

with clinician review and 

safety escalation 

DISCUSSION 

The contemporary evidence supports a nuanced 

conclusion. AI is already capable of performing several 

plastic-surgery tasks at a level that is potentially useful to 

clinicians, but the maturity of the evidence varies sharply 

by application. Computer vision and structured prediction 

perform best when the target is well defined: burn 

segmentation, perfusion classification, facial 

measurement, and selected breast-reconstruction 

outcomes. In contrast, broad complication prediction and 

general-purpose conversational AI remain more 

vulnerable to contextual complexity, low event rates, 

hallucination, and unsafe overconfidence. This pattern 

helps reconcile two apparently conflicting observations in 

the literature: plastic surgery has many AI publications, yet 

relatively few tools have become routine clinical 

infrastructure.2-6 The bottleneck is no longer proof that AI 

can recognize patterns. It is evidence that a specific model, 

used by a specific person in a defined workflow, improves 

a decision or outcome in a population different from the 

one used to build it. External validation and prospective 

impact studies should therefore carry greater weight than 

marginal improvements in internal AUC. 

The strongest near-term opportunity is augmentation 

rather than autonomy. A free-flap system can continuously 

screen photographs and alert the surgical team; a burn 

system can provide a standardized second opinion; a 

breast-reconstruction model can make risk or patient-

reported outcome probabilities more explicit during 

counseling. In each example, the surgeon retains 

responsibility for contextual interpretation. This design is 

consistent with contemporary trustworthy-AI guidance 

and reduces the risk that automation silently substitutes for 

clinical judgment.7-9 Future studies should report 

calibration, decision thresholds, false-negative 

consequences, subgroup performance, missing-data 

handling, and model availability in addition to 

discrimination. Multicenter validation should precede 

broad clinical claims. Prospective trials should compare 

human-alone versus human-plus-AI workflows and 

include patient-relevant outcomes, time burden, cost, and 

unintended harms. For generative systems, evidence 

retrieval, citation traceability, version control, and explicit 

uncertainty or escalation behavior should be treated as 

safety requirements rather than optional features.31 

Finally, the specialty should resist using AI-derived 

aesthetic metrics as surrogate endpoints without validation 

against patient priorities. The discrepancy between 

algorithmic measures and patient satisfaction in facial 

surgery demonstrates why technical objectivity does not 

automatically equal clinical validity.18,19 Patient-reported 

outcomes and shared decision-making remain central, 

particularly where treatment goals are preference-

sensitive. 

Limitations 

This review has limitations. It is a structured narrative 

review rather than a systematic review, and the search was 

centered on PubMed/MEDLINE with reference chaining; 

therefore, it was not designed to identify every AI 

publication in plastic surgery. The field is highly 

heterogeneous, spanning images, clinical variables, three-

dimensional data, text generation, and different outcome 

definitions, which precludes meaningful pooled 

performance estimates.  

Commercial LLMs and some device software change 

rapidly, so published evaluations are version-specific and 

may not represent later releases. Finally, the translational-

readiness framework proposed here is a practical 

interpretive model informed by contemporary reporting 

and deployment guidance rather than a validated scoring 

instrument.  
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CONCLUSION 

Artificial intelligence has credible clinical potential in 

plastic and reconstructive surgery, particularly for image-

based assessment, free-flap monitoring, burn evaluation, 

craniofacial measurement, and individualized outcome 

prediction. The field should now shift its emphasis from 

demonstrating algorithmic performance to demonstrating 

clinical translation. External multicenter validation, 

prospective human-AI impact studies, subgroup and 

fairness analysis, secure data governance, and post-

deployment monitoring are the decisive next steps. 

General-purpose LLMs remain unsuitable for autonomous 

postoperative triage or other high-risk decisions without 

clinician verification. The most defensible implementation 

model is task-specific augmentation: AI should make 

relevant signals more measurable, timely, and 

individualized while preserving surgeon oversight and 

patient-defined outcomes.  
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