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Abstract

Burn injury remains a major global health challenge, causing an estimated 180 000 deaths annually. The marked heterogeneity in burn severity,
complications, and outcomes highlights the need for more objective and efficient evaluation strategies. Artificial intelligence (Al) has emerged as
a promising approach to support clinical decision-making and improve patient care in this field. In this narrative review, we summarize the growing
applications of Al in burn care, including the assessment of burn depth and total body surface area, monitoring of wound healing, prediction
of postburn complications, and estimation of clinical outcomes. Al-based models have demonstrated strong performance in automating wound
assessment, optimizing fluid resuscitation, and predicting complications such as sepsis, inhalation injury, and acute kidney injury. Furthermore,
Al-driven prediction of mortality risk and hospital length of stay has shown potential to inform early interventions and improve resource allocation.
Despite encouraging progress, most studies to date rely on small, single-center datasets and limited model validation, underscoring the need
for larger, multi-institutional efforts, and standardized data sharing. Integrating Al into burn management holds great promise for enhancing
diagnostic precision, forecasting outcomes, and personalizing treatment strategies. As these technologies advance, clinician familiarity and
collaboration with Al tools will be critical to fully realize their potential in transforming burn care.
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Background

Burns are one of the leading causes of injury in humans,
with an age-standardized incidence rate of ~110 per 100 000
people [1]. Burn injuries claim around 180 000 lives per year
due to subsequent complications such as hepatic steatosis,
systemic inflammation, cardiac dysfunction, sepsis, cachexia,
and multi-organ failure [2]. The evidence surrounding the
use of artificial intelligence (Al) in burn care is beginning to
grow; however, it is still unclear whether recent findings sum
together to support the future implementation and integration
of Al technologies into burn clinics. Generally, Al algorithms
are designed to unravel hidden patterns in large datasets
and perform a multitude of repetitive tasks to answer ques-
tions incapable of being addressed via conventional statistical
means [3]. The process of designing, building, and utilizing an
Al tool requires significant research and planning and includes
multiple phases, each defined by a series of steps [4]. Al is
divided into machine learning (ML) and deep learning (DL)
subfields [5, 6] based on their methodological characteris-
tics and the process associated with generating these models
(Table 1).

Al has multiple emerging applications in burn care and
research, which can be broadly categorized into burn sever-
ity and wound management, postburn complications, and

postburn outcomes, with various models tested and the most
effective models summarized in Table 2. The burn severity and
wound management domain includes subspecialties such as
burn size calculation, burn depth assessment, and wound heal-
ing assessment. These applications primarily utilize clinical
image data of burns as input features into DL models, which
then perform tasks to provide the desired clinical assessment.
Al tools in this area have demonstrated utility in estimating
% TBSA, guiding fluid resuscitation, monitoring progress of
wound healing, and more. These tools have the potential
to become vital pieces of burn care by enabling faster and
more accurate clinical decision-making. On the other hand,
Al applications may even extend to aiding in the management
of postburn complications such as sepsis diagnosis, drug
treatment, and the detection of inhalation and kidney injury.
Indeed, these applications can also be harnessed to enhance
prognostic capacity by improving mortality prediction and
length of hospital stay for burn patients. However, it is impor-
tant to recognize that the use of Al within these contexts has
inherent limitations. Burn severity and wound management
assessment mainly digest clinical images as input features
within DL models. While comprehensive model training may
mitigate inaccuracies, the major limitation of DL models
is interpretability. DL models act like a black box in that we
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Table 1. Differences between machine learning and deep learning
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Machine learning (ML)

Deep learning (DL)

1. Common in clinical studies. Less common in clinical studies.

2. ML uses statistical methods of training. DL uses artificial neural network for training.

3. ML uses structured small datasets such as vital measurements, lab DL uses large unstructured dataset such as clinical notes,
data, omics data, etc. films, burn images, etc.

4. Interpretability of data is easier and transparent in clinical settings. It is like a black box. The interpretability of data is low.

5. ML modeling is faster. DL is slower and needs GPU.

6. Clinical biases are often recognizable. Clinical biases are hidden and difficult to detect.

Table 2. Summary of burn topics, Al model tested, and the best Al model for each application in burn care

Burn topics Subsections Al models tested Best Al model
1. Burn severity and wound Al models for burn size calculation U-Net, Mask R-CNN, PSPNet, DeepLabV3+
healing assessments DeepLabV3+, RestNet101
AI models for burn depth assessment CNN, joint-task DL models, CNN-BAM CNN-BAM
Al models for wound healing assessment ML-SATA, CNN-BAM CNN-BAM
2. Postburn complications Sepsis diagnostics and drug treatment ML-MILO (DNN, LR, Naive Bayes, KNN, ANN
KNN, SVM, RE, and GBM), ANN
Inhalation and kidney injury ML-GBM, KNN, LR, SVM, RE DNN GBM, DNN
3. Postburn outcomes Mortality predictions Naive Bayes, DT, SVM, BP, extreme ANN
boosting model, RE, GLRM, KNN, MLP,
AdaBoost
Length of hospital stay prediction LR, RF, Light GBM, XBGBoost XBGBoost

understand the input layer and output layer, but the processes
of multiple hidden layers in between them always remain
obscure, posing challenges for clinical validation and trust.
Similar drawbacks are found in ML models, as they commonly
consume numerical datasets as input features which can then
be vulnerable to biases, thus limiting performance and inter-
pretability.

Importantly, Al tasks are not completely independent of
human input. While these tools may be designed to perform
many clinical tasks attached to the job of a burn care physi-
cian, they are not designed to replace the physician. Moreover,
these should be seen as strong supplements rather than arti-
ficial replication of human responsibilities, requiring that the
burn care providers develop a foundational understanding of
Al tools to effectively integrate them into clinical tasks and
ultimately improve patient care.

In this review, we aim to explore the application of Al and
its subfields, namely ML and DL, and discuss not only the
various Al models currently applied within burn care research
but also the efficacy of these models and their potential in
transforming burn care and patient outcomes. We also discuss
important ethical considerations when collecting and utilizing
data from burn patients for Al models, as well as high-
light future perspectives in combining Al models with high-
throughput statistical approaches, such as omics technologies.
A comprehensive literature search was conducted using the
queries “Burn AND Artificial Intelligence,” “machine learning
in burns,” “deep learning in burns,” and “Al in burns” on
both PubMed and Google Scholar databases. Only articles
published in English language were considered. Figure 1 sum-
marizes the results of our search and the number of Al models
tested in burn care and research.

Review
Burn severity and wound healing assessment

Traditional methods for evaluating burn severity and progres-
sion often rely on subjective clinical judgment, which can lead

to variability in diagnosis and treatment decisions. Al-driven
models (Figure 2) have the potential to improve accuracy,
consistency, and efficiency in burn assessment by analyzing
complex patterns in medical data. The following sections
explore the role of Al in three key areas: burn size estimation,
burn depth classification, and wound healing assessment.

Artificial intelligence models for burn size
calculation

Burn injuries present with considerable variability in wound
size, depending on the type and severity of the injury. For
instance, scald burns lead to rapid spread of energy, increasing
the total area of the burn, whereas flame-induced burns cause
an immediate deep injury, limiting its total area but enhancing
the degree of the burn [2]. Consequently, an accurate calcula-
tion of the burn size is a critical aspect of burn care. In fact, the
total body surface area (TBSA) covered by a burn injury serves
as one of the main prognostic factors for mortality and length
of stay (LOS) following a burn injury [7]. Multiple studies
have identified cutoff values for burn sizes that are associated
with the greatest risk of morbidity and mortality, allowing
practitioners to identify their most vulnerable patients and
adding further importance to accurate calculation of burn
wound size [8, 9]. Indeed, severe burns are classified as >10%
TBSA in older adults (>60 years), >20% TBSA in adults (>18
and <60 years), and >30% TBSA in pediatrics (<18 years)
[2]. Moreover, these severe burn injuries trigger a profound
and prolonged hypermetabolic response, which places the
patient at greater risk of negative outcomes such as sepsis,
cachexia, and multi-organ failure [2]. The Wallace Rule of
Nines is considered the gold standard for estimating burn
size, as it assigns a standardized percentage to each region
of the body regardless of an individual’s weight or body
shape [10]. However, calculating burn size by this method can
be challenging and prone to error due to the irregular and
variable shapes of burn wounds as well as size and weight
differences among patients [11].
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Figure 2. Machine learning (ML) and deep learning (DL) tools; (a) ML methods; ML uses different statistical methods such as linear regression, logistic
regression, PCA, dimensional reduction, etc., for the analysis; (b) neural architecture; DL uses artificial neural networks for the analysis

Recent advancements in Al have demonstrated significant
potential in improving the accuracy of burn size estimation,
addressing the limitations of traditional methods like the Wal-
lace Rule of Nines. In 2021, Chang et al. conducted a study
utilizing two different types of DL models (U-Net and Mask
region-based convolutional neural network [R-CNN]) with
the aim of improving the accurate calculation of burn wound
size [12]. The Mask R-CNN model of %TBSA calculation
had a smaller average deviation (0.115% TBSA) from the
ground truth—a pixel-based calculation of affected % TBSA—
than five burn surgeons who provided their respective esti-
mations based on images of the burn wounds. The improved
accuracy of the Mask R-CNN model has important clinical
relevance, given that the Parkland formula for calculating
resuscitation fluid volume depends on precise estimation of
the burned %TBSA. Over and underestimation of volume
needed for fluid resuscitation can lead to negative conse-
quences such as pulmonary complications and renal failure
[13]. Therefore, improved accuracy in burn size calculation
can optimize this aspect of care for burn patients and reduce

the risk of complications. Following these findings, the same
research group reported the use of multiple DL architectures
to estimate %TBSA. In their investigation, U-Net, pyramid
scene parsing network (PSPNet), DeepLabV3+, and Mask R-
CNN DL models with encoders ResNet101 were used for
training and testing the data. Among these, the DeepLabV3+
model demonstrated slightly better performance in determin-
ing %TBSA burned; however, all models performed favorably
and provided evidence for the introduction of Al models
in supporting consistent and accurate assessments of burn
wounds [14]. The key difference in both studies was the use of
the hand and palm area, respectively, to estimate the %TBSA
of burn area by the DL method, and it was revealed that esti-
mation of % TBSA based on the palm area was relatively bet-
ter. In a related advancement, Xu et al. developed a joint-task
DL model with an accompanying mobile application to assess
% TBSA burned using color images captured by a smartphone
[15]. This framework was tested on 1340 burn wound images
and achieved an R? value (quantifies the disparity between
estimated and actual TBSA) of 0.9136, suggesting the DL
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model had a high degree of accuracy. Given the wide variety of
smartphones available, each with different camera resolutions
and image qualities, it is unlikely that all clinicians will use the
same device to capture burn images. Therefore, establishing
general guidelines for smartphone camera specifications and
standardized image acquisition methods is essential to ensure
consistent implementation of the current Al tool.

Artificial intelligence models for burn depth
assessment

While accurate burn size estimation is essential at admis-
sion to ensure proper resuscitation and initial management,
burn wounds typically take several weeks to heal, progress-
ing through distinct phases: hemostasis, inflammation, pro-
liferation, and remodeling. The healing process is heavily
influenced by burn depth, which is categorized into four
levels: first-degree (superficial thickness), second-degree (par-
tial thickness), third-degree (full thickness), and fourth-degree
burns [16]. Beyond its role in burn size estimation, Al has also
demonstrated significant potential in evaluating burn depth,
a key determinant of wound healing and a crucial factor in
guiding treatment decisions.

Despite technologies such as laser Doppler imaging (LDI),
infrared thermography, and photoacoustic imaging [17-20],
burn depth assessment remains prone to misdiagnosis, even
among experienced burn surgeons, where the reported accu-
racy is only between 64% and 76% [21]. Burn wounds
undergo significant changes within the first week following
injury, meaning the initial assessment of burn depth may
not stand true several days after the injury. Furthermore,
similar to burn size calculation, burn depth assessment is an
area which could potentially benefit from the incorporation
of Al models. To provide rapid and accurate determination
of burn depth, Thatcher ef al. used multispectral images of
burns as input data and compared the ability of three CNN
architectures and an ensemble to automatically highlight areas
of nonhealing burn regions [22]. The results showed that
the ensemble model was the most effective predictor with
81% sensitivity, 100% specificity, and 97% positive predic-
tive value (PPV). Additionally, the ensemble’s sensitivity and
PPV increased in a sigmoid shape throughout the first week
postburn, demonstrating its accuracy in spite of dynamic
wound changes. Similarly, Xu et al. tested a joint-task DL
model, which was highlighted in the latter section, on its
accuracy of burn depth segmentation—i.e. the segmentation
of burn regions into three burn degrees: superficial partial
thickness, deep partial thickness, and full thickness [15]. The
average dice coefficient (considers true positive, false positive,
and false negative values) for burn depth segmentation was
85.12%, highlighting the ability of this model to accurately
assess both burn depth and %TBSA burned. In a separate
study, a new boundary attention mapping (BAM) algorithm
was combined with CNN to predict burn depth via images
of the burn wounds and compared against the commonly
used LDI [23]. The CNN-BAM model burn segmentation
achieved a 91.6% accuracy, 78.2% sensitivity, and 93.4%
specificity, supporting their hypothesis that the model would
have comparable efficacy to LDIL Importantly, the CNN-BAM
model is designed to be applied in a mobile application format,
therefore creating an accessible and inexpensive burn depth
assessment tool with equivalent accuracy to LDI. Interestingly,
older adult populations were included in this study, while the
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majority of current Al burn studies did not include them. This
is particularly important given that older adult burn patients
experience unique physiological challenges and significantly
poorer outcomes compared to younger individuals, likely due
in part to metabolaging—a progressive decline in metabolic
flexibility associated with aging [24].

The growing body of evidence supporting Al-driven burn
size estimation highlights its potential to enhance accuracy
and consistency in clinical assessments. By overcoming the
limitations of traditional methods, Al models offer a more
precise and efficient approach to determining the extent of a
burn, ultimately improving patient care and treatment plan-
ning. However, beyond burn size and depth estimation, Al
is also proving to be a valuable tool in assessing wound
healing. Given that the progression of burn wounds depends
on factors such as depth, tissue damage, and individual healing
responses, Al-driven models are now being explored to eval-
uate and predict wound healing outcomes more effectively.

Artificial intelligence models for wound healing
assessment

Early wound closure following a burn injury is a critical factor
in patient outcomes, contributing to lower mortality rates,
reduced hypertrophic scarring, and shorter hospital stays [25-
29]. Despite it being a fundamental aspect of wound care,
there is a lack of validated, objective methods to assess wound
closure, making it challenging to compare the effectiveness of
new treatment approaches. Fortunately, with advancements
in AL recent studies have explored innovative approaches to
enhance wound healing assessment, offering potential insights
to guide future treatment strategies.

A study by Ethier et al. utilized computer vision and Al
specifically an algorithm termed Skin Abnormality Tracking
Algorithm (SATA), which consisted of a CNN-BAM model.
The model was employed to assess and quantify the burn
wound healing within one patient across a total of 8 weeks,
six in clinic and two once discharged via remote monitoring
[30]. Following the study period, the authors concluded that
the SATA assessment correlated with those assessments con-
ducted by a clinician, with the added benefit of producing
more quantitative data than typically seen in clinical wound
healing measures. SATA must be tested on larger sets of burn
images from cohorts with greater heterogeneity; however, the
preliminary results suggest this is a promising technology with
potential to improve burn wound assessments.

Postburn complications

Beyond skin damage, severe burn patients often face addi-
tional life-threatening complications, including inhalation and
kidney injury and a heightened risk of sepsis, which can
progress to multiorgan failure [2]. Given the complex and
interconnected nature of these conditions, early diagnosis
and prompt intervention are critical to preventing further
deterioration and improving patient outcomes. Fortunately,
Al has made significant advancements in addressing these
challenges, offering innovative tools for early diagnosis and
management to improve patient outcomes.

Sepsis diagnostics and drug treatment

Sepsis is defined as a life-threatening condition due to a
dysregulated immune response to infection [31] and is a major
complication within burn patients, posing itself as the leading
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cause of mortality following burn injury [32]. Symptomat-
ically, the patients show signs of mental decline, systemic
infection, irregular temperature, and critical illness that leads
to septic shock and eventually to major organ dysfunction and
failure [31]. Despite advances in burn care, the early identifi-
cation and treatment of sepsis remain a difficult challenge for
clinicians.

In 2020, Tran et al. developed an ML platform designed
to automatically produce ML models that could predict
burn sepsis. They compared this approach, entitled Machine
Intelligence Learning Optimizer (MILO), against their
previously developed “traditional” ML-based programs and
standard statistical methods [33]. MILO generated a K-
nearest neighbor (KNN) model, which, through five clinical
markers, was able to achieve a 90% accuracy in sepsis
identification, with a receiver operating characteristic area
under the curve (ROC-AUC) of 0.96, in a sample of 211
adult burn patients. This proof-of-concept tool requires
further validation across multicenter studies to affirm its
efficacy; however, this suggests promise in Al-enhanced tools
for diagnosing burn-induced sepsis and should encourage
a wider research interest. Besides burn-related sepsis, there
are multiple studies that have explored the use of Al in
optimizing fluid management for sepsis patients. For example,
Zhang et al. in 2024 employed ML algorithms integrated
with multi-omics data to stratify septic shock patients
into distinct subgroups. This classification aimed to tailor
fluid resuscitation strategies, thereby potentially enhancing
treatment outcomes [34]. In another study, a reinforcement
learning algorithm coupled with a neural network was
utilized to evaluate a dynamic treatment regimen for the fluid
resuscitation in sepsis patients, enabling the development of
patient-specific fluid management strategies [35].

Antibiotic administration is a key aspect of sepsis treatment.
Indeed, aminoglycoside antibiotic treatments are commonly
provided to burn patients with sepsis to manage Gram-
negative infections [36]. Unfortunately, aminoglycosides
have a narrow therapeutic range, with one study finding
that the serum concentration of aminoglycosides in burn
patients could not reach a concentration sufficient to
induce a therapeutic effect [37]. Identifying the optimal
dose within patients is a difficult task for clinicians and
requires further investigations into its pharmacokinetic
properties. Yamamura et al. addressed this issue by developing
an artificial neural network (ANN) model that aimed to
predict arbekacin plasma concentration via burn severity
and identify patients who will experience subtherapeutic
concentrations based on various physiological parameters
[38]. After goodness of fit evaluation by the square root of the
sum of squares and Akaike’s information criteria, the weight
between neurons was optimized by the conjugate gradient
descent method during training of the model. The authors
concluded that, when compared to predictions made by a
linear model, the ANN demonstrated greater performance
in predicting arbekacin plasma concentration based on dose,
body mass index, parenteral fluid, creatinine concentration,
and burn area (excluding area of skin graft). Moreover, the
results indicate not only that arbekacin’s pharmacokinetic
properties are influenced by physiological measures altered
postburn, but that Al models can be utilized to improve
personalized dosing and overall efficacy of aminoglycoside
antibiotics in burn patients. The same group also presented
the use of another ANN model to predict the response

of arbekacin against methicillin-resistant Staphylococcus
aureus infection in burn patients [39]. Once again, the ANN
displayed a superior performance in predicting the arbekacin
response based on the area of the burn after skin grafting,
when compared to a logistic regression (LR) model. While
this model will require further testing within larger sample
sizes before it reaches a performance level suitable for clinical
application, there is potential that this Al model could help
inform clinicians on whether patients are more likely to
respond positively or poorly to antibiotic treatment. Although
the aforementioned studies did not directly examine sepsis in
burn patients, they addressed infections in this population,
which are likely to progress into sepsis. Treatment with
aminoglycosides will help prevent the development of sepsis
following burn-related infection. Unfortunately, few studies
have explored the application of Al in burn-associated
sepsis; however, this scarcity should not discourage further
investigation, as existing evidence highlights the promising
potential of Al to enhance sepsis diagnosis and treatment.

Inhalation and kidney injuries

There is a high incidence of inhalation injury (I) in patients
with severe burn injury, a troubling statistic for clinicians
given the complications and detrimental outcomes associated
with II. In some cases, it is the leading cause of death in
burn patients [40]. Early diagnosis of II in burn patients is
crucial for the timely implementation of a treatment strategy
to mitigate the risk of death. Clinicians use multiple signs and
symptoms to diagnose Il upon admission, such as facial burns,
soot in the upper respiratory tract, singed nasal hair, a smoky
smell, respiratory distress, and a bronchoscopy examination
[41]. In 2023, an Al tool was used to assess the severity and
presence of II by utilizing a large retrospective dataset of 341
burn patients with suspected II based on bronchoscopy diag-
nosis data. In this study, the authors developed two gradient
boosting (GBM) models that utilized various physiological
parameters as input features. Model 1 was designed to predict
whether the patients had mild or severe inhalation injuries,
whereas model 2 was used to predict the absence or presence
of II [42]. Model 1 demonstrated “excellent” discrimination
with an AUC of 0.883, identifying subjective inhalation remi-
niscence, soot in the upper airway, burn injury occurring in an
enclosed space, elevated carboxyhemoglobin (COHB) level,
and singed nasal vibrissae as the top five distinguishing risk
factors between mild and severe II. Model 1 also determined
that the incidence of pneumonia and mortality was signifi-
cantly higher in patients with severe II. In contrast, model
2 showed “acceptable” discrimination based on an AUC of
0.862, identifying singed nasal vibrissae, soot in the upper
airway, burn depth, systolic blood pressure at triage, and
elevated COHB level as the top five distinguishing risk factors
for the presence or absence of II. Similar to model 1, the second
model found that the incidence of pneumonia, mortality, and
duration of hospitalization was significantly higher in patients
with II. Not only was this the first study to employ ML
algorithms for the prediction of 1L, its severity, and associated
outcomes, but the findings also demonstrate promise in pre-
dictive performance of ML models for these tasks and could
greatly assist clinicians when bronchoscopies are not available
immediately upon admission. However, before clinical inte-
gration of an Al tool for improved II diagnosis and assessment
can be considered, further studies with larger sample sizes
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are needed to validate these findings and provide a stronger
rationale for implementation in routine practice.

In addition to II, acute kidney injury (AKI) is another
common complication seen in patients with severe burn injury,
affecting up to 58% of this population [43, 44]. AKI is
most common during the first week postburn as it develops
in response to inadequate resuscitation [44, 45]. Unfortu-
nately, early diagnosis remains an issue as creatinine, a readily
used diagnostic marker for AKI, has limitations owing to
its slow half-life [46] and high biological variability [47].
Urine output (UOP) is commonly paired with creatinine to
aid in AKI diagnosis; however, it too has limitations, as in
critically ill patients, who experience decreased glomerular
filtration rate and may still present with unchanged UOP
[48]. Moreover, an investigation led by Tran et al. sought to
determine the predictive ability of ML in diagnosing burn-
induced AKI through both traditional (creatinine and UOP)
and novel markers of AKI, such as neutrophil gelatinase-
associated lipocalin (NGAL) and N-terminal B-type natri-
uretic peptide (NT-proBNP) [33]. NGAL, UOP, creatinine,
and NT-proBNP were measured within 24 h postburn from
50 adult burn patients and used to train ML models based on
the KNN algorithm. The results found that models using UOP,
creatinine, and NT-proBNP achieved up to 90% accuracy in
predicting AKI, whereas models using only NT-proBNP and
creatinine demonstrated an 85%-90% accuracy. According
to the Kidney Disease: Improving Global Outcomes (KDIGO)
criteria—which incorporate plasma creatinine and UOP mea-
surements—it took an average of 42.7 h after admission to
establish an AKI diagnosis in these patients. In contrast, the
aforementioned ML models took an average of only 18.8 h
to identify AKI. Another key finding from this study was the
near 100% accuracy in predicting AKI when using NGAL
as the sole input measure within the ML algorithm. This
corroborates previous findings, which have identified statis-
tically significant increases in NGAL at 4 h postburn to be
predictive of AKI [49, 50]. Not only do these results highlight
the predictive potential of NGAL, but they suggest that, even
in its absence, ML models can enhance the prediction and
diagnosis of burn-induced AKI using traditional clinically
available markers. Indeed, a year later, the same group built
on these findings by applying this ML approach, as well as
others, including LR, support vector machine (SVM), random
forest (RF), and deep neural network (DNN), to prospectively
identify AKI in 51 adult patients with severe burns and other
non-burn traumas. As per their previous work, measurements
of included biomarkers were done within 24 h of the injury.
The DNN and LR models, using NGAL and NT-proBNP,
demonstrated the strongest results achieving a 92% gener-
alization accuracy, 91% sensitivity, 93% specificity, and an
AUC of 92%, a performance nearly emulated by the LR model
which used creatinine rather than NT-proBNP and had a 90%
accuracy, 91% sensitivity, 90% specificity, and an AUC of
91%. When compared with the best-performing model that
excluded NGAL—an RF model using creatinine and UOP,
which achieved 71% accuracy, 82% sensitivity, 68% speci-
ficity, and an AUC of 0.75—it becomes evident that NGAL
holds significant value as a predictive biomarker for AKI. The
ML models once again demonstrated timely predictions, iden-
tifying AKI an average of 32.5 h (2.5 days) before patients met
KDIGO criteria [51]. These studies provide strong support for
the incorporation of NGAL as a diagnostic measure for AKI as
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well as demonstrate the potential for Al to greatly enhance the
speed and accuracy of AKI diagnosis following burn injury.

Postburn outcomes

After exploring AI’s role in assessing wound closure and diag-
nosing burn-related complications, it is essential to consider
the broader impact of burn injuries on both patients and the
healthcare system. Mortality and length of hospital stay are
two of the most significant outcomes, influencing not only
survival but also long-term recovery, resource allocation, and
healthcare costs. Predicting these outcomes with greater accu-
racy can help guide clinical decisions, optimize patient care,
and improve hospital stays. Al-driven models have shown
promise in leveraging vast datasets to identify key predictors
of mortality and hospitalization duration, offering valuable
insights for early intervention and personalized treatment
strategies.

Mortality prediction

Severe burn injuries significantly increase one’s risk of mor-
tality due to numerous factors, such as sepsis, septic shock,
organ failure, significant protein and lipid catabolism, and
profound inflammatory activation [52, 53]. Given the com-
plex and multifactorial nature of burn injuries, along with the
numerous factors contributing to adverse outcomes, clinicians
often face challenges in developing an effective treatment plan
that can reduce the risk of burn-related mortality. Moreover,
despite advances in statistical techniques, like the use of burn
size to predict mortality, there remains a need to improve
early risk identification in burn patients to help improve the
intervention strategy and reduce the number of deaths in burn
clinics.

Evidently, an Al model that rapidly analyzes multiple clini-
cal measures and accurately predicts one’s risk of mortality
within the acute stage following burn injury could prove
instrumental in reshaping patient outcomes. Patil et al. used
multiple data mining algorithms to predict mortality of burn
patients through age, sex, and %TBSA burned in eight dif-
ferent parts of the body as features from 180 burn patients
[54]. Data mining is an innovative technique, harnessing ML
models to uncover key patterns and associations within large
datasets. Out of the several models tested, including Naive
Bayes (NB), decision tree (DT), SVM, and back propaga-
tion, NB proved to be the best predictor of mortality with
97.78% accuracy. Another investigation attempted to predict
mortality within a large burn patient population using ML
methods such as an ANN, SVM, RE, and NB models. The
performance of these algorithms was then compared to an
established logistic mortality model, with all methods incor-
porating features such as age, % TBSA burned, presence of II,
three or more existing disorders, and type of burn [55]. The
authors found no clinically relevant difference in performance
between the established logistic mortality model and ML
methods, as the Al models had comparable discriminatory
abilities, sensitivities, specificities, and PPVs. Another study
conducted by Fransén et al. in 2018 assessed the ability of
ML algorithms to predict mortality using intensive care data
from burn patients. The authors compared the performance
of multiple ML models [DT, extreme boosting, RF, SVM,
and a generalized linear regression (LR) model] to the Baux
score and revised Baux score, common mortality prediction
tools for burn injury. Using 17 prognostic variables selected

9202 4890joQ Z| U0 3s8NnB Aq L0BIOES/ | LOSEMHASUING/EE0 |0 |/10P/2[01E/BWNENSUING/WOD dNO"DILISPEOE WO} POPECIUMO(]



Burns & Trauma, 2026, Vol. 14, tkaf071

from 92 patients, it was found that the ML algorithms per-
formed comparably in predicting mortality, as there were no
statistically significant differences between them and the Baux
score and revised Baux score [56].

An additional investigation used only six clinical measures
(TBSA, II, full-thickness burn, age, gender, and burn types) as
input features for six ML models (KNN, DT, RE, SVM, Multi-
Layer Perceptron, and AdaBoost) and assessed their ability to
accurately predict mortality out of 363 burn patients. From
these algorithms, AdaBoost displayed the strongest perfor-
mance in predicting mortality, achieving an accuracy of 90%
with an AUC of 92% [57]. While the study did not compare
against presently used prediction tools, as done in the latter
study, the findings demonstrate that ML models equipped
with the right input features can have positive benefits within
clinical practice for determining risk of mortality. Finally, a
robust single-center study aimed to compare the predictive
performance of their proposed ANN model against 32 ML
models when considering 40 patient parameters (demographic
and biochemical data) collected on the first day postburn.
The authors found that the ANN model outperformed all ML
models, demonstrating an accuracy of 95.92%, an impressive
feat given the volume of parameters included [58]. Overall,
there appears to be promise in Al-based tools for mortality
prediction in burn patients; however, it is clear that larger
studies and further refinement of these algorithms must be
done before this technology can be incorporated into a clinical
setting.

Length of hospital stay prediction

Patients with severe burns experience extended hospitaliza-
tion times as treatment and wound care are often extensive
and time-consuming. Hospitalization times serve not only as
an indicator of injury-related morbidity and the incidence of
clinical complications [59, 60], but also directly influence the
management and allocation of resources, as well as treatment
costs [61, 62]. In 1986, it was published that % TBSA burned
can be used as a rough estimate to predict LOS, with 1% TBSA
amounting to 1 day of stay [63]. Despite validation [64] and
general acceptance of this rule, concerns have arisen regarding
its oversimplification and the need for techniques that provide
greater precision in predicting LOS [63, 65, 66]. In 2021,
Elrod et al. sought to address this gap by comparing the
aforementioned rule of thumb against two Al models designed
to predict LOS following burn injury using parameters such
as TBSA itemized by degree of burn, age, gender, II, and
cause of injury [59]. Linear regression (LR) and RF algorithms
were used and tested on 8542 datasets of pediatric burn
patients provided by the German Burn Registry, and all three
models were validated by the k-fold cross-validation method
to estimate the generalization error in future or real-world use.
Through their analysis, which depicted the expected difference
between each predictive model if used on new real-world
data, the authors concluded that both Al models significantly
outperformed the rule of thumb. Additionally, prediction error
increased across all three methods with increasing TBSA and
the presence of full-thickness burns. This is most likely due
to the complexity of wound treatment required, as well as
the heightened risk of MOF and sepsis. In another inves-
tigation, four ML models, namely LR, RF, LightGBM, and
XBGBoost were tested on their ability to predict prolonged
hospital stay (hospitalization >14 days) using 12 clinical
parameters comprising demographic (age, gender, etc.), burn

(TBSA and burn site), and laboratory data (white blood
cells (WBC), hemoglobin, creatinine, and glutamate pyruvate
transaminase) [67]. Despite these results being limited by an
absence of comparison to the rule of thumb, the RF algorithm
demonstrated strong performance with an accuracy of 79%,
sensitivity of 80%, specificity of 79%, and an AUC of 80.1%,
as did the XBGBoost (78% accuracy, 80% sensitivity, 76 %
specificity, and an AUC of 81.5%). Overall, these findings
highlight the benefit of Al-based models for LOS prediction,
which can incorporate multiple measures beyond %TBSA
burned to enhance precision and accuracy. Further testing of
such algorithms is required before clinical implementation;
however, if an LOS predictive tool was available for clinicians,
it could provide immediate help in counseling patient families
with expectations of care as well as improve management of
hospital resources.

The use of clinical data and ethical considerations
in artificial intelligence applications

While Al is emerging as a promising tool in the field of burn
care, offering innovative approaches for diagnosis, treatment,
and outcome prediction, it is crucial to address the broader
implications of using clinical data within AI platforms. The
integration of sensitive patient information raises significant
ethical concerns, particularly those related to data privacy,
consent, and the potential for bias. It is essential to estab-
lish clear guidelines for how clinical data will be shared,
accessed, and utilized in Al systems to ensure that patient
rights are respected and protected and that these technologies
are used responsibly and transparently. It is recommended
that AI development teams review and ensure compliance
with privacy legislation such as the General Data Protection

Clinical data from burns

Burn Images,
. Texts, Films
© etc.
()
Training
< .
. Validation
Testing
Deployment
g Wound healing
% Mortality Sepsis Hypermetabolism
C
< Intensive care Drug treatment

Figure 3. Clinical data and workflow of Al; the data from the burn patient
can be structured with numerical values for machine learning and
unstructured data like images, texts, films, etc., for deep learning; these
data are cleaned and trained using specific algorithms; then, validation
and testing processes are performed; at the final stage, the Al tool is
deployed for clinical use
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Figure 4. Omics data and Al; the data generated from genomics, transcriptomics, proteomics, metabolomics, lipidomics, etc., using burn patient

samples, are taken as input for the machine learning or deep learning (DL);

these omics data are trained by specific algorithms and validated; testing is

done, and new data are used for the predictive or classification analysis and discovery

Regulation, the Personal Information Protection and Elec-
tronic Documents Act, and the Health Insurance Portability
and Accountability Act, as well as consult with data protection
specialists [4]. As Al continues to evolve in the medical field,
thoughtful consideration of these ethical issues will be key to
maintaining trust and safeguarding patient well-being.

Here, we briefly outline the workflow of how clinical data
is used in Al applications. Initially, a digital health record sys-
tem in a hospital keeps all the clinical data of patients. These
datasets are freely available to researchers upon agreement
for the study through an archiving platform [68]. In addition,
approval of the use of data for the specific study is taken from
the institution where it is carried out, and written consent is
obtained from each individual patient. All the participating
patients are deidentified to protect privacy before the start
of the study. A typical clinical dataset of burns comprises
medical history, laboratory tests, vitals, wound images, TBSA,
Baux score, Abbreviated Burn Severity Index (ABSI) score,
charts, notes and reports, II, comorbidities, demographics,
images, texts, films, etc. All these data are selected as variables
and listed in a spreadsheet as a structured matrix for the
analysis. Each variable can be either a numerical value or a
categorical value and is used for the predictive analysis. Often,
the clinical numerical data are used for the ML algorithms,
whereas burn images, texts, films, etc., are used for the DL
algorithms (Figure 3).

Future outlook: integrating high-throughput
multi-omics approaches with artificial intelligence

Now, we turn our attention to the “bench to bedside” frame-
work, which serves as the foundation of much scientific
research and clinical application. This review has thus far
focused on the bedside aspect, exploring how Al can be lever-
aged to directly benefit burn patients. However, a growing
body of research is taking place behind the scenes, where
efforts are directed at uncovering the mechanisms driving dis-
ease progression and identifying targeted therapeutics that can
improve patient outcomes. In this context, high-throughput
technologies such as omics are playing an increasingly impor-
tant role. By generating vast amounts of data on genomics,
proteomics, and metabolomics, these approaches, when inte-
grated with AL can significantly enhance our understanding
of disease at a molecular level and thereby improve clinical
practice (Figure 4). Moreover, studies are now showing the
efficacy of combined ML and omics approaches for the dis-
covery of novel biomarkers of disease [69-72], as well as in the

improvement of diagnostic accuracy [73, 74]. Omics datasets
are inexplicably large, and while non-Al analytical approaches
have yielded positive results, the power of ML models is seem-
ingly complementary to handle the complex nature of omics
data, further uncover patterns and trends otherwise difficult to
identify by conventional means. Unfortunately, there is limited
evidence on the combined Al and omics approach within burn
research. Nonetheless, we believe this synergy of cutting-edge
research and Al offers immense potential to revolutionize both
basic science and clinical burn care.

Conclusions

Burn injuries pose a unique challenge due to the difficulty
in accurately assessing burn severity and wound healing,
as well as limitations in early prediction of burn-related
complications like sepsis, AKI, and II. While burn care has
improved greatly over the last decades, as evidenced by a
declining mortality rate, our efforts to enhance and transform
this aspect of burn care must improve if we are to sustain
this trend and reduce the negative impact of burn injury. To
address these limitations, the current needs of burn care neces-
sitate the introduction of emerging technologies such as Al.
Herein, we have highlighted some of the most effective models
evidenced in the literature for each Al application in burns
care. Moreover, the most frequently tested Al application in
burn research was mortality prediction. As the development of
these innovative techniques persists, and subsequent evidence
continues to amount regarding its efficacy from randomized
clinical trials for generalizable to clinical practice, we may
begin to see the incorporation of these tools within burn
clinics globally.
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