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Abstract

Background: Artificial intelligence (Al) is an innovative field with potential for improving burn
care. This article provides an updated review on machine learning in burn care and discusses
future challenges and the role of healthcare professionals in the successful implementation of Al
technologies.

Methods: A systematic search was carried out on MEDLINE, Embase and PubMed databases for
English-language articles studying machine learning in burns. Articles were reviewed quantitatively
and qualitatively for clinical applications, key features, algorithms, outcomes and validation
methods.

Results: A total of 46 observational studies were included for review. Assessment of burn depth
(n=26), support vector machines (n=19) and 10-fold cross-validation (n=11) were the most
common application, algorithm and validation tool used, respectively.

Conclusion: Al should be incorporated into clinical practice as an adjunct to the experienced burns
provider once direct comparative analysis to current gold standards outlining its benefits and risks
have been studied. Future considerations mustinclude the development of a burn-specificcommon
framework. Authors should use common validation tools to allow for effective comparisons. Level
I/ll evidence is required to produce robust proof about clinical and economic impacts.
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Highlights

* We present a review of articles using machine learning in burns-related applications and discuss the future implications for
the integration of Al into clinical practice.

* Al can assist clinicians in evaluating burn surface, diagnose burn depth, the need for surgery or other therapies, guide fluid
resuscitation and predict complications and prognosis with a high degree of accuracy.

* A burn-specific framework reporting tool should be developed to ensure transparent, reproducible and ethical studies,
including predictive accuracy in target setting.

* Randomised controlled trials and other forms of high-level evidence should be used to produce high-quality evidence about
the clinical and economic impacts of using Al, ensuring its superior efficacy to traditional working routines.

* This new technology as envisioned will require extensive Al education and training of the clinician workforce and the public
and the cultivation of a cross-disciplinary approach.

© The Author(s) 2021. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits 1
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

9202 4990120 | U0 1s9nB Aq GE0SEY/ZZ00BN)ASUING/E60 |0 L/10P/S[IHE/BWINEASUING/WOO"dNO"0jWaPED. WO} PAPEO|UMOQ


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/burnst/tkab022

Burns & Trauma, 2021, Vol. 9, tkab022

Background

Burns are devastating injuries, representing a significant
health burden to both the individual and the healthcare
system. Victims of burn injuries present with consider-
able clinical, psychological and social sequelae. They are
characterised as one of the most challenging presentations
encountered in any trauma, necessitating input from
specialists providing a variety of expertise. As such, they
require specialist centers that can manage the provisions to
facilitate holistic care. With burns being the fourth most
common cause of trauma worldwide [1], artificial intelligence
(AI) has vast potential to advance burn care by enhancing
patient experience, improving population health, reducing
cost and improving provider experience [2].

For an injury that is considered systemic, there is sig-
nificant variability in its presentation and outcomes and
stratifying data to improve outcomes poses a challenge. Still,
unique to burns is that universally, large and frequently
recorded datasets are accessible. As technology has advanced,
there is an opportunity to bring about a paradigm shift
towards improving outcomes for burn patients. IBM esti-
mates approximately one million gigabytes of healthcare
data are accumulated over a patient’s lifetime, with the data
generated doubling every 2-5 years [3]. Electronic health
records (EHRs) facilitate new ways to acquire and process
meaningful information to inform clinical decision-making.
Unfortunately, the raw analysis of these datasets is beyond
the capabilities of traditional statistical methodology [4].

AT holds promise for the care of patients with burn injuries
and the interest in burn-related machine learning is growing
exponentially (Figure 1). This review aims to: (1) provide a
brief overview of the principal subfields of AI; (2) evaluate
updated literature on Al applications that address the various
aspects of burn care in the patient journey; (3) discuss the
important considerations of machine learning and its impli-
cations in practice; and (4) highlight the role of the burn care
professional in implementing successful Al technologies.

Artificial intelligence

Al refers to intelligence demonstrated by machines in per-
forming cognitive functions such as problem-solving, objec-
t/word recognition and decision-making [5]. Using statistical
algorithms, models can accurately dissect meaningful outputs
from large datasets [6]. The increasing power of computer
processors makes it an opportune moment for medicine to
embrace these novel technologies. In medicine, Al is starting
to have a positive impact for clinicians (predominantly via
rapid, accurate image interpretation), by improving work-
flow (to reduce medical errors), and for patients, by enabling
their data to promote their own health [7].

Al can be applied both physically or virtually [6]
(Figure 2). The virtual domain refers to machine learning,
neural networks, natural language processing and computer
vision. Herein we summarise the virtual techniques pertinent
to burns care.

Machine learning Machine learning is a subset of Al that
enables machines to make predictions by recognising patterns
in structured data without explicit programming, but by using
mathematical and statistical methods [8]. Machine learning,
as opposed to conventional statistical analysis, is particularly
useful for identifying subtle patterns in large datasets that
may not be readily apparent to the human eye. Machine learn-
ing models have three principally distinct functions: super-
vised, unsupervised and reinforcement learning (Figure 3) [5].
Common mathematical algorithms used for supervised and
unsupervised learning are defined in Table S1 (see online
supplementary material).

In supervised machine learning, an expert labels a training
dataset which then trains an algorithm to predict a known
output (Figure 3a) [8]. Supervised learning is often used for
classification or regression problems, hence it can be used to
predict from limited datasets of diagnoses or to estimate risk.

In contrast, unsupervised machine learning feeds unla-
beled data to the algorithm and there are no known outputs
to predict (Figure 3b) [8]. The objective is to find naturally
occurring patterns with shared similarities within the unla-
beled data.

Lastly, reinforcement machine learning is the process
through which a program attempts to accomplish a task
whilst learning from its successes and mistakes (Figure 3c)
[8]. At present, reinforcement learning approaches are rarely
employed in burn applications.

Neural networks Advancing computational power has led to
the creation of ‘deep learning’. Deep learning is a form of
machine learning that studies data features using a multi-
layered neural network. Neural networks are composed of
computational units inspired by the neuronal connections
that exist in animal brains. Artificial neural networks can be
divided into three layers of neurons: input, hidden, output
(Figure 4) [9]. The key differences between artificial neural
networks and machine learning are that, firstly, the former
requires significantly more data, and secondly, when fed
raw data they learn their algorithms independently with-
out the need for human intervention on which features to
use [10].

Artificial neural networks cover several architectures, one
of which is convolutional neural networks. A convolutional
neural network, by definition, has one or more layers of
convolution units. Therefore, convolutional neural networks
reduce computational complexity and ensure translational
invariance.

Computer vision Computer vision uses mathematical tech-
niques to analyse images or videos as quantifiable features
(e.g. color, texture or position). Image segmentation is one
of the major research areas in burns Al. The goal of image
segmentation is to extract the region of interest in an image
and disregard the background noise. This technique poten-
tially allows burn depth evaluation, thus guiding decision
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Figure 1. Trend of artificial intelligence burns-related publications on PubMed
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Figure 2. Domains of artificial intelligence. Physical artificial intelligence relates to machines interacting with their physical environment whereas virtual artificial

intelligence is represented by machine learning

making or estimating the time to healing. Computer vision
has recently been integrated with machine learning tech-
niques such as neural networks [11]. These methods have
allowed computer vision to focus on higher-level concepts
such as image-based analysis of patient cohorts, longitu-
dinal studies and decision making within surgery [12]. In
addition, there has been dramatic improvement, exceeding
that of humans, in specific areas of image classification and
recognition systems based on convolutional neural networks
[13-16].

Natural language processing Natural language processing
focusses on the computer’s ability to analyse human
language and speech. To successfully achieve a human-level
understanding of language, natural language processing
must expand beyond simple word recognition to extract
meaning from texts into its analyses [17]. At present, natural
language processing is rarely employed in burn-specific Al
research. Still, this will undoubtedly play a fundamental
role in burns. Chatbots can be especially useful in the
follow-up and rehabilitation of burn patients to assess
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Figure 3. lllustration of different subtypes of machine learning. (a) Supervised
learning involves the feeding of labelled data allowing the computer to create
a predictive algorithm of a known output to correctly classify the depth
of the burns. (b) Unsupervised learning uncovers any patterns such as the
categorisation of burns depth from the unlabelled data. (¢) Reinforcement
learning is the process to successfully match the input and output data while
learning from its successes and failures. It may share features of both a
supervised and unsupervised process

progress from a psychological, medical and administrative
perspective.

Algorithm validation The success of a machine learning algo-
rithm depends on the features selected (e.g. urea concentra-
tion) and the performance criteria for training and valida-
tion [18]. It is critical that the algorithm created is repro-
ducible and generalisable. Cross-validation processes allow
the building of empirical data on many possible models,
ultimately leading to the most generalisable algorithm. An
assessment based solely on an initial validation test does
not typically result in a generalisable model [19]. Hence, it
is essential to include secondary or even tertiary external
test sets (previously unseen by the model) to assess its true

generalisability, thus providing patients with robust and safe
models.

Methods

A comprehensive systematic search was carried out on Med-
line, Embase and PubMed to identify available literature
related to burn care-related Al in September 2020. A com-
bination of free text and medical subject headings terms were
used (Figure 5). Search criteria included artificial intelligence,
machine learning, neural network, deep learning, computer
vision, natural language processing and burns.

Any English-language burn-related Al articles were eligi-
ble. Further relevant articles were identified from the refer-
ences of published articles. Articles were excluded if the Al
technology was not directly aimed at burn care. Articles in
non-English language were excluded unless a valid English
translation was available.

One author screened titles and abstracts for eligibility.
All relevant full-text manuscripts were retrieved and studied.
Eligible articles were classified according to their application
in burn care.

Two authors independently collected data. Data collected
included application to burns, population studied, algorithms
and key features used, results (area under the receiver oper-
ating characteristic curve (AUC-ROC) and overall accuracy)
and the validation method.

Descriptive statistics were used to summarise the data.

Results

All original machine learning articles are summarised accord-
ing to their burn application: survival/mortality (Table 1)
[20-27]; assessment of burn depth (Table2) [28-52];
estimation of body surface area (Table 3) [53,54]; antibiotic
response/sepsis (Table 4) [55-57]; other miscellaneous
applications (Table 5) [58-62].

Of 48 articles retrieved, three were review articles
[4,18,63] whilst the remaining 45 were original research
articles. Most articles provided mainly level 3 or 4 evidence
in the form of retrospective cohort studies [64]. There were
only two prospective cohort studies with level 2 evidence
[35,61]. All eligible studies were therefore prone to attrition,
confounding and selection biases inherent in these study
designs.

The most common applications of burn machine learning
research were assessment of burn depth (7=26) and sur-
vival/mortality (n=7) (Figure 6). A diversity of algorithms
were reported with the most frequent being support vector
machines (SVMs) (n=19) (Figure 7). Artificial and convolu-
tional neural networks were increasingly described in recent
literature in 14 and 7 articles, respectively. Machine learn-
ing algorithms are commonly tested using a k-fold cross-
validation approach, with 10-fold being the most commonly
applied (n=11) as higher values of k lead to a less biased
model (Figure 8) [18]. A significant proportion of articles did
not report the use of any cross-validation tool. For instance,
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Figure 4. Representation of artificial neural networks. Artificial neural networks can independently process signals in layers of simple computational units. At the
input level neurons receive information, perform a calculation and transmit output to the next neurone in the hidden layer. Within the hidden layers, calculations
are carried out to analyse and extract the complex patterns in the dataset. The data is then passed onto the output layer that provides the final step in the analysis
for interpretation. Deep learning involves the learning of more complex and subtle patterns than a simple one- or two-layer neural network

14 articles (31%) solely used a test-split approach in which
the complete data is divided into training and test data for
the model. The k-fold approach differs from the test-split
approach in that in the former data from the complete dataset
can appear in both training and test datasets.

Discussion

Applications of Al in burn care

AT has enormous potential to improve the experience of burn
injury victims throughout their patient journey (Figure 9)
besides improving the fundamental principles of burn care
education.

As access to data increases, Al is becoming increasingly
implicated in prevention, pre-/peri-/post-operative and reha-
bilitative care to guide procedural selection. It also has the
potential to detect early complications. Herein we review
some articles identified in the literature search pertinent to
the different stages of the burn patient journey.

Prevention Burn injuries are preventable. Advances in
knowledge around the management and prevention of burns
have led to a reduction in the mortality of burn injuries in
high-income countries [65]. In contrast, this has not been
applied satisfactorily in low- and middle-income countries. In
higher-income countries, in which Al is likely to be employed
first, this technology can allow patients to be risk-stratified
by occupation, substance abuse, self-harm or other socio-
economic factors that place patients at an increased risk
of sustaining a burn injury. An algorithm able to identify
this higher-risk group may prompt more regular community
review or workplace inspection to mitigate any given risk.
Aghaei et al. studied the factors related to unintentional
burns in children using data mining algorithms [60]. An arti-
ficial neural network-derived algorithm demonstrated better

performance compared to SVM, random forest and logistic
regression (Table S1). Most of the burn-related variables were
related to individual social welfare status and their environ-
ments. Therefore, lessening the effects of these factors could
reduce the incidence of pediatric burns. The same principles
using Al can be applied to adult populations.

Pre-hospital care Given the limited and expensive nature of
burn care resources, an automated system in local medical
centers would be desirable to identify patients with burns
requiring specialised input. Al technology can be useful to
improve the standard of burn care for patients where burn
experts may not be readily available. Despite several studies
using Al as a tool to gauge burn depth, only three have
specifically assessed treatment modalities [35,47,51]. Acha
et al. [47] and Serrano et al. [51] explored the problem
of burn color, image segmentation and classification using
machine learning techniques. Acha et al. [47] used a multi-
dimensional scaling approach to discover three discriminant
features, including the degree of pink, texture and colorful-
ness of the burn image. This study demonstrated a 66%
accuracy in classifying three varying depths of burns. Serrano
et al. [51] proposed image pre-processing, and segmentation
using color and texture features. A strict selection of texture
features of burn wounds accurately classified 80% of burns
healing ability. Martinez-Jimenez et al. combined infrared
thermography with random forest and k-means clustering in
a prospective study [35]. They report an accuracy of 85% in
the treatment modality of the burn injury. These promising
studies can be used to rationalise treatment and streamline
early wound closure.

Machine learning has been used to determine healing time.
Using reflectance spectrometry and artificial neural networks,
Yeong et al. developed a model to predict whether a burn

9202 4990120 | U0 1s9nB Aq GE0SEY/ZZ00BN)ASUING/E60 |0 L/10P/S[IHE/BWINEASUING/WOO"dNO"0jWaPED. WO} PAPEO|UMOQ


https://academic.oup.com/burnstrauma/article-lookup/doi/10.1093/burnst/tkab022#supplementary-data

Burns & Trauma, 2021, Vol. 9, tkab022

Downloaded from academic.oup.com/burnstrauma/article/doi/10.1093/burnst/tkab022/6354035 by guest on 14 October 2026

"eale a0ejans £poq [8301 g [, ‘Sunisooq Jusipeid d1seyd03s gog§ duiyorw 103994 310ddns YA § 15910] WOpPUET Jy ‘Patels Jou §N ‘sakeq aareu gN ‘Surdewn [endads-nnw
ISV ‘Suruies] surydew Ty ‘Uolssaifar onsidol y7 Aeis jo yagus] §OT ‘SULIAISND SUBIW-Y DY 9913 UOISINAP [ [TOMIdU [BINJU [BIOYNIE NNV QAN d1IsLIoeIeyd Junesado 1941991 93 Jopun eare DOY-DNV

79°0 4OS
78°0 *dd
1510108} paje[aI-[endsor]
76°0 gOS SO1ISLIDIOBIRYD
yoeoidde rjds-1s93 6°0 14 [eadsoy syuoned (8107) [27]
%€ Buturen 9,99 SN 1$10108] PAIB[I-IUT] pue auoned spdnniy (1a) 995 94 0s€‘Te  Anpeaour/jearamg 1732 9900
uorssIupe
sojdwes Sunepiyea $9SED JO 9,0 A[TEoU a1039q porrad “Yooys
SOy¥ pue (3unsay Pa1JIsSe]d £[1091100 JNAS ‘Anfur uoneeyur syuoned (9107) [97]
6¥S Burren 9971 SN 86°0 M1 ‘VSEL ‘98¢ Tapusn INAS 9T umq gz9  Aenrour/eAramg ‘v 12 Bueny
TN
PUE YT UIMIIQ SIOUIIJIP umgq jo
[eonsnels yuedyrudis wopes 9d£3 ‘sonpiqrowod ($107)
yoeoidde rjds-1sa3 1460 ‘Anfur uonefeyur NNV ‘AN syuoned [¢2] v 22
%0€ ‘Suturen 9,0/ SN [PIm uBdW 1839 PEY NNV ‘VSAL 98y T NAS AT umq 17999 Lyreyrowy/jearamg nouer&ig
NNV pue
AN La pawiogiadino NNV ‘AN
IJ1JISSE[D suonIpuod snoraaxd ‘L.q Fa1y18SE[D syuoned (v102) 2]
aand2[qo-nA Azzng ‘o4 €6 SO SN ‘suonodyuI ‘ysq T, Azznyg ung 6 A31Te3I0W/[BATAING *jv 12 Zouawi(
Aoenooe
%88 M uIng uinq jo 41119498
JO £3119A3s 301paxd JO 1IRW
S[9A3] 91B190B0IOE SIIEUW [BIIWIYI0I] 1d ‘NNV 0411 U1 [9pout SE s103edIpUl (z100) l£d
PIo3-01 pue TAIA SN sdnpy TNAS O 181 Uo wing SlOqEIIN ‘1P 12 stwez]
%56 4poq
:uonegdedoid yoeg %6 +6 ‘uonededoid yoeq Jo seare 1y3io ul uonegedord
%TI"96 ‘NAS 1A %196 TNAS LA suing jo sagejuadiad 3oeq “WAS syuaned (T107) [Tl
PI03-01 %8L°L6 AN %8°L6 AN “opuas 98y 14 ‘AN wng 081 Lipeasowyfearaig Ip 12 [ed
219 ‘ySg ], ‘o8e
yoeoidde %08 :431AnIsuag “Ainfur vonereyur (z002) [17]
11[ds-1591 9, 67 %06 Surpnjour ssjqerrea syuoned ynpnog pue
¢sdnoi3 Gururen o, ¢/ :£oeIndoE [BATAING SN IR ST NNV umq 9607 £31Te3I0W/[BATAING euequelsy
9,7/ AoeIndoe §OT
yorosdde yds-3s9) %86 VS4L Se syuoned SO1T (9661) [07]
%01 ‘uren %06 :AovIndoe [BAIAING SN ‘Amlur uonereyuy NNV uing ¢§S| ‘fTelrow/[eAIAING v 32 9414
poyIdW uoLEpIfEA (Aoeandoe) symsoy (DOY-DNV) sInsay soIn3edJ AoY] [003/wpLIoS[Y uonendog uoneorddy (reak) JoyINy

21e2 uing ul Ajijeowy/eAiains 10ipald 03 Buluies| suiyoew Buisn sajoiue yoieasay °L a|qeL



Burns & Trauma, 2021, Vol. 9, tkab022

Downloaded from academic.oup.com/burnstrauma/article/doi/10.1093/burnst/tkab022/6354035 by guest on 14 October 2026

(ponunuo)
(NAS
IY) saaniesy
yoeoidde 31ds-1593 [eoidos
107 sayored 1¢/°67T (Ang-goyy ‘ormxa) jo werdolsi syuaned ornerpad
fuonepijea/suiuren %71 $9 uoisaid ‘uonjeinjes-ony) erowed ‘(30N189Y) G§ woiy (paseiyur (9102)
Joy soyed €9/, poylow s[quuasur SN [e81p 10[03 pue paseszu] NNO pue 10]02) sired 119 yadop umg [s] v 12 vopeq
09°0 :Ay1adg
£6°0 A11ATISUSG (*230 ‘ony jo aduELIEA Ayepouwt
yoeoidde 3rjds-1s93 sagewr 9,08 :AoeIndoe ‘s150310Y ‘ony ‘ewoIyd) jusunean} pue (s102)
p/ ‘Sururen saSew (g [eay 01 L[Iqy SN sydeidoloyd 10700 [ENSIq NAS soSewn uing 4/ yadop uing [16] ‘v 12 oue1Iag
suoagins uing
312dx9 jo Juowdpn(
[eoturpd ay3 Juryolew (syaSuapaaem 1y31| [opow unys suriod
PIo}-01 ‘%9, :hoeInd0y SN JUDIIHIP JO DUEIOSE) IS NN-Y ‘NAS woy safewrt wing g1 yadop uing (s100) los] v 32 11
sis[eue ISd pue 1D Suisn (uorsnjiad s[opow aurdiod oaa (€107)
[edTIAYDOISTYOUN W] SN /8°0 ¢SSOU[ITY1) 9INIONIIS UIYS dN w1 woIy sagewn umq / yadop wing [6+] 17 12 Aqaedeueny
%06 Jo Adeoyyo ue
YIm suyIiod[e 194310 (9oueUTWONYD ‘Ony ‘doueUrUN]) WL (¢€107) [8%]
uonepIfea p[oj-¢ paurrogradino WAS SN sydeigoloyd 1010d [endIq INAS ‘NN-Y sodewn wing (71 yadop umg uelUBIIN] pUEB BUIBANG
%8°€8
19181 UOTIBDIJISSE[D
jeid-uou ‘sa jjeIn)
%799 9381 (syadop Ayrepowr
yoeoidde rjds-1sa3 sagewr ¢€) uonedyISse (9oueUIWOIYd ‘ony ‘ssoulySI) jusuneas) pue
/ ‘Sururen saSeur (g yadop uing SN sydeiSoloyd 10700 [EUSIq NN-Y saSewr uing 79 yadop uimng (€102) [2¥] v 12 eyoy
% €€ SL TUORBIYISSE[D
1891 purigq
$8°0 :A3ManISULG
6°0 ‘Add
%6768 9381 (fyrouaBowoy NAS (seSewr-qns (1107) [9%1
P10} UOLIBIIJISSE[D INAS SN ‘ISBIIUOD) 9INIX3) pue I0[0D) NN-Y AN $¢€) s9dewr uing ¢ yidop umg ‘v 12 TymfeueIURN
%G/ :AdeIndoe
s&ep 1< ‘%96 own (5007)
PIo}-01T :Aoenooe skep 41> SN 1919w 01353ds 90UBIII[FY NNV sadewr uinq 4 Surjeay wing [99] *1v 12 Suoag
(939 ‘@oueUTWIONYD
Jun suing %88 9181 ‘ony ‘ssau3ySi| Surpnpour) (5007)
woij s1radxa jo dnoid £g uonedlyIsse]d a3eroay SN sydeiSoloyd 10700 [EUSIq NNV “T1 soSewr uing ¢¢ yadop uing [o¥] ‘v 12 oue11ag
(939 “@doueUIIONYD
%78 918l ‘ony ‘ssauaySi| Surpnpour)
PIOJ-§ UONEBOLISSE]D 9FeIAY SN sydesgosoyd 1010 [ensiq NNV “1d saewr umq 79 ypdop umg (5007) [67] 1v 12 wydY
(939 “@doueUTIONYD
%7T8 ‘ony ‘ssauiySi Surpnpour)
pIo}-§ :AoeInooe ageroAy SN sydeigoloyd 10100 [enBIq NNV ‘11 sadewr uing 79 yidop umg (€007) [87] "1v 12 eYOY
(O0¥-DNV)
POYIdW UOLEPIEA (Aoeandoe) synsoy synsay soImyedy Aoy wyos|y $309[qng uonedrddy (reak) JoyINy

Alljepow juswiealy/(uoneslyisse(d) yidap uing 101paid 01 Buiuies| auiyoew Buisn sajoiue yoieasay g ajqer



Burns & Trauma, 2021, Vol. 9, tkab022

Downloaded from academic.oup.com/burnstrauma/article/doi/10.1093/burnst/tkab022/6354035 by guest on 14 October 2026

(panunuo))
(uonjeULIOFUI [EIIWIYD01]) [opow
Sy pue (uonewIojul NAS Teaur| suiod uo spunom (6107)
PIo}-0T %68 AoeIndoy ¥6°0 [eardojoydiow) 1HO pue 9 Y1 umgq o xa 9§ yidop umg [£€] v 12 nlereSuey
(zr=2) Sppowt
UONEPI[EA-SSOID (Ddd pue auriod 3npe om) (8107) [9¢1
PO} 9/°0 4oeINd0Yy SN ISIN ‘TY) ydeadoioyd [ensdiq vaod uo sadewr wing 7| yadap uing ‘v 10 sesan[-eIpaIdH
JUAIO1JJ3-00 s110y00 Juaned
eddey g°( Lepow uing aandadsoxd Ayrepowt
110409 Juapuadopur Jusuneai], Aoeinooe €76 eI s 7T pue sjuaned Juaunea1) pue (8102) [s¢]
aandadsorg UOTIBDIJISSE]D) % 5€°S8 9ATIBATISUOD) AydeiSowrayy pareryuy O ‘T umq Sururen ¢ yadop wmng '[P 12 ZoUAWI[-ZAUNTRN
un[s a[qeIA-UoU
JO UO1d3P [eaowax
J0 9,9°¢T 4q £oemddoe 121300 (s1qe1A-UOU
UOLIBPI[BA-SSOID soaoxdwr [eAowax (ISIN siqoue[eyBIN s 9[qeIA) (8102) [+€]
pPIo3- ISI[IN0 sIqOoue[RYRIN SN pue ) ydeadoloyd [ensiq vado saSew uing ¢ yadop umg ‘v 12 sesan[-eIpaIdH
suofe
vao o3 paredwod
(p1=21) uIng upys J[qera-uou (s1qe1A-UOU
UOHEPI[EA-SSOID JO UOLIAIP UL %/L°€T (Ddd pue s 3]qelA) (8107) [€¢€l
PO} £q £oemodoe saroxduy SN IS ‘T¥) ydeidoloyd [endiq SN ‘Vad saSew uing ¢ yidop umg ‘[& 30 sesan[-eIpaIoH
(9319 IWAS Td
La‘aN 9T
%77 €L Jo Aoeimooe (ewoxyd suraodfe
93eroA® [im d1sISo| ‘ony ‘ssauIy3Iy) 211X} pue UONIBDIJISSE[D)
PIo}-0T ordwrs yiim 3nsar 1sog SN 10100 ydeadoloyd 10702 [eNSIq 0T sodewn wing 97 yadop uing (£107) [7€] v 29 weny
uonepifeA
no-pjoH yoeoidde
s Sunsa sojdures *31qeIs L1904
LTS fuonepiea SI [OPOW JY3 pUE I[NSI (uoneurIOjUI
sajdwes (¢ uonoipaid £103083s13ES [eanionas pue sroydoworyd) [opow durozod
‘Gururen sojdwes 0z¢ e sey JTY-YAS-VOVD SN £doosonoads parerjur-reaN NAS ‘VOVD uo saew uing /GG yadop umg (£107) [1€] 17 12 Suem
yoeoadde rpds-1s93 INAS
%06 ‘Sururen o,0¢ %8/ [/ UOISIAI] SN ydeiSoloyd 10700 [eASIq SSe[d duUQ saSewn uing 94¢ yadop uing (£102) [£9] v 12 ueay,
(=21
UOHEPI[EA-SSOI> (5dd pue [opow ouIMmS (9107) [0€]
PIoJ-) 1170 :£oeINd2OY SN IS ‘TY) ydeiSoloyd [endiq vad Jo sagewn uinqg §¢ yadop uimng ‘v 12 sesan[-eIPaIOH
(D0¥-0NV)
poyIow uoLepIeA (AoeIndoe) sinsoy synsay| soImed) Aoy wyod|y s109[qng uonedrddy (1eak) J0yINY

psnupuo) ‘g alqeL



Burns & Trauma, 2021, Vol. 9, tkab022

Downloaded from academic.oup.com/burnstrauma/article/doi/10.1093/burnst/tkab022/6354035 by guest on 14 October 2026

w:EBmE EN_QEE W] ‘uotssaidar
103094 110ddns YA § ‘SuiSewn urewop-£ouanbaiy [eneds (71§ ‘U01ssaIFa1 S[quIasUD doedsqns 2IN3BIJ [BUONIBIOT YHSY DTl [BI1 [ IS910] WOpUERI Yy ‘Quiydew 10394 11oddns WA $ ‘sisk[eue JueunuIdsip dsneipenb
vao ‘SuiSeunr w]uu&m uﬂsm ISd ,\Emwuonw\Eum_mouo:& Ddd ‘pareIs 10u SN ‘sokeq aareu gN ‘Surdewr _mbuu&m._::E IS nmE:uwuﬁ suryorw TN ‘uorsso18ar uﬁm_moﬁ Nl ,uomzmﬂun 159183U-)] NN-¥ »mEuBmz_u sueawW-y
DN 130] Azznj T, 9913 UOISIAP [, “[FOMIAU [BINSU PAIN[OAUOd NN ‘WYILIOF[e d130uag Judge-paureyd yHy) YI0MIdU [eINdU [EDIIIE NNV QAIND d13s1130ereyd Sunerado 19410091 a3 1opun edie HDOY-DNV

yoeoidde
17ds-1s91 uonEpIfEA (Topowt
%S 1 pue uonepiiea $6°0 o8e1oAE 0S3NSY) (0207)
%G1 ‘Sururen 9,0/ %08 :£oeIndoy OIDBIN 21n3X3} pue 10[0d dFew] NND saSewn punom 84 yadop uing [s¥] v 12 Suep
%9°01 £q 31309498
uing ur poyiaw
o119ua8 pawrojradino
0S.LANSY
% €6 :AorIndoe
UOTIBDIJISSED
yoeordde-yds 11ed £pog (61DDA
uonepIeA safew umq udasun pue 9THDHA
9,07 29 Sunsa 10J 9%€6°T6 :AdeIndoe ‘0SIONSY) saSewn uing uaasun (0202) [¥¥]
%0¢€ ‘Sururen 9,06 £110A08 UING SN 21NIX21 pue 10[0d dFew] NND ‘NAS €9+ sadewr uing [ yadop uing [eAony pue ueyney))
(VTAI syadop wing
YI01Y JUSIIHIP JO
%T1S'¥8 (SNIND *2d se) sydeigozoyd VI101Y) uoneuaugdas
JUAIO1JJ200 1] :AoeInooe V10T Y SN 10[02 [eud1p suoydirewg SNIND sagewr uing 0S| wing (6102) [c¥] v 12 o®1f
9,676 LoemdoE (6107)
PI19J-0T 4 4T 3¢ L311949s uing SN 1ads WAS [opow aupiod oaa uf yadop uing [cv] v 12 pueimoy
%P6 HKadryads (TOT-1NS2Y
9% 16 :AoeIndoe ‘0S-1NSY
yaIM SNND 10N[8000)
19430 pawrojadino (SNIND 12d se) sydergozoyd ‘91-DDA) sagewn (61027)
PIo}-01 TOT-3NSY SN 10]03 [ex31p suoydirewg SNNO wmq serpad €7 adop umg [1¥] 1 92 oD
yoeoidde €8 :£3oyadg
311ds-1s93 9eunr 8°/.8 +A11ATIISUDG (SSoUMIYS ‘STSOIINY ‘BWOIYD (6107)
p/ ‘Sururen saSewn (g AoeIndoy 94,78 SN ‘any ‘Goy) aoeds 1000 qy'T NAS saSewn uing 4/, yadop uing [6€] v 12 AvpEX
(woneurroyur Id
%/ [eanionns pue aroydoworyd) “AAS INN-Y [opow surdiod (6107)
B/N -10119 9A1IE[2T 9ZBISAY SN £do2s01309ds paresjur-reaN NN--YASYT Uo Spunom uIng g y3dop uimng [8€] v 12 Suep
(00¥-DNV)
poYIdW UoLIEpIEA (AoeIndoe) synsoy s)nsay saImedy Aoy wyod[y s300[qng uonedrddy (1eak) JoyINy

panunuoy °z slqer



10

Burns & Trauma, 2021, Vol. 9, tkab022

Search criteria
“Artificial Intelligence”
OR “Machine Learning”
OR “Neural Network”

Identification OR “Deep Learning”
Database search OR “Computer Vision”
(n=90) OR “Natural Language Processing”
Mediine,:OVID, BUbMed AND “Bum” (title/abstract)
Screening
Eligibility

Studies found through reference
lists (n=8)

v

Included
(qualitative & quantitative) ‘v

Figure 5. Flowchart showing systematic literature attrition

Table 3. Research articles using machine learning to predict body surface area/open wound size

Author (year) Application Population Algorithm/tool Key features Results (accuracy) Validation
method

Liu et al. [53] Predict open 121 patients with DT, ANN, square ~ Multiple characteristics Combined ML models  10-fold
(2018) wound size >20% TBSA burns  regression but key features included  using four key features

days since admission, demonstrated >90%

fluid volume, TBSA burn, goodness of fit

age and < 4% absolute error
Desbois et al. BSA 16 burn patients DT, ANN Height and No significant 10-fold
[54] (2020) circumferences of the difference between Al

bust, neck, hips, and waist and the gold-standard
(3D scans)

AT artificial intelligence, ANN artificial neural network, BSA body surface area,

would take more or less than 14 days to heal using burn
images, ultimately serving as a proxy for the assessment
of burn depth for surgical planning [66]. The investigators
reported an average predictive accuracy of 86%, suggesting

DT decision tree, ML machine learning, TBSA total body surface area

that this method may serve as a superior alternative to
direct visualisation. Although laser Doppler imaging (LDI)
works differently by using a red diode laser to measure the
extent of superficial dermal microvascular blood flow and
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thus estimate healing potential, combining LDI data with Al
algorithms may potentiate the efficacy of this tool.

Digital photography is the most used method to gauge
burn depth. To distinguish between burn wound/depth and
healthy skin, Acha et al. used fuzzy logic and artificial neural
network algorithms to extract hue-weighted saturation [29].
The use of digital photography for burn image segmentation
and classification yielded an accuracy of 82%. Yadav et al.
equaled this accuracy of depth using a SVM-based method,
even though their model was not cross-validated, reducing
its generalisability [39]. Tran et al. used a one-class SVM
instead of the traditional SVM for burn image classifica-
tion due to the imbalance degrees of burns data available
[67]. The best classification results achieved using one-class
SVM was 78% accuracy compared to 74% using traditional
SVM. Since then, more powerful fine-tuned convolutional
neural networks have been applied to burn depth. Tran ez al.
reported feasibility research on the role of convolutional neu-
ral networks in the categorisation of burn depth by extracting
multi-color channels and converting these to binary values to
improve algorithm performance [68]. Cirillo et al. have since
described convolutional neural networks for image segmen-
tation that can extract effective luminance-color texture for
the classification of burn and non-burned areas [69]. Cirillo
et al. have demonstrated an impressive 91% accuracy when
analysing using deep convolutional neural network features
obtained from pediatric burn injuries using high-performance
digital cameras [41].

Multispectral imaging (MSI) techniques are remote sens-
ing technologies that absorb different wavelengths. They
have the ability to distinguish amongst varying severities of
partial-thickness burns, which may consequently dictate the
need for surgical intervention [70]. Li et al. combined a
machine learning algorithm with MSI-acquired data, report-
ing a 76% accuracy in diagnosing burn depth, matching
that of expert burn surgeons [50]. Similarly, another study
described capturing burn images using non-invasive optical
imaging (MSI, photoplethysmography, real image) to accu-
rately classify 76% of burn depths using a quadratic dis-
criminant analysis algorithm [36]. The same group used the
same feature extraction technique and applied a tool which
combined a supervised with an unsupervised classification
algorithm, resulting in a 24% improvement in non-viable
tissue detection [33].

Without uniquely relying on digital color differences,
other reports analysed different factors in assessing burn
depth. Ganapathy et al. assessed the skin thickness and
perfusion information of ex vivo skin using optical coherence
tomography and pulse speckle imaging [49]. Rangaraju
et al. utilised optical coherence tomography and Raman
spectroscopy to assess morphology and biochemical infor-
mation, respectively [37]. The information on the collagen
ratio classified burn depth with 85% accuracy. Badea et al.
were the first to propose an ensemble method built upon
the combination of standard classifiers and convolutional
neural networks using thermal and color images for the

purpose of burn severity assessment [52]. They reported an
average precision of 65%. However, their approach required
manual registration of images which would likely result in
time delays. Rowland ef al. accurately predicted burn severity
(92.5% at 24 h) in animal burn models by combining SVM
with spatial frequency-domain imaging [42].

Chauhan and Goyal [44] have reported the combination
of standard digital photographs and machine learning to both
categorise burn depth and the site of the body involved.
The convolutional neural network algorithm outperformed
the generic method in determining burn severity by 11%.
Interestingly, Abubakar ez al. [62] applied a fine-tuned con-
volutional neural network to distinguish burns from normal
skin in both African and Caucasian images with a recognition
accuracy of 97 and 99%, respectively. This research improves
the generalisability of these advances to different popula-
tions. These results demonstrate the feasibility of utilising AI-
assisted diagnosis in burn wounds.

Peri-operative Al technology can benefit patients requiring
definitive reconstructive surgery. Pre-operatively a patient can
be optimised for surgery by tracking weight, glucose and
exercise via mobile applications [71-73]. Automated analysis
of all pre-operative mobile and clinical data could provide
a more patient-specific risk score for operative planning and
yield valuable predictors for post-operative care.

Reliable diagnosis is supported by accurate estimation of
the total body surface area (TBSA) and wound depth assess-
ment, critical to treatment success. The precise quantification
of TBSA by traditional measures such as Lund and Browder
charts and ‘rule of palms’ have interobserver variability and
are challenging when faced with asymmetrical injuries [66].
Machine learning can address this issue. An algorithm could
rapidly and accurately predict TBSA by coupling burn images
with their relevant TBSA. Consequently, more accurate resus-
citation protocols could be generated in addition to surgical
planning strategies for skin grafting. Jiao et al. [43] employed
deep convolutional neural networks to automatically segment
burn wounds using smartphone digital photographs. The
results showed 84.51% accuracy in identifying varying
depths across different TBSAs. Desbois ef al. highlighted
the importance of assessing the accuracy of morphology
modelling since it can greatly affect TBSA [74]. The same
research group then applied supervised machine learning
algorithms in identifying key anthropometric measurements
to build a 3D model showing good accuracy in estimating
TBSA when compared to gold standard 3D scans [54]. On this
note, it would be interesting to see how these results compare
to that of clinicians when making clinical assessments.

Equally important are prognostic tools. Estahbanati and
Bouduhi were one of the first to utilise artificial neural net-
works in predicting survival in burn patients with an accuracy
reaching 90% [21]. They demonstrated that non-linear tech-
niques are better suited to address complex questions regard-
ing prognosis due to their ability to observe real events rather
than evaluating the relative influence of variables on each

9202 4990120 | U0 1s9nB Aq GE0SEY/ZZ00BN)ASUING/E60 |0 L/10P/S[IHE/BWINEASUING/WOO"dNO"0jWaPED. WO} PAPEO|UMOQ



12

Burns & Trauma, 2021, Vol. 9, tkab022

w
o

Number of burn Al articles
bR NN
o v o »un o u
%
Il -
64¢ - to
% . w
23 . N
| N
I -

1 1 1 1 1 1 1
== - - = = = =
& " ; 3 <& P & > © & S A
& A K & & o & + &0 & S 58 & &
¥ N 3 & o & Q < < o N 3 g &
& & & & » o S & & & & S8 & &
& \\,,,\\ & & < & & & < 5 & N &
& N N S & <
& & 5 ‘@' <° Q,Ob & < 2 & &
& S & > A3 & & &
& & & & &0
e Q N
Lo N 3
) &
> Q
& &
S
R
&
go\
&
&
o
S

Application in burn patient care

Figure 6. Number of machine learning articles on the different applications on burn patient care. ML machine learning
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Figure 7. Algorithms used in burn-related machine learning articles

other. Impressively, Huang et al. have published a successful
robust model that correctly classified with an AUC-ROC of
99.5% of survival prognosis according to the admission char-
acteristics [26]. In a slightly different application, Cobb et al.
used random forest and decision trees to demonstrate that

= Support vector machine

= Artificial neural network

= Random forrest

= Decision tree

= K-nearest neighbour

= Logistic regression

= Naive bayes classifiers

= Convolutional neural network

= Fuzzy logic

= Quadratic discriminant analysis

= K-means clustering

= Support vector regression

= Deep neural network

= Chained-agent genetic algorithm

= Square regression
Mahalonobis outlier removal

= Template matching

= Back propagation

both patient and hospital factors are predictive of survival in
burn patients [27]. This could help inform decisions about
where burn patients should be treated. In contrast, only one
article reported no Al advantage compared to traditional
statistical methods, concluding that although some machine
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\

m Test-split approach

= 10-fold CV

= Leave-one-out CV

= Hold-out CV

= Other K-fold CV

= Multi-objective CV

m Scikit-learn CV grid search tool
= Dice-coefficient

m Propective cohort

= NA

Figure 8. Methods of model validation used in burn-related machine learning articles.CV cross-validation

learning methods performed marginally better than LR, the
differences were seldom statistically significant in predicting
burn survival [25].

Al can be useful in pandemics (e.g. COVID-19). Data can
be rapidly collated, and an algorithm derived to identify how
such diseases impact survival and, as a result, how best to re-
allocate resources. However, there is a paucity of literature on
this topic at the current time.

Acute kidney injury (AKI) after burns has a significant
impact on short- and long-term outcomes; thus, it is crucial
to develop methods to identify patients at risk. Tran et al.
developed used a K-nearest neighbor algorithm to predict
AKI risk with 90-100% accuracy [75]. The same group [61]
later compared machine learning models for early recognition
of AKI using different laboratory findings in the predic-
tive model. Their models accurately predicted AKI 62 h in
advance.

Given the growing problems with antibiotic resistance,
Tran et al. [57] have most recently published an algorithm
with a 90% accuracy and an ROC-AUC of 0.96 in pre-
dicting sepsis secondary to large burns using key indicators
such as blood urea nitrogen and hemoglobin. Additionally,
Yamamura et al. [56] demonstrated the use of artificial neural
networks in predicting the response to aminoglycoside antibi-
otics against methicillin-resistant Staphylococcus aureus in
burn patients.

Post-operative Al may prove beneficial to the patient in the
post-operative period facilitating them in being at the center
of their care. This technology can help patients monitor their

progress regarding physiotherapy and set reminders to pro-
mote engagement and compliance. Likewise, machine learn-
ing can be useful to the healthcare team. For instance, pre-
dicting surgical site infections in the immunosuppressed burn
patient. Machine learning has outperformed conventional
statistics in the prediction of surgical site infections by build-
ing non-linear models that incorporate multiple data sources,
including diagnoses, treatments and laboratory values [76].
Consequently, this can influence subsequent treatments
including antibiotic therapy and dressing changes. Indeed,
virtual reality (VR) has been shown to have a positive impact
during change of dressings. Preliminary results demonstrated
a reduction in pain after combat-related burn injuries during
debridement using adjunctive immersive VR [77]. There
remains considerable room for research within this area.

Rehabilitation Rehabilitation after burn injuries can last
for many years and it is essential that a multidisciplinary
approach is sought. Rehabilitative programs play an essential
role in decreasing post-traumatic stress and optimising
functional independence. Patient-reported outcomes provide
important patient-centred data to capture subjective datasets
(impact of disease, treatment, quality of life measures).
Digital platforms that monitor patient-reported outcomes
could generate unique algorithms to screen symptoms, which
would then not only alert the healthcare team but also
automatically trigger a customised patient care plan. Merging
Al technology with patient-reported outcomes offers the
potential to improve outcomes and quality of care [78] as
well as evaluating the efficacy of treatments [79].

9202 1890100 1 U 1s8nB Aq GEOYSEY/ZZ0UEM/ASUING/EE0 L 0 L/10P/SI0IIE/BWNENSUING/WO0" dNO’DIUSPEIE WO} PAPEOIUMOQ



14

Burns & Trauma, 2021, Vol. 9, tkab022

o Prevention

Identify those at increased
risk of burn injury

o Peri-operative management
« Risk of developing AKI

e Time to heal

e Post-operative recovery

« Predicting antibiotic resistance
o Predict Surgical Site Infections
¢ Virtual Reality for Pain Management

e Community burn assessment

Use images to assess: -
o Depth of burn ‘
+ Management type
o Time to heal

° Emergency management

Estimate:
o TBSA
o Morbidity/ mortality risk
 Fluid resuscitation

o Rehabilitation

« Encourage patient to engage with
physiotherapy/psychology or other MDT members
« Optimise patient for secondary/ tertiary surgery

« Evaluate Patient-Reported Outcomes

Figure 9. Possible benefits of artificial intelligence at the different stages of a patient with a burn injury. AK/ acute kidney injury, TBSA total body surface area

Natural language processing has been used to examine
EHRs to identify words and phrases in medical records that
predicted anastomotic leak after colorectal resections [80].
These findings can be translated to the care of burns patients.
Besides, the ability of algorithms to self-correct can increase
the utility of their predictions as datasets grow to become
more representative of a patient population.

Medical education The evolution of technology has meant
that reliance on memorising and retaining large volumes of
information could become more obsolete with effort steered
towards other skills. The system is likely to adapt, such that
competence is likely to have communication skills, emotional
intelligence and IT skills as part of its remit.

The use of VR in addition to real data-driven simulation
will be fundamental to train the next generation of burns
professionals. The acute nature of burn injuries generates

a stressful environment. A skilful, communicative and well-
coordinated team is key to managing such instances. Many
adverse events in burns emergency are a consequence of non-
technical skills, such as communication, leadership and team-
work. Thus, enhanced data from significant adverse events
has the potential to make an impact on the acquisition of non-
technical skills [81].

An example of innovation using Al to improve outcomes
in settings which lack specialised skillsets or in less resourceful
regions is Proximie. This is a secure, cloud-based augmented
reality platform enabling real-time collaboration between a
local (operating) surgeon and a remote (assisting) surgeon
[82]. Both local and remote teams can communicate employ-
ing a two-way audio stream, using several integrated aug-
mented reality features to further clarify the advice provided.

At present, there is no formal Al teaching curriculum.
Healthcare students and trainees should be offered the
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Table 4. Research articles using machine learning to predict antibiotic response/sepsis in burn care

Results Results (accuracy) Validation method

Population Algorithm/tool Key features

Application

Author (year)

(AUC-ROC)

Leave-one-out

Multiple metrics,

ANN

Several physiological
covariates, TBSA

ANN

30 burn
patients

Identifying severely ill

Yamamura et al.

[

patients and therapeutic

1(2004)

n
el

outperformed LR
Multiple metrics,

ANN

aminoglycoside level

Leave-one-out

NS

Several physiological
covariates, TBSA

ANN, LR

25 burn

Aminoglycoside response
against MRSA

Yamamura et al.
[56] (2008)

patients

outperformed LR
k-NN: 89.7%
LR: 0.868

Scikit-learn

k-NN: 0.96

Heart rate, body

temperature,

Unsupervised learning (to identify
best feature combinations)

211 adult

Burn sepsis

Tran et al. [57]

(2020)

cross-validation grid

search tool

LR: 0.945

patients with
burn TBSA
>20%

hemoglobin, BUN,

and TCO,

Supervised learning (LR, RE,

SVM, NB, DNN, k-NN, XGBoost

gradient boosting- DT)

AUC-ROC area under the receiver operating characteristic curve, ANN artificial neural Network, BUN blood urea nitrogen, DNN deep neural network, DT decision tree, k-NN k-nearest neighbor, LR logistic regression,

MRSA methicillin-resistant Staphylococcus aureus, NB naive Bayes, NS not stated, RF random forest, SVM support vector machine, TBSA total body surface area, TCO; total carbon dioxide

opportunity to learn Al-related skills during electives, as
part of leadership or business tracks, or in post-graduate
research schemes. A new infrastructure for learning must be
introduced, and educators from disciplines such as computer
science, mathematics, ethnography and economics will likely
play a key role. Another important aspect overlooked in
medical training is EHRs, especially since they will assist
in the implementation of Al in healthcare. It is imperative
that less-developed countries share the same benefit from Al
education.

Current limitations of Al

An important concern regarding Al algorithms is their inter-
pretability [83]. Whilst artificial neural networks address
problems that may be missed by humans, its black box
structure gives us little knowledge on how or why such an
algorithm was developed. The accountability if a patient
experiences harm from an Al-driven clinical decision remains
unclear [84]. Liability may extend to the treating physician,
hospital or software creator.

Reliable uptake in data collection has been and is a chal-
lenge for surgical teams. The quality of the algorithm depends
upon the quality of data uploaded. Inherent systematic biases
that occur in data collection, such as missing data, underrep-
resentation of women and racial minorities, may lead to inac-
curate Al predictions [85]. Furthermore, current workflows
are still operator dependent. The limited availability of high-
quality data for training, correctly labelled with the outcome
of interest, is a recurrent issue in this field. For instance,
available data may be overrepresented with ‘interesting cases’
and not necessarily representative of the normal burn pop-
ulation, leading to a sample selection bias. This highlights
the need for professionals to establish how and what com-
mon performance metrics need to be amassed, preferably at
international level. With regards to missing data in the pre-
processing imputation phase, extensive research into the use
of statistical methods and machine learning imputation has
been made to safely identify how to estimate these missing
values in data processing and, where appropriate, disregard
these values [86-88].

Burns is a discipline with great potential to exploit Al
given the numerous multimedia comprising two- or three-
dimensional imaging. Standardisation of these images, which
includes angles and lighting, is not only difficult to achieve
between different centers but is often inconsistent.

Data sharing and confidentiality is an ethical and bureau-
cratic challenge. Retrospectively gaining authorisation and
making data anonymous will be difficult and open-source
datasets are uncommon. Moreover, analyses of datasets that
are fragmented will eventually lead to bias as described
above. Yet the burns community, in particular, has con-
tinuously demonstrated their openness and willingness to
embrace accumulative data through the development of the
UK National Burn Injury Database and the International
Burn Injury Database (IBID) [89].
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Despite advances in the recognition of subtle patterns, Al
is still limited by its inability to determine causal relationships
and to deduce a clinical interpretation of its data analyses
[90]. AI remains poor in appreciating the clinical context
in which the relevant algorithm should be applied. Thus,
clinicians must, as usual, critically evaluate Al predictions.
AT will require further validation in the form of prospec-
tive observational studies and randomised controlled trials
(RCTs) [18].

Even though the public has great enthusiasm for the con-
cept of Al, some clinicians still have some resistance towards
it. All explanations outlined above are valid points for such
resistance, although there are others. The lack of basic and
continuous education of clinicians regarding Al prevents a
mass focus on radically developing this phenomenon. There
is also the natural concern that Al will replace the role of
physicians [91], although the mainstream opinion in the liter-
ature suggests that Al will complement physician intelligence
[7]. Lastly, the lack of a legal framework, particularly in
healthcare-related Al leaves the physician exposed to poten-
tial legal repercussions when outcomes are not favorable [92].
Hence the need for proper validation.

The economic impact of Al must also be addressed. A sys-
tematic review proved that there are methodological deficits
in the cost-effectiveness of Al in medicine and that future eco-
nomic evaluations require a more comprehensive assessment
to enable economic decisions for or against implementing Al
in health care [93].

Future considerations for the burn care provider
Clinicians will benefit from education in digital medicine to
deal with the growing prospect and introduction of Al The
principles of Al engineering and digital health literacy should
be implemented in graduate healthcare-related disciplines.
Main burn organisations should encourage their members to
research this topic by providing financial backing in the form
of grants and by creating conferences with Al as the main
theme. Equally, journals should encourage the submission of
articles related to Al

Despite the existing clinical data registries such as IBID,
international and national burns organisations should adapt
their existing databases to record relevant data that will be
useful for patient management. Creating a database that car-
ries the entirety of burns’ experience, which is representative
of the population with appropriate representation of gender,
age, ethnic and socio-economic background may lead to a
technology that allows real-time clinical decision support.
As stakeholders in the adoption of Al-technologies, burn
surgeons should partner with data scientists and statisticians
to ensure the right questions are answered. On this note,
establishing who has access to these datasets is key. Each
nation should address the issue of data protection and own-
ership ensuring that confidentiality is respected, not only
medicolegally but also to ensure that confidence is maintained
from the general public in the medical profession. There is a

consensus to move towards patient ownership of data as this
is likely to result in increased patient engagement [94].

To allow for the full benefit of Al, clinical validation
tools should be developed to authenticate firstly the core
concepts of Al and secondly the clinically relevant outcomes
so these can be safely applied in practice. Important steps
have been taken towards this with a report that proposes
a framework to develop transparent, replicable, ethical and
effective research in healthcare AI [95]. Clear and common
validation guidelines should be followed by authors to ensure
that their algorithms have been appropriately tested and are
thus comparable before being accepted for publishing by
journals. Also, it is important to consider the specificity and
sensitivity of these models, which will have a clinical impact
[96]. This has an important impact on prognostic modelling
and decision-making.

Conclusion

Al is an innovative and fast-moving field with remarkable
potential in burn care to improve (1) the accuracy of diag-
noses and treatment, (2) the efficiency of care, and (3) the
workflow of healthcare professionals. The burn patient must
be managed in a holistic manner when assessing and employ-
ing innovative technologies but there is an onus to ensure clin-
ical implementation should only be carried out with robust
clinical validation. A burn-specific framework reporting tool
should be developed to ensure transparent, reproducible and
ethical studies, including predictive accuracy in target setting.
Subsequent prospective feasibility tests and RCTs should be
used to produce high-quality evidence about their clinical and
economic impacts, ensuring its superior efficacy to traditional
working practices. Once adequate high levels of evidence
have been attained, survival and morbidity AI appears to
be the most advanced application in burn care at present,
which could potentially be used as an adjunct to clinical
practice. Further investigation should be carried out in the
ability to predict burn depth and the ability to heal using
imagery, as this domain presents the most promise to the
medical community, in particular with regard to resource allo-
cation. Patients and clinicians who are willing to take charge
using digital means and algorithms should be empowered. At
present, there are exaggerated claims about the superiority
of Al over clinicians, which poses a risk for patient safety,
population health and confidence in the medical profession.
Data sharing and ownership including that of multimedia
using clinical data registries should be made clear. This new
technology as envisioned will require extensive Al educa-
tion and training of the clinician workforce and the public
and the cultivation of a cross-disciplinary approach that
includes data scientists, computer scientists and engineers, in
addition to pharmacists, nurses, physiotherapists, psycholo-
gists and doctors, to generate meaningful interpretation of
data. With the large volume of burn data, Al can assist
clinicians in evaluating burn surface, diagnose burn depth, the
need for surgery or other therapies, guide fluid resuscitation,
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and predict complications and prognosis with a high degree
of accuracy. Education and encouragement of Al technologies
are key to delivering burns care on a far more rational,
efficient and tailored basis. However, it cannot replace the art
of caring.

Supplementary material

Supplementary material is available at Burns & Trauma Journal
online.
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