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Currently, the incorrect judgment of burn depth remains common even among experienced surgeons. Contributing
to this problem are change in burn appearance throughout the first week requiring periodic evaluation until a

confident diagnosis can be made. To overcome these issues, we investigated the feasibility of an artificial intelligence
algorithm trained with multispectral images of burn injuries to predict burn depth rapidly and accurately, including

burns of indeterminate depth. In a feasibility study, 406 multispectral images of burns were collected within

72 hours of injury and then serially for up to 7 days. Simultaneously, the subject’s clinician indicated whether
the burn was of indeterminate depth. The final depth of burned regions within images were agreed upon by a
panel of burn practitioners using biopsies and 21-day healing assessments as reference standards. We compared
three convolutional neural network architectures and an ensemble in their capability to automatically highlight
areas of nonhealing burn regions within images. The top algorithm was the ensemble with 81% sensitivity, 100%
specificity, and 97% positive predictive value (PPV). Its sensitivity and PPV were found to increase in a sigmoid
shape during the first week postburn, with the inflection point at day 2.5. Additionally, when burns were labeled
as indeterminate, the algorithm’s sensitivity, specificity, PPV, and negative predictive value were: 70%, 100%, 97%,
and 100%. These results suggest multispectral imaging combined with artificial intelligence is feasible for detecting
nonhealing burn tissue and could play an important role in aiding the earlier diagnosis of indeterminate burns.
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Burn care is a critical component of the U.S. health care
system that annually manages over 400,000 primary burn
diagnoses and 40,000 hospitalizations from individual
and disaster scenarios.! Survival in modern burn care is
improving from advancements in early excision and grafting,
antibiotics, fluid resuscitation protocols, and bioengineered
skin substitutes.? Improvement to burn surface area and
depth estimations are also being addressed, especially with
optical imaging modalities.? Since the introduction of laser
Doppler imaging as a clinical adjunct to burn assessment,
there has been strong support for imaging to supplement
clinical burn depth assessment.*® However, in the U.S. burn
depth assessment is typically performed by visual inspection
alone.” This method is only 60 to 80% accurate for experi-
enced burn clinicians and not much better than a random
chance for nonburn trained clinicians.*%° Furthermore,
specialized burn training for new doctors is becoming less
common. Before 2008, all residents going through general
surgery training were required to rotate on a burn service to
gain essential experience and skills in diagnosing and treating
burn wounds; however, burn training was removed by
American College of Graduate Medical Education Residency
Review Committee. As a result, over a decade of surgeons
who have not been trained in burn care are currently in prac-
tice or about to begin practicing independently.

In burn assessment, it is important to identify regions
where the skin’s regenerative capacity has been reduced or
climinated. These areas, referred to as “non-healing” burns,
are clinically classified as deep partial-thickness (DPT), or full-
thickness (FT) burns. The standard treatment for nonhealing
burns is excision and grafting. While FT burns are more
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straightforward to diagnose, the subtle difference in dermal
damage between superficial partial-thickness (SPT) and
DPT burns makes them difficult to distinguish. For partial-
thickness burns, clinicians often conduct periodic evaluations
over the first week before declaring them as superficial or
deep. Incorrect burn diagnosis of SPT burns as DPT may re-
sult in unnecessary surgical treatment, whereas failing to iden-
tify burns that require surgery (DPT and FT) can result in
scar formation and contractures.!® While waiting to make a
diagnosis of partial-thickness burns increases the accuracy of
diagnosis,!! it may also increase the length-of-stay and the risk
of infection if early excision is warranted.!?

One promising adjunct to clinician burn assessment is multi-
spectral imaging (MSI). MSI measures the reflectance of visible
and near-infrared light from tissues. Using MSI data, diagnosis
of burn depth can be achieved by comparing the reflectance
of an unknown burn to a reference library of burns of known
depth. Early studies using MSI to supplement burn assessment
measured the absorbance of burn tissue in red, green, and
near-infrared light. These investigators developed linear models
to discriminate healing from nonhealing burn areas using ratios
of reflectance from these three colors.!? Eventually, digital im-
aging and more advanced computational methods were ap-
plied.!*15 Throughout these investigations, it was found that
MSI data was highly correlated to burn depth and severity,
while at the same time being uninfluenced by patient factors
such as age, sex, and total body surface area (TBSA). These
studies indicated that the analysis of the reflectance spectrum
from partial-thickness burns had 86% sensitivity and 79% spec-
ificity and was more accurate than the attending physicians.!®

Previous studies advanced preclinical experiments with
the evaluation of appropriate wavelengths for improved per-
formance of spectral imaging in partial-thickness burns.!”
Additionally, other studies have investigated a variety of ma-
chine learning models for accurate discrimination of burn
tissue.!®19 In the current study, we focused on three objectives:
(1) implementation of deep learning (DL) as the discrimina-
tory algorithm applied to the MSI data, (2) the feasibility of
an observational clinical study design wherein accurate identi-
fication of burn healing potential could be made regardless of
the patient undergoing surgical or nonsurgical management,
and (3) the performance of this technology within indetermi-
nate depth burns (IDBs).

To apply DL to MSI of burns, we investigate a class of ar-
tificial neural networks called convolutional neural networks
(CNNs). A CNN consists of image filters that work to quan-
tify and then classify abstract features of the original image.!¢
These filters adapt to the desired image analysis task when the
programmer executes a process of repeated trial-and-error,
called training, that uses large numbers of labeled example
images. DL has achieved higher accuracies in image classifi-
cation compared to traditional machine learning approaches
and even surpassed humans on specific tasks.!® An advantage
of DL for evaluating MSI data is that information beyond the
reflectance measures can be found, including textures that are
known to be important indicators of burn depth.2021

One critical factor of DL algorithm development is the ac-
curate labeling of the example images used in training. These
labels are referred to as “ground truth.” Using the unaided
judgment of clinicians to label images would not be sufficient
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to train an algorithm that outperforms clinicians. Therefore,
this study investigates the feasibility of collecting clinical ref-
erence standards to augment image labeling by clinicians in-
cluding burn healing assessments taken at 21-days post injury,
and histological assessment of biopsies taken immediately prior
to excision.

Evaluating burn healing at 21-days postburn directly
informs the viability of the regenerative structures of the skin.
If a burn heals by day 21, it is defined as a healing burn.?
Whereas histological analysis is frequently considered the
“gold standard” of burn depth assessment, serving as the basis
for comparison of other diagnostic modalities.*?>2* Using
histology, a pathologist can determine changes to cellular vi-
ability, blood vessel patency, and collagen structure caused
by the burn injury.?52¢ Prior to the initiation of this study, a
board-certified pathologist was consulted to develop the clin-
ical collection of biopsies and their assessment.

One final objective of this study was to estimate the per-
formance of MSI on IDBs. The visual appearance of burns
changes with the body’s pathophysiologic response to the
burn injury.?” Superficial and deep burns are often straight-
forward to identify visually, but mid to DPT burns present a
challenge to diagnose and treat.” These burns are referred to
as IDBs.28 When encountered with partial-thickness burns, it
is common to evaluate them periodically for about 3 to 7 days
before categorizing them as DPT or SPT. Previous studies in-
dicate that the diagnosis of partial-thickness burns improves
over the first week for both clinical visual assessment and op-
tical techniques of laser Doppler and spectral imaging.!! In
this study, we called burns undergoing periodic evaluation
by the clinician “indeterminate” and investigated the perfor-
mance of MSI within this subset.

METHODS

Investigational Device

MST data were collected using a filter-wheel camera equipped
with eight optical band-pass filters. Each image yielded eight
greyscale digital images, one for each bandpass filter. The
following peak transmission were selected for the filters that
were positioned radially on the filter wheel: 420, 581, 601,
620, 669, 725, 860, and 855 nm (filter widths were £10 nm;
Ocean Thin Films; Largo, FL). The filter wheel was rotated
between the sensor and lens with a stepper motor. Behind the
filter, wheel was the imaging sensor, a complementary metal
oxide semiconductor sensor (Sony Inc.) with dimensions of
1044 x 1408 pixels. A telescopic lens was mounted in front
of the filter wheel (Distagon T* 2.8/25 ZF-IR; Zeiss Inc.).
The light source used was a 4-panel light emitting diode array,
where each panel was equipped with a frosted diffuser to
create a more even illumination profile within the imager’s
field-of-view (FOV). The system was calibrated using a square
95% reflectance standard (Spectralon SG3151; LabSphere
Inc.; North Sutton, NH) to compensate for the different
spectral response of the imaging sensor.

The image was positioned at the end of an adjustable
articulating arm mounted on a cart that contained a com-
puter and display (Figure 1). The working distance of the
camera was 40 cm from the target burn resulting in a 15 x 20
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Figure 1. The multispectral imaging device utilized for this study. The
system include: (1) a touch-screen display; (2) mobile cart containing
the processing unit; (3) an articulating arm to position the camera;
and (4) the MSI subsystem. MSI, multispectral imaging.

cm? FOV. Green guidance beams projected onto the subject’s
target burn facilitated positioning the camera and maintaining
the 40 cm working distance.

Study Design

We selected a single center for this pilot study designed to
evaluate the feasibility of the imaging technology and study
methods. The study was approved by the institutional review
board of Wake Forest Baptist Medical Center-Burn Center
in Winston-Salem, NC, and informed consent was obtained
from all subjects prior to enrollment. Adult subjects greater
than 18 years of age with flame, scald, or contact burns were
candidates. Subjects were enrolled within 72 hours of their
initial burn injury and excluded from the study if: their burns
were less than 25 cm? or isolated to regions other than the
arms, legs, or torso; they had an inhalation injury; or their
burns were greater than 30% TBSA.

Imayging Procedure.

Upon enrollment, up to three 15 x 20 cm areas of the body
that contained at least a portion of burn injured tissue were
identified for imaging. These sites were referred to as “study
burns.” Each study burn was imaged serially up to six separate
times in the first 10 days post-injury. Serial imaging of each
study burn was performed during routine dressing changes
until the patient was discharged from the hospital or the study
burn underwent surgical excision and grafting.

In each imaging session, two MSI images were obtained
from each study burn. The first image was taken with the
sensor directly facing the study burn, and the second image
was taken with the sensor offset by approximately 30° from
the first image. This variation was chosen to account for po-
tential differences in the camera positioning between users,
and to augment the data used for CNN algorithm training.

Thatcher et al 971

Reference Standards and Ground Truth Images

To implement a CNN that could highlight the area of
nonhealing burn within an image, a labeled image of the cor-
rect (ie, - true) area of nonhealing burn was required. This
image representing the true area of nonhealing burn was
termed the “ground truth” image. Obtaining accurate ground
truth images for each MSI image collected in the study was a
two-step process.

e First, the healing status of a study burn was obtained
using gold standard methods of burn depth determina-
tion. These gold standards were either a 21-day healing
assessment or biopsies of the burn.

e Seccond, the gold standard information was used by a
panel of three burn practitioners to manually draw the
ground truth image.

21-day Healing Assessment.

For burns undergoing nonoperative management, the ref-
erence standard was a 21-day healing assessment. This as-
sessment was performed by the primary surgeon at 21 + 3
days following the initial injury. Healing assessments were
documented in the subject’s case report form and included
a color photograph. Regions within the study burn were
designated as healing if they demonstrated over 95% epithe-
lialization by the following characteristics: no longer readily
transmitting water; no longer requiring dressings or bandages;
dry to the touch; and more pink or opalescent than red or
transparent in visual appearance.

Biopsy Collection and Evaluation.

For burns undergoing operative management, the refer-
ence standard was obtained through multiple biopsies of
the study burn at the time of surgery. All biopsies were
obtained during surgery from study burn areas declared
to be nonhealing by the burn practitioner, and only from
within the area of the burn that was to be excised. A 4.0
mm diameter dermal punch was used. To guide placement of
the biopsies, physicians were provided a thin polycarbonate
sheet precut with an array of holes evenly spaced at 5.0 cm
intervals. To capture a robust sample, clinicians performing
the operation were instructed to obtain biopsies from areas
of the study burn that were visually distinct with one biopsy
for every 25 cm? of wound area.

Biopsies were immediately stored in 10% formalin and sent
for processing at an independent dermatopathology center
(Cockerell Dermatopathology, 2110 Research Row #100,
Dallas, TX). Each biopsy was fixed in paraffin, sectioned,
mounted on slides, and stained with hematoxylin and eosin.
Whole slide scanning was performed to enable investigators
to review histologic findings with the dermatopathologist.
The evaluation was performed by a blinded, board-certified,
dermatopathologist using the following criteria:

e Biopsies of FT burns, or full-thickness burns, were
identified by nonviable papillary and reticular dermis
(Figure 2).

e Biopsies of DPT, or deep partial-thickness burns, were
characterized by nonviable papillary dermis, nonviable
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Figure 2. Decision tree used by pathologists to determine burn depth. Superficial burns are unlikely to be sent for excision and biopsy and not

included in this decision tree.

epithelial structures of the reticular dermis, and /or less than
50% viability of adnexal structures of the reticular dermis.

e Finally, SPT burns, or superficial partial-thickness burn,
was characterized in two ways: (1) a viable papillary
dermis; or (2) a nonviable papillary dermis but viable
epithelial structures, and/or greater than 50% viability
of adnexal structures of the reticular dermis.

e Biopsies that contained superficial, or superficial burns,
were not obtained in this study design.

Ground Truth Images.

A panel of burn practitioners called the Truthing Panel, used
the data from the gold standards to create ground truth
images. Truthing Panels always consisted of two burn sur-
geons, including the subject’s primary surgeon, and one phy-
sician assistant from the burn center. During the Truthing
Panel meetings, a subject’s 21-day healing assessment or
biopsy results were reviewed by all panel members prior to
creating the ground truth images for that subject.

The panel generated one consensus ground truth image for
every MSI image collected. Initially, the panel created a color-
coded image with the margins of superficial, SPT, DPT, and
FT burns. Subsequently, The DPT and FT burn areas from
this image were combined to generate the ground truth image
of'a nonhealing burn (Figure 3).

Algorithm Development

Algorithm Architectures and Training.

The CNN architectures evaluated in this study were trained
to automatically highlight the area of nonhealing burn tissue

within the image, centimeter-by-centimeter. This technique is
called image segmentation.

Three independent CNN architectures for image seg-
mentation as well as an ensemble of these CNNs were em-
ployed to automatically identity the area of nonhealing burn
tissue within an image. The algorithm architectures were the
following:

U-Net

U-Net is an encoder-decoder DL semantic segmentation ap-
proach that works with very few training images. The U-Net
algorithm’s decoder up-samples lower resolution input feature
maps using skip connections to keep high-resolution features
and improve localization.!52°

SegNet

Similar to U-Net, SegNet is an encoder-decoder fully CNN
for semantic segmentation. However, its decoder up-samples
lower resolution input feature maps using pooling indices
computed in the max-pooling step of the corresponding en-
coder to perform non-linear up-sampling.3°

Dilated fully connected neural network (dFCN)

dFCN It is a deep full CNN for semantic segmentation
based on dilated convolution. In this scheme, the dilated
convolutions allow the receptive field of each convolutional
kernel to be increased, and at the same time not reduce the
input resolution. This network can produce pixel-level la-
beling without the typical encoder-decoder “hourglass”
structure.3132

Voting Ensemble
Ensemble techniques involve the combination of multiple
underlying algorithms. The voting ensemble was a simple
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Figure 3. Imaging and ground truth masks from a heterogeneous burn on the dorsal aspect of a subject. Green guiding beams indicate the location
and distance of the MSI image; color image of the study burn generated from the MSI data; detailed ground truth provided by expert truthing
panel; binary ground truth where all nonhealing burn have been labeled as the target pixels in white. MSI, multispectral imaging.

averaging of the probabilities of the corresponding pixels
predicted by the three CNNs described above.3334

CNNs were trained using stochastic gradient descent
with a momentum optimizer. The hyperparameters of
learning rate (0.0001), momentum (0.9), number of epochs
(60), weight decay (0.0005), and batch size (4) were the
same for each algorithm. The target pixels, labeled as
the nonhealing burn class, represented only about 20% of
all the pixels in the data set, and many images contained no
target nonhealing burn pixels. To address this class imbal-
ance, the loss function was weighted according to median
frequency balancing.3*

The CNN output was a map displaying the proba-
bility of each pixel belonging to the nonhealing burn class,
P(pixeli; = non — healing | M, Aa,...,Ag, @ ). From this
probability map, a binary image was generated, where each
pixel was categorized as positive or negative for nonhealing
burns. This categorization was determined by applying a
threshold, 7, to the probability of each pixel in the probability
map (equation 1).

L 1 if P(pixelj=1)> 7T
A7 00 if otherwise (1)

Algorithm Scoring Metrics.

Algorithm scoring was estimated using the leave-one-out
cross-validation (LOOCYV). For each fold of LOOCYV, the
held-out set was defined at the level of the subject, because
data within a subject was correlated. All pixels classified by the
algorithm on the left-out images were compared to their cor-
responding pixels in the ground truth image. True positives
were defined as pixels in the algorithm’s output image classi-
fied as nonhealing burn that were also labeled as nonhealing
burn in the ground truth image. In the same manner, we de-
fined other pixels as a false positive, true negative, and false
negative.

We chose to focus our analysis on larger burn areas, because
surgeons working on the study agreed that an imaging de-
vice would be used for larger burns on the body locations in-
cluded in the study. 20 cm? (approx. 10* pixels) was chosen as
a cutoff point for nonhealing burn areas to be included in the
analysis. When the nonhealing burn area in the ground truth
image was less than 20 cm?, the nonhealing burn was treated
as a healing burn. Similarly, when the algorithm predicted a

total area of nonhealing burn within an image less than 20
cm? all pixel values in that predicted image were set to 0.

Algorithms were compared using the area under the pre-
cision and recall curve (PAR-AUC). Plotting the precision
and recall (PAR) curve was accomplished by incrementing the
threshold value, 7, from 0.0 to 1.0. Note that recall is equiv-
alent to sensitivity, and precision is equivalent to positive pre-
dictive value (PPV) (see Table 1: equations 2 and 4). From
this comparison, the top performing algorithm was selected.
We reported the metrics of sensitivity, specificity, PPV, nega-
tive predictive value (NPV), and PAR-AUC for the top per-
forming algorithm (Table 1).

Prior to reporting performance metrics for the top algo-
rithm, an optimum threshold, 7, was selected by maximizing
the F,-score (equation 7).

2% (Precision x Recall)

F
! Precision + Recall 7)

This was equivalent to selecting the point on the PAR curve
closest to the optimal value of [1,1], and it ensured that we
obtained the highest combination of sensitivity and PPV, as-
suming that these metrics should be weighted equally. The
F -score and PAR curves were used over receiver operating
characteristic (ROC) curves because there was a ratio of ap-
proximately 1:4 for nonhealing burn pixels to all the other
pixels in the images. Therefore, the receiver operating charac-
teristic curve would result in an overly optimistic impression
of algorithm performance whereas the PAR curve is better
suited for this type of unbalanced data.

Modeling of DL Algorithm Performance Metrics.

To evaluate the performance of image segmentation, we
implemented a statistical model to estimate the probability
of correctly finding nonhealing burn within an image using
standard measures of performance assessment including, sen-
sitivity, specificity, PPV, and NPV. With this model, we also
evaluated these metrics throughout the first week following
burn injury.

Having collected repeated measurements within clusters
(ie, patients and study burns across multiple days) the study
design involved correlated observations within patients
and study burns. We used generalized linear mixed models
(GLMMs), a flexible class of models commonly used for hi-
erarchical data, to account for correlated observations. In
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Table 1. Metrics used to evaluate segmentation algorithm performance

Metric Computation

Sensitivity Recall = Sensitivity = i cquation (2)
(Also known as Recall)

Specificity Specificity = s equation (3)
Positive predictive value (PPV) (also known Precision = PPV = % equation (4)

as precision)

Negative predictive value (NPV) NPV = TNTifFN
Area under the precision and recall curve

(PAR-AUC) ks

PAR — AUC = [ Precision(Recall(t)) dr

equation (5)
equation (6)

where Precision and Recall are probability density functions with respect to 7,
the classifier threshold.

addition, this method allowed for analysis of the effect of
“time-since-injury” on the scoring metrics described above.

Models were fit using restricted maximum likelihood
implemented in the Ime4 package for R (R version 4.0.3;
LME4 version 1.1-27.1). The following model was used to
estimate the DL algorithm’s sensitivity:

nrp, i ~ Binomml(nGTp, i pt)
logit (p;) = Bo+ Boj+ (Br+Piy) *tip+vi+e (8)

where n7p, ; is the number of True Positive pixels in the DL
algorithm result for image 7, and #grp, ; is the number of
nonhealing burn pixels in the Ground Truth Image 7. The
likelihood of n7p, ; is modeled with a binomial distribution
that requires one parameter, p;. The parameter p; represents
the sensitivity of the DL algorithm— in other words, the
probability that a GTP (ie, ground truth positive) pixel will be
predicted true positive by the DL algorithm.

The logit of the sensitivity, or logit(p;), was modeled as a
linear function of an intercept and the time-since-injury, #; ;
. The correlation of data within each subject was accounted
for by modeling both the intercept and time-since-injury as a
fixed effect plus a random effect. The intercept was modeled
as the sum of a fixed parameter, Sy, and random parameter
that varied at the level of the subject, 3y ;. The slope was the
sum of a fixed parameter, 81, and a random parameter that
varied at the level of the subject 3y ;.

Specificity, PPV, and NPV were modeled using the same
design. Point estimates for these metrics were computed by
marginalizing the predictor time-since-injury. The 95% predic-
tion intervals (PI-95) for all metrics used for scoring algorithm
performance were computed by random simulations of the
coefficients and residual standard deviation of the GLMM. %

Algorithm Performance on Burns of Indeterminate
Depth

The clinician present at the time of each imaging session was
asked if they could make a diagnosis of burn severity. When
they could not make a definitive diagnosis (ie, they preferred
to wait for the burn to develop further before declaring a di-
agnosis) we noted that their assessment was “indeterminate”
using software on the imaging device. The clinicians involved
in making these determinations included burn surgeons and
physician assistants working in the burn unit. The performance
of the artificial intelligence (AI) algorithm was computed on

Table 2. Enrollment summary statistics

Subject Characteristic Total, n(%)*

Age (years) 474 £17.2
Burn TBSA (%) 14+7.1
Gender
Female 8 (21.1%)
Male 30 (78.9%)
Race/ethnicity
Black/non-Hispanic 5(13.2%)
White /Hispanic 1 (2.6%)

White /non-Hispanic 32 (84.2%)

Mechanism of injury

Contact 5(13.2%)
Flame 31 (81.6%)
Scald 2 (5.3%)

Location of injury?
Shoulder and arm?*
Thigh and leg?
Abdomen and chest?

22 (37.9%)
18 (31.0%)
18 (31.0%)

TBSA, total body surface area.

“*Except age, and burn TBSA reported as mean +/- st. dev.

Location of injury reported at the burn level rather than subject level.
Hncludes both anterior and posterior locations.

the study burns that were classified as indeterminate using the
model described in equation (8) with an additional term for
“indeterminate” added that had two levels indicating whether
a burn was assessed as indeterminate.

RESULTS
Clinical Study

Subject Demographics and Burn Characteristics.
Forty (40) subjects were enrolled in the study from June 2017
to November 2018 with 38 completing the study, one mor-
tality, and one withdrawal (Table 2). The study subjects had a
mean TBSA of 14.0% + 7.1. Demographics indicated a mean
age of 47.4 years + 17.2, a majority male population (78.9%),
and race-ethnicity makeup of Black-non-Hispanic (13.2%),
White-Hispanic (2.6%), and White non-Hispanic (84.2%).

A total of 58 study burns were imaged across all 38 subjects.
The cause of study burn injuries varied with 81.6% being
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flame burns, followed by 13.2% contact, and 5.3% scald. Study
burns were evenly distributed to one of the following regions:
arms and shoulders, abdomen and chest, and legs and thighs.

Imaging and Ground Truth.

A total of 406 MSI images were obtained from the 58 study
burns. The selected study burn areas were imaged over time
with an average of 3.4 + 1.4 imaging sessions per study burn
and a maximum of six.

Twenty-five study burns underwent surgical excision and
grafting from which biopsies were obtained, while the re-
maining 33 were evaluated for burn depth using the 21-day
healing assessment. From the 25 study burns undergoing ex-
cision and grafting, 178 biopsies were collected, averaging 7.12
biopsies per burn site. The average day of biopsy collection was
8.1 £ 3.9 days following burn injury. Of these 178 biopsies, 23%
were found to be SPT, 61% DPT, and the remaining 16% were
FT. In 18 of the 25 excised burns (ie, 74%), there was at least
one biopsy indicating the presence of a DPT or FT burn. Lastly,
31% of study burns were heterogeneous in-depth, having both
healing (ie, SPT) and nonhealing (ie, DPT and/or FT') biopsies.
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The resulting set of ground truth masks generated by the
truthing panel from all subjects revealed that, as a proportion
of pixels, 21.5% of burn areas imaged were SPT, 11.9% were
DPT, 8.3% were FT, and 1.9% were superficial. The remainder
of the pixels in the ground truth data were either uninjured
skin (31.4%) or background objects (25.0%). Study burns were
often found to be heterogeneous in-depth, as noted by multiple
labels on the ground truth image.?? burn wounds contained at
least some area of nonhealing burn and 27 were at least 20 cm?
in area. These 27 nonhealing burns represented 19.7% of the
total number of pixels across all study burn images.

Algorithm Results

Output images were generated to demonstrate the auto-
mated identification of nonhealing burns within an MSI
image (Figure 4). Resulting images are created through the
LOOCYV process to estimate the image results that would be
provided to the physician in a real-world setting. Comparison
of these images to the ground truth created by the truthing
panel indicated the success or failure of each area in the output
image at the unit of the pixel (Figure 5).

C.

il
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L (00, TN Hoene
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Figure 4. CNN results from three subjects. Columns represent: (a) the reference photo; (b) map of severe burn generated by the Al algorithm with
color bar indicating probabilities between 0.0 and 1.0 (probabilities < .05 not shown in the image); and (c) the segmented images resulting from
the application of a threshold to the probability map. Rows include: (1) a 71-year-old male with a severe flame burn indicated by the highlighted
region in column C; (2) a 44-year-old male with a superficial flame burn indicated by a lack of highlighted region in column C; and (3) a 56-year-
old male with a severe flame burn. Al, artificial intelligence; CNN, convolutional neural network.



976  Thatcher et al

Journal of Burn Care & Research
July /August 2023

||||I|\|I||ﬂ\||||\||||ﬂ||||||\|||

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 10

- - True Negative
\:I - False Negative

Figure 5. Results of the Voting Ensemble DL algorithm demonstrating the segmentation of nonhealing burn (ie, deep partial-thickness and
full-thickness burn) within the image. (a) Color image of a heterogeneous burn on the back of a study subject. (b) Probability “heat map” of the
Voting Ensemble DL algorithm. (c¢) Predicted area of nonhealing burn after threshold has been applied to the probability heat map in image “b”.
(d) Ground truth location of nonhealing burn in the image. (¢) Comparison of the ground truth to the DL algorithm indicating the four outcome

types for every pixel in the image. DL, deep learning.
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Figure 6. Performance of Voting Ensemble DL algorithm over various thresholds. (Left) PAR curve in which the blue ribbon represents the PI-95
for Recall and the orange ribbon represents the PI-95 for Precision. Area under the PAR curve was 0.81. (Right) receiver operating characteristic
curve for comparison looks near perfect with an AUC of 0.99 demonstrating how unbalanced data can bias traditional measures of classifier per-
formance. The larger blue point in each plot indicates the optimum threshold value. DL, deep learning; PAR, precision and recall.

Algorithm Scoring and Classifier Comparison.

Using PAR-AUC, we identified the most effective of the
evaluated algorithms to be the Voting Ensemble, with an
AUC of 0.99 and PAR-AUC of 0.812 (Figure 6). The
Voting Ensemble was the only algorithm of the group to
achieve both high sensitivity and PPV (Table 3). The next
highest performing algorithm was the weighted ensemble
followed by dFCN. For all algorithms, the specificity and
NPV were estimated at 100%. This was a result of good
algorithm performance combined with imbalanced data

favoring GT-negative pixels. The PI-95 intervals were large
for sensitivity and PPV since the residual standard deviation
of the fitted GLMM was also large. These high standard
deviations are expected from the low sample-size obtained
in this study.

Effect of Time-Since-Burn.

Time-since-injury did impact the performance of the voting
ensemble DL algorithm in both sensitivity and PPV. For sensi-
tivity, the log-odds were predicted to increase by 1.54 (+1.17



Journal of Burn Care & Research
Volume 44, Number 4

Thatcher et al 977

Table 3. Performance comparison of DL algorithms used for nonhealing burn segmentation from MSI images

Algorithm PAR-AUC Sensitivity (%) PPV (%) Specificity (%) NPV (%)

U-Net 0.167 6(0.5,51.2) 86.5 (70.9, 94.4) 100 (99.9, 100) 100 (99.9, 100)
SegNet 0.425 65.6 (30.4, 89.3) 34.7 (3.7, 88.1) 100 (99.9, 100) 100 (99.9, 100)
dFCN 0.561 43.5(19.9,70.5) 80.1 (42.3,95.7) 100 (99.9, 100) 100 (99.9, 100)
Voting Ensemble 0.812 80.5 (60.6,91.7) 96.7 (80.9,99.5) 100 (99.9, 100) 100 (99.9, 100)

AFCN, Dilated fully connected neural network; NPV, negative predictive value; PAR-AUC, precision and recall curve; PPV, positive predictive value.
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Figure 7. Performance of the Voting Ensemble DL algorithm over the first week of injury. (Left) This plot shows the change in PPV over time
where the black line is the median PPV, and the gray ribbon is the PI-95. Points represent the sensitivity of individual images (Right) demonstrates
the increase in Sensitivity over time from about 9 to 99%. Sensitivity shows a sharp increase between 1.5 and 3.5 days since injury whereas PPV
increases only modestly throughout the 7-day timespan. DL, deep learning; PPV, positive predictive value.

CI-95; P = .01) each additional day postburn. This increase
brought sensitivity of the Voting Ensemble from approxi-
mately 10% to over 99% within the first week since injury with
a sharp increase from day-zero to day-four (Figure 7). The
increase in PPV was less dramatic, with a log-odds increase
of 1.02 (£1.35 CI-95; P = .16) and an increase from approx-
imately 76% to 99% across the first week of burn injury. The
variable time-since-injury did not impact the Specificity or
PPV. Both metrics were estimated at 99.9% throughout the
first week of injury.

A 57-year-old female study subject with DPT flame burns
covering 30% TBSA provides an example of the change in
Voting Ensemble algorithm performance over time (Figure
8). Their injury on the abdomen was imaged from 1 to 7
days post-injury. The truthing panel identified the burn
areas in the image as DPT (ie, nonhealing) based on the five
biopsies obtained on day-9 postburn - all showing greater
than 75% adnexal structure necrosis. Visually, the edges of
the burn began as hyperemic (pinkish-red) that progressed
to develop an eschar that became completely yellow by day 4.
When we reviewed the probability map outputs by the Voting
Ensemble algorithm, there was an increase in the probability

of deep burn across the region of hyperemia as the burn de-
veloped toward a more stable appearance on day 4. We found
this behavior in 8 of the 27 nonhealing burn cases.

Burns of Indeterminate Depth

Clinicians at the study site classified 35 of the 56 study burns
as indeterminate on their first day of clinical assessment. Of
all 406 images collected in this study, 56% were collected
while the clinicians believed the burn to be of indeterminate
depth (Table 4). Day 4.7 after the burn injury was a key time
for clinical diagnosis. At this time, clinicians were making
determinations of burn severity more often than they were
judging burns as indeterminate (ie, greater than 50% of the
study burns had been diagnosed by clinicians).

Within the indeterminate group, the DL algorithm had
97.1% PPV and 70.3% sensitivity. The Specificity and NPV
were unchanged after segmenting the images into these two
groups. The algorithm’s performance increase across the
first week since injury within this subset of indeterminate
burns, and the algorithm performance had a sensitivity above
50% by day 2 and a PPV above 50% by 12 hours (Figure 9).
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Figure 8. Repeated measurements from a nonhealing burn in the study: (Left column) color images showing the edges of the burn began as hyper-
emic at 24 h postburn (pinkish-red) and then went on to develop an eschar that became more yellow as time went on. (Middle column) predicted
probability of nonhealing burn by the Voting Ensemble algorithm at each timepoint based on cross-validation. Dark red represents probability of
100% and dark blue probability of 0%. Probability of nonhealing burn increases as time-since-injury increases. (Right column) ground truth images

indicating the true location of nonhealing burn in white.

Table 4. Estimated performance of DL algorithm on indeterminate depth burns

Indeterminate Di-
agnosis (Yes/No)

Number of Images Assessed
as Indeterminate (N)

Sensitivity (%)

PPV (%) Specificity (%) NPV (%)

Yes 227
No 179

70.3 (46.0, 86.8)
88.0 (70.3,95.3)

97.1 (84.3,99.5)
96.4 (97.1,99.4)

100 (99.9, 100)
100 (99.9, 100)

100 (99.9, 100)
100 (99.9, 100)

DL, deep learning; NPV, negative predictive value; PPV, positive predictive value.

DISCUSSION

This study was motivated by the need for burn assessment
technologies and the importance of accurate clinical gold
standards in their development. To the best of our knowledge,
this was the first human study of a burn diagnostic device
where entire burn images were labeled using a panel of sur-
geons with access to gold-standard methods for determining
the true depth of the burn.

Previously, significant clinical investigation in technologies
such as laser Doppler imaging, laser speckle, spatial frequency
domain imaging, thermography, and polarized light imaging
were conducted for the purpose of assisting clinicians during
burn assessment.®3 Recent advancements include cases
where Al specifically DL algorithms, applied to burns have
identified burn severity with high levels of prediction accu-
racy.3’73? These investigations, while mainly focusing on pe-
diatric scald injuries, represent important steps in noninvasive
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Figure 9. Performance of DL algorithm over time with burns assessed as indeterminate indicated by, and burns that were diagnosed by the clini-
cian as. Dashed-line: performance of DL algorithm on the subgroup of indeterminate burns. Solid-line: performance of Al on diagnosed burns.
Histograms represent the total number of images at each level of DL performance. DL, deep learning.

imaging for burn wound diagnosis, which we sought to ad-
vance by expanding into the more general case of thermal
burns from both adult and pediatric patients.

In the current study, we employed rigorous methods for
diagnosing burn severity, including biopsies and 21-day
healing assessments performed by panel of burn experts, to
translate diagnostic data into accurate labels for Al training.
Using these diagnostic gold standards and evaluation by a
clinician panel is best practice, because: (1) using clinician
judgment alone for image labeling teaches the Al the same
errors and biases of the clinician; and (2) biopsies and healing
assessments inform on the true severity of the burn, but still
require interpretation by clinicians, or panel of clinicians,
which is preferred for reaching a consensus.

Moreover, handling strong correlations in burn image
datasets is challenging for researchers. Correlation is high be-
tween regions within the same image, between images from
the same burn, and between different burn areas on the same
patient. Therefore, the separation of subject-level data is
critical when training and reporting the performance of Al
algorithms. These methods enable the generation of reliable
pixel-level ground truth for algorithm development and per-
formance assessment.

The DL algorithm developed using the pilot study data shows
potential clinical benefit starting at 36 hours postburn. At this
time the PPV was above 75% and NPV was 99%, indicating fea-
sibility in using MSI combined with DL to identify nonhealing
burns with lower risk of false positives, even in burns of indeter-
minate depth. We have already begun collection of additional
data from more sites to train a more robust algorithm and to col-
lect an independent set of burn images for algorithm validation.

Of clinical interest was the performance of the DL algo-
rithm on indeterminate burns. We found that during periodic

evaluation of IDBs, the imaging device’s PPV was very high,
97.1%. The specificity for IDBs, 70%, suggests that 30% of the
nonhealing burn areas will be missed, but the high PPV value
tells us that the device is nearly always correct when it does
find a nonhealing burn area. This is an especially important
statistic when the decision may lead to surgical management
of the burn. Although further evaluations are necessary, this
suggest MSI combined with DL would be a reliable aid to
clinical assessment of IDBs.

Spectral imaging techniques have progressed significantly
since the studies of multi-spectral imaging of burns that
occurred in 1970s. The device used in this study was able
to acquire the entire multispectral image in less than seven
seconds. With the high intensity illumination output, these
images could be acquired indoors in the presence of ambient
room lighting. Computer processing of MSI images into a
final highlighted output using DL is accomplished in under
one second using a consumer grade graphics processing unit.
This makes the data acquisition and processing aspects of MSI
practical in a variety of clinical environments.

In comparing the performance of the CNN architectures,
we believe analysis of the PAR curve is a useful tool to inves-
tigate the performance of image segmentation algorithms in
unbalanced datasets. The clinical utility of a diagnostic with
high sensitivity and specificity is not guaranteed. For example,
even when sensitivity is high, the majority of positive results
from a diagnostic will be false positives when the disease prev-
alence is low. Therefore, we were careful to evaluate all four
metrics of performance (sensitivity, specificity, PPV, and NPV)
and found that classifiers could be compared better when PPV
was considered.

The models used to evaluate the impact of time-since-
injury on the performance of the ensemble algorithm showed
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a substantial improvement in specificity and PPV occurring
around day -2.5. This trend was expected. Other studies of
optical techniques to measure burn depth also show peak ef-
fectiveness is reached at about the third day postburn.!#16:40
It was previously attributed to there being little apparent
difference between SPT and DPT burns prior to day 3. We
also observed the optical characteristics of partial-thickness
burns changing up to 72 hours postburn (Figure 8).
There remains a question as to whether burn conversion is
a factor contributing to the change in performance of op-
tical measurements over time. As partial-thickness burns
cause injury down to the adnexal structures of the skin, a key
reservoir of dermal and epidermal progenitor cells,*! there
is a high degree of uncertainty as to which areas will retain
their regenerative capacity.?” We might hypothesize those
arcas with a low nonhealing in the early imaging timepoints
were, in fact, healing burns that had not fully converted to
nonhealing burns. However, it was not possible to ascertain
the conversion status of the burn separately at each imaging
timepoint in this study design.

Study Limitations

A key focus of this investigation was on the use of DL
algorithms to process MSI image data. We view this study,
comprising 406 images, as a first step in generating a large
database of images required for the application of DL to burn
depth assessment. The following compromises were made
while working within this data set. First, we utilized LOOCV
to estimate the real-world performance and selected the
threshold from these results. Second, the current dataset was
underpowered to perform subgroup analysis of demographics
and geography. Lastly, the data was collected from subjects
treated by one team of burn providers. This same team also
constituted the truthing panels used to generate ground truth
images for training the algorithm. This could have introduced
bias, as the primary surgeon might influence the ground truth
to reflect their treatment decision. Based on these identified
limitations, a follow-on study has been conducted to expand
the image dataset by including more subjects, extend the age
range to include pediatric burns, and to perform subgroup
analyses with variables important to burn variability and MSI
imaging. In addition, we implemented multiple strategies to
address truthing panel member bias by restricting practitioners
from reviewing subjects treated at their institution.

Utility of Ground Truth (Healing Assessments and
Biopsies) in Algorithm Development
Obtaining biopsies and /or 21-day healing assessments was an
improvement over clinician judgment. For example, 23% of
biopsies were taken from areas of healing burn despite these
areas being excised during surgery. This demonstrates that
relying on clinician diagnoses for ground truth could intro-
duce unwanted errors in the algorithm development process.
One drawback to using biopsies for burn assessment is that
a standard protocol for evaluating biopsies is an ongoing re-
search topic.*? Therefore, we relied on available published lit-
erature and consultation with an expert pathologist to derive
the formula utilized in this study. Drawbacks to this method
are: (1) the study design did not require biopsies be collected
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on the same day postburn from each study burn; (2) the panel
of burn experts was required to extrapolate the depth of burns
in the spaces between each biopsy to label the entire study
burn area; and (3) burn depth was identified by H&E staining
alone. The level of extrapolation was reduced by taking mul-
tiple biopsies and using visual indications of changes to burn
depth when selecting biopsy location.

CONCLUSIONS

These results are an incremental step towards understanding
the clinical performance and benefits of MSI paired with DL
for burn assessment. A substantial database will be required to
train the algorithm before it can be finalized and compared to
the abilities of an experienced burn surgeon. Meanwhile, this
pilot study demonstrated the value of continuing to build a
larger database for algorithm training. Future work is aimed
at increasing the size and variability of burns in the training
dataset to improve on both DL performance metrics as well as
generalizability to the broader population of burns.
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