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Abstract

Introduction Indocyanine green (ICG) quantification and assessment by machine learning (ML) could discriminate tissue
types through perfusion characterisation, including delineation of malignancy. Here, we detail the important challenges
overcome before effective clinical validation of such capability in a prospective patient series of quantitative fluorescence
angiograms regarding primary and secondary colorectal neoplasia.

Methods ICG perfusion videos from 50 patients (37 with benign (13) and malignant (24) rectal tumours and 13 with
colorectal liver metastases) of between 2- and 15-min duration following intravenously administered ICG were formally
studied (clinicaltrials.gov: NCT04220242). Video quality with respect to interpretative ML reliability was studied observ-
ing practical, technical and technological aspects of fluorescence signal acquisition. Investigated parameters included ICG
dosing and administration, distance—intensity fluorescent signal variation, tissue and camera movement (including real-time
camera tracking) as well as sampling issues with user-selected digital tissue biopsy. Attenuating strategies for the identified
problems were developed, applied and evaluated. ML methods to classify extracted data, including datasets with interrupted
time-series lengths with inference simulated data were also evaluated.

Results Definable, remediable challenges arose across both rectal and liver cohorts. Varying ICG dose by tissue type was
identified as an important feature of real-time fluorescence quantification. Multi-region sampling within a lesion mitigated
representation issues whilst distance—intensity relationships, as well as movement-instability issues, were demonstrated
and ameliorated with post-processing techniques including normalisation and smoothing of extracted time—fluorescence
curves. ML methods (automated feature extraction and classification) enabled ML algorithms glean excellent pathological
categorisation results (AUC-ROC > 0.9, 37 rectal lesions) with imputation proving a robust method of compensation for
interrupted time-series data with duration discrepancies.

Conclusion Purposeful clinical and data-processing protocols enable powerful pathological characterisation with existing
clinical systems. Video analysis as shown can inform iterative and definitive clinical validation studies on how to close the
translation gap between research applications and real-world, real-time clinical utility.
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Indocyanine green (ICG) fluorescence angiography can be
used to assist in the delineation of surgical anatomy and
assessment of tissue physiology as well as to identify malig-
nant pathology with varying levels of accuracy [1-4]. Mov-
ing beyond surgeon visual interpretation, computer vision
and machine learning (ML) methods can extract real-time
dynamic time—fluorescence profiles of ICG inflow and
outflow in tissues enabling mathematical examination and
extrapolation. Such profiles can, thereby, be compared and
categorised into clinically relevant determinants providing
artificial intelligence (AlI)-based insights into tissue nature.
These and other approaches for ICG signal interpretation
and quantification have been described in research applica-
tions for the assessment of colonic perfusion [5-9] and even
the characterisation of rectal cancer vs benign neoplastic
tumours [10-13].

However, concerns have been raised regarding the trans-
lation of such computerised quantitative ability into current
NIR systems as such systems have been primarily designed
as clinical tools for image creation and display for human
interpretation and not precise computational measurement
methods [11, 14, 15]. Previous work has demonstrated dis-
crepancies in detected fluorescence intensities with ICG
circulation (related to both dosing amount and methods as
well as patient and anaesthesia-related variables) and further
vary by on-screen tissue location (e.g. near vs far, centre vs
periphery) [16—18]. Other potential pitfalls for interpreta-
tion by both humans and machines include the clinically
observed phenomenon of ICG tissue diffusion vs true per-
fusion and the fact that rectal tumours can contain areas of
admixed malignant and benign disease. [17, 19] Camera and
tissue movement as well as any other impingement upon the
field of view (e.g. by instrumentations) can also undermine
accurate extrapolation of insights from dynamic imagery
[17].

Given the growing interest and potential clinical utility of
ML in the field of ICG fluorescence signal quantification, we
sought to identify the relative importance of such considera-
tions in a clinical series of fluorescence angiograms from
patients with neoplasia and determine potential mitigating
strategies on how useful these might be. Pertinent findings
can then inform further endeavours to clinically characterise
tissues by their ICG perfusion profiles with and without ML.

Methods

Patients and methods

Multispectral (white light and NIR) videos from 50 patients
(including 37 with rectal tumours, 13 of which were

benign and 24 malignant, and 13 colorectal liver metasta-
ses (CRLM)) capturing ICG inflow and early outflow over
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between 2 and 15 min of direct observation immediately
following intravenously administered ICG were studied. All
patients were undergoing diagnostic and therapeutic surgi-
cal interventions and were specifically consented for inclu-
sion in prospective study (the ‘Future of Colorectal Cancer
Surgery’ project, ClinicalTrials.gov NCT04220242, ethical
approval ref: 1/378/2092). Videos were created and recorded
using a commercial near-infrared (NIR) imager (Pinpoint
Endoscopic Imaging System, Novadaq/Stryker Corp, Kala-
mazoo, MI, USA) with each patient receiving systemic ICG
whilst the neoplastic area of interest was being observed
continually as part of a defined protocol. Patients with rec-
tal pathology (whether benign or malignant) had all been
referred for surgical consideration by a medical gastroenter-
ologist after initial colonoscopy and were examined endo-
scopically in lithotomy position under general anaesthesia
as described previously [10]. All those with liver metastases
were undergoing therapeutic resection either via a primary
laparoscopic or open approach with the NIR camera again
being deployed intraoperatively.

Video analysis

Video recordings from these patients, as well as time—fluo-
rescence curves previously generated using open-source
fluorescence tracking software through tracking of expert
annotated regions of interest (demarcating both healthy and
unhealthy areas within the same screen view) within these
videos [11, 20], were scrutinised to identify examples of
potential discrepancies and pitfalls in their interpretation
based on previous observations from the published literature
in the field of fluorescence-guided surgery. These included
examination for any impact of variation in ICG dosing on
the detected fluorescence intensity values from all generated
time—fluorescence curves. All studied rectal lesion interro-
gations had been performed using 0.25 mg/kg fixed dosing.
The liver lesions included for study had been imaged with
both 0.1 and 0.05 mg/kg of ICG with the lower dose being
trialled due to signal saturation (pixel greyscale unit > 255)
at the higher dose. Signal attenuation resulting from varying
distance between camera and target as well as the impact of
movement (both in the tissue and by the camera) were also
assessed. Sampling bias, both in the post hoc user-selected
region of interest (ROI) and in the observation period (video
length), was also studied.

Once identified, methods to ameliorate such issues were
developed and applied via clinical protocol standardisation
(e.g. ICG dosing alteration and administration standardisa-
tion) and accepted ML mathematical methods (e.g. normali-
sation of time—intensity curves obtained by dividing every
ROI intensity value by the curve’s peak intensity reading)
and their mitigation impact studied. Computer generated
curves, as well as clinically obtained curves, were created
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to demonstrate both the underlying principle and the rela-
tive impact of any methodological attempt at correction as
follows where not otherwise explained above.

Video acquisition challenges

Distance—intensity relationships and the degree of cam-
era movement occurring were demonstrated clinically in
real time in a patient with rectal cancer (post-neoadjuvant
treatment) undergoing tumour assessment under general
anaesthesia. This patient was placed in the lithotomy posi-
tion with a tabletop electromagnetic (EM) tracking system
(Aurora NDI, Canada) positioned under padding beneath
their sacrum to include the anatomical ROI within the EM
field. A motion sensor (measuring movement in the x, y
and z axis along with rotation around the x and y axis)
was secured to the tip of the camera and the camera itself
used both freehand by the surgeon and in stabilised posi-
tions using a robotic laparoscopic controller (Freehand
Laparoscopic Controller, Freehand, Surrey, UK) during
ICG examination. Relative camera-to-target positions were
calculated by moving the camera tip to recognisable loca-
tions in the rectum (e.g. distal and proximal healthy tissue
regions as well as the tumour site as origin) after introduc-
tion through a standard transanal minimally invasive surgery
(TAMIS) setup. Temporospatial data from the Aurora field
generator, in combination with extracted time—fluorescence
curves from three geographically distinct landmarks within
the resulting NIR fluorescence video, were used to dem-
onstrate distance—intensity relationships as well as reflect
camera movement. Indiscriminate, rapid movement of the
camera and the impact such use has on fluorescence intensity
appearances was demonstrated by comparing fluorescence
intensity tracking at the tumour and camera movements
recorded by the EM tracking system. Normalisation as a
technique to negate distance—intensity difficulties was dem-
onstrated using this setup by comparing the time—intensity
curve upslopes (i.e. ICG inflow) of two healthy regions of
tissue with EM-calculated distance discrepancies. Potential
mathematical solutions to movement issues were examined
including smoothing of time—fluorescence curves using a
Savitzky—Golay filter (to facilitate peak detection within
fluorescence curves).

Image presentation challenges

One video of a rectal cancer was chosen as a demonstrator of
the potential for sample error in user-dependent ROI selec-
tion, akin to that seen in traditional biopsy, by comparing
fluorescence curve outflow milestones of multiple tracked
ROIs within a malignant lesion to each other, as well as to
healthy control tissue within the same patient video.

ML methods challenges

Factors pertinent to the data collection and analysis of
ICG time—fluorescence curves utilising ML methods were
assessed including optimal methods of automated data
extraction from time—fluorescence curves as well as using
methods to navigate missing data points whilst maintaining
discriminatory classification performance (here, accurate
healthy vs unhealthy tissue categorisation). For this, at least
one healthy control and one lesion tracing (either benign or
malignant) were generated for each video to permit subse-
quent fluorescence curve milestone extraction [8, 11]. ROIs
with missing downslope milestones (e.g. shorter duration
videos) were calculated by imputing missing data points.
K-nearest neighbour was used to impute within training sets
with missing computed values compared to other known
values within the set. Fitting to an exponential curve was
used to impute missing values in testing curves to simulate
real clinical practice where only a single video will be tested
at any one time and therefore cannot be compared to ‘neigh-
bours’. Following identification of a robust automated feature
extraction methodology, AutoML (auto-sklearn) was used to
identify an optimised classifier by searching over all possible
hyper-parameters for a large range of known classifiers to
choose the best candidate based on area under the receiver
operating characteristic curve (AUC-ROC). Training—test-
ing was performed using fivefold cross-validation with all
available ROIs with an 80:20 training: testing split without
holdout. ‘Time to first peak’, ‘Time ratio’ and ‘Downslope
10 s after peak’ were included in all classification combina-
tions. Increasing durations of downslopes were incremen-
tally added to ascertain the benefit of increased duration
of tracking on performance. Classification was performed
using two-way (cancer vs not cancer) as well as three-way
(cancer vs benign tumour vs healthy control) splits. Finally,
to investigate imputation as a method to replace missing
values, all recorded results for downslope values beyond
10 s were removed (i.e. simulating a scenario where only
data 10 s from the peak of inflow were available for all 37
patients) and replaced via imputation with the classification
then re-run for comparison to the original results.

Results

Clinical, technical and technological challenges for appro-
priate application of ML (see Fig. 1) were commonly seen
across the clinical series for both rectal and liver lesions and
prompted evolutions in both acquisition protocols and post-
acquisition data processing.

@ Springer
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Fig. 1 Diagrammatic representation of deterministic workflow process step components involved in ICG quantification, analysis and classifica-

tion including important points defined for address at each step

Video acquisition

Fixed dose ICG signal acquisition of rectal cancer utilised
a wide range of the available greyscale spectrum on post-
acquisition fluorescence curve analysis (pixel intensity
range: 0-254.38 greyscale units across all 37 videos) with-
out saturation. On the other hand, dosing issues related to
signal saturation in healthy liver tissue, early in the series,
were observed in two videos assessing CRLMs at 0.1 mg.
kg ICG concentration. Subsequent reduced dose (0.05 mg/
kg) imagery avoided such plateaus occurring (Fig. 2a). In the
rectal tumour cohort, one “double peak” (Fig. 2b) occurred
attributable to ICG dosing in two pulses.

Distance-intensity relationships and movement

Time—intensity curves created from a rectal polyp video
with a visible discrepancy in NIR camera-lesion distance
(near) and healthy control (far away) are shown in Fig. 2.
The raw (non-normalised) curves in this case show large
differences in peak intensity readings (209.42 greyscale
units vs 82.82 greyscale units) addressable by curve nor-
malisation. The fallibility of comparing slope-based curve
milestones between tissue fluorescence curves of raw/non-
normalised data is shown in Fig. 2f using two artificially
generated, identically shaped curves with different abso-
lute intensity values (simulating the distance discrepancy
seen in 2¢ and 2d).
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Camera stability over a prolonged period (11 min of
ICG inflow/outflow) is demonstrated with a maximum
camera movement of 2.15 mm over this time (Fig. 3b).
Time-fluorescence curves of two highlighted healthy
ROIs are shown in Fig. 3 with the impact of normalisa-
tion to allow comparison between the regions highlighted.
Indiscriminate camera movement resulted in smooth trac-
ing disruption previously seen with camera stabilisation
(Fig. 3e) with a late tissue outflow increase in tracked
fluorescence intensity being seen with camera movement
toward the origin time—fluorescence curve oscillations
(noise) successfully smoothed via a Savitzky—Golay fil-
ter (available from the open-source Scipy Python Pack-
age[21]) enabling peak detection (Fig. 4a).

Digital biopsy sampling effects

Selecting only two intralesional ROIs yielded comparable
outflow slopes to a healthy area (— 0.0065 and — 0.0053 vs
— 0.0065). Once intralesional ROI sampling was increased
to four regions, curves delineated significant fluorescence
outflow variations vs benign tissue (ROI 3/4 outflow
slopes =— 0.0013/— 0.0008, respectively).

Machine learning data classification challenges

To develop and assess the tissue classifier and its fea-
tures, curve milestones extraction from 251 ROIs across
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Fig.2 Compound image demonstrating important encountered chal-
lenges with methodological corrective counters for ICG quantifica-
tion using extracted time—fluorescence curves from liver and rectal
ICG fluorescence videos. (a) Time-fluorescence curve with signal
saturation due to excessive dosing resulting in a persistent plateau
in healthy liver tissue. (b) Time-fluorescence curve from a rectal
lesion video with first peak at = 15 s and second peak at = 25 s due
to ‘double bolus’ ICG push administration. (¢) Image of a rectal can-
cer undergoing ICG assessment with transanal access platform in situ

37 rectal tumour videos was performed (see supplemen-
tary table 1 for patient demographics and lesion data).
Fluorescence time-series data were populated and output
in comma separated values (CSV) files and curve mile-
stones including upslope, time to peak and downslope
were successfully extracted using open-source signal
processing algorithms from the Scipy Python Package.
All included ROIs had peak detection successfully per-
formed with complete datasets then obtained up to 100 s

Time-fluorescence curves of a rectal tumour vs
healthy control tissue (raw/non-normalised data)
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including supervised box annotations—ROI 1 represents rectal cancer
tissue whilst ROI 2 represents distant control healthy tissue. (d) dem-
onstrates large differences in tracked tissue fluorescence intensities
(ROI1 vs RO2) as a result of distance discrepancy with fluorescence
intensity is tracked dynamically from c. (e) Normalised time—fluores-
cence curves from the raw signal shown in image d. (f) Artificially
generated graphs of two time—fluorescence curves identical re curve
shapes but differing re absolute intensity values. Outflow slopes are
also shown

of downslope. Missing downslope values were imputed for
11, 72 and 106 ROIs at downslopes of 200, 300 and 400 s,
respectively. An ensemble composed of multiple K-nearest
neighbours was identified as the best classifier based on
AUC-ROC results (see Table 1). An excellent AUC-ROC
score (0.92) was achieved on 2-way classification for all
251 ROIs when all downslope values to 400 s obtained
during tracking were included (with imputed values
where videos were of insufficient length). This result was
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Fig. 3 Distance, intensity and velocity data generated using an elec-
tromagnetic tracking system with its sensor probe attached to the tip
of the camera and introduced into the patient with a rectal cancer
following neoadjuvant therapy via a transanal access platform dur-
ing examination under anaesthesia (EUA). (a) White light view of
the rectum with regions of interest and their calculated distance to
the camera tip displayed. (b) Distance, movement and velocity data
of camera movement during the EUA and subsequent ICG assess-

improved further when three-way classification was per-
formed (AUC-ROC =0.93). Inclusion of downslope at just
200 s after peak resulted in an AUC-ROC > 0.9 for both
two- and three-way classification. Analysis of the clas-
sification features showed ‘time to first peak’ as the most
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ment (note camera held with robotic camera holder until ~720 s. (¢)
Raw time—fluorescence data achieved via tracking pixel intensity data
of the regions indicated in the white light image with slope to peak
intensities shown. (d) Appearance of these same regions after nor-
malisation of intensity and upslope re-analysis. (e) Impact of camera
movement on tracked fluorescence intensity showing rapid increase
in detected fluorescence with inward movement of the camera toward
the target tissue

important feature followed by kurtosis and then downslope
200, 100, 50 and 10 s, respectively. Higher AUC-ROC
scores were obtained when values were imputed out to
400 s.



Surgical Endoscopy (2023) 37:6361-6370

6367

175 1 185
150 A 180
— 125+ 175
3 -
>
f; 100 & 170 4
b 3\
g 7 2 165 A
€ —— Smoothed, winlen=91 %
501 ® peak estimate ~ 160
25 —— Smoothed, winlen=501
©® peak estimate 1551
ol =~ e raw data \
. . . . . . . 150 T T T T T
0 10 20 30 40 50 60 10.0 125 15.0 175 20.0 225 25.0 275 30.0
(a) Time in [s] Time in [s]
ion of int | time-fl curve
12
1
::u
%0,5
i
§D.4
02
0
0 20 40 60 80 100 120

Fig.4 Compound image demonstrating smoothing (to mitigate signal
oscillation) and intra-tumoural perfusion heterogeneity, (a) time—fluo-

NOV/ADAQ

rescence curve from a rectal cancer with smoothing performed using

Time (seconds)

——ROI1 ——ROI2 ——ROI3 ——ROI4 ——ROIS - Healthy

a Savitzky—Golay filter, (b) white light view of a rectal cancer with
time—fluorescence curves extracted from the ROIs marked

Table 1 Results of two- and three-way classifications (including actual extracted features as well as imputed inference values) of all 37 included
rectal tumour cases in this series. AUC-ROC values > 0.8 = good. > 0.9 =excellent

Two-way classification (cancer vs not cancer)

Feature added (downslope after peak) AUC-ROC (complete data) AUC-ROC
(imputed
values)

50s 0.805 0.799

100 s 0.881 0.856

200 s 0.888 0.852

300 s 0.912 0.856

400 s 0.920 0.872

Three-way classification (cancer vs benign tumour vs healthy control)

Feature added (downslope after peak) AUC-ROC (complete data) AUC-ROC
(Imputed
values)

50s 0.812 0.839

100 s 0.899 0.886

200 s 0.907 0.875

300 s 0.910 0.898

400 s 0.931 0.891
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Discussion

Given the fallibility in human interpretation of dynamic ICG
perfusion angiograms [22], quantification and computer-
assisted interpretations, including ML, have been explored
for the purpose of providing more objective, and potentially
more detailed, fluorescence signal interpretation with deter-
mination of confidence levels. Application of such methods
to real-world data and ideally, of course, in real-time, how-
ever, will require a variety of considerations to be addressed
as shown in this work. Here, we have shown how such con-
cerns can be factored into a capable CV-ML method with
consistent precision.

ICG dosing remains a topic of considerable discussion
with wide variations in both weight-based and fixed dosages
being reported for colorectal and hepatobiliary assessment.
The 0.25 mg/kg rectal lesion dosing described in this paper
utilised the entire available intensity scale without saturation
(avoiding a false-intensity plateau and compromised data
analysis). Conversely, a smaller dose (0.1 mg/kg) in the liver
lesion cohort resulted in early saturation of pixel intensity
due to liver hepatocyte concentration and excretion of ICG
and highlights the importance of attention to dose and tissue
type when quantifying ICG administered intraoperatively.
Antecedent dosing hours-days preoperatively as described
by others for CRLM localisation depends on complete wash-
out from healthy tissue and retention in/near malignant tis-
sue over the prolonged preoperative period of time providing
high tumour-to-background ratio at the time of interrogation,
meaning high ICG doses can be used successfully. Whilst
intravenous ICG administration method (especially central
vs peripheral line) is discussed in the literature, the need
for rapid, single bolus administration when using quantita-
tive ICG fluorescence angiography is demonstrated here and
needs to be clearly understood by the administrator. Devia-
tions may result in false flow peaks that possibly derail auto-
mated peak detection software and ML algorithms.

The incorporation of absolute intensity as a feature for
analysis also needs address. Whilst normalisation of data
to a maximum peak brightness across all ROIs results in
the loss of absolute intensity values as a potential feature
in any subsequent computation, this study demonstrates the
impact of using raw data to compute slope-based param-
eters. Furthermore, this permits the comparison of tissue
fluorescence curves without requiring both tissues to be in
the centre of the screen and at similar distances which is
not always clinically possible. Although it may be possible
to adjust for such distance—intensity relationships automati-
cally within future NIR systems that incorporate distance
data (like that we describe using EM tracking fields system
for instance), normalisation of raw data currently provides a
useful alternative yielding excellent and reproducible results.
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Movement either at tissue (e.g. peristalsis, respiration,
patient heaving, etc.) and/or at operator-held camera level
can in theory be problematic. Use of a robotic camera holder
as described here results in minimal camera movement
although similar results can be achieved by a human opera-
tor steadying the view by careful attention to the video dis-
play especially for focussed time periods. Large amounts of
movement (>5 cm of movement over 5 s) can result in false
signal detection (e.g. an apparent increase in intensity during
outflow despite no further ICG administration); however; all
videos utilised in the classifier described were obtained with
a handheld camera approximately 3—8cms from the target
(i.e. standard TAMIS working distance) with any resulting
small deviations being adequately managed through curve
smoothing.

Tissue biopsy sampling errors, due to tumour heterogene-
ity, is a significant clinical problem with high false-negative
rates occurring in larger polyps [23, 24]. Digital biopsy in
the fashion described may also suffer from the same phe-
nomenon; however, it more easily affords the opportunity to
sample large areas of lesions as demonstrated. Care must be
taken to analyse as large a tissue area as possible; however;
limited user-selected ROI tracking remains prone to under-
representation. Next step evolution of this work includes
real-time image stabilisation with synchronous white light
surface feature tracking and whole screen equivalent pixel
intensity extraction providing full screen characterisation
with heat map display. Such an approach would also permit
tumour margination via such automated classification.

Time-series feature extraction and analysis, includ-
ing imputation to deal with missing data as may arise due
interruption of the continuous field of view observation by
movement or indeed surgical instrumentation intrusion, is
demonstrated to yield consistent, positive results across a
relatively large cohort of patients. The methods of data man-
agement (e.g. curve milestone extraction, curve smoothing,
etc.) detailed within this manuscript, whilst applied to ROI
data extracted from the described open-source fluorescence
intensity tracker, can be applied similarly to other software
programmes (such as the Fluorescence Tracker App by
MATLAB available at www.mathworks.com) as well as to
other curve milestones which may be more relevant in other
applications (such as colonic intestinal perfusion assess-
ment) [20]. We chose AUC-ROC (rather than ‘straight’
accuracy) to report the results of the classifier as AUC-ROC
is the probability that the model ranks a random positive
example more highly than a random negative example [25].
The resulting performance figure is, therefore, an indication
of how much better a classifier is at correctly classifying
than misclassifying which is not so clear from just accuracy
rate alone. High AUC-ROC scores are obtained at 200 s with
only small improvements achieved with tracking beyond
this timeframe. In the case of missing values, however,
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imputation of downslope values up to 400 s improved the
AUC-ROC result and suggests that should imputation be
required for missing data, it should be done for longer peri-
ods of time if possible. It should be noted that although the
results of imputation, when performed on all ROIs, dropped
below 0.9, these results were obtained by simulating a sce-
nario where tissues were tracked for only 10 s beyond their
peak intensity. This was to simulate an extreme scenario
(less than a minute of actual tracking per video) and was
done to demonstrate feasibility of this approach in such cir-
cumstances. It is likely, however, that some data will be lost
intermittently during surgery (camera movement, patient
movement, etc.) and this method of imputation demonstrates
a robust method for dealing with such occurrences. Whilst
this technique is demonstrated here for cancer characteri-
sation, the methodology can be applied too to other time-
curve applications. Finally, the classifier’s ability to maintain
“excellent” results during three-way classification “benign
dysplasia vs healthy vs cancer”, which is inherently more
difficult than two-way “cancer vs benign” discrimination, is
encouraging for future further sub-classification work and
suggests that with increasing datasets, discrimination by
dysplasia type (low vs high grade) and T stage will likely
be possible as well as in other important clinical scenarios
such as rectal lesion interrogation post-neoadjuvant therapy.

Limitations in this study relate to the specific nature of
the dataset although similar considerations likely also apply
to tissue perfusion signal capture for other dynamic-based
indications (e.g. intestinal or flap assessment). However,
open assessments (whether extracorporealised viscera or
plastic surgery operations) are most often done by stabi-
lised cameras and/or systems with bigger camera heads ena-
bling more intense illumination and signal sensing. Also,
the study only involved one type of NIR system and other
systems are known to differ in their signal capture and dis-
play. However, the work identifies the important considera-
tions to be considered and all systems will need specific user
guidance in similar respect. Such study of alternative com-
mercial systems especially with regard to distance—intensity
is already ongoing. The retrospective nature of the video
analysis is also a potential limitation although consistently
high results have been demonstrated with several diverse
methods of time—fluorescence curve analysis both based on
feature extraction and classification as well as profile fitting
based on biophysical modelling and subsequent classifica-
tion [10, 11].

In conclusion, whilst ICG quantification is not readily
available in most clinical NIR systems currently, time-
series quantification, and subsequent analysis, can be per-
formed with excellent results with adherence to important
intraoperative physical and technical recommendations
and purposeful post-processing of data. Best presentation
of the dynamic imagery for interpretation by machines is

as important from this perspective as image display is for
human observer interpretation. Whilst some technological
advancement is needed to enable this seamlessly in real time,
the computational trajectory seen over the last few decades
should give confidence that evolved processing capability
can encompass all such aspects.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00464-023-09963-2.

Funding Open Access funding provided by the IReL. Consortium.
This work was supported by Disruptive Technologies Innovation Fund,
Enterprise Ireland, Ireland.

Declarations

Disclosures Professor Ronan A Cahill is named on a patent filed in
relation to processes for visual determination of tissue biology, receives
speaker fees from Stryker Corp and Ethicon/J&J, research funding from
Intuitive Corp, consultancy fees from Medtronic and Distalmotion and
holds research funding from the Irish Government (DTIF) in collabora-
tion with IBM Research in Ireland and from EU Horizon 2020 in col-
laboration with Palliare and Steripak. Dr Jeffrey Dalli, Dr Niall P Hardy
and Mr Gareth Gallagher are employed as researchers in the D.T.I.F
and Dr Jeffrey Dalli is recipient of the TESS scholarship (Malta). Drs
Pol Mac Aonghus and Jonathan P Epperlein are employees of IBM
Research which is included in the DTIF collaboration. Drs Conor J
Shields, Ailin C Rogers, Ann E Brannigan, Jurgen JW Mulsow, John
B Conneely and Peter M Neary have no conflicts of interest or financial
ties to disclose.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Wang X, Teh CSC, Ishizawa T, Aoki T, Cavallucci D, Lee SY,
Panganiban KM, Perini MV, Shah SR, Wang H, Xu Y, Suh KS,
Kokudo N (2021) Consensus guidelines for the use of fluores-
cence imaging in hepatobiliary surgery. Ann Surg 274:97-106

2. Jafari MD, Wexner SD, Martz JE, McLemore EC, Margolin DA,
Sherwinter DA, Lee SW, Senagore AJ, Phelan MJ, Stamos MJ
(2015) Perfusion assessment in laparoscopic left-sided/anterior
resection (PILLAR II): a multi-institutional study. ] Am Coll Surg
220(82-92):e81

3. Armstrong G, Croft J, Corrigan N, Brown JM, Goh V, Quirke P,
Hulme C, Tolan D, Kirby A, Cahill R, O’Connell PR, Miskovic D,
Coleman M, Jayne D (2018) IntAct: intra-operative fluorescence
angiography to prevent anastomotic leak in rectal cancer surgery:
a randomized controlled trial. Colorectal Dis 20:0226-0234

@ Springer


https://doi.org/10.1007/s00464-023-09963-2
http://creativecommons.org/licenses/by/4.0/

6370

Surgical Endoscopy (2023) 37:6361-6370

10.

11.

12.

13.

14.

Hardy NP, Epperlein JP, Dalli J, Robertson W, Liddy R, Aird JJ,
Mulligan N, Neary PM, McEntee GP, Conneely JB, Cahill RA
(2023) Real-time administration of indocyanine green in com-
bination with computer vision and artificial intelligence for the
identification and delineation of colorectal liver metastases. Surg
Open Sci. https://doi.org/10.1016/j.sopen.2023.03.004

D’Urso A, Agnus V, Barberio M, Seeliger B, Marchegiani F,
Charles AL, Geny B, Marescaux J, Mutter D, Diana M (2020)
Computer-assisted quantification and visualization of bowel per-
fusion using fluorescence-based enhanced reality in left-sided
colonic resections. Surg Endosc 35:4321-4331

Lutken CD, Achiam MP, Osterkamp J, Svendsen MB, Nerup
N (2020) Quantification of fluorescence angiography: toward a
reliable intraoperative assessment of tissue perfusion—a nar-
rative review. Langenbecks Arch Surg. https://doi.org/10.1007/
$00423-020-01966-0

Hayami S, Matsuda K, Iwamoto H, Ueno M, Kawai M, Hirono S,
Okada K, Miyazawa M, Tamura K, Mitani Y, Kitahata Y, Mizu-
moto Y, Yamaue H (2019) Visualization and quantification of
anastomotic perfusion in colorectal surgery using near-infrared
fluorescence. Tech Coloproctol 23:973-980

Son GM, Kwon MS, Kim Y, Kim J, Kim SH, Lee JW (2019)
Quantitative analysis of colon perfusion pattern using indocyanine
green (ICG) angiography in laparoscopic colorectal surgery. Surg
Endosc 33:1640-1649

Gosvig K, Jensen SS, Qvist N, Nerup N, Agnus V, Diana M, Elle-
baek MB (2021) Quantification of ICG fluorescence for the evalu-
ation of intestinal perfusion: comparison between two software-
based algorithms for quantification. Surg Endosc 35:5043-5050
Cahill RA, O’Shea DF, Khan MF, Khokhar HA, Epperlein JP,
Mac Aonghusa PG, Nair R, Zhuk SM (2020) Artificial intelli-
gence indocyanine green (ICG) perfusion for colorectal cancer
intra-operative tissue classification. British J Surg 108:5-9
Epperlein JP, Zayats M, Tirupathi S, Zhuk S, Tchrakian T, Mac
Aonghusa PG, O'Shea DF, Hardy NP, Dalli J, Cahill RA (2021)
Practical Perfusion Quantification in Multispectral Endoscopic
Video: Using the Minutes after ICG Administration to Assess
Tissue Pathology. AMIA Annu Symp Proc 2021:428-437

Zhuk S, Epperlein JP, Nair R, Thirupati S, Mac Aonghusa P,
O'Shea DF, Cahill R (2020) Perfusion Quantification from Endo-
scopic Videos: Learning to Read Tumor Signatures. In: Martel
AL et al (eds.) Medical Image Computing and Computer Assisted
Intervention — MICCAI 2020. MICCAI 2020. Lecture Notes in
Computer Science, vol 12263, pp 711-721. Springer, Cham
Dalli J, Loughman E, Hardy N, Sarkar A, Khan MF, Khokhar HA,
Huxel P, O’Shea DF, Cahill RA (2021) Digital dynamic discrimi-
nation of primary colorectal cancer using systemic indocyanine
green with near-infrared endoscopy. Sci Rep 11:11349

van den Bos J, Wieringa FP, Bouvy ND, Stassen LPS (2018)
Optimizing the image of fluorescence cholangiography using

@ Springer

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

ICG: a systematic review and ex vivo experiments. Surg Endosc
32:4820-4832

Ahn HM, Son GM, Lee 1Y, Park SH, Kim NS, Baek KR (2021)
Optimization of indocyanine green angiography for colon per-
fusion during laparoscopic colorectal surgery. Colorectal Dis
23:1848-1859

Kono Y, Ishizawa T, Tani K, Harada N, Kaneko J, Saiura A, Ban-
dai Y, Kokudo N (2015) Techniques of fluorescence cholangio-
graphy during laparoscopic cholecystectomy for better delineation
of the bile duct anatomy. Medicine (Baltimore) 94:e1005

Dalli J, Hardy N, Mac Aonghusa PG, Epperlein JP, Cantillon
Murphy P, Cahill RA (2021) Challenges in the interpretation of
colorectal indocyanine green fluorescence angiography—a video
vignette. Colorectal Dis 23:1289-1290

Al-Taher M, Pruimboom T, Schols RM, Okamoto N, Bouvy ND,
Stassen LPS, van der Hulst R, Kugler M, Hostettler A, Noll E,
Marescaux J, Diemunsch S, Diana M (2021) Influence of intraop-
erative vasopressor use on indocyanine green fluorescence angiog-
raphy: first evaluation in an experimental model. Sci Rep 11:9650
Dagogo-Jack I, Shaw AT (2018) Tumour heterogeneity and resist-
ance to cancer therapies. Nat Rev Clin Oncol 15:81-94
Epperlein JP, Zhuk S (2022) A real-time region tracking algorithm
tailored to endoscopic video with open-source implementation.
https://doi.org/10.48550/arXiv.2203.08858

Press WH, Teukolsky SA (1990) Savitzky-Golay smoothing fil-
ters. Comput Phys 4:669-672

Hardy NP, Dalli J, Khan MF, Andrejevic P, Neary PM, Cahill RA
(2021) Inter-user variation in the interpretation of near infrared
perfusion imaging using indocyanine green in colorectal surgery.
Surg Endosc. https://doi.org/10.1007/s00464-020-08223-x
Serra-Aracil X, Caro-Tarrago A, Mora-Lopez L, Casalots A,
Rebasa P, Navarro-Soto S (2014) Transanal endoscopic surgery
with total wall excision is required with rectal adenomas due
to the high frequency of adenocarcinoma. Dis Colon Rectum
57:823-829

Giuliani A, Caporale A, Corona M, Ricciardulli T, Di Bari M,
Demoro M, Scarpini M, Angelico F (2006) Large size, villous
content and distal location are associated with severe dysplasia
in colorectal adenomas. Anticancer Res 26:3717-3722
Hajian-Tilaki K (2013) Receiver operating characteristic (ROC)
curve analysis for medical diagnostic test evaluation. Caspian J
Intern Med 4:627-635

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1016/j.sopen.2023.03.004
https://doi.org/10.1007/s00423-020-01966-0
https://doi.org/10.1007/s00423-020-01966-0
https://doi.org/10.48550/arXiv.2203.08858
https://doi.org/10.1007/s00464-020-08223-x

	Clinical application of machine learning and computer vision to indocyanine green quantification for dynamic intraoperative tissue characterisation: how to do it
	Abstract
	Introduction 
	Methods 
	Results 
	Conclusion 

	Methods
	Patients and methods
	Video analysis
	Video acquisition challenges
	Image presentation challenges
	ML methods challenges

	Results
	Video acquisition
	Distance–intensity relationships and movement
	Digital biopsy sampling effects
	Machine learning data classification challenges

	Discussion
	Anchor 19
	References




