Ethical implications of Al in robotic surgical training: A Delphi consensus statement
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° Term Definition Element Description
I n t rO d u Ct I O n e R e S u I t S ° General arificial intelligence (GAI) Artificial general intelligence (AGI) is the hypothetical intelligence of a machine that has the capacity to understand or learn any intellectual task that Phase A section of the procedure, with a clearly defined start and end point. Phases of a procedure enable modular training, with training commenced in the easier phases with a
° a human being can. lower frequency of hazard steps
c * Narrow Al A term used to describe artificial intelligence systems that are specified to handle a singular or limited task. Visual cue Avisual cue is an anatomical landmark or areas of interest that is defined as important and therefore needs to be identified within a given phase of the procedure. Image
.9 Records identified th rOUgh Additional records identified Natural language processing (NLP) The relationsh.ip between .computers and human language. Natural language refers to speech analysis in both audible speech and text. NLP systems recogniti‘on ML that identify visual cue's, r'1eed to be able to label this data consistently and accurately ' '
H It h Ca re i S e rC e ive d a S a b i O e d i Ca I -lc-e database Searching through other SOUTCes 0 capture meaning from an input of words (sentences, paragraphs, pages, etc.) IaSI; : ;ask Defm;eijhstipsr:co' be c;:n:ﬂeted within a pth;se of th'etp:joce‘zflhure. Taski (can be'further decc?nsttructedtlzto manoe:vresl)ar_mrd s: rglcalgestures [2(;]. duth
' ' | Q echnique error n error of the technique that may or may not be associated with an event (eg, using a wrong instrument to grasp a bowel). Technique errors may be associated with near
e a p i": (n = 105) (n = 1) T h e re Wa S 1 O O /0 re S p O n S e fro I I I a I | 3 ro u n d S . Algorithm An algorithm is a formula representing the relationship between certain variables. An algorithms is a set of instructions with a finite end designed to e e
. . ‘E produce an output. Event error An error of the technique or a device error that results in a harm to tissue, patient, staff or equipment etc
Q S O Learning algorithms A method used to process data to extract patterns appropriate for application in a new situation. In particular, the goal is to adapt a system to a Lol Dl el EEen of fl e
I n u S r u I a S a S O a Wa S e e n a n -2 T h I f r T l | d d h d A _ g ’ Telemetry Automated performance metrics generated by the robotic device related to kinematic data
y’ y e re S u t I n g O r u a te g u I a n C e S OWe DG LRI O L5 Tissue Agreed terms for tissue related to ease of operation. For example inflamed, fibrotic etc

Cluster Any group of data, people or things that share a common characteristic. Data is combed through by Al to uncover patterns and connections that
humans might not readily see.

characteristics

learning (ML) and artificial intelligence (Al)
applications. Healthcare is one of the most
promising areas for the integration of Al
systems, but it is also one of the most complex.
The healthcare sector incorporates many - Predictive analytics; 4. Inherent biases; 5. Areas e e s et
regulatory, privacy and ethical laws that aim to of training most likely to benefit from Al
ensure innovation will ‘first cause no harm’. O e eson sk or st oo et 1 e e

Level of agreement General statements about the potential for telepresence in robotic surgery training Score Number of points, goals, etc. achieved during performance

AS t h e ro I e Of A I I n h e a I t h Ca re CO n t I n u e S to Studies included in 100% There are potential benefits to the utilisation of Al in the setting of surgical training curricula Benchmark A defined point of reference against which things may be compared; it is to be noted that this is not the score

Standard The authorised exemplar of a unit of measure (performance metric: an agreed “external” metric, usually defined by an authorised body)

tilisati f Alin th tti f roboti ical
u I I S a I O n O I n e S e I n g O ro O I C S u rg I C a Robotic surgery training data (RSTD) Data collected from robotic surgery devices that relates to surgeon’s performance. Data may be collected and recorded manually or with automated

mechanisms

(n =106)

I n fo r m a t I O n I n d u St ry a n d W I t h a n eX p O n e n t I a I I y Reco rds after duplicates removed go O d i n te r n a I CO n S i Ste n Cy’ W i t h a C ro n b a C h Machine learning \gl\r/:)t:;:nmglzed need for programming, machines can teach themselves. Combing through massive amounts of data allows Al to identify patterns and Can"ai:(t)ir::;al Identified common anatomical variations that may impact ease of the operation
rOW i n n u m b e r Of d a ta CO | I e Ct i O n d evi C e S (n = 106) 0 Model A trained convolutional neural network (CNN) or other neural network, where the output of a training phase and the coefficients of an Al (or ML)
model are used to perform inference — run on new data and make predictions
g g alpha Of >08 There was 100%’ consensus that Table 4: Elements of surgical procedure to be identified for data normalisation .
t h e re a re i n C re a S i n O O rt u n it i e S fo r m a C h i n e gb . . Data sets Data sets are divided into a training set (with labels provided) for learning and a test set (no labels
g p p .E h I I k f g d h provided) that allows for the assessment of the performance of the algorithm on new data.
§ t e re I S C u r re n t y a a C O u I a n C e O n t e Training datasets The training dataset is an initial set of data used to help a program understand how to apply ML technologies like neural networks to learn and
8 produce sophisticated results.Training dataset is also known as a training set, training data or learning set.

Records excluded
(n=78)

Full-text articles excluded

[ ] [ ] (] [ ] o o oo . . . . .
Deep learning Deep learning is a subset of ML where artificial neural networks, algorithms inspired by the basic structure of the human brain, learn from large
ra I n I n g O O n S e n S u S Wa S re a C e I n I I I u I p e amounts of data. Deep learning enables machines to solve complex problems relying on the underlying data used to train a machine, rather than on

human problem modelling..

[ ECER L TS E LT AT N ATE G Sub-branch of Al focused on the development of algorithms to infer information from images or video, mimicking human cognitive sense based on

areas, including: 1. Data protection and privacy;

Supervised learning ML that requires human input. Supervised learning is a task-driven process wherein an algorithm is trained to predict a prespecified output, such as

identifying a stop sign in a photograph. The “supervised” moniker comes from the need to provide annotated (ie, labeled) data so that it can learn

) . =9 . ope °° . :
Full-text articles assessed o robo('c?c sngery . 2 : Re p rod u CI b | I Ity a N d t ra N S p a re N Cy; 3 : the associations between inputs and the desired output.

for eligibility
(n =28) No training = 3
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Unsupervised learning Requiring no human labels in the training data or limited (semi-supervised), this type of learning allows Alto draw conclusions on its own from

STANDARDISED * TRANSPARENT * EXPLAINABLE
VERIFIED * REPRODUCIBLE * SUPPORTED
COLLOBARATIVE

OPEN SOURCE

CONSENTED

qualitative synthesis

expand there is increasing awareness of the (n=19)

There is currently a lack of guidelines (or guidance) on the utilisation of Al in the setting of surgical training

Hazard step A step in a procedure that is associated with commonly occurring or recognised surgical errors

Risk prediction A risk prediction model is an algorithm that uses patient risk factor data to estimate the probability of a patient experiencing a healthcare outcome. Flg- 3 _ Summa ry Of the gU|dance for opt|m|5|ng the appllcat|on Of AI |n r0b0t|c Surgery tra|n|ng--

In surgery, they are commonly used to predict the risk of adverse outcomes after intervention.

[ ] [ ]
Ote n t I a I Itfa I I S Of A I a n d t h e n e e d fo r An aim of this group is to identify the ethical implications and to formulate guidance on Al in surgical training
Early warning system A technology, ML algorithm or associated policies and procedures designed to predict and mitigate

FIgU re 1. PRISMA flow diagra m summa rising the study selection process. A lack of education around the use of Al can impact misuse, misinterpretation, misapplication of Al techniques and e e £ e e e GYe s

g u id a n Ce to avo i d t h e m . results Near miss An unplanned event that had the potential to cause harm, but did not actually result C O n C I u S I O n S :

in human injury, or equipment damage or an interruption to normal operation

The future success of Al in surgical training will require its ethical deployment within healthcare organisations
295% There are potential risks to the utilisation of Al in the setting of surgical training curricula

. ) ) ) . . . . . Data minimisation Collecting the minimum amount of personal data that you need to deliver an individual element of your service or to enable machine learning
Table 1: General questions on the ethical implications of Al in surgical training . algorithms
Data normalisation Attempting to normalise data to some commonly agreed criteria b h | h s h d I h ° d
O b [ [ ] . ™ [ ] Telemetry Automated performance metrics (APMs) generated by the robotic device related to kinematic data U S I n g t e D e p I m et O O Ogy’ We a C I eve
e Ct I Ve S IVI a t e r I a I S a n d IVI et h O d S C O n t I n u e d L Transparency The ability of the person handling Al output data, to determine how an algorithm reaches its conclusion
J > ) Confirmation bias Occurs when data/answers are used to confirm hypothesis or beliefs

Artificial intelligence o ot e e e e international consensus among experts to
develop and reach content validation for

guidance on ethical implications of Al in surgical

training. Providing an ethical foundation for

to dEVEIOpIng AI drlven appllcatlons In Surglcal Survey WaS Created, With inpUt from panEI Deep Iear“i“g 1. Everyone handling the data has shared responsibility to deidentify data IaunChing narrow AI applications in Surgical
training that address Current recognised ethical members. (3) Thirdly’ panel_based COnsensus 2. The data protection officer (DPO) has overall responsibility for data protection compliance matters

5 Al dtathtis lanned o b callctd, o b prasciely approved,and toed ccoringt uidelinesrom th oganisation' training. This guidance will require further
implications of utilising Al on surgical data. We findings were determined using an online Supervised Unsupervised validation.

aim to describe an ethical approach based on Delphi process to formulate guidance. 30 Sl ) Transparency learning Moritoring compliance withth regultions and related police,includin rain of wareness and traing of staf

the current evidence, understanding of Al and experts in Al implementation and/or training Data and

Prediction bias Occurs when data points are too focused so that association is concluded. Can result from poor programingin Al

To provide ethical guidance on developing (2) A larger expert panel convened and Machine learning

narrow Al applications for surgical training discussed the ethical implications of Al
curricula. We define standardised approaches application based on the current evidence. A Neural networks

Table 2 — Clarifications on terminology.

General guidance for anonymising data to protect privacy

Acting as the organisations first point of contact with the Information Commissioner’s Office (1CO)

Handling subject access requests and official requests for personal data from third parties F u n d I n g Th e WO r k Wa S S u p p O rte d by t h e We I | CO m e/E PS RC

Providing procedures, guidance and advice in support of this policy e.g. for Data Protection Impact Assessment (DPIAs)
privacy

: : : LI [2031457/ 16/Z]; Engineering and Physical Sciences
from an expert committee. contributed. The Delphi process underwent 3
8. Data minimisation: review what data you have and why. Only capture the minimum amount of data you need Emerglng Tec:hnOIOgleS SCheme, UK-
The project was carried out in 3 phases: (1) A answers and comments from previous rounds.
;lc()).pi:’c;;acizlsi:.ist?;(i:‘r::;ydata that is no longer required should be removed. If kept for longer than needed data should be pseudonymised Acknowledgements: We WOUId ||ke to thank DaV|d Haywa r-d’

available tEChnOIOgieS, by Seeking Consensus including CliniCianS, academics and ind ustry Biases 5. Organisational accountability under GDPR, is legally obliged to put into place: Centre for Interventlonal and Surglcal SCIenceS (WEISS) UK
o : | SRR Research Council (EPSRC) UK [EP/P027938/1, EP/R004080/1,
: rounds. Additions to the second and third- Hei:::::in;ent EP/P012841/1]; The Roval Academy of Engineering Chair in
° | 7. Purpose limitations: data is to be used for a specific purpose of which the user has been made aware through explicit consent
Materials and Methods: round surveys were formulated based on the
?s.elz': Ii\/;:curacy: make sure that the data is accurate and ideally stored in a way that allows the user to update or delete the data themselves
Steering group WaS formed to rEVieW the Consensus Opinion Was dEfined as 2 80% 11. Integrity: hould protect dat inst unlawful i loss. Ideally havi tion of data and pri b BBC . | t | t th d t t d t
||teratu re and Summarlze cu rrent ev'dence agreement Figure 2: Relationship of terminology and link to ethical implications. design processes . d journalist, lectureron €thics and patient advocate
. : Table 3: General guidance for anonymising data to protect privacy. who contributed to the meetings and De|ph| process.
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