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Traditional patient safety protocols are based on the
historic principle of the Hippocratic oath intended to
abstain from inflicting harm on our patients ("Primum
non nocere”) [1]. In spite of this noble vision, patients
frequently remain caught in the ‘friendly fire’ of pre-
ventable surgical complications and hospital-acquired
adverse conditions, which are widely regarded as an
unfortunate side-effect of modern healthcare [2]. Ironi-
cally, the plethora of stringent regulatory compliance-
mandated protocols and globally disseminated patient
safety checklists still fail to protect our patients from
medical errors in the modern age of patient safety today
[3]. Our continued quest towards “Goal Zero“ for pre-
ventable harm requires a pragmatic reassessment of the
historically failed approaches in the patient safety arena
[4, 5]. It is time for a paradigm shift from the traditional
approach of counting and analyzing medical errors,
with the intent of preventing similar occurrences to
harm a different patient in the future, to effectively pre-
dicting and preventing an adverse event before harm
reaches the patient [6]. The new age of artificial intel-
ligence allows for novel machine learning approaches
to support predictive analytics tools which can identify
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a patient at risk of sustaining harm before the adverse
event occurs [7]. The latest special collection in Patient
Safety in Surgery is dedicated to covering a variety of
aspects pertinent to machine learning approaches
for the improvement of surgical patient safety (www.
biomedcentral.com/collections/MLPS).

A total of eight peer-reviewed articles were pub-
lished in the collection from 2022 to 2024. A study
from Sao Paulo University in Brazil [8] investigated
the hypothesis that an Al approach would improve the
quality and sensitivity of prostate cancer detection and
grading in 6,982 image sections from 32 radical pros-
tatectomy specimens (Fig. 1). The authors found that
a “deep learning” approach for Al-supported analysis
showed a high sensitivity and specificity for detec-
tion and grading of cancer stages beyond the baseline
inter-pathologist variance in the the interpretation
of human prostate cancer specimens [8]. A differ-
ent study from Bar-llan University in Israel assessed
the value of machine learning for predicting risk fac-
tors which contribute to “never events“ in the operat-
ing, including wrong-site surgery and unintentionally
retained foreign objects [9]. These results demon-
strated impressively that selected variables had an
impact of >900% on predicting the occurrence of a
“never event by machine learning analysis, including
discrepancies in the second and third count of surgical
instruments and sponges [9]. Conversely, standard ele-
ments in the surgical safety checklist appeared to have
minimal impact or no impact at all on adverse event
prediction (Fig. 2). The third paper in the collection
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Fig. 1 Artificial intelligence approach for detection and grading of prostate cancer in human prostatectomy specimens. © Kudo MS, et al., 2022. Repro-
duced with permission by the Creative Commons Attribution 4.0 International License, from: Kudo MS, et al., The value of artificial intelligence for detec-
tion and grading of prostate cancer in human prostatectomy specimens: a validation study. Patient Saf. Surg. 2022, 16:36

represents a retrospective propensity-matched cohort
study from a tertiary referral academic medical center
in the United States [10]. The authors investigated the
“Rothman Index“ (RI) as a predictive analytics tool to
predict and prevent unsafe patient downgrades with
subsequent unplanned readmissions to the intensive
care unit (ICU) [10]. The RI represents a real-time
composite measure of medical acuity in hospitalized
patients and provides a predictive analytics model for
continuous monitoring of a patient’s clinical status and
improvement or deterioration over time (Fig. 3). Dur-
ing a 12-months study time-window, a total of 5,261
ICU patients were included in analysis, of which 212
patients (4.0%) had an unplanned readmission to the
ICU within 7 days [10]. The results from this study
identified the RI as a sensitive predictor of unantici-
pated readmissions to ICU which were associated with
significantly increased mortality and hospital length

of stay. The authors therefore concluded that the RI
should be considered as a real-time objective measure
for prediction of a safe downgrade from ICU to a lower
level of care [10].

A narrative review article from Kermanshah Uni-
versity of Medical Sciences in Iran provided a com-
pelling state-of-the-art overview on our current
knowledge and clinical applications of machine learn-
ing technology and artificial intelligence for improving
patient safety in spine surgery [11]. The authors pro-
vided intriguing insights on how predictive analytics
can be leveraged to improve surgical outcomes, how
spine surgery practices may design personalized care
through machine learning approaches, and how peri-
operative risks may be mitigated through artificial
intelligence for patients undergoing spinal procedures
[11]. Importantly, the paper also discussed the poten-
tial utility for artificial intelligence technologies to
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Feature |Description Operation Stage| Ophthalmology | General Surgery | Orthopedics Cardiology Urology Gynecology
In case of discrepancy in the count of
A |absorbable items, their package is taken out
from the OR (verified out loud) First Count 11
B Surgery is paused because of discrepancy in
third count Third count 269
C  [Discrepancy in second count Second Count 269 160
D |Length of surgery 1-2 hours General
E  |Length of surgery >4 hours General 577
F  |Surgeon scans the cavity/fascia before closure |Second Count
G |Length of surgery <1 hour General 128
H Second count is performed before closure of
fascia/cavity Second Count
| Procedure's type is compared to the one
written patient's file (verified out loud) Time out
J Second count is performed before closure of
fascia/cavity Second Count
K Closure of fascia/cavity begins after
verification of correct count Second Count
L Third count starts after removing all items from
surgical field Third Count
M All staff members agreed to the details
mentioned during time out (verified out loud) Time out
Small rural hospital General
o Anesthesia consent forms are completed and
signed (verified out loud) Time out

Feature impact on prediction >=900% [l

Feature impact on prediction > 0% and <900%

Feature impact on prediction < 0% (decrease chance of an error) [N

Fig. 2 Machine learning approach for prediction of ‘never events” in the operating room. © Arad D, et al, 2023. Reproduced with permission by the
Creative Commons Attribution 4.0 International License, from: Arad D, et al., Factors contributing to preventing operating room “never events”: a machine

learning analysis. Patient Saf. Surg. 2023, 17:6

optimize the shared decision-making process with sur-
gical patients. The same research group further inves-
tigated the predictive capability of machine learning
models in determining outcomes and complications in
329 patients undergoing cervical spine decompression
and fusion surgery for spondylotic myelopathy [12].
The authors concluded that their machine learning
model represented a highly sensitive predictive tool
for surgical complications and postoperative outcomes
in the vulnerable cohort of patients with cervical
myelopathy [12]. With a similar intent, a prospective
proof-of-concept pilot study from Goethe University
in Frankfurt, Germany, investigated the “Prehab App*
as a novel digital risk calculator to predict patient
outcomes after major surgery [13]. The investiga-
tor-initiated Protego Maxima Trial showed that risk
assessment using the “Prehab App“ represented a sen-
sitive preoperative predictor of surgical complications
and postoperative mortality in a cohort of 267 patients
who underwent major surgical procedures in visceral,
thoracic, vascular, urological, and gynecological sur-
gery [13].

The trauma research group at the University Hos-
pital Zurich, Switzerland, pursued a new innovative
approach by combining the knowledge from large data
patient registries with machine learning algorithms,
with the intent to elevate the synergy of the predictive
capabilities of these individual research tools [14]. The
authors combined mutliple data platforms from local,
regional, and national registries with various artifi-
cial intelligence approaches stratified from narrow,
to general, to “super” intelligence, aimed at predict-
ing and improving postsurgical outcomes in trauma
patients [14]. Novel software technologies, such as the
“TRAUMA Pathway Explorer” by IBM Watson Health,
are furthermore discussed as available solutions for
predicting trauma outcomes based on demographic
and physiological patient variables (Fig. 4).

The last article in the special collection describes
a deep learning-based computer visual model for
the automated detection of surgical tools and instru-
ments in the operating room [15]. The authors devel-
oped a dataset of based on 1,000 images from more
than 13,000 surgical tools to feed a new artificial
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Rate of Change Alert
ARI decline >20 points
over the past 24 hours.

Re-assess patient and identify the underlying driver of decreasing RI.

Very High Warning
RI: <20
(or automated ARI decline warning)

RN: Re-assess patient; identify underlying driver of low
RI; notify provider. Consider initiating rapid response.

MD: Prioritize rounding, consider goals of care Clarify goals of care with provider.
discussion/palliative care consultation, if appropriate. .
Evaluate post-acute care options.

High Warning
RI: 40-20
(or automated ARI decline warning)

Confirm family and POA contact
information.

RN: Re-assess patient; identify underlying driver of low
RI; notify provider if change in Rl is acute.
MD: Prioritize rounding; consider transfer to higher level Evaluate advanced directives.

of care.

RI: 60-40

Consider increased monitoring re-assessment.

Re-evaluate appropriate level of

(or automated ARI decline warning)

care.

Low Warning

Address discharge planning

RI: 80-60 Consider transfer to lower level of care or discharge. Barriars.
No Warning
RI: 100-80 Execute on discharge plan.

Fig. 3 Rothman Index (RI) grading system as a predictive tool for clinical decision-making and patient downgrade/discharge planning, as implemented
at Mission Hospital, Asheville, NC. © Stahel PF, et al,, 2024. Reproduced with permission by the Creative Commons Attribution 4.0 International License,
from: Stahel PF, et al, The Rothman Index predicts unplanned readmissions to intensive care associated with increased mortality and hospital length of

stay: a propensity-matched cohort study. Patient Saf. Surg. 2024, 18:10
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Fig. 4 "TRAUMA Pathway Explorer” by IBM Watson Health as an example of a novel software analytics tool designed to predict posttraumatic mortality
and patient outcomes. © Pape HC, et al,, 2024. Reproduced with permission by the Creative Commons Attribution 4.0 International License, from: Pape
HC, et al, The role of big data management, data registries, and machine learning algorithms for optimizing safe definitive surgery in trauma: a review.
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intelligence model for optimization of the post-surgical
instrument count accuracy and prevention of uninten-
tionally retained foreign objects after surgery [15]. The
deep learning-based computer vision model demon-
strated a high accuracy up to 100% for distinguishing
surgical tools from background, and a high sensitivity
up to 98.2% for detecting and identifying overlapping
instruments (Fig. 5). The authors concluded that their
innovative deep learning-based visualization model

may provide a future artificial intelligence “safeguard”
to prevent surgical “never events” from occurring and
harming patients, e.g. by the unintentional retention
of foreign objects, such as surgical instruments or lap
sponges [16].

In summary, the featured articles in the new special
collection provide a broad perspective on opportuni-
ties for improving patient safety in surgery via modern
technologies based on machine learning and artificial
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Fig. 5 Deep learning-based artificial intelligence computer vision model for automated detection of surgical tools and instruments for improved post-
surgery count accuracy and prevention of unintentionally retained foreign bodies. © Deol ES, et al,, 2024. Reproduced with permission by the Creative
Commons Attribution 4.0 International License, from: Deol ES, et al., Artificial intelligence model for automated surgical instrument detection and count-

ing: an experimental proof-of-concept study. Patient Saf. Surg. 2024, 18:24
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intelligence. Ultimately, these novel tools can support,
but will not replace, the individual physician’s deci-
sion-making process by reducing the margin of human
error in judgment and risk of unintentional deviation
from established standards of care.
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