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Advancements in computing and data from the near universal acceptance and
implementation of electronic health records has been formative for the growth of
personalized, automated, and immediate patient care models that were not previously
possible. Artificial intelligence (Al) and its subfields of machine learning, reinforcement
learning, and deep learning are well-suited to deal with such data. The authors in
this paper review current applications of Al in clinical medicine and discuss the most
likely future contributions that Al will provide to the healthcare industry. For instance,
in response to the need to risk stratify patients, appropriately cultivated and curated
data can assist decision-makers in stratifying preoperative patients into risk categories,
as well as categorizing the severity of ailments and health for non-operative patients
admitted to hospitals. Previous overt, traditional vital signs and laboratory values that
are used to signal alarms for an acutely decompensating patient may be replaced by
continuously monitoring and updating Al tools that can pick up early imperceptible
patterns predicting subtle health deterioration. Furthermore, Al may help overcome
challenges with multiple outcome optimization limitations or sequential decision-making
protocols that limit individualized patient care. Despite these tremendously helpful
advancements, the data sets that Al models train on and develop have the potential
for misapplication and thereby create concerns for application bias. Subsequently,
the mechanisms governing this disruptive innovation must be understood by clinical
decision-makers to prevent unnecessary harm. This need will force physicians to change
their educational infrastructure to facilitate understanding Al platforms, modeling, and
limitations to best acclimate practice in the age of Al. By performing a thorough narrative
review, this paper examines these specific Al applications, limitations, and requisites while
reviewing a few examples of major data sets that are being cultivated and curated in
the US.

Keywords: data curation, decision making, deep learning, artificial intelligence, electronic health record, machine
learning

Frontiers in Digital Health | www.frontiersin.org 1

June 2021 | Volume 3 | Article 645232


https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/journals/digital-health#editorial-board
https://www.frontiersin.org/journals/digital-health#editorial-board
https://www.frontiersin.org/journals/digital-health#editorial-board
https://www.frontiersin.org/journals/digital-health#editorial-board
https://doi.org/10.3389/fdgth.2021.645232
http://crossmark.crossref.org/dialog/?doi=10.3389/fdgth.2021.645232&domain=pdf&date_stamp=2021-06-25
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles
https://creativecommons.org/licenses/by/4.0/
mailto:cgiordano@anest.ufl.du
https://doi.org/10.3389/fdgth.2021.645232
https://www.frontiersin.org/articles/10.3389/fdgth.2021.645232/full

Giordano et al.

Al'in Clinical Decision-Making

INTRODUCTION

Healthcare systems around the world have rapidly and
pervasively adopted electronic health record (EHR) systems.
Many countries report adoption rates higher than 90%, and the
US is among this group with a reported 96% use as of 2017
(1-3). Currently, nearly 80% of all US office-based physicians
have also adopted an EHR system to satisfy the specifications
and requirements set forth by the US Department of Health and
Human Services for such systems (4). The resulting underlying
databases created by EHR systems contain large heterogeneous
data sets that combine structured and formatted data elements
such as diagnoses (International Classification of Diseases-
10), procedures (Current Procedural Terminology® code), and
medications (RxNorm), but also rich unstructured data such
as clinical narratives, which represent over 80% of the data in
EHRs (5).

Large healthcare systems realized the importance of this
data early on and created data warehouses, now used both for
research purposes and guiding evidence-based clinical practice.
Such data warehouses not only contain EHR data, but also
are often enriched with claims data, imaging data, “omics’-
type data (e.g., genetic variants associated with a disease or a
specific drug response), patient-generated data such as patient-
reported outcomes (Patient-Reported Outcomes Measurement
Information System®) (6) and wearable-generated data (e.g.,
nutrition, at-home vitals monitoring, physical activity status)
from smartphones and watches. One example of the warehousing
of large clinical data for research is the OneFlorida Clinical
Research Consortium (7), funded by the Patient-Centered
QOutcomes Research Institute (PCORI). The OneFlorida Clinical
Research Consortium is one of nine clinical data research
networks funded by PCORI and aggregates, which harmonizes
clinical data from 12 healthcare organizations that care for nearly
15 million Floridians in 22 hospitals and 914 clinical practices
across all 67 counties of the state of Florida. This data repository
functions alongside additional data warehouses that connect
to larger systems that share healthcare data across different
countries. The phenomenon of data sharing in healthcare is
worldwide. For instance, the European Medical Information
Framework (EMIF) contains EHR data from 14 countries,
harmonized into a common data model to facilitate cohort
discovery and research. With virtually unlimited capacity for data
storage and advances in computational power for data analysis,
the bottleneck is now in the development of appropriate methods
to discover new knowledge to improve care.

Artificial intelligence (AI) methods, in particular machine
learning (ML), reinforcement learning, and deep learning, are
particularly well-suited to deal with both the data type and
looming questions in healthcare. AI can aide physicians in
the complex task of risk stratifying patients for interventions,
identifying those most at risk of imminent decompensation, and
evaluating multiple small outcomes to optimize overall patient
outcomes. Integrating physicians into model development and
educating physicians in this field will be the next paradigm
shift in medical education. For example, the complexity of Al
methodologies varies greatly, in turn impacting the ease of

physician understanding and interpretation of results. Physicians
frequently use decision trees as tools; however, they are effectively
tied to the initial tree structure and thus somewhat static (8).
On the other hand, deep learning models such as convolution
neural networks are less easily interpretable, and may make it
more difficult to establish a causal link (9); thus, the development
of such models requires the active involvement of clinicians (10).
Neural networks commonly used to decipher images collected
from patients coupled with the corresponding interpretations
often require involvement from radiologists to curate appropriate
imaging data for training (11). A priori discussions by Al
developers and medically informed physicians are necessary to
define the levels of accuracy and interpretability that are required
in each clinical context.

Despite methodological, societal, and ethical concerns (12),
big data methods are being broadly adopted in healthcare systems
for evidence-based clinical decision-making. In this paper, we
discuss some of the major opportunities for how AI can assist
healthcare workers in clinical decision-making. To prepare for
this disruptive innovation, certain facets of medicine will be
impacted earlier and more substantially than others. In this
paper, we performed an narrative review of specific aspects of
healthcare that we predict will most likely be first impacted by
Al and how that impact can influence everyday clinical practice.
Furthermore, this review includes the potential risks incurred
by adopting AI as well as the requisite educational curricula
changes and knowledge base needed to avert biases and prevent
unsound decision-making.

METHODOLOGY

We performed a comprehensive literature search using the
databases PubMed, EMBASE, and Cochrane Review using
the keywords (including alternative keywords): artificial
intelligence, machine learning, deep learning, perioperative
medicine, perioperative clinical decision making, preoperative
risk stratification, machine learning and multi-objective
optimization, machine learning and warning, machine learning
and bias, and machine learning in medical education. Literature
search included articles published between 2010 and 2020.
Inclusion criteria were articles that focused on adult surgical
patients, randomized controlled trials, observational studies,
review articles, systematic reviews, and meta-analyses. Exclusion
criteria were articles that focused on non-surgical encounters,
editorials, letters to the editors, commentaries, books and book
chapters, conference proceeding, and pediatric surgical patients.
The scope of this review is perioperative clinical decision-
making, including settings in the intensive care unit. In addition,
we highlight the impact of AI on the future of medical education.

RESULTS

An overview of the study’s methodology and results is presented
in Figure 1. The literature search yielded 1,072 abstracts, of
which 185 were duplicates. The authors screened 887 abstracts
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FIGURE 1 | PRISMA flow diagram of accessing artificial intelligence for clinical decision-making.

and 589 were excluded based on the above exclusion criteria.
The authors reviewed 289 full articles for eligibility and 186
articles were excluded because they did not meet inclusion
criteria. The literature summary focused on 103 full articles.
Upon completion of the literature review, we found that there
were five main themes related to the role of machine learning,
artificial intelligence, and clinical decision-making. The ever-
increasing applications of AI methods and tools have potential
in nearly every aspect of the clinical decision-making process. In
this review, the scope was narrowed to three main promising Al
application areas, the potential risks of implementation, and the
requisite need for additional education. Specifically, the areas of
application include: (1) risk stratification, (2) patient outcome
optimization, (3) early warning of acute decompensation, (4)
potential bias in ML, and (5) future medical training. These
five areas were chosen based on consensus among the authors,
who are familiar with recent literature and currently work and
research within the AI space. Additionally, these areas reflect
contemporary discussion points among clinicians, scientists,
engineers, and policymakers given the continued public health
burdens of acute illness, as well as the readily available detailed

time series data for many at-risk patients. For a more detailed
and granular review of AI and deep learning application, which
is outside the aims of this review, please see (13, 14).

DISCUSSION
Risk Stratification

ML models that can risk-stratify patients in preparation for
surgery will help clinicians identify high-risk patients and
optimize resource use and perioperative decisions. ML and
Al can help clinicians, patients, and their families efficiently
process all available data to generate informed, evidence-based
recommendations and participate in shared decision-making
to identify the best course of action. ML algorithms can be
incorporated into several areas across the spectrum of care,
either for disease management or in perioperative settings
(15). Risk-prediction models have been used in healthcare
practice to identify high-risk patients and to make appropriate
subsequent clinical decisions. Appropriate risk stratification
should result in proper resource use in this era of value-
based care. Most risk-prediction tools are historically built
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based upon statistical regression models. Examples include the
Framingham risk score, QRISK3 (for coronary heart disease,
ischemic stroke, and transient ischemic attack), and National
Surgical Quality Improvement Program (NSQIP). Unfortunately,
many of these risk stratification methods are either non-specific
and lack patient-level precision or require trained clinicians to
review the records and specifically assess the risk. Healthcare
systems have increasingly sought to use ML to assist in risk
stratification, and these ML models may outperform statistical
models in calibration and discrimination. A growing nationwide
effort is seeking to enhance preoperative and perioperative
support for high-risk patients and high-cost populations (16,
17). Preoperative evaluation clinics focusing on evaluating high-
risk patients have shown improvement in 30-day postoperative
outcomes (18). However, identifying these patients is challenging
because of the difficulty in timely access to patient data coupled
with the lack of robust predictive models. Many traditionally used
models have been created to predict postoperative complications
but with limited applicability at an individual patient level.
Any predictive risk score is dependent on the underlying data
and the technology used to process the data. In order to
create a better prediction, high-quality, continuous data from
multiple domains are required. Also, advancements in health
data processing, biosensors, genomics, and proteomics will help
provide a complete set of data that will enable perioperative
intelligence (19). Furthermore, risk stratification is not limited
to the preoperative setting. Incorporating intraoperative data for
early detection of complications or clinical aberrations could
also prevent inflammatory reactions that exacerbate the injury
or high-risk interventions that may lead to iatrogenic injuries.
Therefore, clinicians can use ML technology to build proactive
systems to avoid these potentially destructive processes.

Multiple ML models that risk-stratify patients with a disease
or prepare patients for surgery have been recently developed
and validated (16, 20-25). These ML models have been shown
to better predict mortality than conventional logistic regression
after liver cancer surgery, aortic aneurysm surgery, and cardiac
surgery. Other ML models have also been developed and
validated to predict the risk of super-utilization and plan
accordingly, starting in the preoperative setting in an increased
effort to enhance value-based care (17). ML models to predict
perioperative risk need to be accurate, locally calibrated, and
clinically accessible. Changes in patient condition throughout
the perioperative period can be included to update the risk
assessment. The advantage of ML models in risk prediction is
its automation capability, which is less burdensome compared
to current tools (e.g., NSQIP). ML models allow for continuous
recalculation of risk longitudinally over time, which can act
as early-warning systems alerting clinicians to sudden changes.
Incorporation of intraoperative data and interventions, such
as hypotension, enable further interventions that enhanced
recovery after surgery pathways emphasize. Another advantage
is the promise that the use of ML in medicine will facilitate
an understanding of what features drive outcomes (26). In
perioperative medicine, ML can maximize the benefits of
technology to provide safe, timely, and affordable healthcare. The
key is integration of all data-generating platforms throughout all

phases of patient care with collaboration to identify risks, detect
complications early, and offer timely treatment (19).

Patient Outcome Optimization

Optimization for each or the multiple potential patient outcomes
is vital to the clinical decision-making process and the ensuing
patient care. Typically, the requisite optimal steps, their
timing, and the best sequence are determined by healthcare
providers in consultation with family members. Despite best
intentions, such decisions occasionally lead to suboptimal
care due to the complexity of patient care, the increasing
responsibilities of healthcare providers, or simply because of
human error. The clinical decision-making process is often
strictly based on standard guidelines and protocols that satisfy
safety and accountability requirements. However, deviation from
established protocols in complex care environments can be
beneficial for the patient to adapt treatments for a more
personalized regimen. In such dynamic settings, ML methods
can be valuable tools for optimizing patient care outcomes in
a data-driven manner, especially in acute care settings. ML and
modern deep-learning techniques typically optimize an objective
function (e.g., medication dosage) based on complex and
multidimensional data (e.g., patient medical history extracted
from EHRs). ML tools for optimizing care outcomes have been
used in various settings, including critical care for optimizing
sepsis management (27), management of chronic conditions
(28), and optimizing surgical outcomes (29). Optimizing patient
outcomes can be based on relatively simple yet efficient tools,
such as decision trees in conjunction with the domain expertise to
systematically codify accepted understanding of disease models
and common treatments for patients. Although helpful in
assisting with single-step decisions, these tools fail to consider the
importance of sequential decision-making, which include many
decisions that are dependent on previous actions.

Another more sophisticated approach is to use sequential
decision-making tools that draw inspiration from related fields,
such as operation research. For example, deep reinforcement
learning models (30, 31) are based on well-known concepts such
as the Markov decision process (MDP) (32) and Q-learning
(33) adapted to neural networks. Reinforcement learning
models learn to identify optimal policies based on a reward
function. The policies are defined as a series of actions that
culminate in the greatest reward, hence identifying the optimal
policy. Recently, reinforcement learning and deep reinforcement
learning have been used in several clinical settings, including
optimal dosing and choice of medications, optimal timing of
interventions, and optimal individual target laboratory values
(34). For example, Nemati et al. used deep reinforcement
learning to optimize medication dosing (35), and Prasad et
al. (36) used a reinforcement learning approach to weaning
mechanical ventilation in the intensive care unit. Although
such tools hold great potential in optimizing the patient care
process, safety and accountability is paramount. This could
be complicated by the black-box nature of modern deep-
learning approaches. The resulting policies may be dynamic
and personalized, but their rationale may be challenging to
interpret and explain. Additionally, unlike typical simulation
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and gaming environments, applying reinforcement learning in
clinical settings is much more challenging. It is not trivial to
identify the most suitable reward structure, and the effects
of treatments can be non-deterministic. In such settings, it
is difficult to solve the credit assignment problem, ie., to
demonstrate that deviations from the protocol based on a
reinforcement learning suggestion were beneficial for the patient.
Future approaches also could examine different time scales. For
example, although early interventions (e.g., early antibiotics) may
not lead to immediate improvements, they could culminate in the
greatest ultimate reward (e.g., higher survival rate).

Patient outcome optimization such as reinforcement learning
methods can ultimately provide a tool to help standardize
care at health systems of different scales. This could provide
a more equitable healthcare system, especially in rural and
remote settings.

Early Warning of Acute Decompensation
Acute decompensation is uncommon, but it is typically
accompanied by increasing physiologic derangements and
worse outcomes. Intervening early may mitigate poor outcomes;
however, it is often difficult to identify this patient population
before significant hemodynamic compromise with our
traditional standard monitoring and commonly used early-
warning scores. Six to eight hours may precede such acute
patient decompensation, which can easily provide ample time
for interventions to be made (37). The EHR contains a large
amount of data that may be useful to identify patients at the
highest risk of decompensation if the data are evaluated over
time (37, 38). Multivariate regression-based models or Al-based
early-warning systems have the potential to detect subtle trends
in physiologic parameters over time to provide precision and
reliability (38-41).

Vital sign monitoring and associated alarms were one of
the earliest methods to detect patient decompensation (40).
They are effective in alerting providers to discrete vital sign
abnormalities in real time; however, early or isolated vital
sign abnormalities also may fail to signal to providers an
impending decompensation (40). Once it becomes evident that
a patient is decompensating, the initial response is often directed
toward correcting one or more abnormalities until an etiology
is determined. The Modified Early Warning Score (MEWS),
Rothman Index, Sequential Organ Failure Assessment Score
(SOFA), and quick SOFA (qSOFA) were developed to incorporate
multiple vital sign abnormalities to identify at-risk patients before
decompensation occurs. The drawbacks to these scores are that
even if they are automated and incorporated into the medical
record, they rely on discrete data points of pre-existing vital
sign changes and are subject to reporting error. Additionally,
because of their high sensitivity but low discriminatory ability,
these scores identify a large number of patients as “at risk”
when the actual number is far lower (38). Furthermore, because
interventions often involve their own risks, they may not be
implemented until it becomes clear that a patient’s condition
is rapidly deteriorating. At that point, immediate and possibly
emergent interventions that are themselves high risk and invasive
must be performed. Preventative measures may be taken earlier

and with more accuracy if Al metrics are implemented as
opposed to the traditional risk-evaluation scores (40, 42). Al-
based monitoring incorporated into the EHR can facilitate the
use of large volumes of data for all patients more efficiently and
precisely than a physician could, enabling AI to identify patients
who are most at risk.

The operating room may be one of the most challenging
areas for early detection, workup, and treatment of acute
decompensation. The Hypotension Prediction Index (HPI;
Edwards Lifesciences, Irvine, CA) is an algorithm created
to aid in the early detection of intraoperative hypotension,
defined as mean arterial pressure <65 mmHg for non-cardiac
surgeries (41, 43, 44). It is now incorporated into the Edwards
monitoring system. It was developed using an ML, logistic
regression-based model analyzing components of the arterial
waveform (41, 43, 44). One advantage is that in addition to
early notification of hypotension, this tool also identifies some
of the most likely causes for the predicted hypotensive event,
e.g., vasoplegia, hypovolemia, or possibly conditions related to
cardiac contractility. Initial studies, although small, single center,
and not without bias, indicate that the HPI and implementation
of the monitor were reasonably effective in preventing clinically
significant hypotensive events. Although developed with AI,
this monitor and associated alarm rely on the data that it was
trained and developed on, and they do not learn and adapt with
each patient.

Using Al to effectively create an early-warning score using
time series data from the EHR presents many challenges. An ideal
score would identify patients before an obvious decompensation.
It would have excellent discriminatory ability so that physicians
would have confidence implementing appropriate interventions
as well as transparency to identify the sources of risk and
the reasons for decompensation. Incorporating appropriate
treatments and their effects on risk reduction remains a weakness
of all existing early-warning systems. Al-based algorithms using
time series data from the EHR are in development with
strong results. Shickel et al. used a modified recurrent neural
network model on temporal intensive care unit data to develop
deepSOFA, a real-time mortality risk prediction score based on
the traditional SOFA score (38). Its predictive ability performed
well in identifying increased risk of mortality. Lauritsen et al.
developed the explainable AI early-warning score (xAI-EWS).
It is meant to be incorporated into the EHR and uses a
temporal convolutional network and deep Taylor explanation
model to provide predictions. It has demonstrated feasibility
using predictions for risk of acute injury, sepsis, and acute lung
injury (39).

Potential for Bias in ML

As Al becomes more pervasive in both public and personal health
across diverse populations, there have been increasing concerns,
and related examples, of Al solutions leading to inadvertent bias
of modeling results (45-48). Broadly, such bias can originate
from the data used for model training and testing, as well as
the mechanics of the model itself (49). Bias originating from
data can be pernicious; for instance, work by Weber et al. found
that simply filtering for “complete” EHRs, a common strategy for
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managing missing data, introduced a bias toward older patients
who were more likely female (50).

Less pernicious examples include reference imaging datasets
in which more than 80% of subjects were light-skinned
individuals (51). With respect to modeling mechanics, the non-
linearities, extensive interactions among variables, and difficulties
interpreting how ML models arrived at their results, ML
also presents many new challenges to addressing sources of
inadvertent bias that differ from classifiers that enforce linear
models of independent variables in smaller, more manageable
datasets. Under the rubric of decision support, an unfair
algorithm has been defined as “one whose decisions are
skewed toward a particular group of people” (49). Verma
and Rubin have clarified several definitions of algorithmic
fairness, where definitions are based on objective probabilistic
assessments (52). These definitions help provide a platform
for promoting algorithmic fairness by creating neutral models
through approaches addressing anti-classification, classification
parity, and model calibration on protected attributes (53).
Notably, these solutions may present their own ethical issues.
McCradden et al. (54) suggest that some solutions to algorithmic
fairness can instead reinforce health inequities and even
exacerbate harms to vulnerable groups. Until more robust
solutions to the challenges of algorithmic fairness can be
identified and implemented, physicians should remain vigilant
for how ML models, built on training samples from general
populations, may be misapplied to their own patients. This
appreciation of ML building and application will require a new
level of professional development and commensurate medical
education curricula, which will be discussed in the next section.

Paradigmatic Shift in Medical Training

Applying advances in biomedical informatics and ML models to
patient care will require clinicians to reconsider their educational
training and infrastructure. Wartman et al. noted that the
practice of medicine is transitioning from the Age of Information
to the Age of AI (55). Traditionally, medical curriculum has
been founded on memorizing a massive curriculum, applying
it to a learned clinical experience, and determining the validity
of ensuing information as it becomes published. Similarly,
understanding principles of normal variants of anatomy and
physiology, followed by an examination of pathophysiologic
variants, presents students with a model-based rubric in which
to incorporate each new wave of information learned through
personal experience as well as throughout the medical literature.
This paradigm has also permitted physicians to extrapolate
previous understanding by logic and experience to novel
diagnostic reasoning and therapeutic approaches by extension
of previous models. However, the amount of information has
become insurmountable. The time for medical information
to double was 50 years in 1950, 7 years in 1980, 3.5 years
in 2010, and a staggering estimate of 73 days in 2020 (56).
Humans are not only incapable of this level of exposure
or retention, but the magnitude has also created substantial
levels of stress-induced mental illness among learners (57).
Fortunately, advances in biomedical informatics point to new
approaches that can seamlessly synthesize old and new medical

information. These advances will provide the foundation for
Al advances to recognize patterns of patient information to
help diagnose, treat, and manage patients. This transition
will require the development of new knowledge, skills, and
attitudes by healthcare workers. Furthermore, it will require
a rethinking of the medical school curriculum, in which new
data analytics methods are carefully integrated with traditional
medical education. In an extremely busy curriculum and at a time
of numerous other considerations, such as climate change (58),
incorporating AI will present challenges.

Many of the AI subfields such as ML and deep learning
use complex algorithms that generate outputs from seemingly
opaque non-linear functions that most physicians likely find
difficult to understand or incorporate into their existing
approaches to evidence-based medicine. Subsequently, this
black-box phenomena (10) will be difficult for physicians to trust,
and it will also be a challenge for the doctor-patient relationship
since many physicians will find themselves unable to explain
the diagnosis, prediction, or therapy (59). This challenge will
increase with the stakes and timeliness of the given issue; for
instance, outcome assessments involving the withdrawal of care
may pose heightened anxiety regardless of the model’s accuracy.
Therefore, physicians will need to develop a basic understanding
of how input data are aggregated, analyzed, and generated
into specific pathways of care for individualized patients.
Furthermore, these algorithms will require physicians to have a
better understanding of calculus and linear algebra, manipulation
of data sets (curation, provenance, quality, integration, and
governance), and model performance metrics fundamental in
grading Al algorithmic decision-making. This knowledge will
allow physicians to recognize when AI algorithms are being
used on inappropriate patient populations, when Al tools have
become outdated and need updating, or when aggregated data
is biased. These new AI clinical decision-support systems have
limitations in their application to patient populations, contextual
changes, and therapeutic variances that will require a stronger
appreciation of probabilities and confidence ratings (59). It will
also be important to understand when physicians are justified
in deviating from Al-inspired treatment protocols. Physicians
will need to update their understanding of evidence-based
medicine principles to include modern approaches to analyzing
and assessing causality to ensure a robust understanding of how
patients, social determinants of health, and healthcare systems
interact to inform health-related outcomes. Physicians practicing
in the age of AI should be competent in the effective integration
and data use that emerges from an endless array of sources.

The emerging need for understanding how Al data platforms
function and generate predictions is juxtaposed with the ever-
important traditional need for communication skills, empathy,
and teamwork. Translating the predictions from complex AI
algorithms into meaningful and personalized information for
patients will require strong communication skills as well as
compassion. Compounding this resurgence of social skills
requisition for medical practice will be the application of
cognitive psychology principles. Understanding this need for
social skills will help identify biases and heuristics that
impact decision-making as well as help physicians frame
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choices, understand context, and have neutral but meaningful
conversations with patients (55).

CONCLUSIONS

The ubiquitous adoption of EHRs in healthcare systems around
the world has created vast repositories of personalized data
sets that are perfectly fitted for AI to examine, develop,
and predict upon. The subfields of ML and deep learning
networks have shown success in providing solutions to the
healthcare questions of risk stratification and optimizing patient
outcomes. Use of this technology will exponentially expand
as it is increasingly integrated into large healthcare systems.
Al capabilities will aide physicians in weighing competing
healthcare goals and numerous risks by facilitating multiple
outcome optimization of outcomes that are too difficult to
recognize and navigate on an individual and isolated basis.
Healthcare workers will be expected to comfortably work within
this new Al frontier and in turn relate it to their patients.
Furthermore, physicians must be able to interpret the predictions
of these AI algorithms as well as deconstruct the models from
which they ebb. In addition, physicians will need to recognize
plausible bias and the appropriate patient population application
that stems from understanding the training cohort used to
create the model. This understanding will require additional
medical education and professional development for current

REFERENCES

1. Beckers Health IT. Top 10 Countries for EHR Adoption. (2013).
Available online at: https://www.beckershospitalreview.com/healthcare-
information- technology/top- 10- countries-for-ehr-adoption.html
(accessed March 1, 2021).

2. The Health Institute for E-Health Policy. A Glimpse at EHR Implementation
Around the World: The Lessons the US Can Learn. (2014). Available
online at: https://www.e-healthpolicy.org/sites/e-healthpolicy.org/files/A_
Glimpse_at_EHR_Implementation_Around_the_World1_ChrisStone.pdf
(accessed March 1, 2021).

3. Office of the National Coordinator for Health Information Technology. Non-
federal Acute Care Hospital Electronic Health Record Adoption. Health IT
Quick-Stat #47 (2017). Available online at: https://dashboard.healthit.gov/
quickstats/pages/FIG-Hospital-EHR- Adoption.php (accessed February 16,
2020).

4. Office of the National Coordinator for Health Information Technology. Office-
Based Physician Electronic Health Record Adoption. Health I'T Quick-Stat #50
(2019). Available online at: https://dashboard.healthit.gov/quickstats/pages/
physician-ehr-adoption-trends.php (accessed February 16, 2020).

5. Meystre SM, Savova GK, Kipper-Schuler KC, Hurdle JF. Extracting
information from textual documents in the electronic health record:
a review of recent research. Yearb Med Inform. (2008) 17:128-44.
doi: 10.1055/s-0038-1638592

6. HealthMeasures. Transforming How

PROMIS®. Available online at:
healthmeasures.net/explore- measurement- systems/promis
(accessed December. 22, 2020).

7. Shenkman E, Hurt M, Hogan W, Carrasquillo O, Smith S, Brickman
A, et al. OneFlorida linking a
clinical and translational science institute with a community-based
distributive medical education model. Acad Med. (2018) 93:451-55.
doi: 10.1097/ACM.0000000000002029

Health Is

Measured. https://www.

Clinical Research Consortium:

practitioners and a revamped curriculum for all new learners
currently in medical school. Most importantly, physicians must
maintain and cultivate emotional intelligence and compassion
when relaying results and recommending interventions from
these complex models to uncertain and vulnerable patients who
want to make informed decisions for themselves or a family
member’s well-being.

AUTHOR CONTRIBUTIONS

CG, MB, BM, PR, FM, and PT contributed substantially
to all aspects of the work, including conception, literature
review, manuscript drafting, critical revision, and agreed to be
accountable for all aspects of the work. All authors contributed
to the article and approved the submitted version.

FUNDING

This work was supported by the Donn M. Dennis, MD,
Professorship in Anesthetic Innovation 386 (PT) and
by NIH 5R01GM114290 (PT) and 5R01AG055337 (PT).
PR was partially supported by the National Science
Foundation CAREER award 1750192 and 1R21EB027344
from the National Institute of Biomedical Imaging
and Bioengineering (NIBIB).

8. Azar AT, El-Metwally SM. Decision tree classifiers for automated
medical  diagnosis.  Neural — Comput  Appl.  (2013)  23:2387-
403. doi: 10.1007/s00521-012-1196-7

9. Prosperi M, Guo Y, Sperrin M, Koopman JS, Min JS, He X, et al. Causal
inference and counterfactual prediction in machine learning for actionable
healthcare. Nat Mach Intell. (2020) 2:369-75. doi: 10.1038/s42256-020-0197-y

10. Wang E Kaushal R, Khullar D. Should health care demand interpretable
artificial intelligence or accept “black box” medicine? Ann Intern Med. (2020)
172:59-60. doi: 10.7326/M19-2548

11. Martin Noguerol T, Paulano-Godino F Martin-Valdivia MT, Menias CO,
Luna A. Strengths, weaknesses, opportunities, and threats analysis of artificial
intelligence and machine learning applications in radiology. J Am Coll Radiol.
(2019) 16(Pt. B):1239-47. doi: 10.1016/j.jacr.2019.05.047

12. Prosperi, M, Min JS, Bian ], Modave F. Big data hurdles in precision
medicine and precision public health. BMC Med Inform Decis Mak. (2018)
18:139. doi: 10.1186/s12911-018-0719-2

13. Panesar A. Machine Learning and Al for Healthcare. Coventry: Apress (2019).

14. Shickel B, Tighe PJ, Bihorac A, Rashidi P. Deep EHR: a survey
of recent advances in deep learning techniques for electronic health
record (EHR) analysis. IEEE ] Biomed Health Inform. (2018) 22:1589-
604. doi: 10.1109/JBHI.2017.2767063

15. Debnath S, Barnaby DP, Coppa K, Makhnevich A, Ji Kim E, Chatterjee S, et
al. Machine learning to assist clinical decision-making during the COVID-19
pandemic. Bioelectron Med. (2020) 6:14. doi: 10.1186/s42234-020-00050-8

16. Corey KM, Kashyap S, Lorenzi E, Lagoo-Deenadayalan SA, Heller K, Whalen
K, et al. Development and validation of machine learning models to identify
high-risk surgical patients using automatically curated electronic health
record data (Pythia): a retrospective, single-site study. PLoS Med. (2018)
15:¢1002701. doi: 10.1371/journal.pmed.1002701

17. Hyer JM, Ejaz A, Tsilimigras DI, Paredes AZ, Mehta R, Pawlik TM. Novel
machine learning approach to identify preoperative risk factors associated
with super-utilization of medicare expenditure following surgery. JAMA Surg.
(2019) 154:1014-21. doi: 10.1001/jamasurg.2019.2979

Frontiers in Digital Health | www.frontiersin.org

June 2021 | Volume 3 | Article 645232


https://www.beckershospitalreview.com/healthcare-information-technology/top-10-countries-for-ehr-adoption.html
https://www.beckershospitalreview.com/healthcare-information-technology/top-10-countries-for-ehr-adoption.html
https://www.e-healthpolicy.org/sites/e-healthpolicy.org/files/A_Glimpse_at_EHR_Implementation_Around_the_World1_ChrisStone.pdf
https://www.e-healthpolicy.org/sites/e-healthpolicy.org/files/A_Glimpse_at_EHR_Implementation_Around_the_World1_ChrisStone.pdf
https://dashboard.healthit.gov/quickstats/pages/FIG-Hospital-EHR-Adoption.php
https://dashboard.healthit.gov/quickstats/pages/FIG-Hospital-EHR-Adoption.php
https://dashboard.healthit.gov/quickstats/pages/physician-ehr-adoption-trends.php
https://dashboard.healthit.gov/quickstats/pages/physician-ehr-adoption-trends.php
https://doi.org/10.1055/s-0038-1638592
https://www.healthmeasures.net/explore-measurement-systems/promis
https://www.healthmeasures.net/explore-measurement-systems/promis
https://doi.org/10.1097/ACM.0000000000002029
https://doi.org/10.1007/s00521-012-1196-7
https://doi.org/10.1038/s42256-020-0197-y
https://doi.org/10.7326/M19-2548
https://doi.org/10.1016/j.jacr.2019.05.047
https://doi.org/10.1186/s12911-018-0719-2
https://doi.org/10.1109/JBHI.2017.2767063
https://doi.org/10.1186/s42234-020-00050-8
https://doi.org/10.1371/journal.pmed.1002701
https://doi.org/10.1001/jamasurg.2019.2979
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles

Giordano et al.

Al'in Clinical Decision-Making

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

McDonald SR, Heflin MT, Whitson HE, Dalton TO, Lidsky ME,
Liu P, et al. Association of integrated care coordination with
postsurgical outcomes in high-risk older adults: the Perioperative
Optimization of Senior Health (POSH) Initiative. JAMA Surg. (2018)
153:454-62. doi: 10.1001/jamasurg.2017.5513

Maheshwari K, Ruetzler K, Saugel B. Perioperative intelligence: applications of
artificial intelligence in perioperative medicine. J Clin Monit Comput. (2020)
34:625-8. doi: 10.1007/s10877-019-00379-9

Tseng Y-J, Wang H-Y, Lin T-W, Lu J-J, Hsieh C-H, Liao C-T.
Development of a machine learning model for survival risk stratification
of patients with advanced oral cancer. JAMA Netw Open. (2020)
3:¢2011768. doi: 10.1001/jamanetworkopen.2020.11768

Merath K, Hyer JM, Mehta R, Farooq A, Bagante F, Sahara K, et al. Use of
machine learning for prediction of patient risk of postoperative complications
after liver, pancreatic, and colorectal surgery. | Gastrointest Surg. (2020)
24:1843-51. doi: 10.1007/s11605-019-04338-2

Fernandes MPB, Armengol de la Hoz M, Rangasamy V, Subramaniam B.
Machine learning models with preoperative risk factors and intraoperative
hypotension parameters predict mortality after cardiac surgery. ] Cardiothorac
Vasc Anesth. (2020) 35:857-65. doi: 10.1053/j.jvca.2020.07.029

Wise ES, Hocking KM, Brophy CM. Prediction of in-hospital mortality after
ruptured abdominal aortic aneurysm repair using an artificial neural network.
J Vasc Surg. (2015) 62:8-15. doi: 10.1016/j.jvs.2015.02.038

Kwon J-M, Jeon K-H, Kim HM, Kim MJ, Lim S, Kim K-H et al. Deep-learning-
based risk stratification for mortality of patients with acute myocardial
infarction. PLoS ONE. (2019) 14:0224502. doi: 10.1371/journal.pone.0224502
Myers PD, Scirica BM, Stultz CM. Machine learning improves
risk stratification after acute coronary syndrome. Sci Rep. (2017)
7:12692. doi: 10.1038/s41598-017-12951-x

Hill BL, Brown R, Gabel E, Rakocz N, Lee C, Cannesson M, et al. An
automated machine learning-based model predicts postoperative mortality
using readily-extractable preoperative electronic health record data. Br J
Anaesth. (2019) 123:877-86. doi: 10.1016/j.bja.2019.07.030

Tsoukalas T, Albertson T, Tagkopoulos I. From data to optimal decision
making: a data-driven, probabilistic machine learning approach to
decision support for patients with sepsis. JMIR Med Inform. (2015)
3:ell. doi: 10.2196/medinform.3445

Siontis KC, Yao X, Pirruccello JP, Philippakis AA, Noseworthy PA. How will
machine learning inform the clinical care of atrial fibrillation? Circ Res. (2020)
127:155-69. doi: 10.1161/CIRCRESAHA.120.316401

Senders JT, Staples PC, Karhade AV, Zaki MM, Gormley WHB,
Broekman MLD, et al. Machine learning and
outcome prediction: a systematic review. World Neurosurg.
109:476-86.e1. doi: 10.1016/j.wneu.2017.09.149

Mnih V, Kavukcuoglu K, Silver D, Rusu AA, Veness ], Bellemare MG, et al.
Human-level control through deep reinforcement learning. Nature. (2015)
518:529-33. doi: 10.1038/nature14236
Frangois-Lavet V, Henderson P,
J. An introduction to deep
(2018) doi: 10.1561/9781680835397
Bellman R. A Markovian decision process. ] Math Mech. (1957) 6:679-
84. doi: 10.1512/ium;j.1957.6.56038

Watkins CJCH. Learning from delayed rewards (Ph.D. thesis), University of
Cambridge, Cambridge, United Kingdom (1989).

Liu S, See KC, Ngiam KY, Celi LA, Sun X, Feng M. Reinforcement learning for
clinical decision support in critical care: comprehensive review. ] Med Internet
Res. (2020) 22:e18477. doi: 10.2196/18477

Nemati S, Ghassemi MM, Clifford GD. Optimal medication
dosing from suboptimal clinical examples: a deep reinforcement
learning approach. Annu Int Conf IEEE Eng Med Biol Soc. (2016)
2016:2978-81. doi: 10.1109/EMBC.2016.7591355

Prasad N, Cheng L-F, Chivers C, Draugelis M, Engelhardt BE. A reinforcement
learning approach to weaning of mechanical ventilation in intensive care
units. arXiv. (2017) arXiv:170406300.

Taenzer AH, Pyke JB, McGrath SP, Blike GT.
oximetry surveillance on
transfers: a before-and-after concurrence study. Anesthesiology. (2010)
112:282-7. doi: 10.1097/ALN.0b013e3181ca7a9b

neurosurgical
(2018)

Islam R, Bellemare MG, Pineau
reinforcement  learning.  arXiv.

Impact of pulse

rescue events and intensive care unit

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Shickel B, Loftus TJ, Adhikari L, Ozrazgat-Baslanti T, Bihorac A,
Rashidi P. DeepSOFA: a continuous acuity score for critically ill
patients using clinically interpretable deep learning. Sci Rep. (2019)
9:1879. doi: 10.1038/s41598-019-38491-0

Lauritsen SM, Kristensen M, Olsen MV, Larsen MS, Lauritsen KM,
Jorgensen M]J, et al. Explainable artificial intelligence model to predict
acute critical illness from electronic health records. Nat Commun. (2020)
11:3852. doi: 10.1038/s41467-020-17431-x

Vistisen, ST, Johnson AEW, Scheeren TWL. Predicting vital sign deterioration
with artificial intelligence or machine learning. J Clin Monit Comput. (2019)
33:949-51. doi: 10.1007/s10877-019-00343-7

Hatib E Jian Z, Buddi S, Lee C, Settels J, Sibert K, et al
Machine-learning algorithm to predict hypotension based on high-
fidelity arterial pressure waveform analysis. Anesthesiology. (2018)
129:663-74. doi: 10.1097/ALN.0000000000002300

Davies S§J, Vistisen ST, Jian Z, Hatib E Scheeren TWL. Ability of an
arterial waveform analysis-derived hypotension prediction index to predict
future hypotensive events in surgical patients. Anesth Analg. (2020) 130:352-
9. doi: 10.1213/ANE.0000000000004121

Edwards Lifesciences Corporation. Acumen Hypotension Prediction Index.
Available online at: https://www.edwards.com/devices/decision-software/hpi
(accessed December 22, 2020).

Wijnberge M, Geerts BE, Hol L, Lemmers N, Mulder MP, Berge P,
et al. Effect of a machine learning-derived early warning system for
intraoperative hypotension vs standard care on depth and duration of
intraoperative hypotension during elective noncardiac surgery: the HYPE
randomized clinical trial. JAMA. (2020) 323:1052-60. doi: 10.1001/jama.202
0.0592

Char DS, Shah NH, Magnus D. Implementing machine
learning in health care—addressing ethical challenges.
N Engl ] Med. (2018) 378:981.  doi: 10.1056/NEJMp17
14229

Rajkomar A, Hardt M, Howell MD, Corrado G, Chin MH. Ensuring fairness in
machine learning to advance health equity. Ann Intern Med. (2018) 169:866-
72. doi: 10.7326/M18-1990

O’Reilly-Shah VN, Gentry KR, Walters AM, Zivot J, Anderson CT,
Tighe PJ. Bias and ethical considerations in machine learning and the
automation of perioperative risk assessment. Br ] Anaesth. (2020) 125:843-
6. doi: 10.1016/j.bja.2020.07.040

Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting
racial bias in an algorithm wused to manage the health of
populations.  Science.  (2019)  366:447-53. doi:  10.1126/science.aa
X2342

Mehrabi N, Morstatter F, Saxena N, Lerman K, Galstyan A. A survey on bias
and fairness in machine learning. arXiv. (2019) arXiv:190809635.

Weber GM, Adams WG, Bernstam EV, Bickel JP, Fox KB,
Marsolo K, et al. Biases introduced by filtering electronic
health records for patients with “complete data.” | Am
Med  Inform  Assoc. (2017)  24:1134-41. doi:  10.1093/jamia/o
cx071

Buolamwini J, Gebru T. Gender shades: intersectional accuracy disparities
in commercial gender classification. In: Friedler SA, Wilson C, editors.
Proceedings of the Ist Conference on Fairness, Accountability and
Transparency. New York, NY: PMLR (2018). p. 77-91.

Verma S, Rubin J. Fairness definitions explained. In: Proceedings of the
International Workshop on Software Fairness (FairWare ’18). New York, NY:
Association for Computing Machinery (2018). p. 1-7.

Corbett-Davies S, Goel S. The
fairness: a critical review of fair
(2018) arXiv:180800023.

McCradden MD, Joshi S, Mazwi M, Anderson JA. Ethical limitations
of algorithmic fairness solutions in health care machine learning.
Lancet Digit Health. (2020) 2:e221-3. doi: 10.1016/S2589-7500(20)30
065-0

and mismeasure of
machine learning.

measure
arXiv.

Wartman  SA, Combs CD. Medical education must move
from the information age to the age of artificial intelligence.
Acad  Med.  (2018)  93:1107-9. doi:  10.1097/ACM.00000000000
02044

Frontiers in Digital Health | www.frontiersin.org

June 2021 | Volume 3 | Article 645232


https://doi.org/10.1001/jamasurg.2017.5513
https://doi.org/10.1007/s10877-019-00379-9
https://doi.org/10.1001/jamanetworkopen.2020.11768
https://doi.org/10.1007/s11605-019-04338-2
https://doi.org/10.1053/j.jvca.2020.07.029
https://doi.org/10.1016/j.jvs.2015.02.038
https://doi.org/10.1371/journal.pone.0224502
https://doi.org/10.1038/s41598-017-12951-x
https://doi.org/10.1016/j.bja.2019.07.030
https://doi.org/10.2196/medinform.3445
https://doi.org/10.1161/CIRCRESAHA.120.316401
https://doi.org/10.1016/j.wneu.2017.09.149
https://doi.org/10.1038/nature14236
https://doi.org/10.1561/9781680835397
https://doi.org/10.1512/iumj.1957.6.56038
https://doi.org/10.2196/18477
https://doi.org/10.1109/EMBC.2016.7591355
https://doi.org/10.1097/ALN.0b013e3181ca7a9b
https://doi.org/10.1038/s41598-019-38491-0
https://doi.org/10.1038/s41467-020-17431-x
https://doi.org/10.1007/s10877-019-00343-7
https://doi.org/10.1097/ALN.0000000000002300
https://doi.org/10.1213/ANE.0000000000004121
https://www.edwards.com/devices/decision-software/hpi
https://doi.org/10.1001/jama.2020.0592
https://doi.org/10.1056/NEJMp1714229
https://doi.org/10.7326/M18-1990
https://doi.org/10.1016/j.bja.2020.07.040
https://doi.org/10.1126/science.aax2342
https://doi.org/10.1093/jamia/ocx071
https://doi.org/10.1016/S2589-7500(20)30065-0
https://doi.org/10.1097/ACM.0000000000002044
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles

Giordano et al.

Al'in Clinical Decision-Making

56.

57.

58.

59.

Densen  P.  Challenges and  opportunities  facing  medical
education.  Trans Am  Clin  Climatol  Assoc.  (2011) 122:
48-58.

Obermeyer Z, Lee TH. Lost in thought—the limits of the human mind and the
future of medicine. N Engl ] Med. (2017) 377:1209-11. doi: 10.1056/NEJMp17
05348

Finkel ML. A call for action: integrating climate
change into the medical school curriculum. Perspect
Med Educ. (2019) 8:265-6. doi: 10.1007/540037-019-00
541-8

Paranjape K, Schinkel M, Nannan Panday R, Car J, Nanayakkara
P.  Introducing artificial  intelligence  training in  medical
education. JMIR Med Educ. (2019) 5:e16048. doi: 10.2196/1
6048

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

The reviewer, TL, declared to the editor a past collaboration with the authors, and
confirms the absence of ongoing collaborations at the time of the review.

Copyright © 2021 Giordano, Brennan, Mohamed, Rashidi, Modave and Tighe.
This is an open-access article distributed under the terms of the Creative Commons
Attribution License (CC BY). The use, distribution or reproduction in other forums
is permitted, provided the original author(s) and the copyright owner(s) are credited
and that the original publication in this journal is cited, in accordance with accepted
academic practice. No use, distribution or reproduction is permitted which does not
comply with these terms.

Frontiers in Digital Health | www.frontiersin.org

June 2021 | Volume 3 | Article 645232


https://doi.org/10.1056/NEJMp1705348
https://doi.org/10.1007/s40037-019-00541-8
https://doi.org/10.2196/16048~
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org
https://www.frontiersin.org/journals/digital-health#articles

	Accessing Artificial Intelligence for Clinical Decision-Making
	Introduction
	Methodology
	Results
	Discussion
	Risk Stratification
	Patient Outcome Optimization
	Early Warning of Acute Decompensation
	Potential for Bias in ML
	Paradigmatic Shift in Medical Training

	Conclusions
	Author Contributions
	Funding
	References


