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Abstract

The use of machine learning tools in health care is rapidly expanding. However, the processes that support
these tools in deployment, that is, machine learning operations, are still emerging. The purpose of this
work was not only to provide a comprehensive synthesis of existing literature in the field but also to
identify gaps and offer insights for adoption in clinical practice. A scoping review was conducted using the
MEDLINE, PubMed, Google Scholar, Embase, and Scopus databases. We used MeSH and non-MeSH
search terms to identify pertinent articles, with the authors performing 2 screening phases and assign-
ing relevance scores: 148 English language articles most salient to the review were eligible for inclusion; 98
offered the most unique information and these were supplemented by 50 additional sources, yielding 148
references. From the 148 references, we distilled 7 key topic areas, based on a synthesis of the available
literature and how that aligned with practitioner needs. The 7 topic areas were machine learning model
monitoring; automated retraining systems; ethics, equity, and bias; clinical workflow integration; infra-
structure, human resources, and technology stack; regulatory considerations; and financial considerations.
This review provides an overview of best practices and knowledge gaps of this domain in health care and
identifies the strengths and weaknesses of the literature, which may be useful to health care machine
learning practitioners and consumers.
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T he adoption of machine learning (ML)
tools in health care has accelerated
sharply in recent years. However, the

science and processes that support and monitor
these tools in live use, which we collectively
refer to as machine learning operations
(MLOps),1,2 are still nascent. The rapid adop-
tion of ML tools, combined with even faster
advancement in ML technologies (eg, large lan-
guage models), has introduced numerous risks
to health care workflows, which have the po-
tential to endanger patients. Specifically, errors
in operationalizing ML models can lead to
direct patient harm,3 bias against underprivi-
leged groups,4 mistrust of artificial intelligence
(AI), inefficiency for providers, and poor alloca-
tion of limited ML resources.

In many cases, an established framework
to ensure effective deployment of ML tools is
lacking. Therefore, it is critical that MLOps
practices evolve in tandem to monitor and
mitigate these risks.
Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n h
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Software development also began with a
freeform approach. However, as the
complexity of managing increasingly sophisti-
cated live applications grew, there was a need
for greater standardization. This need arose to
reduce real-world errors and confusion among
developers. Consequently, standardized pro-
cesses were developed, eventually maturing
into the established field of DevOps (software
development operations).5,6

DevOps codifies a practice used for itera-
tively developing, deploying, and maintaining
reliable software. Machine learning operations
has similarly developed into a nascent field
with dedicated scientists and engineers. Now
more than ever, MLOps advances and short-
comings warrant urgent dissemination and
evaluation to prevent harm and maximize
the effectiveness of powerful new ML tools.

In this scoping review, we aimed to syn-
thesize and categorize existing literature
around key MLOps topic areas distilled from
ttps://doi.org/10.1016/j.mcpdig.2024.06.009
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ARTICLE HIGHLIGHTS

d Given the proliferation of artificial intelligence tools available for

clinical use, there is an urgent need to define health care ma-

chine learning operations (MLOps) best practices, which can

promote safe, consistent, and equitable use of artificial intelli-

gence in health care.

d Our scoping review of health care MLOps identified 148 rele-

vant articles; most of these were published in 2022 or after and

were led by North American or European investigators.

d We identified 7 key topic areas covered by existing literature:

(1) machine learning model monitoring, (2) automated retrain-

ing systems, (3) ethics, equity, and bias, (4) clinical workflow

integration, (5) infrastructure, human resources, and technology

stack, (6) regulatory considerations, and (7) financial

considerations.

d There remains a need for studies that rigorously evaluate

MLOps practices in terms of prospective impacts on patients

and the health care system. Many studies in our review were

focused on statistical assessments of machine learning model

performance, retrospective MLOps evaluations or MLOps

simulations.
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our literature review. We also aimed to high-
light strengths in the literature as well as areas
meriting further investigation.

MATERIALS AND METHODS
To compile our review, we searched the MED-
LINE, PubMed, Embase, Scopus, and Google
Scholar databases. We used MeSH and non-
MeSH search terms to identify articles of inter-
est. Search terms were chosen to find articles
that pertained directly to MLOps consider-
ations in health care, specifically, postdeploy-
ment monitoring, maintenance, fairness, and
cost considerations. For example, search terms
included the following: health care ML moni-
toring, health care ML implementation, and
health care ML drift. Search queries were
repeated substituting the terms AI, ML, and
model in each query, with queries applied to
all article fields. Specific queries are enumer-
ated in Supplemental AppendixdSearch
Queries (available online at https://www.
mcpdigitalhealth.org/). For Google Scholar,
the first 3, and up to 10, pages of results
Mayo Clin Proc Digital Health n September 2
were reviewed, if relevant results persisted
beyond the initial 3 pages.

Only peer-reviewed, English language arti-
cles were included. Research manuscripts, re-
view manuscripts, and commentary pieces
were considered for inclusion, whereas stu-
dent theses, letters to the editor, book chap-
ters, and abstracts were not. Articles
published any time up until October 15,
2023, were included. The initial review was
completed on March 23, 2023; one subse-
quent update was completed on October 15,
2023. For Embase and Scopus results, articles
were additionally filtered to those containing
healthcare or artificial intelligence or machine
learning as keywords, to ensure that results
were substantially focused on MLOps in
health care. Results from Scopus were also
limited to those not including internet of things
as a keyword because this otherwise yielded a
large number of theoretical internet of things
investigations with minimal MLOps relevance.

Data were extracted to Excel using built-in
export tools for Embase and Scopus, whereas
a librarian provided an exported spreadsheet
for MEDLINE. Results were exported manu-
ally to Excel from Google Scholar.

Two authors (A.J.R., S.A.) performed an
initial screening of articles by title and abstract
to exclude those clearly unrelated to health
care MLOps. Specifically, articles that did not
have any focus on postdeployment issues were
excluded: for example, studies that did not
pertain to AI/ML, retrospective ML model vali-
dation studies, and articles that focused on
reviewing the hypothetical impact of AI on
various health care domains. Articles without
direct relevance to health care were also
excluded, such as articles primarily discussing
ML in another practical domain, with only pass-
ing mention of health care applications. The
remaining articles were then reviewed by 1 of
the coauthors and scored 0-3 for relevance as
follows: 0, no relevance to MLOps; 1, brief or
tangential mention of MLOps; 2, MLOps com-
mentary or editorial; and 3, MLOps research
study or review. Disagreements on relevance
scores were adjudicated by A.J.R. or S.A.

Eight authors (A.R., S.A., A.J.R., R.Q., S.L.,
E.P., M.I., and T.C.) then reviewed articles
scoring 2 or 3 for relevance to develop a
consensus on the main topic areas repre-
sented. Title, journal, year of publication,
024;2(3):421-437 n https://doi.org/10.1016/j.mcpdig.2024.06.009
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Databases:
MEDLINE
PubMed

Google Scholar
Embase
Scopus

See Supplemental
Appendix for full list of

search queries

Every article was reviewed
and graded 0-3 for relevance,

as follows:

0: No relevance to MLOps
1: Brief mention of MLOps

2: Commentary or editorial on
MLOps

3: Review or original research
on MLOps

Search results were
supplemented with:

9 guideline articles and
government whitepapers

29 additional peer-reviewed
articles

12 non peer-reviewed sources

2271 titles and abstracts
identified from search

results

446 articles chosen for
in-depth review

145 articles scored
2 or 3

98 articles from search
results were deemed

most relevant

148 articles were
included in the final

review

Manual screening by
AJR and SA

FIGURE 1. Consolidated Standards of Reporting Trials (CONSORT) dia-
gram depicting article selection process. MLOps, machine learning
operations.
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authors, and the lead author’s country affilia-
tion were also abstracted into Excel. In addi-
tion to our search results, we also included a
limited number of additional, relevant peer-
reviewed articles, guideline articles, and gov-
ernment white papers that the coauthors felt
provided importance evidence or context. A
limited number of nonepeer-reviewed sour-
ces were also included to provide supplemen-
tary data or perspectives where no peer-
reviewed sources could be found.

Our overall review process is summarized
in Figure 1, a Consolidated Standards of
Reporting Trials (CONSORT) diagram. The
included articles were distilled into key topic
areas based on the authors’ assessment of the
literature and how that information might be
most usefully presented to other practitioners.
These topic areas served as the foundation of
the review and split among the coauthors for
drafting. Strengths and weaknesses of the
main topic areas were summarized.

RESULTS
In total, our initial search and update yielded
2271 abstracts for review, after duplicates
were removed. Title and abstract review nar-
rowed this to 446 articles of interest, on which
relevance scoring was completed; 148 articles
scored 2 or 3 and were thus eligible for inclu-
sion in the review. Ninety-eight were ultimately
included as they contained the most relevant
and unique information. These 98 articles
were supplemented by 9 guideline or whitepa-
per articles, 29 additional peer-reviewed jour-
nal articles, and 12 non peer-reviewed
articles, for a total of 148 articles that were
included in the review. These 148 articles are
listed in Supplemental Table (available online
at https://www.mcpdigitalhealth.org/). For the
177 peer-reviewed articles (including those
that were not ultimately referenced), a bar
graph of year of publication is included in
Figure 2, and a heat map of lead author country
affiliation is shown in Figure 3.

The 7 key topic areas identified were as fol-
lows: (1) ML model monitoring, (2) automated
retraining systems, (3) ethics, equity, and bias,
(4) clinical workflow integration, (5) infrastruc-
ture, human resources and technology stack,
(6) regulatory considerations, and (7) financial
considerations (Figure 4). Our review of these
7 topic areas as detailed further.
Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n h
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ML Model Monitoring
Model performance and drift monitoring have
likely been the subject of the most health care
MLOps publications to date.7-11 We suspect
this is partly because these issues are fairly
easy to quantify and rectify. Although others
have offered precise definitions for various
types of model or data drift,12 we prefer to
unify the discussion of these issues around
the notion that the data and circumstances
used for model training no longer mirror the
present environment, with potentially delete-
rious consequences for a model’s performance
and its effective use. Existing literature has
shown that the relative stability of model per-
formance is dependent on population fac-
tors,11 clinical practice patterns,10 model
type,11 and the prediction being made.8,13
ttps://doi.org/10.1016/j.mcpdig.2024.06.009 423
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FIGURE 2. Bar graph of year of publication of articles eligible for inclusion in the review.

84

14

4

5

7 3

1

1 1

1

5

5

7

© Australian Bureau of Statistics, GeoNames, Microsoft, Open Places, OpensStreetMap, TomTom, Zenrin

Powered by Bing

1 84
Number of publications

Publications by country

FIGURE 3. Heat map of lead author country affiliation across articles eligible for inclusion in the review.

MAYO CLINIC PROCEEDINGS: DIGITAL HEALTH

424 Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n https://doi.org/10.1016/j.mcpdig.2024.06.009
www.mcpdigitalhealth.org

https://doi.org/10.1016/j.mcpdig.2024.06.009
http://www.mcpdigitalhealth.org


Financial
considerations

Regulatory
considerations

Inrastructure,
human resources

and technology stack

Elements of
MLOps in

healthcare

Clinical workflow
integration

Ethics, equity
and bias

Automated
retraining
systems

Machine learning
model monitoring

FIGURE 4. MLOps topic areas covered by the review. Created with BioRender.com. MLOps, machine
learning operations.
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Multiple types of data and model drift
have been defined, all of which contribute to
model performance that is worse in live oper-
ation than in retrospective validation and
testing. Notably, the terminology pertaining
to different types of drift remains quite varied,
with multiple terms being used interchange-
ably for the same issue. We therefore limit
our discussion to the most commonly used
and high-level terms that practitioners are
most likely to encounter, borrowing from the
study by Moreno-Torres et al.14 Covariate shift
is a type of data drift that occurs when the dis-
tributions of a model’s features differ between
training data and live data.14 This may become
apparent gradually over time or immediately
when a model is deployed with live data
(also known as train-serving skew, in the latter
case). Similarly, previous probability shift (also
known as prediction shift) occurs when the
distribution of the output variable changes,
either gradually or abruptly. Concept shift oc-
curs when the relationship between features
and outputs changes. ML practitioners must
Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n h
www.mcpdigitalhealth.org
take heed to incorporate sufficient clinical un-
derstanding to proactively mitigate concept
shift that can occur as the result of changing
disease definitions, such as with sepsis, or
with changes in clinical standards of care, as
found with COVID-19.15-17 Finally, Vela
et al18 describe a novel approach to under-
standing temporal performance degradation
of AI models, which they term model aging.
They note that degradation in model perfor-
mance cannot be explained solely by data drift
but, instead, can be attributed to unrelated fac-
tors, such as training set size or hyperpara-
meter selection.18 They note a need for
periodic model retraining, with consideration
that the appropriate retraining schedule is
highly context dependent.18

Further, our own experience implement-
ing an ML model for hospital admission pre-
diction with emergency department patients
highlighted multiple challenges with diag-
nosing and fixing issues with data drift. In
our case, we had to reverse engineer data pipe-
lines to isolate a particular extract, transform,
ttps://doi.org/10.1016/j.mcpdig.2024.06.009 425
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load process that led to data mismatches be-
tween live and training data, and ultimately
data drift. Further, as we implemented our
model across emergency department sites
with widely varying patient volumes, it
became apparent that the optimal time win-
dow used for drift monitoring must be
adjusted to the volume of observations occur-
ring for a given clinical prediction.19

Consistent with general best practices for
prospectively evaluating interventions, imple-
mented models should have performance
thresholds and assessments determined a pri-
ori, which will be used to trigger retraining
or at least a reevaluation of the model and its
use. Explanations for drift should be sought
wherever possible because the solutions for
various types of drift may differ depending
on the causative factor.11,16,20

One particularly nuanced issue that ap-
pears insufficiently addressed in the current
literature is how to optimally handle model
retraining when a model’s output has been
used to prompt an intervention that perturbs
subsequent data.12 In such situations, retrain-
ing models on perturbed postinterventional
data without appropriately accounting for the
existence of this feedback loop may lead to
an undoing of the change the model was
meant to effect. This was elegantly simulated
in studies by Adam et al21 and Vaid et al.22

In their simulations, they consider the effects
of clinicians’ adherence to model outputs, effi-
cacy of model outputs on improving clinical
outcomes, and various feedback loop mitiga-
tion strategies on model performance. Sce-
narios including retraining of a single model
on perturbed data and the implementation of
multiple predictive models along a single clin-
ical event pathway (eg models for heart attack
risk and mortality risk prediction) were
modeled. Mitigation strategies that selectively
sample data for model retraining or limit the
application of multiple models to a single pa-
tient were considered. Ultimately, no single
optimal retraining strategy was found to be
broadly applicable. Nonetheless, these studies
highlight important considerations for which
studies will prospectively also be crucial.21,22

Automated Retraining Systems
A related MLOps topic that has received
considerable attention is automated
Mayo Clin Proc Digital Health n September 2
monitoring and retraining systems.23,24 Auto-
mated retraining systems periodically collect
model performance metrics and trigger
retraining according to preset model perfor-
mance thresholds. These approaches stand in
contrast to monitoring and retraining at fixed
time intervals, which may be suboptimal
owing to the complex and, at times, unpre-
dictable factors that contribute to diminishing
model performance over time.24

These self-monitoring systems typically rely
on a sliding window in which performance sta-
tistics are calculated over a set number of trail-
ing observations, and when performance drops
below a prespecified threshold, adjustments to
the model are made.25,26 Depending on the
model type, such adjustments may include
intercept correction or varying types of model
recalibration or refitting.25,27-31 Davis et al27

additionally developed a framework for select-
ing the least complex model update to amelio-
rate specific types of drift detected in various
simulations. Others have also proposed more
complex methods for detecting and addressing
performance drift, including transfer learning
that combines insights from old and new data
batches, domain generalization, and unsuper-
vised domain adaptation methods.32,33 Of these
approaches, results from the transfer learning
method were promising but were more com-
plex to achieve than simple refitting.

Several shortcomings are apparent in the
existing literature. Most research in this area
focused primarily on assessing statistically sig-
nificant drift, which may not always correlate
with clinically significant drift.25 Additionally,
most investigations of these systems used retro-
spective or synthetic data, whereas studies of
live implementations were scarce.23,26-28 As
with most ML tools, additional hurdles and in-
sights will likely emerge after implementation.

Ethics, Equity, and Bias
The fair and ethical usage of AI in health care
must be informed by technical, sociological,
and philosophical considerations, which have
received much attention in recent literature.34-
42 MLOps practices that uphold fairness and
equity while minimizing bias are still
evolving.34 Notably, many issues pertaining to
model equity and bias must be addressed up-
stream of model implementation, during data
acquisition and model training.8,20,35,43-46 In
024;2(3):421-437 n https://doi.org/10.1016/j.mcpdig.2024.06.009
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the scope of this review, we will focus on post-
implementational considerations of bias and
fairness, which include measuring and over-
coming disparities as well as ensuring sustained
appropriate use of AI tools.39,46 Additionally,
multiple definitions of AI model fairness have
been described, and selecting the most appro-
priate lens for a given AI model will be context
dependent. Common statistical definitions of
fairness include equal odds and equal opportu-
nity.36,37 Importantly, recent publications have
gone beyond purely statistical definitions of
fairness to argue that a model’s implementation
can be fair, even if its predictions are unfair,
generally in cases where the model somehow
favors accuracy or a better outcome in an un-
derprivileged group.38

For a model to perform with a minimum
level of bias, we assume that during the preim-
plementation phase, every effort has been made
to adhere to distributive justice principles dur-
ing model design, training, and validation
before model deployment.40,41,47 These princi-
ples are encapsulated in 3 foundational axioms:
equal outcomes, equal performance, and equal
allocation.39 Equal outcomes refer to under-
privileged groups benefiting equally due to
the ML model, whereas equal performance re-
fers to the model’s statistical performance of
groups, including underprivileged groups.
Finally, equal allocation ensures that resources
are allocated equally among all groups,
including underprivileged groups.39,48,49

Model agency bias (underprivileged groups
having no input in the development of the
model), privilege bias (the model not being
available to underprivileged groups), informed
mistrust (underprivileged groups believing the
model is biased against them), automation
bias (overdependence on model;50 providers
defaulting to model decision that may be less
reliable for underprivileged groups), and
dismissal bias (providers disregard model deci-
sions in underprivileged groups owing to a
higher error rate) are all additional consider-
ations for fair model implementation.39

One must also consider the final usability
of the model in terms of its impact on under-
privileged groups. A model’s features must be
carefully examined along with any expected
downstream actions to be taken, so as not to
perpetuate or worsen biases. For example,
consider a situation in which patients
Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n h
www.mcpdigitalhealth.org
belonging to an underprivileged group tended
to have a higher failure rate of treatment
because of factors related to their underprivi-
leged group status. If one were to design a
treatment prioritization algorithm including
these patients and others, it would likely be
more fair and equitable to make predictions
on the basis of clinical need, without consider-
ation of the anticipated treatment failure rate.

As others have proposed, a methodical
pipeline approach is recommended to recog-
nize biases and ethical loopholes throughout
the model life cycle.42,47,51 Diverse stake-
holders are needed for all-around oversight.52

Clinical Workflow Integration
The current practice landscape is fraught with
numerous software tools at the clinician’s
disposal in a background of ever-growing docu-
mentation and administrative tasks.53 The quin-
tessential ML model is well-validated, augments
decision-making, eases cognitive and clerical
burdens, and is straightforward to act on. The
overall clinical impact must justify the learning
curve and initial challenges with adoption.
Although theoretically sound, this is often chal-
lenging to implement. Watson et al54 in their
study on overcoming barriers to implementing
ML in US academic medical centers, note that
a high-performing model that is disregarded by
a clinician is ineffectual, as is a poorly performing
model that is consistently used.54 Depending on
the type of solution being deployed, patient per-
ceptions of AI may influence adoption as well.55

The deployment of AI/ML tools into clinical
practice continues to lag the development of
such tools, which unfortunately often wind up
stranded as retrospective investigations rather
than being used with live data to impact patient
care positively.56 Successful workflow integra-
tion requires, first and foremost, an actionable
model output, followed by consideration of
users’ digital and physical workflows, users’ un-
derstanding of an AI/ML tool’s outputs, organi-
zational support for adoption, and the
capabilities and constraints of a given AI/ML
infrastructure stack.57,58

To comprehensively understand users’
workflows, most AI/ML implementation
studies have used primarily ad hoc, observa-
tional methodologies.59,60 Although several
evaluation frameworks have been developed
in recent years,61-63 they are mainly centered
ttps://doi.org/10.1016/j.mcpdig.2024.06.009 427
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around the reporting of clinical AI studies as
opposed to real-world operational guide-
lines.64 One exception is a recent study from
the University Medical Center of Utrecht,
which highlighted real-world operational inte-
gration of an in-house developed model for
preterm neonate monitoring.65 In their manu-
script, the authors propose a framework for re-
quirements of model creators and users to
ensure safe implementation. More generally,
there is convergence particularly around
ensuring that model outputs are not disruptive
to workflows and carefully placing such out-
puts at the right place and the right time work-
flows where they can be acted on.53

The extent to which a ML model is used in
clinical practice greatly relies on its usability
and its ability to deliver some direct benefit to
the user.66 Achieving this can be facilitated by
priming stakeholders before introduction,67 of-
fering intuitive interfaces, providing continuous
education, implementing in phases (particularly
for complex interventions),68,69 and iterating
based on periodic feedback.70,71 Uptake is
also likely impacted by prospective users’ pre-
existing attitudes toward and knowledge about
AI/ML. Several studies have assessed which fac-
tors may be impactful in various user groups,
including pharmacists, physicians, and health
care executives. Potentially important factors
included baseline knowledge about AI, trust
in AI, familiarity with AI adoption strategies,
as well as concerns about cost, job replacement,
and overreliance on AI tools.20,72-78 In aggre-
gate, these studies suggested that health care
workers generally share positive views about
the adoption of AI.

Regarding users’ understanding of AI tool
outputs, limited studies have compared
different AI score output formats for their
ease of use or comprehension. At least some au-
thors report that most clinicians prefer graph-
ical user interfaces to command-line
interfaces, although better comparative studies
of user interfaces must follow.23 Survey studies
focused on nurse and health sciences students
also indicated a growing need to incorporate
basic AI education into core curricula.78,79

Infrastructure, Human Resources, and
Technology Stack
Another vital aspect of implementing success-
ful MLOps in health care is the thoughtful
Mayo Clin Proc Digital Health n September 2
investment in the required infrastructure,
technologies, and personnel throughout the
entire lifecycle of ML algorithms. Although
likely to be considerable in cost,7,20,80 institu-
tions that thoughtfully account for the re-
sources will likely be well-positioned to
realize the potential of ML models in practice.
In addition, knowledge in implementation sci-
ence and integration of some of its elements in
the deployment of models facilitates resource
allocation and better integration into
workflows.81

Infrastructure/Technology Stack. Successful
implementation of an MLOps program in
health care necessitates several unique infra-
structure considerations. Paramount among
these is ensuring the data security of patient
health information. Implementing safeguards
like data encryption and de-identification, ac-
cess management, monitoring, security assess-
ments, and auditing are essential.82,83 Equally
important are provisioning computing re-
sources for training models, including central
processing units, graphics processing units, and
more advanced custom processing units (eg,
tensor processing units),84 tailored to the size
and complexity of the models being developed.
The decision to host computing resources on-
premises, in the cloud, or via a hybrid
approach must be thoughtfully balanced,
considering factors such as fixed vs variable
costs, performance expectations, scalability,
data security, and maintenance.85-88

Accurate, reliable, and accessible storage
and integration of disparate data sources,
such as those from electronic health records
(EHRs), picture archiving and communication
system, laboratory information system, and
other clinical systems, will be vital for the uti-
lization of ML models.89,90 Moreover, data
pipelines must be designed to ensure high
availability and fidelity of data, while achieving
high performance in extract, transform, and
load processes.91 Developing and deploying
ML models will also necessitate selecting suit-
able ML frameworks, incorporating version
control, containerization, orchestration,
continuous integration/deployment systems,92

and performance monitoring.93-95 These com-
mon infrastructure needs may present an op-
portunity for the development of an ML
model and MLOps platform, in which various
024;2(3):421-437 n https://doi.org/10.1016/j.mcpdig.2024.06.009
www.mcpdigitalhealth.org

https://doi.org/10.1016/j.mcpdig.2024.06.009
http://www.mcpdigitalhealth.org


MLOPS SCOPING REVIEW
customers could pay to use models that are
rigorously evaluated and maintained by a third
party. Such a concept has been explored theo-
retically,96e98 as well as practically.99,100

Of note, limited study has been devoted to
comparing different infrastructure stacks for
running AI models in clinical practice. One
study describes the development and imple-
mentation of a framework to support
researcher developed retrospectively validated
models directly into the EHR.101 Similarly,
there has been a few articles describing the
development of frameworks allowing for the
implementation of ML models outside of the
EHR.13,102,103 In our experience, most health
care systems are constrained to use the limited
set of infrastructure providers with which their
organization has use agreements, such as Goo-
gle, Microsoft, Amazon, or Epic. Homegrown
infrastructure stacks are also an option for in-
stitutions with deep IT capabilities. Overall, it
is likely that comparative studies between
infrastructure stacks in health care will
continue to be limited by the fact that institu-
tions generally have insufficient resources to
implement and compare the effectiveness of
major infrastructure products from multiple
vendors.101

Human Resources. Even with the most
advanced infrastructure and comprehensive
technology stack, success in MLOps cannot be
realized without the right people. Technical
roles such as data scientists, ML engineers,
data engineers, MLOps engineers, and secu-
rity/privacy experts to manage the infrastruc-
ture and technology stack are fundamental.
Just as critical for success is the input of clinical
domain experts, clinical informaticists, and
affected stakeholders104-106 who can provide
necessary insights and feedback. Fostering an
interdisciplinary culture of collaboration,
continuous learning, and ethical AI use is key to
maximizing the value of these human resources.

Although the importance of stakeholder
collaboration has been underscored in the
literature,8,68,107,108 real-world examples of
successful interdisciplinary collaboration
remain sparse. Zhang et al109 point out the
need to shift the focus from academic-
centered groups (eg, clinicians, data experts)
to multidisciplinary teams with members
from typical MLOps processes (engineers,
Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n h
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implementation specialists, and others)
receiving equal footing. Aligning views and
goals on model use among teams from
different domains remains a considerable chal-
lenge, which may occur partly because of the
insufficient involvement of various representa-
tives throughout the model cycle.54 Further-
more, despite the ubiquity of model
development experts, specialists appear to be
scarce for long-term operations and mainte-
nance. This becomes apparent when em-
ployees with institution-specific knowledge
leave an organization, creating a deployment
gap.54 Recruitment, retention, and succession
planning of an effective multidisciplinary
team thus are critical elements for the long-
term success of an MLOps endeavor.110

Regulatory Considerations
Thoughtful regulation of AI/ML requires a
multidisciplinary approach. To date, literature
on AI/ML regulation has primarily taken the
form of white papers from regulatory agencies
or expert commentaries.111-115 The Food and
Drug Administration (FDA)112 and the Euro-
pean Commission (EC)116-119 are attempting
to make strides in this regard. However, the
flexible, evolving nature of the technology
challenges traditional standards and regula-
tions. Both agencies have released statements
to provide a philosophical framework for the
future and what regulations may look like.
The current framework is to treat software as
medical devices with premarket approval (for
the FDA, this is the 510[k] clearance) and
the expectation that solution developers will
plan for potential expected modifications.
Such updates would then be reported at regu-
lar intervals that the software as medical de-
vices is evolving and performing in line with
expectations.120 A major hurdle for regulatory
standardization is the lack of shared, generaliz-
able training and evaluation data sets.121 We
note that multiple large health care organiza-
tions have undertaken efforts to curate such
a data set, which may enable standardized
evaluation and regulation in the future.122,123

To complement national and international
regulatory efforts, there is also a need for insti-
tutionally based regulatory bodies. One novel
approach to this could be the development
of AI institutional boards, similar to institu-
tional regulatory boards.124 Such review
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boards would represent the various stake-
holders involved in MLOps.81 This would
help to ensure that all facets of development,
implementation, and maintenance are being
considered.

There is also the issue of accountability
when using AI systems for health care deci-
sion-making.125 In a general sense, clinicians
are ultimately responsible for the treatment plans
and outcomes of their patients. The difficulty
arises, however, with decision support applica-
tions based on AI/ML. Conventional wisdom
would suggest that the provider is the one
who will assume the most risk in using these ap-
plications, rather than the AI/ML technology
team. However, it would be naïve to assume a
faulty AI/ML model that leads to patient harm
would not have potential legal liability. To navi-
gate these uncertain waters most effectively, cli-
nicians must have education in interpreting AI
tool outputs with an understanding of their lim-
itations and risks, which has not always been the
case to date.126,127

Financial Considerations
In terms of financial considerations in MLOps,
there have been only a few detailed accounts
of the costs to train, deploy, and maintain an
AI model.128,129

Undoubtedly, financial estimations are
complicated by dynamic costs that continue
to evolve with ML technologies and plat-
forms.130 However, we recommend that spe-
cific categories of financial factors to consider
include the following:82 First, there is (1) the
initial cost to develop a model, followed by
(2) the costs of implementing the model in
the real-world. These implementation costs
include setting up cloud or server infrastruc-
ture as well as implementing interfaces neces-
sary to communicate between data storage
systems, model housing, and end-user soft-
ware programs. Next are the costs of (3)
end-user training for go-live and the associated
feedback and early troubleshooting process.

After this initial rollout, often underesti-
mated is (4) the ongoing costs to maintain,
recalibrate, and retrain models as per the con-
siderations laid out in this review. Next is the
potential lengthy FDA clearance process,
which may entail marked legal and other
specialized assistance. Furthermore, suppose
a model can be applied to other geographic
Mayo Clin Proc Digital Health n September 2
locations or organizations, in that case, there
is (6) the assessment of model appropriate-
ness, calibration, and possible retraining at
each additional site and (7) the actual imple-
mentation, end-user instruction, and mainte-
nance at each additional site.

Of note, there can be orders of magnitude
variation in the costs to train a model. A sim-
ple XGBoost model using open-source soft-
ware such as Python and a previously
acquired data set could have minimal model
training costs. Depending on the approach
and thoroughness of a local project, opera-
tional costs of a simple ML solution, including
model infrastructure, data support, and engi-
neering deployment, could range from
$60,750 to $94,500 for a small-scale operation
by one estimate,131 to amounts far larger for
more complex models or larger health care
systems.

In contrast, training large language models
like generative pretrained transformers can
cost tens of millions.80 However, once trained,
these expensive, larger models can be used for
multiple tasks, retrained on specific health
care use cases at lower costs, or deployed as
software as a service. For example, Microsoft
announced in July 2023 that it would charge
$30 per user per month for its AI Copilot
product in Microsoft 365, which leverages its
highly complex AI model that required bil-
lions of US dollars in development costs.132

Although many models in the academic med-
ical literature have been funded by grants or
local organizations initially, ML health care
models are increasingly the subject of industry
and venture capital funding after demon-
strating effectiveness or at earlier stages. These
models may then be used off-the-shelf, after
some fine-tuning or as part of a software or
ML model stack.

After assessing the full spectrum of costs,
any ML operationalization must accordingly
weigh these costs vs the possible benefits to
patients, providers, or implementing organiza-
tions. Benefits may include improved patient
care for its own sake, recouped costs via sec-
ondary cost savings, or AI model-associated
income generation.

Currently, business models in medical AI
are still developing as developers of AI tools
work to build clinical and business cases for
the value their tools provide.110 Regarding
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TABLE. Strengths and Limitations of Existing Literature on MLOPs

Key Topic Strengths Weaknesses

ML model
monitoring

d Relatively more mature literature with quan-
titative original research, including prospec-
tive data

d Open-source modules have been published

d Understandings of clinically significant model
changes, as opposed to purely statistically
significant changes, are still being defined

Automated
retraining systems

d Sophisticated drift detection and retraining
packages have been developed, quantita-
tively evaluated, and open-sourced

d Most of investigation has involved retrospec-
tive or simulated data

d Lack of consensus on which retraining sys-
tems to use

Ethics, equity, and
bias

d Numerous experts have offered ethics and
equity frameworks, which offer model de-
velopers a breadth of lenses to consider

d Currently, there is nearly limitless complexity
and nuance in the ethics, equity, and bias
issues discussed; literature should mature
around the most relevant applications of ML

Clinical workflow
integration

d The importance of workflow integration is
frequently discussed

d Associated with the helpful “5 Rights”
acronym138

d Limited standardization of workflow map-
ping and user interface best practices
within MLOps literature to date

Infrastructure,
human resources,
and technology
stack

d Despite relatively sparse literature, infrastruc-
ture requirements are rapidly standardizing,
driven by industry developments

d Limited published data on real-world
infrastructure requirements or on
comparison between vendors of
infrastructure components

Regulatory
considerations

d Regulatory agencies are attempting to move
quickly and proactively, with major regulato-
ry bodies issuing briefings relevant to MLOps

d Pace of new AI discoveries continues to out-
pace regulation

Financial
considerations

d Literature is rapidly evolving, with useful in-
formation coming from both academia and
industry

d Very limited data from real-world clinical ML
deployments

Abbreviations: AI, artificial intelligence; ML, machine learning; MLOPs, machine learning operations.
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reimbursement and income, it is essential to
determine who will fund a model’s initial costs
and maintenance, whether it is the implement-
ing health care organization itself, an insurer,
another payor, a grant-funding agency, or the
consumer or patient. The sustainability of this
funding source should also be considered in
light of the necessary long-term demands of
model maintenance and reassessment.

Secondary estimated cost savings can
include increased provider or administrative
efficiency, reduced hospitalizations, reduced
length of stay, or other broader reductions
in health care costs or utilization. As an
example of secondary cost savings, 1 AI colo-
rectal cancer diagnostic tool estimated a
Mayo Clin Proc Digital Health n September 2024;2(3):421-437 n h
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nearly $400 million cost savings in the
United States by using a model to more accu-
rately and rapidly identify who may be most
likely to benefit from expensive cancer immu-
notherapies and who may not need them.133

In another example, AI software for polysom-
nogram analysis, EnsoData, which is widely
used, reports an average of 56% time savings
for sleep analysts using their software, help-
ing sleep specialty centers save on staffing ex-
penses.134 In a third example, another widely
implemented ML health care solution, Rapi-
dAI, reported that interhospital transfers of
patients for stroke care that were clinically
unnecessary could be reduced by 92% with
more accurate AI diagnostics, demonstrating
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their model’s value through secondary cost
savings.135

Next, although ML efforts have become
almost ubiquitous in health care, it is worth
noting that with increased competition for
DevOps personnel hiring skilled staff can be
expensive.136 Consequently, the difficulty
and expense of hiring personnel with the
required skill set can lead to longer implemen-
tation times, poorer quality implementation,
and increased overall long-term costs.136

Similarly, the role that clinicians play is
also paramount in aiding the creation, trouble-
shooting, and implementation of MLOps.
Lack of engagement has often led to under-
used ML tools, and neglecting their input
can lead to ML solutions in search of problems
to fix . Providing clinician subject matter ex-
perts with sufficient time to have input on
an ML operationalization may be a costly but
key ingredient to success.

Finally, it will be imperative for organiza-
tions to be wary of profit incentives to use
clinical decision support systems for monetary
gain via algorithms that may encourage addi-
tional costs, drugs, tests, diagnostics, or de-
vices used without proportional benefitdand
possibly even harmdto patient care. Indeed,
AI technologies will not be immune to the ten-
sion between ethical medical care and gener-
ating profit.137 Properly assessing the full
costs of each MLOps endeavordand ensuring
they provide tangible and clear patient bene-
fitsdwill be essential to the successful imple-
mentation of ML in health care.

DISCUSSION
In this review, we highlighted 7 key topic
areas of emerging MLOps literature. We also
attempted to present best practices, where
available, and gaps in understanding, all of
which may be useful to ML practitioners and
consumers in health care. A key theme
pervading all aspects of this review is the rela-
tive nascence of MLOps in health care, with
few rigorous studies involving more down-
stream metrics such as patient outcomes and
financial costs. This finding is consistent
with an assessment by Zhang et al,109 who
noted that most published AI work to date is
heavily “model-centric,” focused on statistical
assessments of model performance, rather
than end-to-end understanding of AI tool
Mayo Clin Proc Digital Health n September 2
impacts. We have summarized the strengths
and weaknesses of existing literature across
our 7 topic areas in Table.138

Our review was limited by its scoping, as
opposed to a systematic approach. We chose
this approach owing to the relative newness
of the MLOps field, the ongoing evolution of
terminology in this relatively new field of
study, and the need to characterize the
breadth of studies pertaining to this topic.
We also did not include articles published in
primary languages other than English. None-
theless, we hope this review can serve as a use-
ful guide to other ML practitioners.

CONCLUSION
Through this scoping review, we emphasize
the critical importance of convergence on
MLOps best practices and a better understand-
ing of the current limitations in MLOps, which
are essential as more ML models are intro-
duced into live environments. We outline
how MLOps literature continues to evolve,
coalescing around 7 key content areas, namely
(1) ML model monitoring, (2) automated
retraining systems, (3) ethics, equity, and
bias, (4) clinical workflow integration, (5)
infrastructure, human resources and technol-
ogy stack, (6) regulatory considerations, and
(7) financial considerations. We note that
MLOps studies using prospective data are still
relatively sparse but suspect that this will
evolve to include prospective evaluations of
models’ impacts on patient outcomes and
care equity in addition to statistical model
performance.
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