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ABSTRACT

The intersection of big data and artificial intelligence (AI) has resulted in

advances in numerous areas, including machine learning, computer

vision, and natural language processing. Although there are many

potentially transformative applications of AI in health care, including

precision medicine, this industry has been slow to adopt these

technologies. At the same time, the operations of health care have

historically been system-directed and physician-directed rather than

patient-centered. The application of AI to patient-reported outcome

measures (PROMs), which provide insight into patient-centered health

outcomes, could steer research and healthcare delivery toward

decisions that optimize outcomes important to patients. Historically,

PROMs have only been collected within research registries. However,

the increasing availability of PROMs within electronic health records

has led to their inclusion in big data ecosystems, where they can

inform or be informed by other data elements. The use of big data to

analyze PROMs can help establish norms, evaluate data distribution,

and determine proportions of patients achieving change or threshold

standards. This information can be used for benchmarking, risk

adjustment, predictive modeling, and ultimately improving the health

of individuals and populations.

The terms “big data,” “machine learning,” and “artificial intelligence
(AI)” have become catchphrases, at times promoting the concept that
if we simply combine large enough databases with the right AI, we can

solve any problem and gain hither-to-now unknown, profound insights that
will solve the world’s most challenging problems. This oversimplification
belies the necessary contribution of human experts in both data science and
the disciplines to which these advanced analytics are applied. Such part-
nerships have resulted in numerous advances that affect our daily lives with
applications, such as facial recognition (eg, iPhone and US Customs and
Border Protection), recommender systems (eg, Amazon and Spotify),
autonomous driving (eg, Tesla), and natural language processing (eg, Google
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Translate and ChatGPT). These partnerships are espe-
cially important in health care, where the stakes are
higher and the consequences of errors can be more
severe than in other industries.1 Although there have
been some successful routine applications of AI to health
care, including transcription of medical notes and the
reading of electrocardiograms, the development and
adoption of AI applications has lagged relative to other
industries. One obstacle is fragmentation across the
health system and the data within it. In addition, there
are concerns about the reliability and interpretability of
AI algorithms in health care, as well as potential ethical
issues around using AI to make decisions that could
have life-or-death consequences for patients.1

The healthcare industry has similarly been slow to adopt
patient-centric care for what care is delivered and how it is
delivered and in determining how successful care is defined.
Patient-reported outcome measures (PROMs) provide
insight into patient-centered health outcomes, including
pain, function, and quality of life. Historically collected
within research registries, these data are increasingly col-
lected as a standard of care and now comprise a growing
segment of datawithin electronic health records. Increasing
availability and density of PROMs within big data affords
us the opportunity to understand relationships between
care processes and patient-centered outcomes, establish
PROM-based care standards, and predict care outcomes.

Big Data
Big data has been described by the SAS Institute as “data
that is so large, fast, or complex that it’s difficult or
impossible to process using traditional methods.” More
importantly, the big data revolution is about the
advanced analytics that can be applied to large data sets
and the insights we can glean.

Big data can be characterized by the "four V’s": vol-
ume, velocity, variety, and veracity. The volume of data
within health care is immense and rapidly expanding. In
2013, the global health data volume was estimated to be
153 exabytes (1 exabyte = 1018 bytes). Seven years later,
in 2020, the estimated volume was 2,314 exabytes; for
comparison, the total global data volume in 2000 was
three exabytes.2 These health data reside in a variety of
databases including paper and electronic medical records
(EMRs), administrative data sets that are used to track
utilization of health services and facilitate payment, and
increasingly in wearable devices. For variety, health data
come in three main forms: structured, such as the fields in
registries or administrative databases; unstructured, such

as the information included in a medical note or image;
and semistructured, such as an EMR or picture archiving
and communication system, which maintain structured
information about the unstructured notes or images.
Veracity, the trustworthiness of the data, has particular
relevance to health care, where decisions based on inac-
curate or incomplete data can have serious consequences.1

Veracity encompasses both accuracy and completeness.
The veracity of research registry data is generally high
because notable resources are invested to ensure both
the accuracy (eg, cancer registries may access pathology
reports to verify the cancer type) and completeness
(eg, multiple channels may be used to contact participants
to ensure high-response rates) of collected data elements.
By contrast, EMR data may have lower veracity regarding
completeness for certain data elements across patients
(eg, different clinical data elements are collected for dif-
ferent patients), whereas administrative data may suffer
from inaccuracy.

PROMs data, which are structured, have historically
been collected within research registries along with other
associated structured data, such as disease severity or
stage, treatment, and device characteristics. Increasingly,
PROMs are being collected within care delivery to better
understand care outcomes and inform care decisions3 and
may be stored within electronic health records or other
clinical databases in association with a variety of other
structured and unstructured data elements. As such,
PROM data have become components of “big data”
ecosystems, where they can inform or be informed by
many other data elements. For example, PROMdata add
important patient-centric context to other data elements
in device registries, which historically have focused on the
mechanical performance and longevity of a device.
Conversely, other data elements in an EMR or registry
could be used to risk adjust PROM scores.

Registries as a Source of Big Data in
Orthopaedics
Patient registries are organized systems that use observa-
tional study methods to collect uniform data to evaluate
specified outcomes for a population (defined by a partic-
ular disease, condition, or exposure) to serve one or more
predetermined scientific, clinical, or policy purposes.4 In
orthopaedics, patient registries may be used by individual
surgeons or institutions to track a variety of conditions
and procedures. By combining data collected by the many
surgeons and institutions within a country, national ar-
throplasty registries have been able to amass enough
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information to be considered “big data.” First among
these are the Swedish Knee Arthroplasty Register, which
started in 19755 and the Swedish Hip Arthroplasty
Register, initiated in 1979.6 Since then, numerous
countries have developed national arthroplasty registries,
including Australia, Belgium, Canada, Croatia, Den-
mark, Netherlands, Egypt, Finland, France, Germany,
Hungary, New Zealand, Norway, Pakistan, Portugal,
Romania, Slovenia, Slovakia, Switzerland, the United
Kingdom (minus Scotland), and the United States.7,8

In the United States, the Mayo Clinic pioneered the
development of institutional arthroplasty registries, estab-
lishing its joint replacement registry in 1969.9 Other
regional and institutional registries in the United States
include the Massachusetts General Hospital–led Function
and Outcomes Research for Comparative Effectiveness in
Total Joint Replacement, the Michigan Arthroplasty
Registry Collaborative Quality Initiative, and the Kaiser
Permanente National Total Joint Replacement Registry.8

In 2009, the American Joint Replacement Registry was
created, and since 2017, it has been managed by the
American Academy of Orthopaedic Surgeons. With data
from hospitals, ambulatory surgery centers, and private
practice groups in all 50 states and the District of
Columbia, the American Joint Replacement Registry has
become the largest hip and knee arthroplasty registry in
the world by annual procedure count. Nevertheless, the
UK National Mayo Clinic Joint Replacement database is
still the largest in total number of procedures.

The use of big data from orthopaedic registries has
several benefits for clinical practice, research, and quality
improvement. For example, it can be used to identify risk
factors that are associated with adverse outcomes after
surgical procedures. This information can then be used to
informpatient care,making it safer andmore effective. In
addition, big data can be used to monitor the perfor-
mance of surgical devices and implants and to identify
areas for improvement. This information can be shared
with manufacturers, who can make changes to improve
the safety and effectiveness of their products.

Although rates of revision surgery and implant lon-
gevity remain the focus of many existing arthroplasty
registries, they are gradually incorporating data on
PROMs.10,11 One review reported that approximately 18
arthroplasty registries collect PROMs on all or a sample
of hip and knee arthroplasty patients.12We have updated
those findings and included the cumulative volume of
procedures (where available), which totals more than 10
million (Table 1).

There are many advantages of including PROMs into
these registries. First, it has the potential to improve patient

care because it allows healthcare providers to understand
the patient’s experience and make informed decisions
about their care. Second, it may enhance surgeon per-
formance analysis through institutional and/or external
benchmarking. Third, it leads to improved patient satis-
faction because patients appreciate the opportunity to
provide input on their outcomes and experience. Finally, it
increases providers’ understanding of procedure effec-
tiveness by adding a patient-centered measurement to their
assessment tools.

Using Big Data to Gain Insights
About/From PROMs
Big data are used across many industries to inform our
understanding about the characteristics of populations
and how they have historically behaved and increasingly
to predict future characteristics and behavior. PROMs
can be applied for benchmarking, risk adjustment, pre-
dictive modeling, and population health management.

A first application of big PROMs data would be to
deepen our understanding of PROMs. PROMs data along
with other healthcare data in a big data ecosystem can be
used to establish norms, evaluate data distribution, and
determine proportions of patients achieving change or
threshold standards. These norms can be established in
different subpopulations, where previously, PROMs data
and patient-generated health data to identify sub-
populations were limited. This information increases the
usefulness of PROMs in two ways. First, by identifying
subgroups that may have relatively poor outcomes, which
allows for targeted intervention for population health
management. Second, these present important benchmarks
that allow providers to identify values outside of the norm,
given patients’ demographics and clinical characteristics.

Risk identification, risk adjustment, and prediction
are closely related tasks in population health manage-
ment. Currently, these tasks use patient demographics,
medical conditions, and comorbidities as predictors of
risk. These predictors are easily extracted from the EMR
or through claims data. Patient self-reported data in the
form of PROMs present a new element for segmenting
and defining population risk on factors that were previ-
ously not captured systematically, such as patient be-
haviors, mental health, stress, functional status, and level
of physical activity.13 For example, the patient health
questionnaire, which measures symptoms of depression,
has been used to stratify mortality risk among patients
with heart failure14 and diabetes.15 Preoperative PROM
scores for physical and mental health have been used to
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stratify patients at risk of poor outcomes after total joint
arthroplasty16 and to identify patients at high risk of
death after hip fracture.17 Risk identification can pro-
vide useful information for primary prevention by de-
tecting early signs and symptoms and provide an

opportunity to mitigate more severe symptoms, per-
manent damage, and added complications related to
disease progression.

Riskadjustment isused toaccount for factorsoutsideof
health care that may influence measures of cost, quality,

Table 1. Characteristics and Cumulative Volume of Selected Hip and Knee Arthroplasty Registries by Volume

Registry

Primary Hip
Arthroplasty

Volume
Primary Knee

Arthroplasty Volume
General

Health PROM
Condition-

specific PROM
Data Collection
Time Points

UK National Joint
Registry
Established in 2003

1,344,357 (all) 1,442,051 (all) EQ-5D OHS/OKS Preoperative, 6 mo

AJRR
Established in 2012

821,640 (THA) 1,306,719 (TKA) VR-12,
PROMIS-10
global

HOOS-JR/
KOOS-JR

Preoperative

Australian
Orthopaedic
Association National
Joint Replacement
Registry
Established in 2003

599,656 (THA) 829,272 (TKA) EQ-5D HOOS-12/
KOOS-12

Preoperative

Swedish Arthroplasty
Register
Established in 1975
(knee); 1979 (hip)

515,703 (all) 333,693 (all) EQ-5D HOOS-12/
KOOS-12

Preoperative, 1, 6,
and 10 yr (hip)
Preoperative, 1 yr
(knee)

Dutch Arthroplasty
Register
Established in 2007

386,956 (THA) 309,340 (TKA) EQ-5D OHS/OKS Preoperative, 3 mo,
6 mo, 1 yr

Canadian Joint
Replacement
Registry
Established in 2016

295,285 (all) 343,374 (all) EQ-5D OHS/OKS Preoperative, 1 yr

MARCQI
Established in 2012

128,938 (THA) 206,860 (TKA) PROMIS-10
global

HOOS-JR/
KOOS-JR

Preoperative, 5-13
wk, 5-13 mo, 2, 5,
and 10 yr

Norwegian
Arthroplasty Register
Established in 1994

218,445 (THA) 102,649 (all) EQ-5D HOOS/KOOS 1 and 2 yr

Swiss National Joint
Registry (PROMs
collected by the
Geneva arthroplasty
registry)
Established in 2012

177,710 (THA) 134,923 (TKA) SF-12 WOMAC,
UCLA, HHS

Preoperative, 1, 5,
10, and 15 yr

All = includes partial arthroplasties, AJRR = American Joint Replacement Registry, EQ-5D = EuroQol 5-Dimension Health Outcome Survey,
HHS = Harris Hip Score, HOOS = Hip Disability and Osteoarthritis Outcome Score, HOOS-JR = Hip Disability and Osteoarthritis Outcome
Score for Joint Replacement, KOOS = Knee Injury and Osteoarthritis Outcome Score, KOOS-JR = Knee Injury and Osteoarthritis Outcome
Score for Joint Replacement, MARCQI = Michigan Arthroplasty Registry Collaborative Quality Initiative, OHS = Oxford Hip Score,
OKS = Oxford Knee Score, PROM = patient-reported outcome measure, PROMIS = Patient-Reported Outcome Measurement Information
System, SF-36 = 36-Item Short Form Health Survey, THA = total hip arthroplasty, TKA = total knee arthroplasty, UCLA = University of
California at Los Angeles Activity Score, VAS = visual analog scale, VR-12 = Veterans RAND 12-item survey, WOMAC = Western Ontario
and McMaster Universities Arthritis Index
Adapted from Wilson et al.12
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and outcomes. This is particularly important when com-
paring quality across providers because variationsmay be
due to factors inherent to the population being measured
and outside of provider control. Providers may serve
populations with different risk profiles, and appropriate
risk adjustment allows for fair comparison of perfor-
mance. This is also beneficial in comparing performance
across time to account for a provider’s patient mix at a
given point in time. The use of PROMs as risk adjustors is
currently limited, likely because they are not readily
available for large populations. In an evaluation of the
risk models used to adjust payments to Medicare
Advantage (MA) plans, the General Accounting Office18

found that the models underestimated spending for those
with functional limitations and overestimated spending
for those without such limitations, concluding that the
models would be improved if they accounted for bene-
ficiaries’ ability to do daily tasks. Were they routinely
collected and included in the data sets used to develop
MA risk models, PROMs could improve the accuracy of
these models.

Like all other outcomes, patient-reported outcomes are
subject to influencesunrelated tohealth care.However, the
factors that may affect PROMs are not well-delineated,
and the methods to risk adjust are not well-described.
Consequently, few PROMs are currently risk-adjusted.
One exception is theUSCenters forMedicare& Medicaid
Services (CMS) total hip arthroplasty (THA)/total knee
arthroplasty measure, which assesses the proportion of
patients undergoing these procedures that achieve a
substantial clinical benefit.19 This measure uses age, sex,
patient comorbidities, health literacy, and a single item
from the Oswestry Disability Index for risk adjustment.
Data on age, sex, and comorbidities will be obtained from
Medicare claims files, and hospitals will be required to
report data on health literacy and the Oswestry Disability
Index along with Hip Disability and Osteoarthritis Out-
come Score for Joint Replacement/Knee Injury and
Osteoarthritis Outcome Score for Joint Replacement
scores to CMS starting in 2024 to support mandatory
reporting in 2027.20,21

Starting in 2023, hospitals are required to report
social determinants of health for Medicare beneficiaries
to CMS, including food insecurity, housing instability,
transportation needs, utility difficulties, and interper-
sonal safety. The availability of these data within CMS
data setswill provide an opportunity to study their effects
on PROMs also housed within CMS data.

Predictive modeling uses risk factors and statistical
techniques to predict which patients and populations are
at high risk of increased utilization and waste, increased

cost, and poor outcomes. PROMs may be used as pre-
dictors or as outcomes to be predicted. Different methods
can be used to predict outcomes. Conventional statistical
models have long been used for prediction in clinical
research and in the development of scoring algorithms
using risk factors as predictors of outcomes such as the
Framingham Risk Score and Charlson Comorbidity
Index.22,23 Similarly, PROMs have been used within
conventional statistical models to predict the likelihood
of a variety of outcomes, including revision surgery after
THA,24 return to work after cardiac rehabilitation,25 and
hospital readmissions.25 With the widespread im-
plementation of the EMR and increased computing
power, machine learning techniques are increasingly being
used to predict outcomes as well. These techniques have
been used to predict patient-reported outcomes after
procedures, including total joint arthroplasty26 and the
treatment of various musculoskeletal conditions, including
lower back pain27 and end-stage ankle arthritis.28

Tools for Risk Adjustment and Prediction
Statistical models are used in prediction to understand the
relationship between risk factors and outcomes and
determine factors for risk adjustment. Statistical models
can provide information on multiple factors simulta-
neously or factors without simple cut points where simple
thresholds and decision support tools can quickly become
cumbersome or fail. Regression models are commonly
used to estimate the effect of risk factors on the likelihood
of an outcome. These models are a simplified mathemat-
ical representation of how you think independent varia-
bles (also called risk factors or predictors) and dependent
variables (also called outcomes) will relate to each other.
Examplesofpredictorsarepatient characteristics, baseline
measurements, and chronic conditions. Regression mod-
els can be used to determine which predictors meaning-
fully affect an outcome and produce coefficients that
quantify the effect of that factor. Coefficients can then be
applied to the factors for individual patients to predict
their likelihood of an outcome.13

Unlike conventional statistical methods for which
models of parameters and assumptions are set from the
start, machine learning often imposes fewer assumptions.
Machine learning is focused on creating systems or pro-
grams that learn from data to make predictions or deci-
sions. To do this,machine learning requiresmore data than
traditional statistical modeling. The increasing availability
of big datahasmadeapplications ofmachine learningmore
feasible. Examples include deep learning, neural networks,
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and random forests.29-31 As data increase in scale and
complexity, machine learning can distill information from
data without having to impose many assumptions. Hence,
the utility of machine learning increases with the amount
of data available and may be no better than conventional
methods in smaller data sets.32

Both statistical modeling and machine learning can be
used to answer the same types of questions of prediction,
classification, anddecisionmaking (Table 2). In fact, many
methods and techniques of machine learning and statistical
models rely on the same underlying mathematical con-
cepts, and there are hybrid forms of machine learning and
statistical models. Choosing between machine learning
and statistical models lies with the goals of prediction, data
available, and the interest in the interpretation of specific
factors. Interpretability of results can vary with machine
learning algorithms. This is because machine learning may
choose the optimal model using an algorithm, but this does
not always produce plausible or intuitive results. Although
these models may produce accurate predictions, they can
be a black box for understanding of the relationship
between predictors and outcomes. If the goal is pure
prediction, this may be less important. Machine learning
allows for developing complex models because more
combinations of factors andmodel structures can be tested
to optimize the prediction model. This increases the
number of tests conducted to find an optimal model, and
more data are needed to do this. Data constraints should
be considered when choosing between statistical models
and machine learning approaches.33

PROMs as Quality Measures
There is increasing interest among policy makers to pro-
mote patient-centered care and use patient-reported
outcomes as measures of healthcare quality. For exam-
ple, the US CMS,34 Canadian pros National Steering
Committee,35 and European Union36 Organisation for
Economic Co-operation and Development37 have each
identified PROMs as fundamental measures of patient-
centered care. To advance the development of quality
measures based on PROMs, CMS contracted the
National Quality Forum to develop technical guidance
for measure developers for PROM-based performance
measures.38 Similarly, the OECD’s Patient-Reported
Indicator Surveys initiative is working to standardize
PROM-based performance measures.39 The Interna-
tional Consortium of Outcome Measures, a US 501c
corporation inspired byMichael Porter’s healthcare value
framework,21 has made a standardized methodology
publicly available to develop patient-centered outcome
measure sets including PROMs.40 To date, measure sets
have been developed for 40 conditions, including hip and
knee osteoarthritis, rheumatoid arthritis, hand and wrist
conditions, and lower back pain.40

The implementation of PROMs as quality measures
for public reporting and/or payment is currently limited
but expected to grow. The National Health Service
publicly reports PROM-based health gains among pa-
tients undergoing hip arthroplasty, knee arthroplasty,
and, up to September 2017, varicose vein and groin

Table 2. Advantages and Disadvantages of Statistical Modeling and Machine Learning for Developing Predictive
Models

Advantages Disadvantages Example

Statistical
modeling

Transparency in predictors in the
model
Allows for interpretation of
predictors

Can be modeled with less data

Strong assumptions associated
with modeling
Need human input and technical
expertise to guide predictor
selection

Need to select an appropriate
model to ensure accuracy

More up-front time in
conceptualizing the model

Determining whether patient
stress predicts revision surgery
1 yr after surgery above and
beyond other known clinical risk
factors

Machine learning Fewer assumption
Less human input needed in
determining predictors

Focus on developing the best
prediction

May developmore complexmodels
May uncover unexpected
predictors

Requires more data
Predictors are not guided by
subject matter expertise and may
not be interpretable

Complex models may not be
interpretable

Predictor results may not be
available or interpretable
depending on the method

Developing an accurate risk or
prediction score for revision
surgery 1 yr after surgery
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hernia surgery in England.41 CMS currently uses two
PROMs from the Health Outcomes Survey for public
reporting and value-based payments for MA plans and
17 from a variety of measure developers in the Merit-
Based Incentive Payment System for clinicians, including
11 that are applicable to orthopaedics. In 2027, CMS
will start reporting on Hospital Compare, the propor-
tion of total knee arthroplasty/THA patients who
achieve a substantial clinical benefit as part of the
Hospital Inpatient Quality Reporting program. In
advance of the mandatory reporting in 2027, there are
two voluntary reporting periods in 2025 and 2026
during which CMS will not publicly report the perfor-
mance of participating hospitals but rather share with
those hospitals their performance relative to other
participating hospitals across the nation. Data collection
for the voluntary 2025 reporting started in October
2022. Data collection for the voluntary 2026 reporting
started in April 2023.20

Pulling It All Together
The virtuous cycle for PROMs (Figure 1) refers to a
continuous process that involves the collection, analysis,
and use of patient-generated data to improve patient
outcomes.3 It starts with the collection of patient-
generated data through various means, such as surveys,
interviews, and other forms of self-reported information.
These data provide valuable information regarding

patient perspectives on their health, including symptoms,
functional status, and overall quality of life. These data
are ideally housed in a central data warehouse.

The next step in the virtuous cycle is the analysis of
the collected data through an analytics engine. This in-
volves using statistical and analytical methods to iden-
tify trends, patterns, and relationships in the data. The
goal is to uncover meaningful insights that can inform
the development of new and more effective treatments,
develop predictive outcomes models, and identify areas
for improvement in the current clinical care delivery
system. Ideally, the data warehouse and analytical
engine can be leveraged in real time for clinical research,
quality improvement, public reporting, and payment
authorization.

Finally, the virtuous cycle is completed by using the
insights generated from the analysis to improve patient
outcomes. This may involve developing new treatments,
improving current treatments, or making changes to the
healthcare delivery system to better meet the needs of pa-
tients. By continuously collecting and analyzing patient-
generated data, healthcare providers and researchers can
identify areas for improvement, which can then be acted
on to improve patient outcomes. This creates a self-
reinforcing cycle of improvement.

Critical to the execution of this virtual cycle is embed-
ding PROMs collection into clinical practice. The impor-
tance of PROMs collection should be emphasized for both
clinicians and patients. Successful implementation de-
pends on (1) integration of PROMscollection in theEMR,

Figure 1

Virtuous cycle of PROMs for health assessment and improvement. Reproduced with permission from NEJM Catalyst.2 PROM =
patient-reported outcome measure.
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(2) recognition by all members of the care team and pa-
tients that PROMs have clinicalmeaning and importance,
(3) patient engagement in the collection and review of
PROMs, (4) routine PROMs collection at each clinical
encounter, and (5) regular sharing and analysis of PROM
data with clinicians.

Challenges That Remain
Moving frompatient-level data to transformPROMs into
“big data” is subject to many challenges. They start with
the decision on how to collect PROMs. Although most
PROMs have originally been developed for paper and
pencil administration, electronic collection has multiple
advantages, including easier delivery of surveys (eg,
e-mail and Short Message Service [SMS]), automatic
score calculations, and algorithms that reduce the num-
ber of required questions using item response theory.3,42

The next challenge is to implement the electronic
administration of PROMs, which includes both techno-
logical and operational complexities. First, institutions
need to weigh between collecting PROMs through
external vendors or building them directly into their
EMR. The first option usually comes with off-the-shelf
solutions, whichmay be relatively easy to implement, but
often require a very labor-intensive process if integration
with EMR is desired. Inmost cases, true integration, with
seamless bidirectional data exchange, may never be
accomplished.3 On the other hand, building PROMs
directly into the EMR has multiple benefits, such as
eliminating the need for an extra vendor, viewing
PROMs scores directly in the chart, and incorporating
these results into clinical notes, which can greatly
improve the shared decision-making process.43 Still,
several EMR systems do not possess strong custom-
ization options for questionnaires and patient portals
and may not be as adaptable as solutions provided by
specialized vendors regarding customization and cal-
culating intricate scores. Operational hurdles include
reluctance on the part of staff to adopt new workflows
and low patient completion rates, which may hinder
generalizability of results.

If regional, national, and/or international data sharing
is warranted, the lack of health records interoperability is
frequently the most obvious barrier, not to mention legal
requirements for data sharing agreements. Interoperabil-
ity refers to the ability of different EMR systems to share
and exchange patient data seamlessly, including PROMs.
This is a critical aspect of healthcare information tech-
nology because it enables healthcare providers to access

complete and accurate patient information, regardless of
where the information was originally recorded. The goal
of interoperability is to improve the quality of patient care,
reduce medical errors, and enhance the coordination of
care between healthcare providers. In the United States,
the Office of the National Coordinator for Health Infor-
mation Technology has developed standards and guide-
lines for EMRs to ensure that patient data can be
exchanged securely and accurately between different
EMR systems.44 The Office of the National Coordinator
for Health Information Technology has also established
the Nationwide Health Information Network to facilitate
the exchange of health information between different
healthcare organizations. Moreover, the use of a com-
mon terminology to identify each PROM data elements,
such as the Logical Observation Identifiers Names and
Codes, could simplify integration and interoperability.
The Logical Observation Identifiers Names and Codes
was first developed for laboratory and clinical ob-
servations and now includes more than 600 PROM
questionnaires.45

Finally, as presented in Table 1, the regional differ-
ences in PROMs collected for just two of the most
common orthopaedic procedures highlight the need for
the development of common data sets and crosswalks
between various PROMs. The Patient-Reported Out-
come (PRO) Rosetta Stone (PROsetta Stone) initiative
has developed and applied methods to link Patient-
Reported Outcomes Measurement Information System
instruments with other related instruments (eg, 36-Item
Short Form Health Survey, Veterans RAND 12-item
Survey, and Brief Pain Inventory) to increase the range
of PRO assessment options within a consistent and
uniform metric. It provides equivalent scores for dif-
ferent scales that measure the same health outcome.46

Conclusion
The integration of PROMs within big data ecosystems
has the potential to revolutionize health care. The com-
bination of PROMs and other healthcare data provides a
wealth of information that can be used to establish
norms, evaluate data distributions, predict outcomes,
and improve shared decision making and ultimately
patient-centered care. The use of big data from ortho-
paedic registries has already demonstrated numerous
benefits for clinical practice, research, and quality
improvement. As the healthcare industry continues to
adopt patient-centric care and the collection of PROMs
data becomesmorewidespread, the potential for big data
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to inform our understanding of healthcare outcomes and
inform decision making will only continue to grow. The
future of health care is intertwinedwith the integration of
big data and PROMs. However, many structural chal-
lenges must be overcome before the full potential of AI in
health care can be realized.
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