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Abstract

Perioperative medication has made significant contributions to enhancing patient safety. Neverthel ess, administering medication
during this period still poses considerable safety concerns, with many errors being detected only after causing significant
physiological disturbances. The intricacy of medication administration in the perioperative setting poses specific challenges to
patient safety. To address these challenges, implementing potential strategies and interventions is critical. One such strategy is
raising awareness and revising educational curricula regarding drug safety in the operating room. Another crucia strategy is
recognizing the importance of redundancy and multiple checks in the operating room as a hallmark of medication safety, which
isnot acommon practice. Digital health technologies and artificial intelligence (Al) aso offer the potential to improve perioperative
medication safety. Computerized physician order entry systems, electronic medication administration records, and barcode
medication administration systems have been proven to reduce medication errors and improve patient safety. By implementing
these strategies and interventions, health care professionals can enhance the safety of perioperative medication administration
and improve patient outcomes.

(IMIR Perioper Med 2023;6:e34453) doi:10.2196/34453
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Introduction physician to place an order for a medication, the pharmacy to

prepare the medication, and a second nurse to verify the
Medication errors represent a critical patient safety problem, medica_ition prior to a(_jministramion, thean&st_h&siologistworki ng
arising from failures in completing required actions or using d0N€ in the operating room can determine the need for a
thewrong plan or action to achieve patient careaims[1]. These  Medication (i€, diagnoseand prescribe), draw up the medication
errors can be classified by type, including incorrect dose, (1€ Prepare), administer and monitor the effects of the
substitution, omission, repetition, insertion, and unattended drug medication, and record events without any verification check
use [2]. In the perioperative setting, the administration of O Saféty and accuracy [5]. Furthermore, the often fast-paced
intravenous (1V) medications, or the “medication use process’  ad high-stress environment of the operating room can further
[3], presents unique patient safety obstacles. The medication Ncrease the I|keI|r_100(_j of medication errors. Thus, |t_ is not
use process consists of several steps, including requesting, surprising tha_t medlca_nc_)n errors are common |nth|ssett|_ng [6].
dispensing, preparing, administering, documenting, and To addre;ssthsm;ue, itisessential to implement strategies and
monitoring patients for the effects of medication [4]. However, INterventionsthat improvethe safety and accuracy of the process
compared to almost any other hospital setting, medication Of Medication usein the operating room.

administration in the operating room lacks most standard and

accepted safety checks [1]. Unlike nurses, who require a
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Patient Safety ProblemsAssociated With Perioper ative
Medication Errors

Medication errors can be classified based on their potential for
patient harm and whether they result in an adverse drug event
or not. These classificationsinclude errorswith no potential for
harm (near miss), those with little potential for patient harm,
those with potential for adverse drug events, and those resulting
in adverse drug events[1]. An adverse drug event is defined as
any patient injury resulting from medication [7]. However, it
is essential to note that adverse drug events can occur even
without medication errors; for example, inthe case of an alergic
reaction. Nanji et a [1] further classified medication errorsand
adverse drug events by their severity (significant, serious,
life-threatening, and fatal) and preventability (definitely
preventable, probably preventable, probably not preventable,
and definitely not preventable), and they found that out of the
193 (of atotal of 3671, 5.3%) identified medication errors and
adverse drug events, 153 (79.3%) were preventable.
Additionally, 32 (20.9%) of these medication errors had little
potential for harm, 70 (45.8%) had the potential for patient
harm, and 51 (33.3%) resulted in an adverse drug event. The
errors were further classified as serious (n=99, 64.7%),
significant (n=51, 33.3%), and life-threatening (n=3, 2%), with
no fatalities attributabl e to medication errors. In a separate study
by Cooper et a [2], the authorsidentified 52 medication errors,
resulting in no harm in 24 patients, minor harm in 15 patients,
and harm in 13 patients.

Risk Factors

Medication errors have been a concern since the 1970s, but the
exact prevalence of these errors is till unknown due to
underreporting [3]. According to Cooper et a [8], human factors
arethe primary cause of medication errors. Thesefactorsinclude
failure to check, poor labeling, syringe swaps, decreased
vigilance, fatigue, and production pressure [9]. Distraction,
pressure to proceed, and misread labels were found to be the
top 3 factors contributing to medication errors. Nanji et a [1]
identified the following as the 3 most common medication
errors. wrong dose, improper labeling, and failureto deliver the
appropriate medication. High-acuity medications such as
propofol, phenylephrine, and fentanyl were the most common
perioperative medications involved in these errors [10].

Degspite increased awareness and emphasis on perioperative
medication safety by the Anesthesia Patient Safety Foundation,
little progress has been made in addressing the human factor
constraints that lead to medication errors. These constraints
include lack of standardized labels; varied drug via sizes,
shapes, and colors; poorly designed medication carts and drug
dispensing machines; and look-alike and sound-alike
medications. The labeling and packaging of medications were
found to be contributors to amost one-third of voluntarily
reported medication errors leading to fatalities in the 1990s,
according to the Institute of Safe Medication Practices
Medication Errors Reporting Program [11]. The Food and Drug
Administration estimates that suboptimal labeling and packaging
contribute to approximately 20% of medication errors.
Moreover, drug shortages may force pharmacies to source
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unfamiliar substitute medications that can lead to errors, as
reported by 21% of hospital pharmacistsin a2017 survey [12].

The high rate of medication errorsin perioperative medication
administration can be attributed to several factors, but perhaps
the most significant is the anesthesia culture itself. The norm
of an anesthesiol ogist performing the medication administration
process with no oversight is deeply ingrained in professional
and organizational culture. Prielipp et a [13] discussed the
concept of “normalized deviance” in anesthesia practice, where
departure from correct behavior becomes so ingrained in work
culturethat it isno longer considered deviant. Despite evidence
that independent double checks can detect up to 95% of potential
medication errors and eliminate 58% of those identified [14],
the culture of autonomy, rejection of “ cookbook” medicine, and
resistance to standardization hinder the reporting of minor or
near-miss events and impede efforts to improve medication
safety in anesthesia. Grigg and Roedler [3] summarized this
culture asallowing providersto *“ hand scrawl on poorly labeled
syringes drawn up from nonstandard, look-alike vials in a
distracting environment and organize them in an arbitrary,
personalized arrangement.” Organizational barriers also exist,
such asfear of reprisal for errors or ablame culture, which can
prevent medication errors from being reported [15].

I nterventions and Recommendations

Inadequate labeling and packaging of medicationsisone of the
primary human factors associated with a significant number of
medication errors. Poor labeling can result in the administration
of the wrong medication, incorrect dosage, and an incorrect
route of administration. Common labeling errors include
syringesthat are unlabeled or inaccurately labeled and illegible,
handwritten labels[16]. To addressthelabeling problem, various
solutions have been proposed. Theseinclude using standardized
color-coded labels for similar drug classes, implementing
barcode-assisted |abeling systemsto generate medication labels,
and using commercially prepared prefilled medication syringes.
In a systematic review by Maximous et a [17], improved
labeling led to areduction of 37% in medication errors. Recent
data have questioned the effectiveness of color-coding in
preventing medication errors[ 18], but research on human factors
engineering (HFE) highlights the importance of pattern
recognition when performing pressured, high-stresstasks, such
as administering high-risk medication in the operating room
environment [8]. Although support for the color-coded |abeling
system has somewhat decreased, HFE acknowledges that
identifying objects in high-stress situations relies on multiple
cues|[3], and the historical use of color-coding remainsacrucial
cue for anesthesiologists.

Digital health technologies such as computerized physician
order entry (CPOE) systems and electronic medication
administration records (EMAR) have been shown to reduce
medication errors and improve patient safety. CPOE systems
allow health care professionalsto electronically enter medication
orders, reducing the likelihood of errors due to illegible
handwriting or transcription errors. The use of CPOE systems
can ensure that medication orders are accurately and efficiently
transmitted to the pharmacy and the surgical team. The eMAR
systems can provide real-time information about medication
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administration during surgery, alowing the surgical team to
make informed decisions about the patient's care [19]. eMAR
reduces the risk of medication errors due to incorrect dosages
or administration times. In the perioperative setting, these digital
health technol ogies can be particularly beneficial.

Barcode medication administration (BCMA) technology has
been successful on nursing floors, but is not yet widely
implemented in anesthesia due to the cost of the systemsand a
lack of a universal electronic health record (EHR) system
capable of scanning barcodes and incorporating theinformation
into the operative record [20]. BCMA systems use barcodes to
verify patient and medication information, thus reducing the
risk of erors due to incorrect medication selection or
administration. BCMA systems can hel p ensure that the correct
medications are administered to the correct patient at the correct
time, reducing the risk of medication errors and adverse events
[21]. Point-of-care barcode scanning has the potentia to
eliminate 17% of medication errors and 25.5% of potential
adverse drug events[1]. In astudy by Merry et al [22], a21%
reduction in perioperative medication errors was demonstrated
when syringe labels were scanned immediately before
administration. When automated drug-specific decision support
and aertswere added, an additional 29% and 59% of medication
errors could be eliminated, respectively. Despite the availability
of barcode-assisted labeling systemsin their study environment,
the authors found that up to 24% of medication errors till
involved a labeling error. These errors occurred when health
care professional s bypassed the system or found aworkaround.
To minimize theserisks, prefilled medication syringes prepared
at standard concentrations and provided by the pharmacy may
be the best risk reduction strategy. A failure modes and effects
analysis of the use of prefilled syringes has the potential to
eliminate 16 medication preparation steps and 19 potential
failure modes [23]. For organizations with barcode scanning
abilities, these prefilled syringes could also use barcode
technol ogy, which would €liminate compounding of medications
by the anesthesia clinicians and the associated risks of this
practice. Other process-based interventions, such asfacilitating
timing of documentation, reducing workarounds, and
standardizing connections of 1V drug infusions to the most
proximal port, could further reduce medication errors. These
processinterventions have the potential to eliminate 35%, 24%,
and 1.3% of medication errors, respectively [1]. Ultimately,
multimodal strategies are needed, which include all potential
human factor system changes and process interventions
discussed above [24]. Multimodal interventions, including
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barcode readers with automatic auditory and visual verification
of the drug, prefilled color-coded syringes, and workspace
improvements including standardized stocking of anesthesia
carts, have the greatest potential to reduce errors [25]. In
combination, these interventions could reduce error rates by
21%-35% per administration and 37%-41% per anesthetic [17].

Artificia intelligence (Al) has the potential to revolutionize
medication safety by providing real-time decision support,
reducing medication errors, and improving communication
among health care professionals[26]. Al can analyzelarge data
sets to identify patterns and predict adverse events, allowing
health care professionals to intervene before harm occurs. Al
can aso provide decision support, suggesting the most
appropriate medication and dosage for aparticular patient based
on their medical history and other factors. Finally, Al can
facilitate communication among heath care professionals,
ensuring that critical information is shared in a timely and
efficient manner. In the perioperative setting, Al can be
particularly valuable in predicting and preventing adverse
events. For example, Al algorithms can analyze vital signsand
other patient data to identify patients at risk for postoperative
complications such assepsisor acute kidney injury [27]. Al can
also provide decision support to help health care professionals
select the most appropriate medication and dosage for a
particular patient, taking into account their medical history,
alergies, and other factors. Finaly, Al can facilitate
communication among health care professional s, ensuring that
critical information is shared in atimely and efficient manner.

Al agorithms can analyze large amounts of data to identify
patterns and predict medication errors. For example, Al can
analyze medication orders and patient data to identify patients
at high risk for medication errors. This can help clinicians to
proactively interveneto prevent errors before they occur. Natural
language processing algorithms can analyze free-text notesin
the EHR to identify potential medication errors. For example,
natural language processing can identify notes that mention
medication errors or adverse drug events. This can help
clinicians to identify and address medication errors that may
have been missed through other means. Al can be used to
provide real-time decision support to clinicians. For example,
Al algorithms can analyze medication ordersand provide alerts
to clinicians about potential drug interactions, dosing errors, or
other safety concerns. This can help cliniciansto makeinformed
decisions about medication orders and reduce therisk of errors.
Table 1 outlines specific ways that Al can be used to improve
perioperative medication errors.
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Table 1. Application of artificial intelligence (Al) in the patient safety of perioperative medication.

Al technology

Applications

Predictive analytics

Natural language processing

Clinical decision support

Machine learning

Computer vision

Al agorithms have the potential to analyze vast amounts of data, identify patterns, and predict medication errors
[28]. For example, clinicians can proactively interveneto prevent errors before they occur by analyzing medication
orders and patient data to identify patients at high risk for medication errors, using Al.

Natural language processing algorithms can analyze free-text notesin the electronic health record to identify po-
tential medication errors that may have been missed through other means, such as notes that mention medication
errorsor adverse drug events[29]. Thisapproach can assist cliniciansinidentifying and addressing potential errors
before they cause harm.

Al can provide real-time decision support to clinicians by analyzing medication orders and providing alerts for
potential drug interactions, dosing errors, or other safety concerns[30]. Thisfeature can assist cliniciansin making
informed decisions about medication orders and reducing the risk of errors.

Machinelearning algorithms can be used to identify patterns and predict medication errors by analyzing medication
orders and patient data. These algorithms can also be used to devel op personalized medication regimens for indi-
vidual patients based on their unique characteristics, which can improve medication safety and reduce the risk of
adverse drug events [31].

Computer vision algorithms can be used with barcoding systems to verify medication administration [22]. For in-
stance, computer vision can analyze barcode scansto verify that the medication matches the order and the patient's
information in the el ectronic health record. Thisfeature can help reducetherisk of errorsdueto incorrect medication

administration.

Discussion

Ensuring patient safety isaparamount concern, especially when
it comes to administering medications in the perioperative
setting. Medication reconciliation is a crucial process that
involves comparing a patient's medication orders with their
current medication regimen to identify any discrepancies and
prevent medication errors caused by incomplete or inaccurate
medication histories. To ensure medication safety, it isimportant
to perform preoperative medi cation reconciliation and document
it accurately [32]. Standardized protocols for medication
administration, such as those recommended by professional
societies or ingtitutions, can help reduce therisk of errorsduring
drug preparation, dosage calculation, and administration [33].
Education and training are essential for improving the safety of
perioperative medication. Clinicians should be trained on
medication safety best practices, including the use of decision
support tools, theimportance of medication reconciliation, and
the use of standardized protocols[34]. Effective communication
among health care professionals, especially during handovers,
iscritical to reducing medication errors. The use of standardized
communication tools and training can help improve
communication among health care professionals [35].
Continuous electronic monitoring of vital signs, particularly
during surgery, can help identify and manage medication-rel ated
adverse events promptly. Emerging evidence suggests that
incorporating HFE principlesinto practice may improve patient
safety by reducing cognitive workload and simplifying
medication administration processes [36]. By optimizing the
design of medication administration processes, we can reduce
therisk of errors and improve patient safety [37].

Digital health technologies and Al can be used to enhance
perioperative medication safety by detecting potential
medication errors and providing decision support tools to
cliniciansin real time. Clinical decision support tools, such as
alertsfor potential drug interactions or incorrect doses, can help
to prevent medication errors[38]. Thesetools can beintegrated
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into EHR systems, providing clinicians with accurate and
up-to-date information about medications and their effects.
CPOE systems alow clinicians to enter medication orders
directly into an EHR system, reducing errors caused by illegible
handwriting or transcription errors[39]. These systems can also
provide decision support tools, such as aertsfor potential drug
interactions or incorrect doses. Additionally, CPOE systems
can help to standardize medication orders, reducing the risk of
errors due to miscommunication or confusion. The eMAR
systemsallow health care professionalsto electronically record
medication administration, reducing errors due to incorrect
dosages or administration times [40]. These systems can aso
be integrated with barcode scanning technology to ensure that
the correct medication is administered to the correct patient at
the correct time. Telepharmacy services can be used to provide
medication-rel ated support to health care professiona sin remote
or underserved areas, ensuring that medication orders are
accurate and complete and that medications are administered
safely [41]. Patient portals can be used to provide patients with
information about their medications, including dosages, side
effects, and potential interactions [42]. These portals can aso
be used to remind patients to take their medications and to
provideinstructions on how to properly administer medications.
By incorporating these digital health technologiesand Al, health
care professionals can reduce the risk of medication errors and
improve patient outcomes.

Improving patient safety during perioperative medication
administration requires a multifaceted approach, incorporating
strategies that address medication reconciliation, standardized
protocols, effective communication, continuous monitoring,
and HFE principles.

Conclusions

Perioperative medication safety has been largely overlooked in
terms of rigorous assessment of medication events and the
implementation of safety measures. Unlike other high-risk
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industries, there are few safety protocols to prevent simple but
dangerous medication errors, such as those related to labeling.
Addressing systemic weaknesses that contribute to medication
errorsrequiresHFE and cultural reforms, and a shift away from
focusing on individual blame and failure of truth-telling and
transparency to enablereal reform. Simply improving vigilance
is insufficient since it does not address human factors and
systemic issues that contribute to errors. Digital health
technologies and Al offer significant promise in enhancing
perioperative medication safety. Systems such as CPOE, eMAR,
and BCMA can reduce medication errors and improve

Ye

communication among health care professionals. Al can provide
real-time decision support, predict adverse events, and facilitate
communication. However, it is necessary to develop effective
ways to measure medication errors and capture datato identify
the true scope of the problem and develop solutions for
mitigation. Standardization, medication reconciliation, education
and training, clinical decision support, barcoding and electronic
medication administration, and effective team communication
areall crucial toimproving perioperative medication safety. By
implementing these strategies, health care professionals can
reduce therisk of medication errors and improve patient safety.
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Abstract

Background: Hyponatremia and hypernatremia, as conventionally defined (<135 mEg/L and >145 mEg/L, respectively), are
associated with increased perioperative morbidity and mortality. However, the effects of subtle deviations in serum sodium
concentration within the normal range are not well-characterized.

Objective: The purpose of this analysisisto determine the association between borderline hyponatremia (135-137 mEg/L) and
hypernatremia (143-145 mEg/L) on perioperative morbidity and mortality.

Methods: A retrospective cohort study was performed using data from the American College of Surgeons National Surgical
Quality Improvement Program database. This database isarepository of surgical outcome data collected from over 600 hospitals
across the United States. The National Surgical Quality Improvement Program database was queried to extract all patients
undergoing elective, noncardiac surgery from 2015 to 2019. The primary predictor variable was preoperative serum sodium
concentration, measured less than 5 days before the index surgery. The 2 primary outcomes were the odds of morbidity and
mortality occurring within 30 days of surgery. The risk of both outcomesin relation to preoperative serum sodium concentration
was modeled using weighted generalized additive model sto minimize the effect of selection biaswhile controlling for covariates.

Results: Intheoverall cohort, 1,003,956 of 4,551,726 available patients had a serum sodium concentration drawn within 5 days
of their index surgery. The odds of morbidity and mortality across sodium levels of 130-150 mEg/L relative to a sodium level of
140 mEg/L followed a nonnormally distributed U-shaped curve. The mean serum sodium concentration in the study population
was 139 mEg/L. All continuous covariates were significantly associated with both morbidity and mortality (P<.001). Preoperative
serum sodium concentrations of less than 139 mEg/L and those greater than 144 mEg/L were independently associated with
increased morbidity probabilities. Serum sodium concentrations of less than 138 mEg/L and those greater than 142 mEg/L were
associated with increased mortality probabilities. Hypernatremiawas associated with higher odds of both morbidity and mortality
than corresponding degrees of hyponatremia.

Conclusions: Among patients undergoing el ective, noncardiac surgery, this retrospective analysis found that preoperative serum
sodium levelslessthan 138 mEg/L and those greater than 142 mEQ/L are associated with increased morbidity and mortality, even
within currently accepted “normal” ranges. The retrospective nature of this investigation limits the ability to make causal
determinations for these findings. Given the U-shaped distribution of risk, past investigations that assume a linear relationship
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between serum sodium concentration and surgical outcomes may need to berevisited. Likewise, these results question the current
definition of perioperative eunatremia, which may require future prospective investigations.

(JMIR Perioper Med 2023;6:€38462) doi:10.2196/38462
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Introduction

Abnormal preoperative sodium levels are associated with
multiple adverse outcomes, including increased risk of venous
thromboembolism, major bleeding and return to the operating
room, perioperative coronary events, wound infection, and
prolonged postoperative length of hospital stay [1-6]. Both
hyponatremia and hypernatremia are associated with an
increased risk of perioperative mortality [2,4,5]. Past
investigationsin nonsurgical populations suggest that optimizing
sodium intake may reduce the risk of mortality [7,8]. While
these studies provide aclinical rationale for intervention in the
presence of hyponatremia or hypernatremia, the granularity of
results has been limited due to broad categorizations of
hyponatremia and hypernatremia.

Many previous studiesinvestigating patient outcomes categorize
sodium levels as hyponatremic (serum sodium concentration
less than 135 mEQ/L), eunatremic, and hypernatremic (serum
sodium concentration greater than 145 mEg/L) [1,9-11]. Some
studies also identified an increased risk of in-hospital and 1-year
mortality in hospitalized patients with mild hyponatremia
(125-134 mEg/L) and hypernatremia (146-150 mEg/L) [12,13].
Such evidence indicates that there are gradations of risk per
sodium level outside of the eunatremic range, but it isunknown
if such gradations of risk occur within the eunatremic range.
Therefore, amore granular resolution is needed to determine if
there is an increased risk of poor postoperative outcomes in
patients within the range of serum sodium concentrations that
are currently accepted as normal.

The culmination of research to date indicates that the role of
sodium in morbidity and mortality risk isbroad acrossavariety
of surgeries, including hip arthroplasty [7,8], lower extremity
arthroplasty [14], cervica spina fusion[15], and cardiac surgery
[9,16]. Moreover, risk prediction models, including those based
on the American College of SurgeonsNational Surgical Quality
Improvement Program (ACS NSQI P) data, indicate that sodium
level, when categorized (eg, hyponatremia, eunatremic, and
hypernatremia), is an important indicator of postsurgical
morbidity and mortality in a large surgically diverse sample
[17]. Such risk models do not allow clinicians to delineate an
ideal target for clinical intervention. Taken together, thereis a
need to provide clinically informative research that evaluates
the nonnormally distributed rel ationship between sodium levels,
morbidity, and mortality across a large surgical population.
Therefore, the purpose of this investigation was to explore the
potential nonlinear relationship between preoperative sodium
levels, modeled as a continuous predictor, and the odds of
30-day postoperative morbidity and mortality in patients
undergoing el ective, noncardiac surgery. We hypothesized that
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preoperative serum sodium concentration was independently
associated with increased odds of both postoperative morbidity
and mortality when modeled as a continuous variable, assuming
areference normal serum sodium concentration of 140 mEg/L.

Methods

Ethical Considerations

This study is a retrospective cohort design and was approved
by the Naval Medical Center Portsmouth’sInstitutional Review
Board (NMCP.2021.0054).

Study Design and Data Sour ce

Datafrom the ACS NSQI P database during the years 2015-2019
were obtained. These data come from over 700 hospitals and
are collected using well-described methods to assure a high
level of validity [18]. Noncardiac surgical procedures were
included using current procedural terminology (CPT) codes
10000-32999 and 34000-69999. Patients undergoing cardiac
surgery were excluded from this analysis due to the unique risks
associated with that patient population, including the risks
associated with cardiopulmonary bypass. Similar to previous
investigations [19], we excluded minor surgeries such as
endoscopies (CPT 43200-43272, 45300-45392, 46600-46608)
and minor musculoskeletal procedures (CPT 29000-29750).
Additionally, patients were excluded if they underwent
emergency surgery.

The following demographic and health data were collected for
each patient: CPT code, age, race, ethnicity, height, weight, sex
assigned in the medica record, functional status, American
Society of Anesthesiologists (ASA) Physical Score, sodium
level, hematocrit, creatinine, steroid use, ascites, sepsisor septic
shock, ventilator dependence, disseminated cancer, diabetes,
hypertension, weight loss (at least 10% in the past year),
congestive heart failure (CHF), dyspnea, smoking, chronic
obstructive pulmonary disease, and dialysis. Patient records
were included based on the following criteriaz sodium,
hematacrit, and creatinine assessment <5 days prior to surgery;
BMI of >12 and <60; ages 18 to 89 years; hematocrit of >21%
and <50%; sodium level of =130 mEg/L and <150 mEQ/L;
creatininelevel of >0.5 mg/dL and <4.0 mg/dL ; and undergoing
surgery under aprimary CPT listed in at least 50 patient records.

Exposure

The primary exposure was the preoperative sodium level. A
priori, the serum sodium level of 140 mEg/L was empirically
determined to be the reference value for the development of
statistical models.
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Outcomes

The 2 primary outcomes were defined as aggregate morbidity
within 30 days of index surgery and mortality within 30 days
of index surgery. Aggregate morbidity included any of the
following: cardiac arrest, myocardial infarction, cerebrovascular
accident, deep vein thrombosis, pulmonary embolism,
postoperative sepsis or septic shock, renal insufficiency or
failure, reintubation, failure to wean from the ventilator,
pneumonia, wound dehiscence, or surgical site infection
(including superficial, deep, or organ space). Details regarding
the standardized definitions of these variables have been
previously published [19].

Statistical Analysis

Univariate and Bivariate Analyses

First, nonparametric analyses (eg, chi-square, Kruskal-Wallis
rank sum, and Mann-Whitney U tests) examined differences
between patient records that were and were not included in the
analyses. Next, bivariate analyses evaluated differences in
demographic characteristics and medical comorbidities by
morbidity and mortality status. Bivariate analyses were
performed using the TableOne R package (R Foundation) [20].
Due to the elevated likelihood of rejecting the null hypothesis
(P<.05) in large samples and because the information rendered
by the P value does not describe the strength of differences,
both the P value and the standardized mean difference are
reported for bivariate analyses. Standardized mean difference
isreported specifically to describe the effect size of theincluded
demographic characteristics and medical comorbidities on the
outcomes of morbidity and mortality.

I nverse Probability Weights

Given the potentia for selection bias in this analysis, outcome
models included weights corresponding to the inverse
probability of meeting inclusion criteria. This previously
validated method accounts for selection bias due to missing
predictor data[21]. Inverse probability wel ghtswere constructed
through amultistep process. First, ageneralized additive model
(GAM) was conducted using the mgcv R package [22] to
estimate the propensity of record inclusion. GAMs allowed for
the modeling of nonlinear relationships between continuous
predictors and the outcomes (smooth effects). Inthe GAM, the
binary outcome was recorded as exclusion (0) versusinclusion
(2), and the predictors were covariates associated with included
versus excluded status. Sodium, creatinine, and hematocrit were
not used in thisanalysis, as the lack of preoperative laboratory
data was indicative of an excluded status. To account for the
role of primary CPT in the propensity to be included, the
proportion (%) of included patients per primary CPT was
calculated. This proportion was included in the GAM as an
additional covariate. The predicted and fitted values indicated
the propensity of record inclusion given demographic
characteristics, medical comorbidities, and primary CPT. Lastly,
the propensity scoreswere transformed into inverse probability
weights through the following formula: Inverse probability
weight = (Included status / Propensity score) + ((1 Included
status) / (1 Propensity score)). These weights were used to
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control for potential selection bias in subsequent outcome
models [23].

Generalized Additive Models

The previously described factors associated with morbidity and
mortality within the NSQIP database wereincluded as covariates
in 2 separate GAMs. One model was generated to predict
aggregate morbidity, and the other to predict mortality. If
missing data in the included sample was >1%, multiple
imputations were planned. To assess the degree of
multicollinearity, the performance R package was used to
compute the variance inflation factor of each fixed covariate; a
variance inflation factor <5 indicated acceptable levels of
multicollinearity. GAM results were extracted using the gPlot
R package [24]. Estimated conditional means (95% CI) were
calculated using the ggeffects R package [25]. Both the adjusted
oddsratios (95% Cl) and adjusted relative risks (RRs, 95% Cl)
of morbidity and mortality at sodium levels 130-150 mEg/L,
relative to the a priori defined reference of 140 mEg/L, were
calculated aswell. Theggplot2 [26] and ggpubr [27] R packages
were used to construct customized plots of model results.
Statistical significance was indicated by P<.05.

Sensitivity Analysis

Sensitivity analyses were performed using E-values [28] and
dtratification of theincluded sample by the previoudly calculated
propensity scores. The EValue R package [29] was used to
calculate E-values corresponding to each RR of sodium levels
130-150 mEg/L . E-values indicate the strength a confounding
variable would need to have on both the predictor (sodium) and
outcome, beyond the effects of covariates already included in
the model, to render the effect of sodium on the outcome null
[30]. As such, E-values provide an assumption-free means of
evaluating the robustness of model results[28]. For comparison
purposes, the RR (95% ClI) of fixed effects was al so cal cul ated.
Within the included sample, propensity scores corresponding
to the propensity to be included in analyses were divided into
terciles. The outcome GAMswerereplicated without theweights
in the subsample of included records with the lowest tercile of
propensity scores. Sensitivity analyseswere graphically rendered
for comparison purposes.

Results

Sample Description

Of the 4,551,726 patient records available, 1,003,956 met all
inclusion criteria. Most patient records were excluded due to
laboratory assessments occurring morethan 4 daysfrom surgery
or not at al (n=3,388,178), continuous variables outside of the
prespecified ranges (n=145,458), and a primary CPT that was
not represented in at least 50 patient records (n=14,134).
Bivariate analysesindicated that thoseincluded versus excluded
differed across all identified demographic characteristics and
medical comorbidities (MultimediaAppendix 1). Intheincluded
sample, 15,474 (0.3%) patient records had missing data;
therefore, no imputation was performed. Morbidity and mortality
ratesin the included cohort were 8.5% and 1.3%, respectively.
Descriptive statistics are reported (Table 1). Morbidity (Table
2) and mortality status (Table 3) are aso reported. Bivariate
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test results indicated that all demographic characteristics and mortality status. As such, all of these factors were included as
medical comorbidities were associated with morbidity and covariatesin the GAMs.

Table 1. Descriptive statistics of the overall sample (N=977,343).

Characteristics Overall
Age (years), median (IQR) 60.0 (46.0-71.0)
Sex, n (%)
Male 452,054 (45.0)
Female 551,884 (55.0)
Race and ethnicity, n (%)
White 654,377 (65.2)
American Indian and Alaska Native 6366 (0.6)
Asian 27,927 (2.8)
Black 111,166 (11.1)
Latino 73,748 (7.3)
Native Hawaiian and Pacific Islander 3575 (0.4)
Other 2451 (0.2)
Unknown 124,346 (12.4)
BMI, median (IQR) 28.66 (24.69-33.67)

ASA?physical status, n (%)

[ 56,585 (5.7)
Il 387,503 (38.7)
m 477,321 (47.7)
v 79,712 (8.0)
Presence of comorbidities, n (%)
Hypertension 481,752 (48.0)
Diabetes 191,078 (19.6)
COoPDP 56,487 (5.6)
History of smoking 200,591 (20.0)
Chronic steroid use 48,421 (4.8)
Congestive heart failure 14,385 (1.4)
Active cancer diagnosis 40,880 (4.1)
Sepsis or septic shock 37,231 (3.8)
Preoperative laboratory values, median (IQR)
Sodium (MEg/L) 139 (137-141)
Hematocrit (%) 39.2 (35.2-42.5)

Creatinine (mg/dL)

Percent CPT® morbidity (IQR)
Percent CPT mortality (IQR)

0.84 (0.70-1.01)
5.30 (2.63-11.28)

0.24 (0.08-1.47)

8ASA: American Society of Anesthesiologists.
bCOPD: chronic obstructive pulmonary disease.
CCPT: current procedural terminology.
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Table 2. Aggregate morbidity outcomes status.

Characteristics No morbidity (N=918,385) Morbidity (N=85,571) Pvalue SMD?
Age (years), median (IQR) 59.0 (45.0-70.0) 65.0 (54.0-75.0) <.001 0.38
Sex, n (%) <.001 0.08
Mae 410,367 (44.7) 41,687 (48.7)
Female 508,002 (55.3) 43,882 (51.3)
Race and ethnicity, n (%) <.001 0.1
White 597,599 (65.1) 56,778 (66.4)
American Indian and Alaska Native 5814 (0.6) 552 (0.6)
Asian 25,943 (2.8) 1984 (2.3)
Black 100,829 (11.0) 10,337 (12.1)
Latino 69,192 (7.5) 4556 (5.3)
Native Hawaiian and Pacific |slander 3303 (0.4) 272 (0.3
Other 2281 (0.2) 170 (0.2)
Unknown 113,424 (12.4) 10,922 (12.8)
BMI, median (IQR) 28.69 (24.74-33.67) 28.69 (24.74-33.67) <.001 0.03
ASAP physical status, n (%) <001 057
[ 55,391 (6.0) 1194 (1.4)
I 369,550 (40.3) 17,953 (21.1)
m 426,405 (46.6) 50,916 (59.8)
1\ 64,588 (7.1) 15,124 (17.8)

Presence of comorbidities, n (%)

Hypertension 430,631 (46.9) 51,121 (59.7) <.001 0.26
Diabetes 168,658 (18.4) 22,420 (26.2) <.001 0.21
COPD® 47,235 (5.1) 9252 (10.8) <.001 0.21
History of smoking 181,440 (19.8) 19,151 (22.4) <.001 0.06
Chronic steroid use 41,464 (4.5) 6957 (8.1) <.001 0.15
Congestive heart failure 11,224 (1.2) 3161 (3.7) <.001 0.16
Active cancer diagnosis 33,660 (3.7) 7220 (8.4) <.001 0.20
Sepsis or septic shock 31,324 (3.4) 5907 (6.9) <.001 0.17
Preoper ative laboratory values, median (IQR)
Sodium (MEg/L) 139 (137-141) 139 (137-141) <.001 0.12
Hematocrit (%) 39.4 (35.6-42.6) 37.0 (32.0-41.0) <.001 041
Creatinine (m)g/dL 0.83 (0.70-1.00) 0.88 (0.70-1.11) <.001 0.22
Percent CPTY morbidity (IQR) 5.02 (2.63-10.26) 12.38 (5.93-19.54) <001 081
Percent CPT mortality (IQR) 0.22 (0.08-1.15) 1.25(0.33-3.05) <.001 0.51

8SMD: standardized mean difference.

BASA: American Soci ety of Anesthesiologists.
SCOPD: chronic obstructive pulmonary disease.
dePT: current procedural terminology.
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Table 3. Mortality outcome status.
Characteristics No mortality (N=991,327) Mortality (N=12,629) Pvalue SMD?
Age (years), median (IQR) 60.00 (46.00-71.00) 75.00 (66.00-82.00) <.001 1.02
Sex, n (%) <.001 0.19
Mae 445,213 (44.9) 6841 (54.2)
Female 546,096 (55.1) 5788 (45.8)
Race and ethnicity, n (%) <.001 0.24
White 645,010 (65.1) 9367 (74.2)
American Indian & Alaska Native 6315 (0.6) 51 (0.4)
Asian 27,682 (2.8) 245 (1.9)
Black 109,799 (11.1) 1367 (10.8)
Latino 73,256 (7.4) 492 (3.9)
Native Hawaiian and Pacific |slander 3546 (0.4) 29(0.2)
Other 2430 (0.2) 21(0.2)
Unknown 123,289 (12.4) 1057 (8.4)
BMI, median (IQR) 28.69 (24.74-33.73) 25.99 (22.20-30.99) <.001 0.35
ASAP physical status, n (%) <001 125
[ 56,574 (5.7) 11(0.1)
I 386,890 (39.1) 613 (4.9)
m 470,707 (47.6) 6614 (53.2)
1\ 74,518 (7.5) 5194 (41.8)
Presence of comorbidities, n (%)
Hypertension 472,832 (47.7) 8920 (70.6) <.001 0.48
Diabetes 187,320 (18.9) 3758 (29.8) <.001 0.29
COPDS 54,107 (5.5) 2380 (18.8) <.001 0.42
History of smoking 198,133 (20.0) 2458 (19.5) 15 0.01
Chronic steroid use 47,044 (4.7) 1377 (10.9) <.001 0.23
Congestive heart failure 13,072 (1.3) 1313 (10.4) <.001 0.39
Active cancer diagnosis 38,451 (3.9) 2429 (19.2) <.001 0.50
Sepsis or septic shock 35,342 (3.6) 1889 (1.5) <.001 0.42
Preoper ative laboratory values, median (IQR)
Sodium (MEg/L) 139 (137-141) 138 (136-141) <.001 0.19
Hematocrit (%) 39.3(35.3-42.5) 33.0 (28.8-38.0) <.001 0.88
Creatinine (mg/dL) 0.83 (0.70-1.01) 1.00 (0.76-1.44) <.001 0.54
Percent CPTY morbidity (IQR) 5.30 (2.63-10.90) 12.54 (9.08-18.46) <00l 091
Percent CPT mortality (IQR) 0.23(0.08-1.37) 2,91 (1.25-5.09) <.001 1.05

33MD: standardized mean difference.

BASA: American Soci ety of Anesthesiologists.
SCOPD: chronic obstructive pulmonary disease.
dePT: current procedural terminology.

GAM Results

In both outcome GAMs, al continuous covariates (age, BMI,
sodium, hematocrit, creatinine, and percent CPT morbidity or
mortality) were modeled as smooth terms and were substantially
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associated with both morbidity and mortality. Across both
models, patients assigned male in the medical record with an
elevated A SA status, steroid use, sepsis or septic shock, cancer,
a positive smoking status, chronic obstructive pulmonary
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disease, renal failure, and CHF were more likely to experience
morbidity and mortality compared to their reference counterparts
(Multimedia Appendix 2). When controlling for other
demographic characteristics and medical comorbidities, patients
whose race and ethnicity were listed as Asian or Latino had a
lower probability of morbidity and mortality relative to White
patients. Similarly, White patients had a greater probability of
morbidity relative to Native Hawaiian and Pacific Islander

Figure 1. Odds ratios (95% CI) of morbidity (left) and mortality (right).
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Sensitivity Analyses

The E-values corresponding to the RR of morbidity and
mortality across sodium levels are shown in Figures S1A and
S1B in Multimedia Appendix 3. For example, at asodium level
of 135 mEg/L, the morbidity (RR 1.07, 95% CI 1.07-1.07) and
mortality (RR 1.30, 95% CI 1.30-1.30) would be rendered null
if an unmeasured confounder was associated with both sodium
and the outcome by aRR of 1.35-fold (lower 95% CI 1.35) and
1.93-fold (lower 95% CI 1.92), respectively. For reference,
these E-values are similar to the effects of ASA | versus|il on
morbidity (RR 1.33, 95% CI 1.32-1.33) and CHF on mortality
(RR 1.97,95% Cl 1.94-1.99). The RR (95% Cl) for fixed effects
on both outcomes are reported in Multimedia Appendix 2.

Lastlyy, GAMs evaluating morbidity and mortality were
conducted on asubsample of theincluded group with the lowest
tercile propensity scores (n=333,701). Model resultswere similar
to the main analysis, such that the effect of sodium was
significant (P<.001), and the nonlinear pattern followed a
U-shape (Figures S1C and S1D in Multimedia Appendix 3).

Discussion

Principal Results

This exploratory analysis calls into question the current
understanding of the “normal” range of serum sodium levels
(135-145 mEg/L) within the context of perioperative care, as
values of serum sodium concentration within this range of
normal values were associated with 30-day aggregate morbidity
and mortality. By examining preoperative sodium levelsin over
1 million patients as a continuous variable instead of the
commonly used categories (eg, hyponatremic, eunatremic, and
hypernatremic), this study provides improved granularity on

https://periop.jmir.org/2023/1/e38462

Coleetd

patients, but White patients had alower probability of morbidity
than patients of unknown race and ethnicity. Patients with
diabetes and hypertension had agreater probability of morbidity
relative to those without these conditions. The odds of morbidity
and mortality across sodium levels of 130-150 mEg/L relative
to a sodium level of 140 mEg/L followed a U-shaped curve
(Figure 1).

Mortality

3.84

3.44

3.0

2.6

2.24

130 132 134 136 138 140 142 144 146 148 150
Sodium (mEg/L)

the association between small deviations in sodium and
perioperative outcomes. As such, what is considered “normal”
sodium values in the general population may not be normal in
patients undergoing elective noncardiac surgery.

Comparison With Prior Work

As health care shifts to value-based care, these findings may
also play arolein evaluating val ue-based perioperative practices.
For example, recent evidence using NSQIP data indicates that
preoperative laboratory assessment is not associated with the
odds of postoperative complications and readmission in patients
undergoing ambulatory surgery with an ASA | or |l status,
thereby suggesting the low value of preoperative laboratory
assessment [31]. However, such findings may be premised on
clinician practicesthat are contingent on adefinition of “normal”
that is, per these findings, associated with increased risk of
aggregate morbidity and mortality (eg, ~135 mEg/L). Given
the potential impact of these findings, combined with the lack
of causal assumptions that can be made, future work is needed
to assess whether clinical intervention addressing high- and
low-normal sodium serum concentrations improves clinical
outcomes and value-based care.

Strengths and Limitations

Thisstudy possessed severa strengths. Though themain variable
of interest was serum sodium concentrations, models included
many demographic characteristics and medical comorbidities
that have previously been shown to be substantially associated
with aggregate morbidity and mortality risk. These factors
included other laboratory values (eg, creatinine and hematocrit)
that may also warrant further inspection, given their relationship
with postoperative outcomes. By controlling for these covariates
and using aweighted approach based on the inverse probability
of record inclusion, the results of this study are likely
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generalizable to adult patients undergoing any elective,
noncardiac surgery in the United States. We restricted records
to those with laboratory results collected lessthan 5 days before
surgery, thereby increasing the likelihood that the recorded
values actually reflected serum sodium levels at the time of
surgery.

This study wastempered by several limitations. First, no causal
conclusions can be drawn from the study due to the
retrospective, associative nature of the study design and analytic
approach. Additionally, there may be several covariates,
including specific health conditions, medication receipt (both
in the days leading up to surgery and perioperatively),
preoperative recommendations (eg, fasting), and prior health
care received, that are neither collected in the NSQIP database
nor included in the analysis but could be associated with
morbidity and mortality. While this database is a robust and
extensive collection of surgical outcome data in the United
States [18], the inclusion of other covariates mentioned above
could serveto refinethismodel and provide more specific areas
of research to explore. Examples of other potential confounders
include medications, preoperative fasting, and certain
comorbidities, which themselves may be associated with
abnormal sodium levels. When considering the potential impact

Disclaimer
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of missing confounders on model results, E-values indicated
that any confounder would need to surpass the strength of most
fixed covariates within our models and account for unique
variance not otherwise accounted for by current covariates to
render the effect of sodium null.

Conclusions

This analysis indicated that both preoperative hyponatremia
and preoperative hypernatremia were associated with an
increased risk of 30-day aggregate morbidity and mortality. The
relationship was nonlinear, such that the risk increased with
further deviation from a serum sodium concentration of 140.
While prior investigations have demonstrated that dysnatremia
is a modifiable risk factor and optimization of preoperative
serum sodium levels may represent an opportunity for a
reduction in both perioperative morbidity and mortality [31],
this study suggests that preoperative serum sodium levels that
are within the currently accepted upper and lower limits of
normal are likely indicative of elevated risk. As such, future
prospective studies are needed to better confer sodium level
ranges associated with optimized outcomes after surgery, as
well as the potential to directly alter patients' serum sodium
concentrations to improve postoperative outcomes.
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Abstract

Background: The incidence rate of total joint replacement (TJR) continues to increase due to the aging population and the
surgery that is very successful in providing pain relief to and improving function among patients with advanced knee or hip
arthritis. Improving patient outcomes and patient satisfaction after TIR remain important goals. Wearable technologies provide
anovel way to capture patient function and activity dataand supplement clinical measures and patient-reported outcome measures
in order to better understand patient outcomes after TJR.

Objective: We examined the current literature to evaluate the potential role of wearable devices and compare them with existing
methods for monitoring and improving patient rehabilitation and outcomes following TJR.

Methods: We performed aliterature search by using the research databases supported by the University of Massachusetts Chan
Medical School’s Lamar Soutter Library, including PubMed and Scopus, supplemented with the Google Scholar search engine.
A specific search strategy was used to identify articles discussing the use of wearable devices in measuring and affecting
postoperative outcomes of patients who have undergone TJR. Selected papers were organized into a spreadsheet and categorized
for our qualitative literature review to assess how wearable data correlated with clinical measures and patient-reported outcome
measures.

Results: A total of 9 papers were selected. The literature showed the impact of wearable devices on evaluating and improving
postoperative functional outcomes. Wearable-collected data could be used to predict postoperative clinical measures, such as
range of motion and Timed Up and Go times. When predicting patient-reported outcomes, specifically Hip Disability and
Osteoarthritis Outcome Scores/Knee Injury and Osteoarthritis Outcome Scores and Veterans RAND 12-Item Health Survey
scores, strong associations were found between changes in sensor-collected data and changes in patient-reported outcomes over
time. Further, the step counts of patients who received feedback from a wearable improved over time when compared to those
of patients who did not receive feedback.

Conclusions: These findings suggest that wearabl e technol ogy has the potential to remotely measure and improve postoperative
orthopedic patient outcomes. We anticipate that this review will facilitate further investigation into whether wearable devices are
viable tools for guiding the clinical management of TJR rehabilitation.

(JMIR Perioper Med 2023;6:€39396) doi:10.2196/39396
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total joint replacement; wearables; osteoarthritis; rehabilitation; mobility
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Introduction

Total joint replacement (TJR) has proven to be highly effective
in relieving joint pain and improving physical function for
millions of patients with advanced knee or hip osteoarthritis
and continues to be one of the most commonly performed
surgical procedures in the United States [1-3]. As this trend
persists, increased attention must be paid toward effectively
monitoring and coaching patients following surgery to ensure
successful  rehabilitation.  Traditional assessments  of
postoperative recovery, such as the Timed Up and Go (TUG)
and 6-minute walk tests, are considered gold standards for
measuring mobility, balance, and walking ability [4]. However,
these assessments require in-person monitoring by health care
providers and do not replicate activities of daily living.
Patient-reported outcomes (PROs) have been widely used to
evaluate joint pain and physical function through standardized
patient questionnaires. Patients report on how they perceive
their health status without the interpretation of a medical
professional. Although the assessment of PROs has become
part of the standard of care in many orthopedic practices, the
implementation of PRO capture, the maintenance of data
integrity, data interpretation, and cost management are still
challenging for many practices[5-9]. Theinternet-based remote
monitoring of patient mobility datais an aternative method of
collecting patient data following surgery that has recently been
introduced and warrants further evaluation.

Wearable technologies provide a novel way to capture patient
function and activity dataand supplement clinical measuresand
PRO measures (PROMS) to better understand patient recovery
after TIR. Wearable technologies, in the context of health care,
refer to devicesthat can record real-time datafrom an individual
while worn. These devices include accelerometers, which
capturethe acceleration of alimb or the entire body; gyroscopes,
which measure orientation and angular velocity; and inertial
measurement units—a more sophisticated technology that
combines an accel erometer, gyroscope, and magnetometer and

lovand et al

is capable of reporting the movement, orientation, and position
in space of a person or object [10]. Many companies
manufacture such devices that can be synced to a smartphone,
computer, or tablet to transmit patient mobility data securely
and instantly to health care providers via an internet-based
application. Medical professionalsarethen ableto track patients
progress in real time and tailor rehabilitation regimens for
patients to follow, based on the data obtained [11,12]. Such
wearable technologies could offer the possibility of capturing
real-time function data on the rehabilitation and recovery of
patients who have undergone TJR and eliminating the need for
direct supervision. In addition, a connected mobile app can be
developed to collect PROMSs, thereby minimizing the need for
additional PROM capturetools[13]. Current research has shown
thefeasibility of wearable devicesand their capability for motion
and activity tracking [14]. However, it is not clear whether the
activity datacollected by wearabl e devices can serve as outcome
measures or as adjuncts to support outcome monitoring. There
is adearth of consensus on whether wearables can be used as
effective tools, can be aligned with standard clinical measures
and PROMSs, or can even improve outcomes.

To promote wearable use as part of rehabilitation programs
following TJR, their impact on postoperative patient outcomes,
aswell astheir accuracy in measuring these outcomes, must be
further investigated. This paper seeks to review the current
landscape of orthopedic wearables literature and assess the
effectiveness of available devices with respect to evaluating
and improving postoperative outcomes.

Methods

A literature search was conducted by using the research
databases supported by the University of Massachusetts Chan
Medical School’s Lamar Soutter Library, including PubMed
and Scopus, supplemented with the Google Scholar search
engine. Articles published in English from 2004 to 2021 were
reviewed. The search terms used to identify these articles are
defined in Textbox 1.

Textbox 1. Literature search strategy (search terms used in the literature search strategy).

Term groupings and search terms
«  Wearable devices

o (“wearable’) AND (“ devices” OR " technology” )

. Patient

« (“total joint replacement” OR“total knee replacement” OR “total hip replacement” ) AND “ outcomes”

«  Rehabilitation
«  “rehabilitation” OR" recovery”

The inclusion criteria included English-language articles,
research studies, and studies with wearable technology that
focused on comparing wearable-collected data with clinical
measures or PROMs or affecting patient outcomes. The
exclusion criteria were articles focusing on wearable device
design, study protocols, theoretical articles, books, or book
chapters. Titlesand abstracts of identified articleswere screened

https://periop.jmir.org/2023/1/€39396

to determine eligibility based on the inclusion and exclusion
criteria. Since only alimited number of papersmet theinclusion
criteria, a full reading was conducted for al of the eligible

papers.

The information was tabulated via a standardized Excel
(Microsoft Corporation) form that was developed for thisreview,
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which included the first author's name, year of publication, the selected articles was conducted by 2 reviewers, providing
name and type of thewearable device, location wherethedevice  a qualitative overview of outcome measures, data collection
was worn, number of patientsin the study, outcome measures, methods, and main findings.

and study findings (Table 1). A narrative literature review of
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Table 1. Classification of selected articles (papers were organized by the first author’s name, year, wearable device, device type, device location,
number of patients, outcome measures, and findings).

Authors,year  Wearabledevice  Devicetype Devicelocation Patients,n  Outcome measure Findings
Kwasnicki etal e-AR (Imperial Accelerometer Ear 14 TUG?time and The classification of patientsinto
[15], 2015 College London) ROMP preoperative, normal, and 24-week
postoperative groups based on out-
comes was 89% accurate, while
classification for al timeintervals
was 69% accurate.
Chiang et a APDM OPAL Accelerometer,gy- Thighand caf 18 Satisfaction Only 17% of patientsfelt uncomfort-
[16], 2017 (APDM Wearable roscope, magne- (2 sensors) able with the sensor belt.
Technologies) tometer, and
barometer
Bendich et a Fitbit Flex (Fitbit ~ Accelerometer Wrist 22 Daily step count,  Changes from preoperative levels
[17], 2019 LLC) daily minutesac-  to 6-week postoperative levelsin
tive, “daily step count” and “daily min-
HOOS/KOOST, utes active” (collected with awear-
4 able sensor) were strongly associat-
andVR-127score o ith improvementsin
HOOS¢KOOSsand VR-12 physical
component scores (collected over
the same period).
Chenetal [18], APDM OPAL Accelerometer, gy- Chest, thigh, 10 ROM The device was able to identify
2015 roscope, and mag- and calf (3 sen- proper exercise posture 88.26% of
netometer S0rs) thetime.
Battenbergetal  Fithit One (Fitbit  Fitbit One (ac- Fitbit One 30 Step count The waist-based devices—Fithit
[19], 2017 LLC), OmronHJ celerometer), Om- (waist), Omron One and Omron HJ-321—were
321 (OmronCorpo- ron HJ-321 (pe- HJ321 (waist), >90% accurate in counting stepsfor
ration), Sportline  dometer and ac- Sportline 340 all activities, the wristband devices
340 Strider (Sport-  celerometer), Strider (waist), were <90% accurate for most activ-
line Inc), Fitbit Sportline 340 Fitbit Force ities, and the StepWatch Activity
Force (FithitLLC), Strider (pedome-  (wrist), Nike+ Monitor (ankle) was >95% accurate
Nike+ Fuelband ter), Fitbit Force  Fuelband SE for lower cadence activities but un-
SE (NikeInc), and  (accelerometer), (wrist), and dercounted running by 25%.
StepWatch Activi-  Nike+ Fuelband StepWatch Ac-
ty Monitor (Ortho-  SE (accelerome-  tivity Monitor
care Innovations)  ter), and Step- (ankle)
Watch Activity
Monitor (ac-
celerometer)
Toogood et a Fitbit (Fitbit LLC) Accelerometer Ankle 33 Compliance The mean compliance over 30 days
[20], 2016 was 26.7 days (89%).
Saporito et Custom Accelerometer and  Neck (pendant) 15 TUG time A strong correlation (p=0.70) was
[21], 2019 barometer observed between remote TUG
times and standardized TUG times.
Vander Walt et Garmin Vivofit2  Accelerometer Wrist 163 Step count Participants receiving feedback on
a [22], 2018 (Garmin Ltd) step goals from the device had sig-
nificantly higher (P<.03) mean daily
step counts than those of partici-
pants who did not receive any feed-
back from the device.
Kuiken et a Custom Goniometer Knee 11 ROM and mean After total knee arthroplasty, pa-
[23], 2004 activity rate tients wearing a device providing

feedback had higher mean total ac-
tivity rates—a measure of
ROM—on days when they did not
receive feedback from the device
(mean 22.5, SD 11.1 activity counts
per hour) than on days when they
did receive feedback (mean 15.1,
SD 10.9 activity counts per hour),
but this was not statistically signifi-
cant (P=.11).

https://periop.jmir.org/2023/1/€39396
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3TUG: Timed Up and Go.
bROM: range of motion.

lovand et al

HOOS/KOOS: Hip Disability and Osteoarthritis Outcome Score/K nee Injury and Osteoarthritis Outcome Score.

d\/R-12: Veterans RAND 12-Item Health Survey.

The standard postoperative TIJR outcome measures in this
literature review included (1) assessments typically conducted
inclinical settings, such asrange of motion (ROM) assessments
and the TUG test, and (2) PROMs, such as joint-specific
outcome measures (Hip Disability and Osteoarthritis Outcome
Score/Knee Injury and Osteoarthritis Outcome Score
[HOOS/KOQS]), globa heath measures (Veterans RAND
12-1tem Hedth Survey [VR-12]), patient satisfaction, and
activity adherence.

Results

A total of 9 articles that met the inclusion criteria were
identified. The articles evaluated the mobility and activity data
collected through the wearabl e devices and compared them with
standard clinical outcome measures and PROMSs.

Correlation of Wear ables and Clinical M easures

In evaluating ROM and TUG time, the wearables varied in
accuracy. Kwasnicki et a [15] observed 14 patients who
underwent total knee replacement and wore the e-AR
accelerometer (Imperial College London) on the ear to conduct
home-based mobility assessments. The authors compared a
generated sensor score, which was based on sensor data, with
the results of other assessment techniques (TUG test and knee
ROM). They calculated Spearman p correlation coefficients
between sensor scores and TUG and ROM measurements to
assess the strength of association. They found that perioperative
sensor scores correlated, albeit not significantly for all activities,
with TUG time and ROM improvements. In another study that
focused on TUG measurements, Saporito et al [21] collected
standardized TUG datafrom 239 community-living older adults
in alaboratory and sensor-based data on participants’ activities
of daily living through a wearable pendant device for at least 3
days and developed a regularized linear model for estimating
remote TUG times. Based on the device data of 15 patientswho
underwent total hip replacement, a strong correlation was
observed between estimated remote TUG times and standardized
TUG times vialeave-one-out cross-validation.

Correlation of Wear ablesand PROMs

Data from wearable devices may correlate with PROMSs.
Bendich et al [17] aimed to determine whether sensor-collected
data could be used as predictors of PROMSs. In their study, 22
patients who underwent TJR wore a Fithit Flex (Fitbit LLC)
device on the wrist, which alowed for the observation of
potential associations between “daily step count” and “daily
minutes active” data collected by the wearable and PROMS,
specifically the HOOS/KOOS and VR-12, over time. The
researchers found that changes observed in “daily step count”
from before the operation to postoperative week 6 were strongly
associated with changes in VR-12 scores, while changes
observed in “daily minutes active’ from before the operation
to postoperative week 6 were strongly associated with changes
in HOOSg/KOOSs.

https://periop.jmir.org/2023/1/€39396

Impact of the Use of Wearables on Patient Outcomes

The authors of 2 articles discussed the impact of the use of
wearable devices on postoperative TJR patient outcomes.
Specifically, the researchers investigated how the ability of
devices to offer feedback on exercise and rehabilitation to
patients may impact patient outcomes. Van der Walt et al [22]
randomized 163 patients who underwent TJR into 2 groups,
one received feedback for their rehabilitation via the Garmin
Vivofit 2 (Garmin Ltd) accelerometer, and the other did not
receive any feedback. They found that the mean daily step
counts of the group that received feedback were significantly
higher than those of the group that did not receive feedback
(43% higher in postoperative week 1, 33% higher in
postoperative week 2, 21% higher in postoperative week 6, and
17% higher at postoperative month 6). Surprisingly, in a study
with 11 patientswho underwent total knee arthroplasty, Kuiken
et al [23] found that patients who wore a device that provided
feedback had a dlightly higher mean total activity rate on days
when they did not receive feedback from the device compared
to that on dayswhen they did receive feedback from the device,
although this difference was not statistically significant.

Patients reported high satisfaction with and adherence for the
use of wearable devices. A study by Chiang et a [16] found
that in a group of 18 patients who underwent total knee
replacement and wore a thigh- and calf-worn wearable, 83%
reported no discomfort when wearing the device. In a study by
Toogood et a [20] on device adherence, the mean compliance
rate for wearing an ankle-based Fitbit accelerometer (Fitbit
LLC) among 33 patients who underwent total hip replacement
was 89% (26.7/30 days). Although this study noted that devices
wereworn for 24 hours per day, apart from during washing, the
daily duration of usewas not specifically mentioned in the other
selected studies.

Device Data Accuracy Evaluation

Several deviceswerefound to be generally accuratein counting
steps. Battenberg et a [19] tested the accuracy of several widely
used wearable devices in a convenience sample of 30 healthy
participants. They found that the waist-worn Fithit One (Fitbit
LLC) and Omron HJ-321 (Omron Corporation) had greater than
90% accuracy in step counting during all activities; the
wristband devices, such as the Fitbit Force (Fitbit LLC) and
Nike+ Fuelband SE (Nike Inc), had less than 90% accuracy for
most activities; and the ankle-worn StepWatch Activity Monitor
(Orthocare Innovations) was greater than 95% accurate when
counting steps during lower cadence activities but undercounted
steps during running by 25%. In a study by Chen at al [18], 10
healthy participants, while wearing 3 APDM OPAL (APDM
Wearable Technologies) sensors on the chest, thigh, and calf,
performed 3 different rehabilitation exercisesthat were designed
for patients with knee osteoarthritis to manage rehabilitation
progress at home. The device was found to have an overall
recognition accuracy of 97% for exercise type classification

JMIR Perioper Med 2023 | vol. 6 | €39396 | p.25
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PERIOPERATIVE MEDICINE

and an overall recognition accuracy of 88% for proper exercise
posture.

Discussion

Wear able Data Can Be Used as Alternative Outcome
M easures

Postoperative TJR recovery remains a black box to health care
providersuntil patients report to aclinic or respond to asurvey.
With adequate implementation and the ability to collect data
continuously, even from aremote setting, wearable devices can
help health care providers to monitor progress consistently and
detect early problemsin rehabilitation [24]. Theliterature shows
that function and activity data obtained from wearables,
including step count and exercise tracking data, correlate with
both clinical outcomes and PROMs[15,17,21]. Such wearable
data are able to provide measures of patients objective
functional outcomes that are comparable with standard clinical
metrics and patient surveys. In addition, the opportunity to
regularly monitor patients in real time and alow for direct
feedback from and communication with health care providers
can alleviate the inconveniences of unnecessary office visits
and costs; patients with good progress can continue at-home
rehabilitation, while patients with poor progress can be alerted
to proactively visit a clinic before permanent complications
occur. Further research is however needed to evaluate device
bias and data accuracy to make sure that wearable results are
reliable.

There has also been some support in the literature for the use
of monitoring insoles, particularly for the purpose of load and
gait analysis. Although preliminary findings suggest that
monitoring insoles have good accuracy in measuring foot load
distribution and natural gait, the few studies that have been
performed are limited by small sample sizes[25,26]. Additional
investigations with larger data sets will be needed.

Wear ables Can Be Used to Improve Outcomes

In addition to generating data that correlate with established
outcomes, wearables can also be used to improve outcomes
overal by more actively engaging patients in exercise and
activity [24,27]. Indeed, devices connected to mobile apps can
provide feedback to patients regarding their rehabilitation
routines, and the mobility metrics, such as daily step count, of
patients who received such feedback significantly improved
when compared to those of patients who did not receive
feedback [22]. Additionally, the ability of these wearables to
provide daily exercise reminders to patients and plot their
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progress over time sustained patients motivation and further
contributed to outcome improvement [28,29].

Wear ablesand AppsCan Belncluded in FutureHealth
IT Infrastructure

As orthopedic clinical research has progressed, more data
sources have emerged from which to monitor and guide patient
rehabilitation and care following TJR. Whereas most patient
dataprevioudly originated from el ectronic health records, direct
patient-generated data in the form of PROMs or outcomes
tracked and collected by wearables aptly supplement clinically
collected data. Particularly, the ability of wearablesto generate
objective, continuous data showing trends in patient progress
is unique in comparison to PROMs, which provide subjective
data from predetermined time points, and electronic health
record data, which are only collected during patients
point-of-care visits and require medical professionas
involvement. Moreover, with the increased emphasis on
telemedicine, particularly since the COVID-19 pandemic, the
remote monitoring of patient recovery viawearables represents
apotential new path toward collecting patient data and guiding
clinical decision-making [30,31]. These novel applications
emphasize the role of wearables in the future of headlth IT
infrastructure.

Challenges

There are still challenges to the implementation of wearable
technology. Technical support will be needed for device
calibration and data collection. Some research teams have
assisted in the use of wearabl es during appointments scheduled
at patients homes [15], hospital wards, or outpatient clinics
[16]. Patients also need to be provided with training and
guidance before and during the study period to ensure proper
device mounting and use. Additionally, standardization must
be established across different devices and across data collection
in different settings to ensure that data are comparable and
meaningful.

Conclusion

Thisreview discussesthe current state of the literature regarding
the effectiveness of wearable devices in measuring and
improving TJR outcomes, as well as the future directions of
wearable device use. Wearabl e technol ogies have great potential
for assessing and enhancing patients postoperative physical
function. Wearables can be effective, aternative tools for
evaluating TJR outcomes, as early findings have shown
correlations among wearable-recorded data, PROMs, and
clinical outcomes. The implementation and standardization of
wearables should be addressed in future research.
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Abstract

Background: Postoperative deterioration is often preceded by abnormal vital parameters. Therefore, vital parameters of
postoperative patients are routinely measured by nursing staff. Wrist-worn sensors could potentially provide an alternative tool
for the measurement of vital parameters in low-acuity settings. These devices would allow more frequent or even continuous
measurements of vital parameters without relying on time-consuming manual measurements, provided their accuracy in this
clinical population is established.

Objective: Thisstudy aimed to assessthe accuracy of heart rate (HR) and respiratory rate (RR) measures obtained viaawearable
photopl ethysmography (PPG) wristband in a cohort of postoperative patients.

Methods: The accuracy of the wrist-worn PPG sensor was assessed in 62 post—abdominal surgery patients (mean age 55, SD
15 years; median BMI 34, IQR 25-40 kg/m?). The wearable obtained HR and RR measurements were compared to those of the

reference monitor in the postanesthesia or intensive care unit. Bland-Altman and Clarke error grid analyses were performed to
determine agreement and clinical accuracy.

Results: Datawere collected for amedian of 1.2 hours per patient. With a coverage of 94% for HR and 34% for RR, the device
was able to provide accurate measurements for the large majority of the measurements as 98% and 93% of the measurements
were within 5 bpm or 3 rpm of the reference signal. Additionally, 100% of the HR and 98% of the RR measurements were
clinically acceptable on Clarke error grid anaysis.

Conclusions: Thewrist-worn PPG deviceisableto provide measurements of HR and RR that can be seen as sufficiently accurate
for clinical applications. Considering the coverage, the device was able to continuously monitor HR and report RR when
measurements of sufficient quality were obtained.

Trial Registration: Clinical Trials.gov NCT03923127; https.//www.clinicaltrials.gov/ct2/show/NCT03923127
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vital sign

Introduction

Alterationsin vital parameters can often be found hours before
alife-threatening event occurs[1-7]. In current clinical practice,
postoperative monitoring often consists of aperiod of continuous
monitoring in an intensive care or postanesthesia care unit,
followed by an admission to a general ward. Since continuous
monitoring of vital parametersisnot present inthe general ward,
nursing staff performs the so-called spot checks to monitor the
patient’svital parameters. During these spot checks, the nursing
staff measures several vital parameters, often followed by
manual entry or calculation of an early warning score such as
the Modified Early Warning Score, to identify patients at risk
of deterioration [8]. In clinical practice, these spot checksform
a considerable workload, and vital parameters, especialy
respiratory rate (RR), are often poorly registered [9,10].
Additionally, as the name implies, these spot checks capture
only vital parameters at a specific moment in time, and vital
parameters during the rest of the day remain unknown.
Alternatively, wearable sensors could be used to unobtrusively
and continuously measure vital parameters in postoperative
patients. However, their accuracy in postoperative patients
should be established prior to introduction in clinical practice.

One type of wearable sensor that can monitor a patient’s vital
parameters is a photoplethysmography (PPG) wristband. This
type of sensor measurestheintensity of thelight reflected from
the skin, which indicates changes in the blood volume in
peripheral circulation, to determine both heart rate (HR) and
RR [11]. Wrist-worn PPG sensors have potential for use as a
continuous, unobtrusive monitoring system in low-acuity
settings such as the general ward.

A few studies have reported the accuracy of other PPG-based
wearables in hospitalized patients; however, these trials only
studied the measurement of HR [12-15]. Additionaly, the
accuracy of wrist plethysmography devices for HR
measurements in a perioperative cohort was previously
investigated and found to be clinically acceptable[15]. However,
asboth HR and RR have been identified asimportant parameters
for the prediction of clinical deterioration, accuracy for both
vital parameters should be established [16]. Therefore, this study
aims to assess the accuracy of a wrist-worn PPG device for
measuring both RR and HR in postoperative patients.

Methods

Study Population

These analyses were performed with a subpopulation of
Transitional Care Study 3 (TRICA; ClinicaTrials.gov
NCT03923127)—asingle-center study on wearable monitoring
in postoperative patientsin atertiary hospital [17,18]. All adult
patients scheduled for major abdominal oncological or bariatric

https://periop.jmir.org/2023/1/e40474

surgery from April 2019 to August 2020 who were willing and
able to sign informed consent were eligible for participation.
Patientswho met any of thefollowing criteriawere not included:
being pregnant or breastfeeding, having an alergy to tissue
adhesives, having an antibiotic-resistant skin infection, having
an active implantable device, or having any skin condition at
the areaof application of the devices. Thissubanalysis describes
68 postoperative patients, and inclusion into this subanalysis
for accuracy of the wearable sensor was based on the avail ability
of research personnel and real-time data logging equipment.

Ethics Approval

Thetrial was approved by the medical ethical committee METC
MaximaMC, Veldhoven, The Netherlands (W19.001).

Data Collection

Thewearable PPG wristband device, ELAN, was equipped with
aPhilips Cardio and Motion Monitoring Module (CM 3, Philips
Electronic Nederland BV), which contains a PPG and 3-axial
accelerometer sensor. The PPG sensor measures the intensity
of the green light scatter-reflected from the skin to determine
changes in blood volume in the peripheral circulation with a
sampling frequency of 32 Hz [19]. From the obtained PPG
signal, HR and RR were determined using previously published
algorithms, the RR measurements are derived from interbeat
interval variability and PPG amplitude [20]. Additionally, the
device reports a quality index with each measured vital value,
which mostly capturesthe signal-to-noiseratio [15]. Only vitals
with a quality index of 4 (range 0-4), are considered to be of
high quality and can beincluded in further analysis.

Shortly after surgery, the PPG wristband was applied to the
patient’s wrist in the postanesthesia care unit (PACU) or
intensive care unit (ICU), depending on where the patient was
recovering immediately after surgery. The wristband then
continuously collected both HR and RR.

Asaground truth, the electrocardiogram (ECG)-based HR and
capnography-based RR signals of 68 patients were extracted
from the bedside monitor in the PACU or ICU. These signals
were saved in rea time for offline processing, allowing
comparison between the HR and RR measured by the PPG
wristband and the reference monitor. In the PACU, vita
parameters from the CAR-ESCAPE monitor B650 (GE
Hedlthcare) were extracted using iCollect software (GE
Healthcare) with a sampling frequency of 250 Hz for ECG and
1Hzfor RR. Inthe ICU, vital parameters were extracted from
the Philips IntelliVue MP70 monitor using IntelliVue software
(Philips) with asampling frequency of 100 Hz for ECG and 0.1
Hz for RR. HR was derived from the ECG on second-to-second
bases using QRS detection algorithms, RR was obtained using
the patient monitors’ algorithms.
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Data Analysis

The obtained vital parameters from the PPG wristband and the
reference monitors were synchronized using a means of
cross-correlation on the HR signals, and synchronized signals
werevisualy inspected and corrected if necessary. Patientswith
a reference recording length shorter than 15 minutes were
excluded from the analysis.

Low-quality measurements were excluded from both the PPG
and monitor data. For the PPG wristband vitals, alow quality
index can originate from motion artefacts or a low
signal-to-noise ratio. For HR and RR, detection of arrhythmia
using an arrhythmia detection algorithm would also lead to a
low quality score [21]. For the reference monitor, the logged
ECG and capnography signals were visually inspected to
identify low-quality measurements, based on assessment of the
temporal sequence.

Baseline characteristics are expressed as mean (SD) or, in case
of nonnormally distributed values, as median (IQR) values.
Agreement between the PPG wristband and reference monitor
measurements on a second-to-second basiswas visualized using
Bland-Altman plots [22]. As multiple observations from the
same patients were analyzed, the bias and limits of agreement
were cal culated using the method for repeated measures of Zou

van der Stam et al

et a [23]. Additionaly, the 95% Cls around the limits of
agreement were assessed using MOVER [23].

According to the American National Standards Institute
consensus standard, the error for HR measurements should be
<10% or <5 bpm. In this analysis, an error of <5 bpm for HR
and <3 rpm for RR was considered clinically acceptable.
Additionally, Clarke error grid analysis was performed to
quantify the implications of the difference between the vitals
measured by the reference monitor and the PPG wristband.
Clarke error grid analysis was originally developed for blood
glucose measurements, and the boundaries of the different zones
were adapted on the basis of the M odified Early Warning Score
protocol used in our hospital [8,17,24,25].

Results

Intotal, 68 postsurgical patientswere enrolled, of whom 6 were
excluded from HR analysis due to either unavailable ECG
reference (n=2) or arecording length of less than 15 minutes
(n=4). For RR analysis, 14 patients were excluded from further
analysis due to either lack of sufficient quality capnography
reference data (n=9) or insufficient recording length (n=5)
(Figure 1). The characteristics of the included population are
shownin (Table 1).

Figure 1. Flowchart of patient inclusion for heart rate (HR) and respiratory rate (RR) analysis. A total of 62 patients were included in the dataanalysis,
of whom 8 were only included in the HR analysis and 54 were included in both analyses. ECG: electrocardiography.

HR

Enrolled patients
n=68

RR

Exclusion:

- ECG not available (n=2)
- Recording length <15
minutes (n=4)

Exclusion:

- Insufficient quality
L—{ capnography (n=9)

- Recording length <15
minutes (n=5)

Included for HR analysis
n=62

Included for RR analysis
n=54
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Table 1. Population demographics (N=62).

van der Stam et al

Variable Value
Female, n (%) 33(53)
Age (Years), mean (SD) 55 (15)
BMI (kg/m?), median (IQR) 34 (25-40)
Surgery type, n (%)
Gastric bypass 21 (34)
Gastric deeve 9(15)
Esophagectomy 7(11)
Hyperthermic intraperitoneal chemotherapy 9(15)
Pancreatectomy 4(6)
Low anterior resection or abdominoperineal resection with intraoperative radiation therapy 6 (10)
Low anterior resection or abdominoperineal resection without intraoperative radiation therapy 4 (6)
Debulking 2(3)
Duration of surgery (minutes), median (IQR) 144 (76-342)
Postoperative admission to the intensive care unit, n (%) 27 (43)

HR Assessment

For HR assessment, atotal of 146 hours of data, from both the
PACU or ICU patient monitor and the wearable sensor, were
collected in 62 patients. Per patient, a median of 1.2 hours of
data (range 16 minutes to 10 hours) were collected. Overall,
492,987 (94%) of the PPG wristband data points were of
sufficient quality to be included in the analysis. As shown in
(Figure 2), the percentage of sufficient-quality HR data per
patient varied among patients, and a median of 96% (IQR
92%-99%) of high-quality HR data were obtained. The gaps
without high-quality HR dataranged from alength of 1 second
to 7.2 minutes, and 96% of the gaps were of <60 seconds.

Bland-Altman and Clarke error grid analysiswere used to assess
the accuracy of the PPG wristband-measured HR (Figure 3 and
Table 2). Bland-Altman analysis showed a bias of —0.15 bpm
and limits of agreement of —3.62 to 3.32 bpm. As the limits of
agreement liewithin the predefined <5 bpm, the PPG wristband
HR measurements met the required accuracy. Clarke error grid
analysis showed that 100% (484,085 data points) of the
measurements were within the clinically acceptable zones A
and B, indicating that no incorrect treatment would result from
the use of PPG wristband—derived HR values. Splitting the data
on the basis of the unit patientswere admitted to (ICU vs PACU)
showed comparable availability of good-quality PPG
measurements and similar bias and limits of agreement
(Multimedia Appendix 1).

Figure 2. Availability of photoplethysmography wristband data of high-quality data for heart rate (Ieft) and respiratory rate (right) expressed as the

percentage of seconds with high- and low-quality data.
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Figure 3. Bland-Altman (top) and Clarke error grid (bottom) plots of the vital parameters obtained from the photoplethysmography (PPG) wristband
and reference monitor, each data point represents 1 second. The upper figures depict Bland-Altman analysis for heart rate (HR; left) and respiratory
rate (RR; right). Limits of agreement are indicated by the black lines, dashed lines represent the 95% Cl s of the limits of agreement. The bottom figures
depict the Clarke error grid analysisfor HR (left) and RR (right) comparing the measurements of the reference monitor (x-axis) and the PPG wristband
(y-axis). Zone A represents data points that differ less than 20% from the reference or are correctly identified as bradycardia or bradypnea. Zone B
represents data pointsthat differ by more than 20% but would not cause unnecessary treatment. Zone C represents points that would lead to unnecessary
treatment for patients with normal vital parameters. Zone D represents failure to detect bradycardia or bradypnea, or tachycardia or tachypnea. Zone E

represents data points where bradycardia or bradypnea and tachycardia or tachypnea are confused.
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Table 2. Agreement and clinical accuracy of heart rate (HR) and respiratory rate (RR) measured by the photoplethysmography (PPG) wristband

compared to those of the reference monitor.

van der Stam et al

HR RR
Data availability
Patients, n 62 54
Measurements, n 526,833 495,217
Good-quality PPG wristband, n (%) 492,987 (94) 170,383 (34)
Good-quality reference, n (%) 515,991 (98) 367,092 (74)
Both good quality, n (%) 484,096 (92) 128,816 (26)
Bland-Altman analysis
Pearsonr 0.99 0.80
Bias (bpm/rpm), mean (SD) -0.15 (1.8) 0.17 (2.6)
Lower limit of agreement (bpm/rpm), lower limit (95% CI) -3.62 (-3.7t0-3.6) —4.99 (-5.8t04.3)
Upper limit of agreement (bpm/rpm), upper limit (95% CI) 3.32(3.3t03.4) 5.33(4.7106.2)
Within 5 bpm or 3 rpm, % 98 93
Clarkeerror grid analysis, n (%)
483,716 (99.9) 115,434 (89.6)
B 369 (0.1) 10,781 (8.4)
c 0(0) 61 (0)
D 11 (0) 2499 (1.9)
E 0(0) 41(0)
A+B 484,085 (100) 126,215 (98.0)
RR Assessment Discussion

For RR, atotal of 138 hours of data, from both the PACU or
ICU patient monitor and the wearable sensor, were collected
from among 54 patients. A median of 1.2 hours (range 16
minutesto 11 hours) of datawere collected per patient. Overall,
170,383 (34%) of the PPG wristband RR measurements were
of sufficient quality to be included in further analysis. Figure 2
showsthe availability of high-quality data per patient, amedian
of 20% (IQR 7%-40%) of sufficient-quality RR data were
obtained. The gaps without high-quality RR data ranged from
alength of 1 second to 67 minutes, and 81% of the gaps were
of <60 seconds.

Bland-Altman analysis of the PPG wristband—measured RR
showed a bias of 0.17 rpm and limits of agreement of —4.99 to
5.33 rpm. As93% of the RR measurements met the predefined
<3 rpm, thelimits of agreement were wider than the predefined
+3 rpm. Clarke error grid analysis showed that 98% of the data
points were within the clinically acceptable zones A and B,
indicating that the differences between the PPG wristband RR
and reference monitor only have limited clinical implications.
Most of the remaining 2% of data points lie within zone D,
which indicates failure to detect impaired RR either due to
failure to detect bradypnea (1.85%) or tachypnea (0.09%).
Splitting the data based on the unit patients were admitted to
(ICU vs PACU) showed a numerically higher percentage of
available good-quality PPG measurements in the ICU and
numerically wider limits of agreement inthe PACU (Multimedia
Appendix 1).

https://periop.jmir.org/2023/1/e40474

Principal Findings

The use of wearable sensors to monitor hospitalized patientsis
rapidly attracting attention in the clinical community. However,
prior to the introduction of these devices in clinical practice,
their performance in the patient population of interest needs to
be established. As postoperative patients are currently only
monitored using spot checksfor the duration for which they are
inthe general ward, this population could benefit from wearable
monitoring. This study focused on the performance of a
wearable PPG wristband for the measurement of HR and RR
in postoperative patients.

For HR, the device was able to accurately measure the vital
parameter as the bias and limits of agreement were within the
predefined <5 bpm. Any differences between the PPG wristband
and reference monitor were found to be clinically acceptable
since 100% of the measurements were within zones A and B
of the Clarke error grid. Additionally, the wearable PPG sensor
would be feasible in terms of data availability for HR as the
device only reported low quality for 4% of the HR
measurements.

For RR, 93% of the included measurements were within the
predefined <3 rpm and while the biaswas within thisthreshold,
the limits of agreement were wider than the predefined cutoff.
However, as 98% of theincluded measurementslie within zones
A and B of the Clarke error grid, the device does provide
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clinically acceptable measurementsfor thelarge mgjority of the
included measurements. The detection of RR by thewrist-worn
PPG is easily corrupted by motion artifacts, leading to the
exclusion of 66% of the measurements due to a low quality
index. Therefore, the wearable PPG wristband would be unable
to continuously measure RR. However, with 81% of the gaps
of <1 minute, the deviceis ableto measure RR more frequently
than the current intermittent monitoring and therefore could
potentially replace the RR measurements during the spot checks
that are currently performed manually 3 times a day.

Comparisonsto Prior Work

The accuracy of HR measurements by the same PPG wristband
was previously studied in the PACU of our hospital. In the
cohort of this study, the clinical accuracy inthe PACU and ICU
was confirmed with comparable results [15]. The accuracy of
another wrist-worn PPG personal fitness tracker sensor for the
monitoring of HR in hospitalized patientswas previoudy studied
by Kroll et a [12], who reported a bias of —4.7 and lower and
upper limits of agreement of —31 and 21, respectively.
Additionally, 73% of their measurements met the desired <5
bpm. Our findings with the ELAN PPG wristband show better
agreement with the reference signal than their findings using
the Fitbit Charge HR. The accuracy of another wrist-worn PPG
sensor, the CardiacSense, in ambulatory patients was studied
by Hochstadt et al [13]. Asthey reported their findingsregarding
the length of peak intervals rather than HR, comparison of
resultsis difficult.

Limited data on the accuracy of RR measurement using PPG
in clinical settings are available. Touw et al [26] studied the
accuracy of finger-cuff PPG RR measurements in patients
receiving procedural sedation and analgesia and found a bias
of —2.0 rpm with limits of agreement from —12.4 to 8.4 rpm.
Compared to their findings, the PPG wristband used in this
study can measure RR with asmaller bias and smaller limits of
agreement. Haveman et al [27] compared upper arm—worn
wearable PPG measurements of HR and RR to manual those
performed by nursing staff. They found amoderate relationship
for HR and a poor relationship for RR. However, their results
cannot be easily compared to ours as gold-standard
measurements were unavailable in their cohort. Additionally,
Haveman et a [28] described lower accuracy and data
availability for upper arm—measured PPG RR during activity
involunteers. Patient activity level could therefore be apotential
factor that relates to the differences between the RR in the ICU
and the PACU. However, as the postoperative unit a patient is
admitted to is chosen on the basis of surgery type, severity, and
patient characteristics, this trial does not alow drawing
conclusions regarding the origin of these differences. Papini et

van der Stam et al

al [29] studied respiratory activity in a sleep-disordered
population using awrist-worn PPG device. They found amedian
correlation of 0.62 and amedian per patient coverage of 75.3%.
Comparison of the accuracy to our findings is complicated as
we reported a correlation over the entire data set; however, an
overal correlation of 0.80 in this study indicates a better
agreement between the 2 RR measurements. However, their
median per-patient coverage of 75.3% clearly outperforms the
20% found in the present popul ation.

Strengthsand Limitations

Thisanalysiswas performed in areal-world, clinically relevant
patient population, as postoperative patients could benefit from
wearable monitoring in low-acuity care settings such as the
surgical ward. However, this study had some limitations. First,
while capnography is the gold standard for RR monitoring, a
good-quality reference RR signal could not be obtained for 9
patients, and for the patients who could be included, 26% of
the capnography data had insufficient quality to be included.
Second, the data for this trial were collected in the PACU and
I CU rather than the general ward. However, we believe that our
findings could reasonably be transferred to the general ward as
patients became alert and mobile during their stay in these
recovery units. Third, the analysis of trending ability of the
device could be an interesting addition to the data analysis and
can be included in future research if longer monitoring times
of both the wearable and reference monitor are available.

Future Directions

Other potential future clinical applications of PPG wearables
include the measurement of activity level, blood pressure, HR
variability, energy expenditure, and the detection of atria
fibrillation [21,30-33]. In future clinical use, PPG wristbands
thus have the potential to provide information on even more
aspects of the patients’ health status. This study shows that the
ELAN PPG wristband can continuously measure HR with
clinically acceptable accuracy. For RR, the device can perform
clinically accurate measurements, but, dueto limited coverage,
can only be used to perform intermittent measurements.

Conclusions

The wearable PPG wristband can measure HR accurately and
with sufficient coverage in postoperative patients. For RR, the
large majority of the included data were clinically acceptable;
however, the coverage of sufficient-quality RR measurements
was low. Therefore, the PPG wristband would be ableto perform
continuous monitoring of HR and aso report RR when
sufficient-quality measurements are obtained. Before
implementing such PPG-based wearable devices in clinical
practice, both accuracy and coverage should be considered.
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Abstract

Background: Pelvic organ prolapse (POP) refersto symptomatic descent of the vaginal wall. To reduce surgical failure rates,
surgical correction can be augmented with the insertion of polypropylene mesh. This benefit is offset by the risk of mesh
complication, predominantly mesh exposure through the vaginal wall. If mesh placement isunder consideration as part of prolapse
repair, patient selection and counseling would benefit from the prediction of mesh exposure; yet, no such reliable preoperative
method currently exists. Past studiesindicate that inflammation and associated cytokine rel easeis correl ated with mesh complication.
While some degree of mesh-induced cytokine response accompanies implantation, excessive or persistent cytokine responses
may elicit inflammation and implant rejection.

Objective: Here, we explore the levels of biomaterial-induced blood cytokines from patients who have undergone POP repair
surgery to (1) identify correlations among cytokine expression and (2) predict postsurgical mesh exposure through the vaginal
wall.

Methods: Blood samples from 20 female patients who previously underwent surgical intervention with transvagina placement
of polypropylene mesh to correct POP were collected for the study. These included 10 who experienced postsurgical mesh
exposure through the vaginal wall and 10 who did not. Blood samples incubated with inflammatory agent lipopolysaccharide,
with sterile polypropylene mesh, or alone were analyzed for plasmalevels of 13 proinflammatory and anti-inflammatory cytokines
using multiplex assay. Data were analyzed by principal component analysis (PCA) to uncover associations among cytokines and
identify cytokine patterns that correlate with postsurgical mesh exposure through the vaginal wall. Supervised machine learning
modelswere created to predict the presence or absence of mesh exposure and probe the number of cytokine measurementsrequired
for effective predictions.

Results. PCA reveaed that proinflammatory cytokines interferon gamma, interleukin 12p70, and interleukin 2 are the largest
contributors to the variance explained in PC 1, while anti-inflammatory cytokines interleukins 10, 4, and 6 are the largest
contributors to the variance explained in PC 2. Additionally, PCA distinguished cytokine correlations that implicate prospective
therapies to improve postsurgical outcomes. Among machine learning models trained with all 13 cytokines, the artificial neural
network, the highest performing model, predicted POP surgical outcomes with 83% (15/18) accuracy; the same model predicted
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POP surgical outcomes with 78% (14/18) accuracy when trained with just 7 cytokines, demonstrating retention of predictive
capability using a smaller cytokine group.

Conclusions: Thispreliminary study, incorporating asample size of just 20 participants, identified correlations among cytokines
and demonstrated the potential of this novel approach to predict mesh exposure through the vaginal wall following transvaginal
POP repair surgery. Further study with alarger sample size will be pursued to confirm these results. If corroborated, this method
could provide a personalized medi cine approach to assist surgeonsin their recommendation of POP repair surgerieswith minimal

potential for adverse outcomes.

(JMIR Perioper Med 2023;6:€40402) doi:10.2196/40402
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Introduction

Pelvic organ prolapse (POP), defined as symptomatic descent
of the vagina and surrounding pelvic organs, affects
approximately 50% of parous women and 6% of nonparous
women between ages 20 and 59 years [1], with amost 300,000
POP surgeries performed per year [2]. To reduce anatomical
recurrence, surgical treatment may include the insertion of
polypropylene mesh into the vaginal wall to provide mechanical
support and reinforcement of the prolapsed organs.
Unfortunately, postsurgical mesh complication, predominantly
mesh exposure through the vaginal wall, occurs with some
frequency and results in decreased quality of life, leaving
patients with costly residual symptoms and emotional distress
[3]. Patients may elect for surgical reintervention to revise or
remove the mesh implantation. In fact, according to Reid et &
[4], 37 (8%) out of 482 patients underwent further surgery to
remove the mesh, and 7 (2%) patients repeated the prolapse
surgery. These complications provoked the removal of
transvaginal mesh kits from the market by the Food and Drug
Administrationin 2019. A clinical decision support tool to better
inform both patients and surgeons about the risk of
complications following POP surgery may alow for the
reintroduction of this advantageous surgical augmentation.

Inflammatory responses are associ ated with mesh exposure due
to asymptomatic mesh infection that inhibits the mesh from
integrating with the surrounding environment [5]. While some
degree of mesh-induced cytokine response is hecessary for
successful implantation, excess or unattenuated cytokine
response could result in chronic inflammation and implant
rejection. As chronic inflammation progresses, granulation
tissuesformed during theforeign body reaction will evolveinto
mesh encapsulation by regular dense connective tissue and
myofibroblast-induced contracture around the implant, which
can result in mesh exposure [6,7]. The baance between
proinflammatory and anti-inflammatory agents is critical in
achieving successful mesh implantation, and this balance may
be influenced by the individual's response to the implant
material. Thus, leveraging a patient’s immune response to the
biomaterial could facilitate the prediction of postsurgical
outcomes.

Leveraging a patient-specific, multifaceted immune response
for the prediction of postsurgica complications is an ideal
problem for the application of principal component analysis

https://periop.jmir.org/2023/1/e40402

(PCA) and supervised machine learning models. In fact, this
approach has been used to predict complicationsfollowing other
surgical procedures as well as progressive disease outcomes.
In aliver transplant study, Raji and Vinod Chandra[8] applied
PCA to a composite medical data set comprised of donors
medical information as well as the recipients’ medical history
and implemented an artificial neural network to predict the
long-term survival of liver transplant patients. In an oral cancer
retrospective study by Chu et a [9], PCA aong with bivariate
analyses were used to highlight correlated variables from the
patient data, which included patient demographics and
clinicopathological tumor data (including tumor sites, disease
staging, etc), and to predict oral cancer progress.

PCA and supervised machine learning have also been applied
to biological measurements for predicting medical outcomes.
Tseng et a [10] built a predictive model for cardiac
surgery—associated acute kidney injury (AKI) using preoperative
biochemistry data in combination with patient demographic
characteristics and clinical condition. Incorporating a different
type of biological measurement, aglioblastoma study by Akbari
et al [11] used PCA and support vector machines to distinguish
multiparametric magnetic resonance imaging signatures and
quantify the patternsto predict regions of tumor recurrence after
surgery. Chen et a [12] demonstrated that specifically including
immune datain predictive model s enhances predi ctive capacity.
These researchersimplemented machine learning modelsusing
individual patient immune data, such as blood cytokine levels,
to predict severe AKI after cardiac surgery and found that this
approach provided afar superior prediction tool compared to a
clinical factor—based model [12].

The application of PCA and machine learning to predict
postsurgical complications in women after POP surgery has
also shown promising results. Inthe study of Jelovsek et al [13],
statistical modeling uses 32 candidaterisk factors(ie, age, race,
smoking history, etc) identified by consensus with surgical
outcomes to predict postsurgical complications. This approach
of using personalized preoperative decision-making based on
the individual’s medical history presents a better predictive
model to postsurgical complicationsand offersamore effective
decision support tool than the practice of counseling patients
using average success rates reported from large, randomized
studies[13]. However, this predictive method does not leverage
the patient’s potential immune responseto the surgery involving
polypropylene mesh.
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In this preliminary study, we explored the levels of baseline
and stimulus-induced cytokinesin blood isolated from patients
who had undergone POP repair surgery with a polypropylene
mesh. Proinflammatory and anti-inflammatory cytokine levels
from these data were analyzed using PCA to establish the
principal components (PCs) and to identify associative or
opposing trends among cytokines. In addition, supervised
machine learning model swere applied to demonstrate predictive
capabilities when models were trained with either al 13
cytokines or a smaller group of 7 cytokines determined most
effective by a random forest method. The results demonstrate
that leveraging PCA and supervised machine learning models
to predict outcomes of vagina mesh implantation has the
potential to benefit future patientswhen they are faced with this
surgical decision, which carries a relatively high risk of
unsuccessful surgical outcome.

Methods

Study Population

Intotal, 20 healthy, nonpregnant femal e participants aged 56-89
years at Prisma Health Greenville Memorial Hospital with a
history of surgical intervention to correct POP via a procedure
that used polypropylene mesh were selected for the study. The
participants, who were not matched, included 10 who
experienced postsurgical mesh complication in which the
implanted mesh protruded through the vaginal wall (also referred
to asmesh exposure) and 10 participantswho did not experience
this complication post surgery. This sample size was estimated
as an effective cohort for the pilot study using a 1-tailed t test
based on an apriori power analysis, which indicates the number
of patients for a given theoretical minimum study power as a
function of the expected difference between patients with and
those without mesh exposure, or the Cohen d. We assumed a
conservative study power of 0.80 and a 100%, or 2-fold,
differencein the level of a given cytokine between individuals
with and without mesh exposure, equivalent to a Cohen d of 1.
Here, 20 patients with equal distribution among the 2 groups
are needed to observe the difference with a probability of .1.
Participants with POP recurrence or taking medications that
would ater inflammatory response were excluded from this
study.

Ethics Approval

The study protocol was approved by the ingtitutional review
board (IRB) of PrismaHealth (Pro00067964). Informed consent
from all study participantswas obtained using an | RB-approved
informed consent form. All samples collected and dataanalyzed
were deidentified and followed IRB protocol.

Blood Sample Collection and Processing

Blood sampleswere obtained from the 20 sel ected participants.
Approximately 12 mL of blood was drawn from the upper
extremity of each participant into 3 BD Vacutainer
EDTA-coated tubes. Deidentified blood samples were then
transferred on ice to a laboratory facility at the University of
South Carolina School of Medicine Greenville for immediate
processing. Each participant’s blood sample was divided into
equal aliquots for 24-hour incubation at 37 °C under 3 distinct
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conditions: (1) incubation with inflammatory agent
lipopolysaccharide (LPS) at 20 ng/mL (positive control), (2)
incubation with sterile polypropylene mesh area of 2 cm x 2
cm (experimental), and (3) incubation alone (negative control).
After incubation, the plasma layer was collected following
centrifugation (1500 x g, 10 min, 4 °C) and immediately stored
at —80 °C.

M easurement of Blood Cytokine Levels

Cytokinelevelsin each blood sample were quantified using the
bead-based MILLIPLEX Human Cytokine/Chemokine/Growth
Factor Panel A—Immunology Multiplex Assay (EMD Millipore
Corp), which is composed of analytes for target cytokines
interleukin 1a (IL-1a), IL-1B, IL-2, IL-4, IL-6, IL-8, IL-10,
IL-12p40, IL-12p70, IL-17A, interferon-gamma (I FN-y, tumor
necrosis factor-alpha (TNF-a), and granulocyte-macrophage
colony-stimulating factor (GM-CSF). Frozen plasma samples
were thawed at room temperature and analyzed following
Milliplex protocol guidelines. Cytokine concentrations were
measured using aBio-Plex 200 (Bio-Rad) and Bio-Plex Manager
software (Bio-Rad). Sample volume was doubled to ensure
measurable levels of cytokines, and assay output data were
adjusted to reflect concentrations in plasma samples. Each
multiplex assay was performed in duplicate, and cytokinelevels
were evaluated in 3 independent measurements.

Data Analysis

Overview

Cytokine data gathered from the multiplex immunoassay were
analyzed using data mining and predictive analytical methods.
PCA was used to identify important cytokines by studying their
contributions to each PC as well as to discern associations
between cytokines. Supervised machine learning models were
created to determine whether cytokine levels can accurately
predict which patients are more likely to experience mesh
exposure post surgery.

Descriptive Analytics

The dtatistical programming language R (version 4.1.2; R
Foundation) was used to analyze raw cytokine data values
generated from the multiplex immunoassay. Theimported data
structure contained 60 observations (20 participants x 3
independent measurements) and 40 total variable fields
(13 cytokines x 3 blood treatments + 1 target variable). The
target variable was the participant’s outcome, which indicated
a postsurgical complication that participants might have
experienced following POP surgery. Observations marked
“presence” represent participants who experienced mesh
exposure through the vaginal wall. Observations marked
“absence”’ represent participants who did not experience any
mesh exposure through the vagina wall. Univariate and
multivariate methods were used to explore the dataset, including
identifying missing values, analyzing outliers, and visualizing
frequency distributions.

PCA

PCA was performed using the FactoMineR package (version
2.4; R Foundation) [14] to identify associations between
cytokines [15]. Before analysis, data transformations were
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performed on each variable to correct for skewness in the
distribution. The amount of skewness was cal cul ated to assess
the symmetry of distribution for each variable using equation

1, where 2 is the sample mean and x; and n are the individual
observations and number of observations, respectively, within
the sample[16]. Each cytokine' s distribution was corrected for
skewness using either anatural logarithm, squareroot, or inverse
square root method. Using equation 2, z-score standardization
was al so applied to scale each cytokine variable, thus ensuring
that the mean was equal to 0 and SD equal to 1. Biplots were
created to visualize PCs with the highest degree of variance
explained. The eigenvectors were overlayed on the biplots to
visualize correlations and identify hidden patterns between

cytokines.
@]

E
Predictive Analytics

Supervised machine learning models were created using the
caret package (version 6.0-90; R Foundation) [17] in the R
programming language. The 4 models trained were decision
tree, logistic regression, Naive Bayes, and artificial neural
network. This approach focused on the data set from the
experimental group only (cytokine expression for blood
incubated with polypropylene mesh). Prior to creating the
predictive models, the original datawere split using anindustry
standard of 70% for training and 30% for testing. Each group
contained an equal distribution of participants who did or did
not experience postsurgical mesh exposure through the vaginal
wall—the prediction target for each model. Each model was
then trained using the 70% (42/60) subset and a cross-validation
training control. A 10-fold cross-validation with 25% (15/60)
left out replicated 3 timeswas used on each model to avoid bias
and overfitting. From this, training accuracies are reported.

Waugh et al

Additional testing was performed for the prediction accuracy
of each model using the 30% (18/60) test data. Prediction
accuracies are reported along with sensitivity and specificity
for the prediction of participants to experience postsurgical
mesh exposure.

Additionally, this process was replicated to study the effects of
reducing the number of cytokines needed to predict a
postsurgical mesh exposure. A random forest algorithm was
used to select important cytokines for this study. These models
weretrained and tested for accuracy, sensitivity, and specificity
as detailed above. The results are compared to models trained
with all 13 cytokines.

Results

PCA

To identify significant associations among the cytokines, PCA
was used to examineatotal of 60 blood samples (20 participants
x 3 blood treatments). Among the 20 participants, 10
experienced postsurgical mesh exposure through the vaginal
wall and 10 did not. Figure 1 depicts a biplot of each blood
treatment and summarizes the intercorrelated relationships
among individual inflammatory mediators. The combined
variances explained for PC 1 and PC 2 in blood samples
incubated with LPS (Figure 1A), polypropylene mesh (Figure
1B), or alone (Figure 1C) were approximately 64%, 73%, and
66%, respectively. In al 3 treatment groups, I1L-10 and IL-4
align in the same directions, as do IL-12p70 and IFN-y,
indicating a positive correlation for both of these cytokine pairs.
In contrast, IL-6 and IL-12p40 were negatively correlated when
comparing stimulation of blood via LPS (Figure 1A) versus
polypropylene mesh (Figure 1B). Only IL-1a displayed a
negative correlation when comparing blood incubated with
polypropylene mesh (Figure 1B) versus blood incubated alone
(Figure 1C).

Figurel. PCA was performed using cytokinelevelsin blood samples of postsurgical POP subjects; the analysisincluded 60 blood samples (20 subjects
x 3 blood treatments), wherein each sample was evaluated in 3 independent measurements performed in duplicate. Biplots illustrating individual
cytokines were constructed for blood samplesincubated in the presence of LPS (A), incubated in the presence of polypropylene mesh (B), or incubated
alone (C). Arrow direction indicates the cytokine correlation; arrow length indicates the magnitude of the variation. IL-1a: interleukin-1 alpha; IL-1f3:
interleukin-1 beta; IL-2: interleukin-2; IL-4: interleukin-4; IL-6: interleukin-6; IL-8: interleukin-8; IL-10: interleukin-10; 1L-12p40: interleukin-12p40;
IL-12 p70: interleukin-12p70; IL-17A: interleukin-17A; IFN-y: interferon gamma; TNF-a: tumor necrosisfactor-alpha; GM-CSF: granul ocyte-macrophage
colony-stimulating factor; PC: principal component.
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When PCA was used to examine only blood samplesincubated
with polypropylene mesh, PC 1 and PC 2 explained 60.1% and
13.1% of thetotal datavariance, respectively (Figure 1B). Figure
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2A displayseach cytokine's contribution to PC 1 and illustrates
that IFN-y, IL-12p70, and | L-2 are the predominant contributors
to the variance explained in PC 1. In addition, IL-1a, IL-17A,
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and TNF-a exhibited contributions above a level expected if
the contributions were uniform. All other cytokines have
contributions to PC 1 similar to or less than what would be
expected if the contributions of all cytokines were uniform.
Figure 2B illustrates that the predominant contributors to the
variance explained in PC 2 areIL-10, IL-4, and IL-6. All other
cytokines have contributionsto PC 2 similar to or lessthan what
would be expected if the contribution of all cytokines were
uniform.

Waugh et al

In order to visualize associations between the participants
presenting the absence or presence of postsurgical mesh
exposure through the vaginal wall, abiplot illustrating individual
participants was created (Figure 3). This biplot reveals a high
percentage of variability represented by thefirst 2 PCs (79.1%).
Blood samples from participants who did not experience
postsurgical mesh exposure were heavily represented by positive
PC 1 values, while blood samples from participants with the
presence of postsurgical mesh exposure were generally
represented by positive PC 2 values.

Figure 2. PCA was performed using cytokine levels in patient blood samples incubated with polypropylene mesh; the analysis included 20 blood
samples (20 subjects x 1 blood treatment), wherein each sample was evaluated in 3 independent measurements performed in duplicate. Each cytokine's
contributionto PC 1 (A) and PC 2 (B) was determined. The dashed line at 7% corresponds to the expected value if the contribution were uniform. IL-1a:
interleukin-1 alpha; IL-1(3: interleukin-1 beta; IL-2: interleukin-2; IL-4: interleukin-4; IL-6: interleukin-6; IL-8: interleukin-8; IL-10: interleukin-10;
1L-12p40: interleukin-12p40; 1L-12p70: interleukin-12p70; 1L-17A: interleukin-17A; IFN-y: interferon gamma; TNF-a: tumor necrosis factor-alpha;
GM-CSF: granul ocyte-macrophage colony-stimulating factor; PC: principal component.
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Figure 3. PCA was performed using cytokine levels in patient blood samples incubated with polypropylene mesh; the analysis included 20 blood
samples (20 subjects x 1 blood treatment), wherein each sampleis represented by the average of 3 independent measurements performed in duplicate.
A biplot was constructed illustrating individual patient averages (indicated by numbers) exhibiting the presence (red triangle) or absence (green circle)
of mesh exposure through the vagina wall. Concentration ellipses draw focus to the distribution of a group with the presence (red) or absence (green)

of mesh exposure. Centroids of the concentration ellipses (large symbols) indicate the mean of each group. PC: principal component.
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Predictive Analysis

Four supervised machine learning models incorporating all 13
cytokines were trained using 70% (42/60) of the available 60
observations (20 participants x 3 independent measurements);
the remaining 30% (18/60) was used to test the models’ accuracy
when predicting the presence of mesh exposure through the
vaginal wall. All 4 machinelearning machines achieved at |east
62% (26/42) training accuracy (Table 1). Artificia neural

https://periop.jmir.org/2023/1/e40402

Mesh exposure

@ | Absence
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network achieved the highest prediction accuracy of 83%
(15/18), while decision tree and Naive Bayes both achieved a
prediction accuracy of 61% (11/18). Naive Bayes, decision tree,
and artificial neural network excelled at correctly predicting
patientswith the presence of mesh exposure postsurgery at 89%
(16/18). Artificial neural network was superior for correctly
predicting patients who did not experience mesh exposure
postsurgery (14/18, 78%).
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Table1l. Summary of supervised learning model statistics. All 13 cytokineswere used to predict the presence or absence of postsurgical mesh exposure
through the vaginal wall; 70% (42/60) of observations were used for training, and 30% (18/60) of observations were used for testing.

Model Training accuracy, Prediction accuracy, 95% CI Sengitivity, n (%)  Specificity, n (%) Prediction, K
n (%) n (%)

Artificial neural network 33(79) 15 (83) 0.586-0.964  14(78) 16 (89) 0.667

Decision tree 27 (64) 11 (61) 0.57-0.827 6(33) 16 (89) 0.222

Naive Bayes 26 (62) 11 (61) 0.357-0.827  6(33) 16 (89) 0.222

Logistic regression 31(73) 9 (50) 0.260-0.740 10 (56) 8 (44) 0.000

analysis: IL-1B3, IL-8, 1L-12p40, IL-12p70, TNF-a, IL-17A,
and IL-6. Figure 4 illustrates that models exhibited variation
among the importance of cytokines when implementing this

Predictive Analysis Using Featur e Selection

Additional models and predictive analyses explored whether a

smaller set of cytokines could achievesimilar predictiveresults.  mgore targeted group of cytokines. IL-1 and IL-8 are strongly

Feature selection using a random forest method identified @  representedin all models, whilelL-6 isimportant in only Naive
group of 7 cytokines capable of yielding effective predictive  Bayes.

Figure 4. A random forest algorithm was used to identify a group of 7 cytokines capable of yielding effective predictive analysis. The importance of
each cytokineisevident inindividua supervised learning models: ANN (A), DT (B), NB (C), and LR (D). IL-1a: interleukin-1 alpha; IL-1(: interleukin-1
beta; IL-2: interleukin-2; IL-4: interleukin-4; 1L-6: interleukin-6; IL-8: interleukin-8; IL-10: interleukin-10; IL-12p40: interleukin-12p40; IL-12p70:
interleukin-12p70; 1L-17A: interleukin-17A; IFN-y: interferon gamma; TNF-a: tumor necrosis factor-alpha; GM-CSF: granulocyte-macrophage

colony-stimulating factor; PC: principal component; ANN: artificial neural network; DT: decision tree; NB: Naive Bayes; LR: logistic regression.
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Table 2illustratesthat all models achieved at |east 64% (27/42)
training accuracy. The logistic regression model that used the
7 selected cytokines achieved a training accuracy of 81%
(34/42), a prediction accuracy of 72% (13/18), a sensitivity of
67% (12/18), and a specificity of 78% (14/18), and thus
outperformed compared to the logistic regression model that
incorporated all of the cytokine data. Moreover, decision tree
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models achieved the same result when using the selected
cytokines or when all cytokines were included. The prediction
accuracy in Naive Bayes and artificial neural network models
executed with the 7 selected cytokines decreased by only 5%
each compared to the same models that used all of the cytokine
data

Table 2. Summary of supervised learning model statistics. Feature selection via random forest was used to identify a group of 7 cytokines capable of
yielding effective predictive analysis. The subset of cytokines was used to predict the presence or absence of postsurgical mesh exposure through the
vagina wall; 70% (42/60) of observations were used for training, and 30% (18/60) of observations were used for testing.

Model Training accuracy, Prediction accuracy, 95% Cl Sensitivity, n (%)  Specificity, n (%) Prediction, k
n (%) n (%)

Artificial neural network 34 (81) 14 (78) 0.524-0936 12 (67) 16 (89) 0.556

Decision tree 27 (64) 11 (61) 0.356-0.827  6(33) 16 (89) 0.222

Naive Bayes 30(72) 10 (56) 0.308-0.785  6(33) 14 (78) 0.111

Logistic regression 34(81) 13(72) 0.465-0.903 12 (67) 14 (78) 0.444

Discussion

Summary

Among patients with POP who undergo mesh implantation
surgery, 17% of them experience mesh exposure through the
vaginal wall [18]. This rate of surgical mesh complication is
significant when compared to 0.035%-5.4% mesh-related
erosions reported in other mesh-based surgeries [19-23],
necessitating the devel opment of apersonalized decision support
tool for patientswith POP. Thisexploratory study demonstrates

https://periop.jmir.org/2023/1/e40402

a novel and efficient approach to predicting postsurgical
outcomesfor mesh implantation using cytokinelevelsin patient
blood following exposure to a biomaterial. Previous studies
have often used patient demographic and medical datato train
machine learning programs to create predictive outcomes for
POP mesh surgeries[13]. In contrast, this study usesbiological
material to mimic an in vivo response, thus presenting a novel,
noninvasive, personalized clinical decision tool. A systematic
PCA approach identifies associations among cytokines that
provide physiological insight. Supervised machine learning
model s devel oped in this study demonstrate that blood cytokine
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measurements may be used as apredictive tool. In addition, the
number of cytokine measurements needed may be reduced
without compromising predictive capabilities, rendering this
approach more applicable within aclinical setting.

Principal Findingsand Comparison to Prior Work

The PCA analysis illustrated in Figure 1 reveds severa
significant associations among the cytokines. Several cytokines
display positive correlations when comparing the 2 different
stimuli: LPS and polypropylene mesh. However, IL-6 and
IL-12p40 are negatively correlated between these 2 treatments.
Thus, these 2 cytokines may explain the different inflammatory
responses induced by LPS versus polypropylene mesh. When
comparing blood samples incubated alone to those incubated
in the presence of polypropylene mesh, only IL-1a exhibits a
negative correlation, demonstrating that this proinflammatory
mediator might be specifically affected by the mesh stimulus.
Furthermore, 2 pairs of cytokines positively correlate (IL-10
and IL-4; IL-12p70 and IFN-y), indicating that one of the
cytokinesin each pair could be eliminated to reduce the number
of cytokinestested in aclinical setting.

The cytokines that contribute most to each PC segregate into
proinflammatory and anti-inflammatory cytokines (Figure 2).
When cytokine data from patient blood incubated with mesh
wereanalyzed using PCA, cytokines IFN-y, IL-12p70, and IL-2
were the largest contributors to the variance explained in PC 1.
These markersareidentified as proinflammatory agents[24-26],
which suggests that proinflammatory cytokines may heavily
influence PC 1. In contrast, cytokines IL-10, IL-4, and IL-6
were the largest contributors to the variance explained in PC 2.
IL-4 and IL-10 are prominent anti-inflammatory cytokines[25],
suggesting that anti-inflammatory cytokines heavily influence
PC 2. IL-6, previoudly thought to have proinflammatory function
only, is recently recognized as potentially having both
proinflammatory and anti-inflammatory roles in COVID-19
[27] and diabetes [28].

When juxtaposing the biplot of polypropylene-stimulated
cytokine observations (Figure 1B) with that of mesh exposure
outcome (Figure 3), it can be extrapol ated that proinflammatory
cytokines IL-12p40, IL-1a, and TNF-a are positioned in the
region of the biplot that uniquely corresponds to surgical
outcomes involving the presence of mesh exposure through the
vaginal wall. Such juxtaposition suggeststhat IL-12p40, IL-1a,
and TNF-a may be associated with the presence of postsurgical
mesh exposure. These observations may inspire potential
therapeutic strategiesthat could improve postsurgical outcome.
For example, the surgical mesh could be designed to modulate
these key proinflammatory cytokines. In this way, while
supporting the pelvic structure, the mesh could simultaneously
function in controlling the cytokine response to minimize
biomaterial rejection.

Table 1 describes the accuracy of supervised machine learning
models and demonstrates that cytokines can exhibit predictive
capabilities. Previous studies have performed predictive analysis
for POP using risk factors derived from patient medical history
[13]. However, such data can beincomplete and inaccurate [29].
This study demonstrates the utility that measured responses of
biological samplescan aso havein devel oping robust predictive
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models. Chen et al [12] similarly used blood cytokine levelsin
a machine learning study to predict severe AKI after cardiac
surgery. Their study concluded that alogistic regression model
was the most effective in discovering the cytokine associations
in severe AKI. In this study, the prediction accuracy for al 4
model s exceeded 60%, with the artificial neural network model
demonstrating the best overall performance, predicting POP
surgical outcomes with 83% (15/18) accuracy when trained
with al 13 cytokines. This predictive capability is similar to
that reported for prediction derived from patient medical history
[4], despite this study comprising asignificantly smaller patient
group. Considering the small population size, these results
represent relatively high prediction accuracy for health care
data

When creating models trained with a subgroup of 7 cytokines
(Table 2), selected using a random forest method, the artificial
neural network model maintained the greatest effectivenesswith
respect to sensitivity, specificity, and prediction accuracy.
Moreover, the group of selected cytokines outperformed the
larger group of cytokines in the logistic regression model and
achieved the sameresultsin the decision tree model. The Naive
Bayesand artificial neural network prediction accuracy dropped
only 5% when using the subgroup of cytokines, thus
demonstrating the resiliency of these models. These results
demonstrate that predictive capabilities are retained with fewer
cytokines, which would enhance clinical feasibility by reducing
the cost and time associated with this clinical decision tool.

Limitations and Future Directions

This study implemented rigorous research methods to identify
physiological relationships among cytokine markers and
developed robust machine learning models to predict mesh
exposure; yet, some limitations should be noted. First, because
thisisapilot study, the sample sizeislimited to 20 participants
within asingle hospital system. Nevertheless, thislimited sample
size predicted 83% (15/18) accuracy, a level that compares
favorably with another predictive model study by Chu et a [9]
that achieved aprediction accuracy of 71% in astudy population
size of 467. Thus, the results of this pilot study indicate the
utility of this approach and the merit of future studies. Future
study will provide validation with a larger population of
participants from multiple hospitals. Additionaly, the 10
participantsin each group were not matched regarding variabl es.
To minimize confounders, patients with POP recurrence or
taking medication that would alter inflammatory response were
excluded and the age ranges and average age at the time of
surgery within each group were similar. Future studies with a
larger population, however, will benefit from matching
participants with respect to these and other potentially
confounding variables. Nonetheless, the results of this pilot
study highlight the importance of inflammatory markersin the
prediction of this postsurgical condition.

Conclusions

While this preliminary study islimited to a sample size of just
20 participants, this novel approach to using cytokine response
to predict POP surgical outcomes has successfully distinguished
important cytokines and their correlations. Moreover, these
relationships point toward prospective therapies that could
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promote better surgical outcomes. Supervised learning models  be needed to confirm the utility of this method. If successful at
also demonstrate a high level of accuracy, specificity, and a larger scale, this approach has the potentia to change
sensitivity, even when asmaller group of cytokine dataisused.  perspectivesin which surgeonswould recommend and proceed
This result suggests that blood cytokine analysis might be  with POP repair surgeries and to prevent undesired outcomes
feasibly used in a clinical setting to predict POP surgical of mesh-related surgeriesin patients.

outcomes. Further study with a larger patient population will
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Abstract

Background: The current assessment of recovery after total hip or knee replacement is largely based on the measurement of
health outcomes through self-report and clinical observations at follow-up appointmentsin clinical settings. Home activity-based
monitoring may improve assessment of recovery by enabling the collection of more holistic information on a continuous basis.

Objective: This study aimed to introduce orthopedic surgeons to time-series analyses of patient activity data generated from a
platform of sensors deployed in the homes of patients who have undergone primary total hip or knee replacement and understand
the potential role of these datain postoperative clinical decision-making.

Methods: Orthopedic surgeons and registrars were recruited through a combination of convenience and snowball sampling.
Inclusion criteriawere aminimum required experience in total joint replacement surgery specific to the hip or knee or familiarity
with postoperative recovery assessment. Exclusion criteriaincluded alack of specific experiencein thefield. Of the 9 approached
participants, 6 (67%) orthopedic surgeons and 3 (33%) registrarstook part in either 1 of 3 focusgroupsor 1 of 2 interviews. Data
were collected using an action-based approach in which stimulus materials (mock data visualizations) provided imaginative and
creative interactions with the data. The data were analyzed using a thematic analysis approach.

Results. Each data visualization was presented sequentially followed by a discussion of key illustrative commentary from
participants, ending with a summary of key themes emerging across the focus group and interview data set.

Conclusions: Thelimitations of the evidence are as follows. The data presented are from 1 English hospital. However, all data
reflect the views of surgeons following standard national approaches and training. Although convenience sampling was used,
participants background, skills, and experience were considered heterogeneous. Passively collected home monitoring data offered
areal opportunity to more objectively characterize patients' recovery from surgery. However, orthopedic surgeons highlighted
the considerable difficulty in navigating large amounts of complex datawithin short medical consultationswith patients. Orthopedic
surgeons thought that a proposed dashboard presenting information and decision support alertswould fit best with existing clinical
workflows. From this, the following guidelines for system design were developed: minimize the risk of misinterpreting data,
express alevel of confidence in the data, support clinicians in devel oping relevant skills as time-series data are often unfamiliar,
and consider the impact of patient engagement with datain the future.

International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2018-021862
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Introduction

Background

Hip and knee replacements are major surgical procedures that
aimto improve function and reduce pain rel ated to joint diseases,
particularly osteoarthritis. During hip or knee replacement, the
affected joint is removed and replaced with an artificial joint.
In 2019 in the United Kingdom, the Nationa Joint Registry
recorded 101,651 hip replacements and 108,713 knee
replacements [1]; in the Unites States, >1 million total hip and
knee replacement procedures are performed each year [2]. These
surgical procedures areincreasingly common, and numbersare
projected to increase as a result of aging populations and
increasing prevalence of obesity [3].

UK clinical guidelines for follow-up after hip and knee
replacement surgery usualy include face-to-face consultation,
radiographs, and an assessment of health outcomes through
telephone or web-based patient-reported outcome measures
(PROMs) [4]. PROMs are designed to assess patients’ own
views of their health and outcomes without interpretation by
clinicians or others[5]. Of these, generic measures such as the
12-item Short Form Survey [6] and EQ-5D [7] aim to assess
al important dimensions of health-related quality of life [8].
The Oxford Hip Score (OHS) [9] and Oxford Knee Score (OKS)
[10] are additional disease-specific PROMs used by orthopedic
surgeons in the United Kingdom. As validated instruments,
PROM s are valuable sources of information for clinicians and
researchers. However, several practicalities must be considered
when implementing PROMs. missing or incomplete data;
potential burden for patients; and cost, time, and administrative
labor-intensiveness[11-13]. A recent review found that PROMs
were prone to several types of bias: bias because of collection
mode; nonresponse bias; proxy or caregiver response bias; recall
bias (eg, bias because of the quality of patient recollection of
past states); language bias (eg, semantic ambiguity); timing
bias, representing a limited number of snapshots; and fatigue
bias [13,14]. The OKS and OHS in particular may aso fail to
stratify activity level across a younger, more active population
as they are not designed for this purpose. Instead, other
instruments such asthe Knee I njury and Osteoarthritis Outcome
Score may be used, which are specifically designed for young
and physically active patients, capturing additional domains of
sport and recreation function and knee-related quality of life
such that it has greater responsiveness as an outcome measure
[15]. Taken together, these issues mean that, although PROMs
are extremely val uable sources of information for cliniciansand
researchers, particularly because of their standardized and
validated status, it is worthwhile to consider other methods to
assess outcomes after joint replacement [16,17] that could be
used in parallel to PROMSs to support decision-making.

In this study, we used a qualitative approach to explore how
time-based data may be used by clinicians to supplement
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PROMs. Qualitative methods were used to explore inductively
what mattersto busy clinical staff and develop initial guidelines
for a future system. Any system developed using these
guidelines could be evaluated in future studies.

Measuring Activity in a Joint Replacement Population

An objective method of activity assessment—step counting—has
been accurately used to monitor changesin gait and activity in
muscul oskeletal disordersand diseases affecting gait, including
hip and knee arthritis [18,19]. The current objective method
used to measure function is accel erometry viawearable sensors.
These are inexpensive and easy to wear. However, the data
currently derived from these sensors have some limitations,
particularly when measuring complex activities and movements
that are common in activities of daily living [17,20]. To capture
the daily variation in apatient’s functional abilitiesin their real
living environment, it is necessary to move to automated
measurement in the patient’s home as well as toward analysis
techniques that more directly reflect performance in activities
of daily living. For example, cameras can be used to study the
kinematics of the transition from sitting to standing [21].

The Sensor Platform for Hedthcare in a Residentia
Environment  (SPHERE) Interdisciplinary ~ Research
Collaboration has developed a technology comprising an
integrated platform of low-power sensors that can measure
information continuously about the home (eg, temperature,
energy consumption, and humidity) aswell asinformation about
peoplein the home (eg, location, how active they are, and extent
of movement) and their health-related behaviors [22]. Data
capture has been demonstrated over months or years [23], and
so the continuous time-series data collected by SPHERE offer
a potentially useful source of datato supplement conventional
methods such as PROMs.

Thisstudy considersreal time-seriesdatagenerated by SPHERE
systems monitoring patient activity in the home before and after
total hip or knee replacement. The types of data available from
the SPHERE system in each homeinclude metrics derived from
Bluetooth-based indoor localization of the patient [18],
continuous estimation of posture and ambulatory activitiesusing
awrist-worn accel erometer [24], and silhouette data generated
using a depth-sensing video camera [25]. Although the overall
system was devel oped by SPHERE in the absence of equivalent
commercia systems, the capabilities of such a system would
readily bewithin the reach of several companiesin the consumer
smart home market. The costs of systems of this kind vary
according to implementation decisions as different use cases
may benefit from the deployment of different sensors. The
patient burden is likely to be minima once the system is
successfully in place. In comparison with cross-sectional
PROMs, the costs of continuous time-series data monitoring
lie primarily in maintenance following initial installation, and
hence, time-series approaches may be more practical for

JMIR Perioper Med 2023 | vol. 6 | e36172 | p.51
(page number not for citation purposes)


http://dx.doi.org/10.2196/36172
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PERIOPERATIVE MEDICINE

longer-term observation of patients’ symptoms. Therefore, the
findings of this study are a good guide to the strengths,
weaknesses, and potential clinical utility of anear product.

Objectives

The main objectives of this study wereto (1) introduce surgeons
to continuous home data by visualizing time-series sensor data,
(2) understand how these data could assist in postoperative
clinica decison-making, and (3) identify design
recommendations arising from clinician feedback.

The study departs from previous literature on the use of datain
clinical decision support, whichislargely focused on datafrom
clinical environments such as intensive care [26,27]. To date,
studies that have presented data from community settings to
surgeons have focused principadly on  manualy
clinician-reported data[ 28] and laboratory outcomes[29], such
asthose commonly stored in €l ectronic health records, or patient
self-reported data[30] such as PROMs|[31]. Where sensor data
are sampled, thisis often at arelatively low sample rate (eg, a
daily measurement or 12 measurements per day) or over a
relatively short period, from a few minutes [32] to a week or
month [33]. Herein, we consider the challenges of how busy
surgeons would make sense of thousands of data points a day
over periods of up to 3 months—as would be easily within the
capability and requirements of a home-based sensor system
[34,35] monitoring recovery from major surgery [36].

Methods

Participants and Recruitment

From October 2018 to May 2019, orthopedic surgeons at a
hospital in South West England, United Kingdom, were invited
to take part in a focus group study. Participant demographics
were collected (sex and level of experience performing hip or
knee replacement surgical procedures). | dentification of potential
participants was conducted using convenience and snowball
sampling. During this process, surgeons known to the study
team were asked to identify other potential participants.
Participantswereinitially screened against theinclusion criteria
(aminimum of 2 years of experience performing total hip and
knee replacement procedures). The exclusion criteria were a
lack of experience in joint replacement specific to the hip or
knee. Potential participants were emailed invitations, and those
who agreed to consider taking part were invited to attend focus
groups. Individual interviews were offered if the focus group

Textbox 1. Scenario 1—Joyce (aged 63 years).

Grant et al

timingswere not suitable. Those who were contacted were also
asked to nominate other potential participants—a snowball
sampling approach.

A total of 9 participants (surgeons who were either working as
consultants or registrars[residents]) took part. Several potential
participants declined because of their clinical workloads and
time constraints. At the start of each focus group, the study was
discussed with the potential participants, who were invited to
ask any questions about the study. Before the focus group
started, they provided their written informed consent to
participate, including to the publication of anonymous
quotations. Focus groups were held at aclinical research center
on the same site as the hospital to make it as straightforward as
possible for busy surgeons to attend [37]. Face-to-face
interviews at the surgeons’ places of work were offered where
attendance to the focus group was impractical because of time
or distance. In total, most of the surgeons (7/9, 78%) attended
3 focus groups, and 22% (2/9) attended one-to-one interviews.
The sample size was consi dered adequate as enough information
was collected to clearly demonstrate concepts or ideas related
to the topic addressed and with sufficient repetition of those
concepts [38].

Ethics Approval

Ethics approval was provided by Southwest — Central Bristol
National Health Service (NHS) Research Ethics Committee
(17/SW/0121) on June 22, 2017.

Topic Guide and Procedure

A structured topic guide (Multimedia Appendix 1) was
developed by the research team, which comprised an
interdisciplinary group of health researchers and psychologists
(SG and RGH), orthopedic surgeons (AB and MW), data
scientists (IC, HS, ET, MP, AM, MH, and PF), and a
trandational statistician (AJ).

In part 1, a scenario (Textbox 1) was used as a tool to explore
the current clinical systems in orthopedic care.

In part 2, aseries of visualizations (Figures 1-9) were presented
based on real participant data from the SPHERE 100 Homes
study [23] (in which the system was deployed in homes of the
general public) and the Hip and Knee Study of a Sensor Platform
for Healthcare in a Residential Environment [39] (in which the
same system was deployed in the homes of orthopedic patients).

« Joyceisa63-year-old lady who lives in alarge three storey house with her daughter and daughter’s fiancé. Joyce is a self-employed therapist
and runs her practice from her home. She has a second part-time role at the local University as an administrator.

«  Joyce previously had trouble walking distances. Because of alimp she uses awalking aid at times and reports significant hip pain.

« Joyce hasrecently had her left hip replaced.

Many metrics can be generated using home sensor data. For the
purposes of this study, a series of target metrics were generated
based on the literature on hip and knee studies. Metrics
referenced in manually administered survey instruments such
as the OHS and OKS [10] and the Pittsburgh Sleep Quality
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Index [40] were considered useful targets. Once this step was
complete, aseriesof samplevisualizationswas generated using
these metrics. These visualizations were first proposed and
improved over multiple discussions and careful analysis of real
patients by members of the Hip and Knee Study of a Sensor
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Patform for Healthcarein aResidential Environment—mainly
data scientists and health researchers. After severa iterations,
the resulting visualizations were used as examples to provide
during the focus groups with clinicians. The detailed rationale
behind the development of these figures has been published
separately [24]. The use of realistic (eg, noisy and incomplete)
prototype datafrom real homesand real patientswas considered
desirable throughout this study to ensure that the feedback was
related to the characteristics of achievable systems that could
plausibly be developed for clinical use in the future.

Scenario-Based Exploration

An action research approach was used in which participants
were seen as able to identify value in context when encouraged
to take initiative and identify possibilities for improvements
[41].

Participating orthopedic surgeons were presented with a
fictitious but realistic orthopedic patient scenario (Textbox 1);
the narrative nature of the scenario approach is known to be a
useful tool in the design process [41]. Surgeons were asked to
focus on the 6- to 8-week postoperative consultation for this
hypothetical patient. This creates a familiar and meaningful
context [42] in which they are well placed to imagine whether
new forms of data would assist them in carrying out their
professional responsibilities.

To maximize discussion and allow participantsto write thoughts
and views independently, participants were provided with
printouts of presented visualizations for use within idea
generation sessions.

Focus Groups and Interviews

A total of 3 focus groups (with 2-3 surgeonsin each group) and
2 interviews were conducted to explore the data visualizations.
Each focus group was facilitated by 2 researchers and lasted
approximately 1 to 1.5 hours. The interviews lasted
approximately 45 to 60 minutes. The focus groups and
interviews were digitally audio recorded and transcribed
verbatim.

Part 1 of each data collection phase discussed the scenario
(Textbox 1) exploring the assessment of recovery for patients
after surgery.

Part 2, led by data analysts (MH and MPN), was a structured
exploration in which the surgeons were presented with a
selection of visualizations based on data generated from the
homes of 2 orthopedic patients who had been recovering from
total hip replacement. Participants were asked to consider the
use of the visualizations as away of assessing patient outcome
and recovery after surgery. Participants were provided with
paper copies of each visualization for any further thoughts or
comments that were not captured by discussion—these were
reviewed during the coding process.

Data Analysis

Qualitative data from the focus groups and interviews were
analyzed using an inductive thematic approach [43]. Theinitial
labeling generated alist (a“frame”) that was then systematically
applied to the data and refined as the analysis progressed [44].

https://periop.jmir.org/2023/1/e36172
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Members of the research team from clinical and nonclinical
disciplines were allocated 10% of these transcripts to label
independently. After collaborative discussions, further labels
wereidentified, defined, and grouped into themes. This process
of investigator triangulation increases internal validity [44].
Excerpts of datawere placed on charts according to themes. Al
data were managed using NVivo software (version 12.0; QSR
International).

This qualitative study focuses on the views expressed by the
surgeons. Quantitative data were presented to surgeonsto elicit
those views, but the quantitative data themselves were not the
subject of this study. A brief description of the method used to
generate the quantitative data and visualizationsis provided in
the Results section, and the interested reader is referred to the
study by Holmes et al [24] for further details.

Once participant feedback was evaluated and themes were
identified, feedback was presented to the interdisciplinary
research team consisting of researchers, surgeons, machine
learners, and interface engineers. This step was intended to
facilitate the integration of these findings into future iterations
of the sensor and data analysis platform. This step resulted in
the devel opment of a series of guidelinesthat integrate findings
from the participants with insights from the interdisciplinary
team. This asynchronous codevelopment approach offers an
opportunity for participant surgeon feedback and guidance to
be made available for future engineering and design processes
through the provision of guidelines.

Results

Participants and Recruitment

A total of 9 surgeons agreed to participate. Of these 9 surgeons,
6 (67%) were consultant orthopedic surgeons and 3 (33%) were
orthopedic registrars (residents)—all the participants saw
patients and conducted hip or knee replacement surgery as part
of their usual workload, with experience ranging from 2 to 25
years. In total, 22% (2/9) of the participants were female, and
78% (7/9) were male.

Scenario-Based Exploration

The participants were led in a scenario-based exploration viaa
fictitious patient scenario, as described in Textbox 1. This
generated a stimulated and creative discussion among
participants, the outcomes of which are presented in the
following section. During data collection and analysis, it became
clear that there was a reasonable degree of agreement and
repetition in thefindings, and sufficient information was deemed
to have been obtained in relation to the subject area. In light of
this, recruitment and data collection were stopped once 9
surgeons had taken part [38].

Outcomes From Focus Groups and I nterviews

Individual commentary from participantsis presented regarding
each of the visualizations (Figures 1-9), followed by a series of
broader themes from the focus groups and interviews.

Visudization 1 (Figure 1) presented a series of summary
statistics calculated using patient indoor location and
accelerometer data. Theseincluded room-level occupancy data,
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transitions between rooms, activity predictions generated via and it ispossibleto identify many other summary statistics that
machine learning, and actigraphy analysis. The sample data could be relevant.

given here were intended to be representative, not exhaustive,

Figure 1. Visualization 1—a screenshot of a dashboard displaying summary statistics, including activity, location, room transitions, floor transitions,

and sleep routine.

Distribution of activity states

Total hours mevement Total hours stationary Total hours walking

78 100 76 19

Most used locatlons Number of location transitions

#A Bedroom 1 (55.2%) 7

M Kitchen 1 (15.87%)
Use of multiple rooms

# Living Room 1 (B.42%)
Total hours of sleep Dally average hours of sleep

57 8

Dally hours of rest Dally hours of activity

14 ] 07:15

»

Participants stated that, although the tabul ated datalooked very
informative, rapid extraction of relevant information was not
straightforward given the constraints of abusy 10-minuteclinic
consultation. Population norms or other references would be
required to assess any change or improvement. Visuals would
be improved if areas were highlighted to provide a focus for
surgeons during a consultation:

So | don't know where the mobility is on total hours
walking, 76, | don’'t know what that means, is 76 a
lot, is[it] not alot? Obviously if you had pre-op and
post-op data then that’s great because you could get
the data just to show you which are better, worse,
whatever, but that | think | wouldn’t look at because
it would be too hard to navigate. [#0046]

Participants reflected on how current methods of assessing
patient health outcomes using the OHS or OK S lacked some of
thevaluabletemporal information contained within the SPHERE
time-series data. It was suggested that thisinsight into function
over time could help them better understand the recovery
process.

Most participants (7/9, 78%) suggested that the existing routine
(face-to-face) clinic follow-up appointment presented asimilarly
rich opportunity for assessing recovery through movement. See
the Themes Arising From Data Analysis section for discussion
of this point:

So | think actually the bits that | think are important
on here all come back to Oxford Hip Score. So people

https://periop.jmir.org/2023/1/e36172
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Total hours sitting

Number of floor transitions

Average first active perlod

Total hours standing Total hours laying down Total hours stair climbing

-] 76 2

Average floor transition time

16 3:48

Daily average waking events

4

Average last active period

10:30

A

Healthy sleep pattern

getting up and down stairs, people on the move,
people sleeping you know, these are all things that
arekind of covered in one way and that, but this[the
sensor data] givesyou more detail, it’snot just “ Yes,
good, very good” or whatever. So for me | think,
although like the moving one [ visualization 7] isquite
cool...| don't see how me looking at that no matter
how many hours| had to look at the patient, that when
they come in and they stand up and sit down I've
made my judgment whether they’ ve got a problemor
not. [#0050]

| suppose I'm expecting a patient to be compared
against other patients that I’ ve seen before. Usually,
when | see them, the first thing | do is watch them
walk. | watch them walk into the consultation room
and check whether or not they're using walking aids.
| then take a good history about how their recovery
isgoing and whether that’s meeting their expectations
aswell as mine. [#0051]

Visualizations 2 and 3 (Figures 2 and 3) illustrated the recovery
of 2 patients over weeks 1 and 6 after surgery. The top and
bottom figures correspond to weeks 1 and 6, respectively. Patient
1 was an example of a“good recovery,” and patient 2 was an
example of a “poor recovery.” “Good” and “poor” recovery
were determined descriptively from analysis of PROM dataon
function and seep and qudlitatively from interviewing the
patients, which were data collected as part of the wider program
of study [45,46].
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Figure 2. Visualization 2—activity levels of a patient recovering well after surgery.
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Figure 3. Visualization 3—activity levels of a patient recovering poorly after surgery.
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The visualizations made use of accelerometer magnitude data,
preprocessed to establish the SD, which is an approximate
measure of physical activity [47]. These data were then
visualized as a series of horizontally stacked axes, each
representing aday of the week. Datafor 1 week were available
in each chart. Stacked charts are acommonly used approach to
time-series visualization, with known limitations; notably, line
length is visually easier to compare than position [48], and
hence, comparison of multiple series is challenging using this
type of chart.

Some general suggestionswere offered to improve visualization
2. Displaying the mean value of that week rather than daily
values was suggested as easier to use:

Because if you put all that together you would get a
tracethat resemblesthat [ visualization 2/3] and you'd
be able to say straightaway that at six weeks, they're
doing great and then at one [weeK], they're not.
[#0046]

However, it was noted that striking the right balance of
information using the mean would be a challenge:
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The problem is, if you average everything out, then
you lose the detail don’t you...but if you present all
of the detail, then it becomes impossible. [#0046]

Adding a reference value was suggested by some as useful
within the weekly charts to demonstrate a “typicaly” poor
recovery and where the patient sitsin relation to that. Visually
representing this recovery process for patients was again
considered a better outlet for a conversation regarding the
expectations of surgery:

| guess in the second dlide [visualization 2-3] if you
were ableto put some pointsto say, thisislow activity
at time of sleep which is what you're expecting...
[#0051]

However, there was a level of disagreement between some
surgeons about using population-based comparators with
patients, that is, comparing a patient’s data with population
Norms or averages.

No | think it would depersonalize it in my
opinion...Your [the patient’sown] starting point...may
be very, very much lower than another patient. So |
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would just work on an individual improvement.
[#0050]

The assessment of sleep patterns across a 12-week period is
beyond the conventional self-reported assessment of sleep.
Within these focus groups, participants viewed long-term
changes in deep as anew approach to understanding recovery.
However, as it was an unfamiliar metric, there were varying
opinions about how useful this could be for making clinical
decisions. On the one hand, it may be helpful for moretailored
advice:

Postop [after surgery] we tell them, they've got to
sleep on their back and most of them have got a bad
back, and they hate it, so that's why they're doing
this but this would be so interesting if in time we

Grant et al

changed to give them advice to sleep any which way
they like...you might notice areal difference. [#0049]

In contrast, some felt that the minutiae of eep were affected
by severa different factors following surgery and, therefore,
could not be assessed or considered alone:

There are so many other factors that are going to
affect deep other than the joint replacement,
especially inthis particular demographic...Thereare
potentially too many confounding factorsin there for
us to be able to use it [visualization 4] usefully.
[#0051]
Visualization 4 (Figure 4) graphically represents intraday
variance of sleep patterns drawn from raw actigraphy data.

Figure 4. Visualization 4—sleep trend data. PROM: patient-reported outcome measure.
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Visualization 5 (Figure 5) presented a spiral representation of
patient physical activity (derived from accelerometer data).
Each complete ring represented aweek of data—the spiral map
was chosen in response to the observation by Weber et al [49]
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that spiral charts permit visualization of lengthy time seriesand
that the circular representation is appropriate for time series
with high periodicity (in this case, weekly periodicity). Each
chart represented approximately 2 to 3 months of data.

Figure5. Visualization 5—long-term interpatient comparison of movement. PROM: patient-reported outcome measure.
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The color scheme applied identified absence of data as pure
white and represented increasingly strenuous activity using
darkening shades of blue. Hence, regular and restful sleep
patterns were reflected using light blue “ striping” through each
period of least activity, with the most active periods represented
asdark areas. Periods outside the home resulted in white striping
(absent data) on the chart as the project did not collect data
outside thehome. Known limitations of the spiral format include
difficulty reading “older” dataat the center of the spiral because
of the small area of the central cells. Facilitation involved some
narrative running alongside the presentation of visualizations
5 and 6, which explained the unusua visualization to
participants.

Across the focus groups, opinions varied on the use of these
representations.

In contrast to tabulated data illustrated in visualizations 2 and
3 (Figures 2-3), participantsfelt that thisvisualization provided
alayer of depth to understanding activity beyond a conventional
table:

| quite like...[visualization 5] because | think that at
least gives you a bit more depth to the data rather
than just a bog-standard table form...visually the
patient can understand it with a similar explanation.
[#0052]

...youwant it to be as simple as possible, the patients
want to see[ physical] models, they want to see x-rays,
they want to see a simple form of data that showsthat
they’ ve done better, or they are improving. [#0050]

Although interesting to some surgeons, most participants (6/9,
67%) thought that simple line graphs would be more
user-friendly.

Furthermore, comparing data from week to week seemed to be
favored as a tool for discussion with patients, primarily for
illustrating any improvements to them:

...again we want to have less explanation to the
patient as possible, so something visual that they can
see, thiswas my activity level, a percentage even, pre
[surgery], this is what is was post [surgery]...the
patientsjust want to know hasit made any difference,
has it improved from their pre-operative state?
[#0050]

https://periop.jmir.org/2023/1/e36172
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Presenting data in this way stimulated new ways of thinking
about activity for the participants—specifically, looking at
variation in activity levels over time rather than absolute
magnitudes:

| think it’s brilliant what it’s capturing in the house!
[#0049]

Participants indicated that the variability visible in the charts
was of interest but that it was difficult to interpret:

Thisisan unusual way to display data. [#0051]

Making incorrect inferences from the datawithin a consultation
was a concern for the participants, and therefore, guidance or
training would be needed for surgeons to use these unfamiliar
visualizations:

During the investigation with the patient | would not
use the wheel s [ visualization 5/6] ...because it would
take twenty minutes to explain to them and half of
them still wouldn’t understand. It's quite a difficult
concept. [#0049]

Nevertheless, there was broad agreement that such visualizations
would be useful for surgeons to use ahead of the consultation
but not to explain to patients:

| can seethat that [circular plot 1 in visualization 5]
isregular and yeah, great, and | can seethat [circular
plot 2 in visualization 5] is somewhere in
between...but | wouldn’t be able to interpret what the
hell that means. [#0046]

But looking at that and understanding it, | like it but
having it explained, having that as a visual reference
with the patient in clinic, it would take too long.
[#0049]

Visualization 6 (Figure 6) presented aspiral chart [49] designed
on the same principles as visualization 5, representing a
summary of room occupancy information drawn from 14 weeks
of a patient’s recovery. Estimates of the average least active
times (ie, “L5" in actigraphy terms) and most active timesin
the participant’s day were drawn from actigraphy data[50] and
applied to the chart as an overlay to guide the eye to sections
that were expected to have similar characteristics. Empty cells
indicated that the participant was not present in the home at that
time.
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Figure 6. Visualization 6—indoor location data.
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Visualization 6 captures trends in participant behavior within
the home. Although clinicians thought that it was useful to
describe these trends, they also considered that the data were
too complex:

The trends are useful, but although you can see the
trends on there, they don’t jump off the page. [#0052]

However, identifying anomalies or information that conflicted
with any predicted outcomes or expectations was useful:

If you saw that and it shows that they’ re not spending
any time in the kitchen because they're immobile
because they can't walk, then that’s useful. [#0051]

However, the length of time to arrive at these conclusions was
an issue in ashort consultation per patient:

It's really interesting but it takes a long time
specifically to, | guess, actually put meaning to it...it
needs to highlight people that are struggling or not
getting on, rather than presenting really intricate data
about what they're doing which is interesting but...|
couldn’t sit down and look at that with every post-op
patient. [#0046]

Sharing thisinformation with the patient wasfurther highlighted
asachallengeif patientsinterpreted it incorrectly:

That is just an absolute bombardment of colour and
data to a patient. It would take you ten minutes to
explain activity levels, trends, patterns. [#0051]

Accurate assessment of activity using concentric circles was
also an issue for some clinicians:

I have a little bit of a problemwith it being displayed
asa circle because the radius of the circle increases.
The surface area of each block increases as you go
out. | think it looks like that amount of time is less
because you're looking at something closer in.
[Participant 1 in 0051]

It feels a little bit as though we're exaggerating the
good bits on the outside. [Participant 2 in 0051]

https://periop.jmir.org/2023/1/e36172
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Capturing change over time was viewed as an essential
component of the data, and this was not met by this
visualization:

I mean, largely, our job is looking at change over
time. | don’t think you can interpret change over time
very easily on that, | would say (Participant 1 in
0051)...I think we want something that quickly conveys
the information that is most important to what your
clinical decision making will be at that point.
[Participant 2 in 0051]

The sit-to-stand movement is used to assess patientsin clinics
and in research. It can be evaluated using a variety of metrics,
including the speed of the motion [51]. Figure 7 is a screenshot
of a video showing multiple sit-to-stand transitions collected
over the progression of the patient’srecovery (thiswas an early
result from the project, and the video has since been much
improved). The data are ordered from left to right, with more
recent datato theright.

SPHERE does not store videos captured in people’' shomes, and
hence, the visualizations presented are “silhouettes.” The use
of silhouettes was designed to ensure privacy and acceptability
(including acceptability to nonpatient household members and
visitors to the home), and some similar processing is a likely
feature of any commercial product developed for a similar
purpose.

Although the moving images were pleasing, participants least
preferred this visualization. Most surgeons expressed that this
transition is, in most cases, informally assessed by them as a
matter of routine as the patient comes into the first follow-up
consultation:

If they walk into your room and they can’t stand up
or sit down you know the answer. You've actually
clocked it before they've even got into your room
because you' ve watched them get up in the waiting
room and walk towards you and whether they’ ve got
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sticks and things. So yeah and you don’t really care concerned about are they flexing too deeply in the
about thetrend, in that oneit’s the absol ute. [#0052] early phases, are they rotating and you can't really
Participants recognized that visualization 7 (Figure 7) presented see rotation there. [#0049]

an early prototype of movement data display and not a final  Sharing this information with patients was also problematic:

outcome: It's too many different images flashing at the same

| don't think there's enough resolution there to timefor a patient to make heads or tails of it. [#0050]
understand the sit to stand process...we're primarily

Figure 7. Visualization 7—movement datain long-term sit-to-stand transitions over 16 weeks.

Visualization 8 (Figure 8) presented the progression of a the data presented in visualization 7 and, hence, constitutes a
guantitative sit-to-stand metric—average speed—over several  simplified view of those data.
weeks of recovery time. This is automatically extracted from

Figure 8. Visualization 8—trends in sit-to-stand speed. PROM: patient-reported outcome measure.
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The speed of transitions over time was viewed as helpful, day and they will go and make cups of tea and it
although an extension of this line of inquiry would be to look would beinteresting to know are they faster at getting
at daily habits changing over time: to their kettle over six weeks. [#0052]

But not necessarily the sit to stand times so much as The speed of the sit-to-stand transition over time is an existing
whether they get down the corridor to the kitchen measurement is not initself an advance in the state of the art in
quicker” because most people having a hip assessing recovery. Rather, theinnovation in this case isits use
https://periop.jmir.org/2023/1/e36172 JMIR Perioper Med 2023 | val. 6 | €36172 | p.60
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broader range of metrics could be used to account for the
observed range of patient behaviors:

Your data over time from sitting to rising
[visualization 8] isuseful. There are a couple of other
testsso that'svery useful, [ an] easy graph for patients
to understand. But that’sjust one specific activity that
you're looking at. [#0050]

Yeah, but it's a pity it doesn’t measure how far they
walk, andisit possibleto capture activity data outside
the home? Because we do get patients who will
[unnecessarily] restrict themselves, particularly older
patients, doing their exercisesin the house and you'll

Figure9. Visualization 9—decision support data notifications and alerts.
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Thisfina visualization stimulated lively discussionsin thefocus
groups and interviews. The presentation of a notification
dashboard aligned with several of the clinicians previous
expectations of how the data might look. Participants
consistently mentioned that clinical tools should capture key
pieces of information that can be interpreted rapidly and
accurately by both the clinician and patient:

| think that’s what most surgeons would use, and
they’d have ten minutes in the clinic and they go.
[#0049]

| really likethe dashboard, “ your patient can't eep,’
“your patient can’'t do the stairs “the humidity
suggests they haven't had a shower for two weeks,’
you know, that kind of data is really helpful—* they

can't cook!” [#0046]

Thisisa very good thing, because you don’t want the
surgeons interpreting their own way because they
might interpret very differently. [#0049]

Therefore, the presentation of this visualization best met the
expectations for a tool that could be used in current clinical
workflows:

When we go back to that one [visualization 9] that's
quite useful is someone automatically telling us,
exactly as you said there, a flag saying “ the patient
isn't going out as much as they used to” or “the
patient is going out more than they used to, the patient

https://periop.jmir.org/2023/1/e36172
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get patients at week one or week two, [who] aregoing
round the block. [#0049]

Visualization 9 (Figure 9) presents a screenshot of a prototype
decision support tool. Sample notifications are presented that
make use of available environmental and participant localization
information (such as that displayed in Figure 6) to generate
responsesto 2 exampletests: patient bathing or showering (top)
and the suitability of the environmental conditions within the
home in comparison with standard guidelines (bottom). In
practice, it is likely that many unitary tests of this nature exist.
Hence, to avoid a“busy” interface, the results would befiltered
in accordance with clinical decision support recommendations
in areal-world context of use[52].

& healthy,

doesn’'t appear to be sleeping as much as they used
to” or “ sleep patternsare still irregular at 6 weeks?”
I think those notifications would be good, but I could
imaginethere being a fairly hefty list of them. [#0052]

You know, much as we get ten minutes per patient,
you will get the occasional patient who'll take forty
minutes to sort out with a ten-minute slot. And then
you' re playing catch up for the next five patients, and
that’s the point where you switch to the notification
screen, right, is there anything standing out that |
need to know about. [#0049]

Textual summaries such as these notifications alerting the
surgeon to relevant features within the data were perceived as
aligning well with a6-week follow-up consultation appointment
routinely offered to patients during which the surgeon could
include this information in their existing review procedures.
Central to this appointment was the opportunity for surgeons
to identify any early warnings of surgical complications from
the patient’s perspective:

I think it isuseful to have these notifications definitely,
the point of the six week follow up is to identify
patients who’ve got a problem that we need to do
something about and those are principally early
infection and dislocation or an early fracture. That's
the point of that six week appointment and so that’s
what we need these toolstotell us. Or [alternatively]
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the other point of it would be do we need to offer more
social support or physiotherapy support in this
patient’s home to prevent them falling over or help
them? [#0051]

At six weeks, its actually quite useful because if
they're not actually showering, they might think that’s
[be] cause they can’t get the wound wet, patients do
have concerns about that. [#0049]

Participants broadly liked the idea of a top-level
decision-making process integrated within a dashboard,
primarily as this removed the need to interpret data for every
patient and enabled integration more easily with current clinical
management systems:

So you mentioned dashboard, soif | was on BlueSpier
[a clinical management system]...if | went in to the
patient...if it came up as a red alert, then I'd have a
look at it and then go into the data a little bit closer
and speak to them about it. [#0046]

Some participants (3/9, 33%) felt that similar reports could
usefully be distributed in paper form (or presumably by email)
to the patient, suggesting that patients may engage with this
information outsi de appointments:

If there was an available one [printout] absolutely,
patients would be able to take it home and have a
look at it. [#0050]

Of the visualizations presented, visualizations 2 to 8 were
considered better suited asresearch tools, whereas the suggested
dashboard and natification system presented in visualization 9
(Figure 9) was more appealing for clinical use:

As a clinical tool, | think the notifications are very
helpful. | think what would be useful isif you actually
provided it to us and gave it to a few surgeons and
test it. [#0049]

Themes Arising From Data Analysis

Overview

Several general themes were identified common to all
visualizations. These were generated by thematic analysis as
described in the Data Analysis subsection of the Methods
section. Four themes common across focus groups and
interviews were (1) home data represent a more objective
measurement of activity, (2) home data provide a stimulus for
discussion in a consultation with a patient, (3) there isinterest
in the use of home data for clinical research purposes, and (4)
there is a need to meet clinicians requirements in the
development of visualizations.

Data From the Home Can Give a More Objective
Measurement of Activity

Assessment of a patient following surgery is mostly doneviaa
face-to-face clinical appointment approximately 6 to 8 weeks
after the operation. In this appointment, through questioning,
surgeons routinely assess how patients are getting on at home
with their activities of daily living and general independence.
Participants widely felt that the SPHERE home data presented
an advancement from this current practice:

https://periop.jmir.org/2023/1/e36172
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What would be quite good with thisisthat you get an
objective measure so, you know, can you cook? “ Oh
yeah, much better” But you're not cooking, so it's
not better, maybe physically you can’'t cook but the
times you have managed to get into the kitchen and
it didn't hurt so you remember it as being better but
you' ve only cooked one meal in the week. [#0049]

So assessing your patient, you take themon their word
really asto how they're doing. So you ask about how
they're getting on at home, activities, are they still
independent, is someone el se doing the shopping, can
they manage stairs, have they moved, soit’sall those
sorts of things which we take on their word. So |
suppose thiswould give you objective information as
to whether that's true, not saying that they're not
telling the truth but it would just give you another
side of things. [#0050]

The only thing that this offers that we struggle with
in clinic is the typical, stoic...farmer that says “ No,
I’ve not had any help, I’'m absolutely fine]” heleaves
the room and his wife goes “ Yeah, he can't get to the
toilet on hisown” and this potentially picks up those
problem patients because we do get those patients,
not infrequently. And so thisis a way of potentially
flagging it up if it can do that. [#0052]

Some participants expressed that the data could help avoid the
common problem that reports by patients of function
improvement are often not accurate asthey are masked by pain:

I mean if you look at the Oxford Hip Score, 80% of
the effects in the Oxford Hip Score are due to pain,
so pain dominates in terms of what you see...That's
why they tend to improve [ be] cause you' ve reliably
improved the pain...but thisis the difference, this not
reported function, this is real function and the two
are quite different. “ Can you go up and down the
stairs?” isnot the same asare you going up and down
stairs? That's what's useful about this, isn't it?
[#0049]

However, a participant identified a dilemma if the home data
contradict the patient’s own account, potentially damaging the
patient-clinician relationship:

You can't break that trust that you have to have, if
someone says this is what | do, then | have to take
that at face value, regardless of whether | believe it
or not. [#0046]

Data Fromthe Home Provide a Stimulusfor Discussion
in a Consultation With a Patient

Although participants indicated that visualizations 4 to 8 were
suitable only for use by clinicians, some visualizations were
considered to be agood basis for discussion with patients:

The other thing that | think it would be really useful
for is providing information to patients after the
operation. So you could monitor a cohort of total hips,
total knees, hip fracture, different patients and say
“We can expect that your sleep will have returned to
normal after eight weeks’ or “ You will be leaving
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the house more back the way you were at six weeks”
and that would be really useful. So there are some
things we get from patients and we tell them that
we're told that on average you get back to bowls
[note: the sport of lawn bowls] at six weeks, but
actually having a bit of an evidence base to say
“...most [patients] were sleeping through the night
by six weeks!” That would be a nice thing to be able
to say to patients. [#0052]

If they say, “ I'mnot sleeping well;” and you still look
and you say, well although you're not sleeping
perfectly, you' ve definitely improved over the last six
weeks—do you seewhat | mean? [ Be] cause they don’t
always remember that. [#0049]

Surgeonsfelt that it would befeasible for them to useadecision
support system in consultations with patients. Given the
inevitable complexity of dataderived from people’sdaily lives,
automated processing of datawas preferred over a presentation
of relatively raw data. Surgeons found the breadth of possible
patient information fascinating. However, many said that the
need for speed in their necessarily brief consultations left little
room to conduct anything other than the “essentials’:

It's got huge amount of potential, | just don't know
what to do with all these lovely graphs and figures
really. [#0052]

| thinkit'sfascinating to seeand | think but thereality
at the coalface isthat in a clinical situation, you just
need to do essentials as quickly as possible. I'm
struggling to see how that could happen in the
ordinary, everyday situation because in this early
phase, patients’ recovery trajectories will vary very
much...during this early phase, depending on their
co-morbidities and everything else, there's a very
different speed of achieving certain milestones.
[#0051]

I do think that there is a time element there when
you're using the data...if you had a summary page
and that was compared to what a normal recovery
would be, like atraffic light system. It'sway too much
information to processin a clinic. [#0051]

Sadly | can't get past the fact for routine follow up
of post-op [hip replacement] patients, we're already
cutting back how many we see and what we do,
because they all tend to do so well and so giving us
more information is probably not helpful. [#0050]

Use of Home Data for Research Purposes

A possibility wasthat the data could be devel oped into outcome
measures for research purposes, with the overall aim to be able
to consult such information when addressing individual patient
Cases:

Certainly from a research point of view if you're
wanting to follow something up like a new hip
prosthesis and you wanted to know whether this was
making any difference in this early phase...this could
be very useful in supporting that. [#0051]
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Using the data as an outcome measure for research was felt to
have considerable potential:

| think the power of this is on a clinical basis, we
could do more pilot stuff, you can correlate that with
your interviews with the patients. [#0046]

Meeting Surgeons Reguirementsin the Development
of Visualizations

Most participants (8/9, 89%) identified concerns regarding
existing visualizations and proposed a way to address them.
Challengesincluded the difficulty of representing large amounts
of time-based data without losing detail, accessibility of
visualizations to patients, the time required to interpret the
visualization, and the provision of excessive detail. To address
theseissues, surgeons suggested that goal-focused visuaizations
that solve a small number of competency questions would be
of value. For instance, charts showing “a simple form of data’
could more easily support clinical evaluation of “one specific
activity.”

Discussion

Principal Findings

On the basis of an action research approach [41], this paper
reports the findings of scenario-based focus groups and
interviews. This study aimed to provide insights into the
presentation of time-series data as away of assessing recovery
after surgery and to what extent the data supported clinical
workflows. Participants generally noted that the data offered a
more objective assessment of patient recovery than current
methods used in their clinical practice.

Of the visualizations presented, adashboard comprising specific
notifications and alerts seemed to be the best fit for existing
workflows, Automation of clinical decisions based on
“moment-to-moment quantification of individual level data’
[53] and rapidly condensing large amounts of data into
meaningful information aligned with the 10-minute appointment
time that NHS surgeons have with patients at follow-up.

The tabular and circular data visualizations spanning longer
periods were considered useful by surgeons for identifying
trends and changes ahead of the consultation. Furthermore, the
granular detail of patients movement trajectory immediately
before and after surgery was considered useful within a
consultation, in which the surgeon and patient could address
expectations of outcomes after surgery and longer-term
follow-up.

It was noted that such discussions would require assurance of
sensitive and accurate interpretation of any data beforehand to
avoid any negative impact of patient engagement with the data.
Furthermore, it would be necessary to decide whether to measure
the patient’s progress in absolute terms with reference to a
population mean or purely relativeto their own initial baseline.

Surgeons are not accustomed to visualizing and conceptualizing
time-series data from the home, and as with any new form of
clinical data, undoubtedly training would be a prerequisite for
the introduction of this type of datainto clinical practice. The
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participants in this study were interested in the complexity of
the granular data and were aware that insights would be lost if
they were summarized or averaged. However, they had not been
provided with professional development training in
interpretation of the data. It isreasonable to supposethat training
and familiarity would unlock more of the value in the data and
lessen some of the legitimate concerns about the data being
confusing or time-consuming to use. The challenge of finding
intuitive ways of presenting weeks of continuous data to
cliniciansfor usein a10-minute clinical appointment would be
agood area for future research.

Comparison With Prior Work

The UK National Joint Registry recently introduced a patient
decision support tool that aimed to enhance patients
understanding of their own risks and the potential benefits of
having joint replacement surgery [54]. Innovative tools may
empower patients to have informed conversations with their
physicians about treatment options, and such tools can support
evidence-based choices, moving closer toward personalized
medicine. Our findings suggest that a clinical decision support
system that tracks and interprets activity at home could
supplement such information, further enhancing a patient’s
choices about treatment options and postrecovery options after
surgery. Furthermore, by collecting data before and after
surgery, there is the chance to compare outcomes after surgery
with presurgical ability and help in communication about
expectations before surgery and whether those expectations
have been met.

Clinical decision support systems make use of appropriate data
analytics and visualization methods to provide advice and
guidance to aid health care providers problem-solving and
decision-making [55]. Potential benefits of designing clinical
decision support systems include improving consistency in
decision-making, increasing efficiency, and reducing task
interruptions and the corresponding fatigue [56]. A recent
randomized controlled trial that evaluated the use of a patient
decision aid and preference report (ie, a summary of patient
clinica and decisional data) by surgeons performing joint
replacement [57] found that this supports shared
decision-making between clinician and patient and that there
was significant improvement in decision quality when such aids
were used. Thefindings of our study arein accordance with the
proposal of increased efficiency to some degree as surgeons
thought that although some of the home data would be helpful,
it would be unlikely that they would directly reference or share
thisinformation in consultation because of the limited timethey
had with patients.

The wide range of sensors available to patients as wearables or
within smart home products can help patients track exercise,
sleep, heart rate, and much more. Data collected by such sensors
to improve health have been used to help with diagnosis and
monitoring in the fields of chronic health conditions [58] and
mental health [59]. This study illustrates the potential for home
data of this kind to be used to support clinical follow-ups after
hip and knee replacement surgery. Our study presents a hovel
exploration of movement data collected viaaplatform of sensors
for use in orthopedics, aiming to yield new ways of advancing
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conventional follow-up assessments following total hip and
knee replacement surgery.

Strengths

A key strength of this study was the use of an action research
approach, which included an exploratory phase followed by
discussion of a proposed model of data presentation using real
patients stories. The triangulation of patterns detected in the
guantitative data with real patient participants accounts from
qualitative interviews contributed to a robust analysis of the
data with a good degree of accuracy. A qualitative analysis of
patients’ experiences has been reported el sewhere[45]. Finally,
this study uniquely explores surgeons views of data
visualization from novel sensing technology, which is not
currently commercially available but could be put on the market
in the near future if desired. Insights from this study can help
inform research and design directionsfor productsin this space.

Limitations

The sample comprised surgeons from 1 UK hospital and, as
such, only reflects experience in 1 setting. Convenience
sampling was used, which may limit the ability to generalize
from this sample. However, in practice, participants
background, skills, and experience were heterogeneous, aswere
their age and sex. The experiences described are likely to be
consonant with those in other contexts, and all UK surgeons
follow national approaches and training. More importantly,
there may be differences between the findings of our study and
those that are relevant in other countries; although the surgical
procedureissimilar in different contexts, patients' expectations
and the resources availabl e to surgeons may vary. Furthermore,
in the United Kingdom and internationally, professionals other
than surgeons are involved in the provision of care to patients
undergoing knee or hip replacement. For instance, specialist
physiotherapists areinvolved in assessments before surgery and
provide care afterward. We did not include their professional
experience in this study, and this could be a topic of further
research; however, in practice, most health professionals face
similar challenges related to time pressures on consultations
and the need to collect and convey clear and relevant
information.

Everyday practice following the COVID-19 pandemic has
required adjustment to deal with service backlogs, such as a
move toward day case surgery as well as decreasing length of
stay and adoption of remote assessment of postoperative
recovery status. Itisnot yet clear to what extent what proportion
of sites has moved to thismodel and what proportion of patients
are affected by this change. There is also a move toward
patient-initiated follow-up. However, thisis at an early stage,
and it remains to be seen what the benefits and shortcomings
might be for patients and participants.

Conclusions and Recommendations

Overview

In line with an action research approach [41], we propose the
following 4 guidelines for further design and devel opment of
home activity monitoring systems. Each guideline draws on the
findings described previously and was codeveloped by the
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interdisciplinary group of coauthorsin light of the findings. As
such, the guidelines consolidate the views of surgeons and the
thematic areas developed in this study and provide
recommendations for next steps, including how best to support
surgeons—or other health care professionals—and how best to
design and deliver a user-appropriate system. Each guideline
reflects the content of more than one thematic area. Our aim
was to build on surgeons views to provide concrete
recommendations to support future developments in the
collection, visualization, and use of data on recovery or other
health changes.

Guideline 1: Minimizethe Risk of Misinterpreting Data

Surgeons demonstrated consensus on theimportance of reducing
therisk of misinterpretation of dataand the associated variability
of interpretations between surgeons. To minimize the risk of
misinterpretation, clear summary statistics are recommended.
Explainable design principles appropriate for each visualization
or presentation of data should be applied to clarify the meaning
and limitations of the dataand the associated findings. It would
be misguided to promise absolute objectivity as the activities
of data acquisition, data analysis, and machine learning
frequently result in the reproduction of bias present in source
data or in the unconscious predispositions held by dataanalysts
themselves [60].

Guideline2: ExpresstheLevel of Confidencein the Data

Surgeons expressed a preference for simple and unambiguous
metrics. However, electronics and sensor systems in the home
inevitably experience many challenges to reliability, such as
devicefailure or wireless network failures; therefore, datafrom
such an uncontrolled environment must always be interpreted
with caution, and a level of confidence would need to
accompany any data analysis.

Guideline 3: Improve Familiarity With Time-Series Data

Exploratory methods of accessing big data are a poor fit with
constraints on surgeons time. Efficient, rapidly accessible
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representations of home data requiring minimal expert
knowledge are recommended in thefirst instance. For example,
data summarization can facilitate the interpretation of complex
data, removing outliers and supporting existing clinical
consultation activities. The 2019 Topol Review [61] indicates
that training and digital literacy are key to making the most of
digital health technologies, particularly artificia intelligence
and machine learning. ldentifying an understanding of
confidence and probability is a necessary prerequisite for
interpreting these data and is a required skill. We suggest that
familiarity with time-series representations of data acquired
through training may increasingly be an advantageous skill for
clinical purposes.

Guideline4: Consider thel mpact of Patient Engagement

Data are of interest to surgeons as a resource that they can use
to assist in their communications with patients. Future
developments such as interfaces that support patients in
examining their own data may offer alevel of empowerment.
Greater patient empowerment is positively associated with
adherence to treatments and improved outcomes [62]. It also
supports the UK NHS commitment to person-centered care, in
which patients are encouraged to be actively involved in their
own care [63]. Therefore, patient-centered design practices are
asubstantial component in the development of systemsthat use
home data to support patient-clinician interactions. The time
constraints experienced by surgeonslimit their opportunitiesto
have direct overview of time-serieshome data. A patient-centric
approach could support patients in monitoring changesin their
own condition, potentially facilitating conversations with
clinicians. Finally, the schedule by which surgeons or other
clinicians review data is not a close fit with the potential for
“just-in-time” aerting systems, suggesting that some of the
potential of home data may rely on structural innovation and
integration with wider support teams.
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Abstract

Background: Wireless vital sign sensors are increasingly being used to monitor patients on surgical wards. Although early
warning scores (EWSs) are the current standard for the identification of patient deterioration in award setting, their usefulness
for continuous monitoring is unknown.

Objective: This study aimed to explore the usability and predictive value of high-rate EWSs obtained from continuous vital
sign recordings for early identification of postoperative complications and compares the performance of a sensor-based EWS
alarm system with manual intermittent EWS measurements and threshold alarms applied to individual vital sign recordings
(single-parameter alarms).

Methods: Continuous vital sign measurements (heart rate, respiratory rate, blood oxygen saturation, and axillary temperature)
collected with wireless sensors in patients on surgical wards were used for retrospective simulation of EWSs (sensor EWSs) for
different time windows (1-240 min), adopting criteria similar to EWSs based on manual vital signs measurements (nurse EWSs).
Hourly sensor EWS measurements were compared between patients with (event group: 14/46, 30%) and without (control group:
32/46, 70%) postoperative complications. In addition, alarmswere simulated for the sensor EWSs using arange of alarm thresholds
(1-9) and compared with alarms based on nurse EWSs and single-parameter alarms. Alarm performance was eval uated using the
sensitivity to predict complications within 24 hours, daily alarm rate, and false discovery rate (FDR).

Results: The hourly sensor EWSs of the event group (median 3.4, IQR 3.1-4.1) was significantly higher (P<.004) compared
with the control group (median 2.8, IQR 2.4-3.2). The alarm sensitivity of the hourly sensor EWSs was the highest (80%-67%)
for thresholds of 3 to 5, which was associated with alarm rates of 2 (FDR=85%) to 1.2 (FDR=83%) alarms per patient per day
respectively. The sensitivity of sensor EWS-based alarms was higher than that of nurse EWS-based alarms (maxi mum=40%)
but lower than that of single-parameter alarms (87%) for all thresholds. In contrast, the (false) alarm rates of sensor EWS-based
alarms were higher than that of nurse EWS-based alarms (maximum=0.6 alarm/patient/d; FDR=80%) but lower than that of
single-parameter alarms (2 alarms/patient/d; FDR=84%) for most thresholds. Alarm rates for sensor EWSsincreased for shorter
time windows, reaching 70 alarms per patient per day when calculated every minute.
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Conclusions: EWSs obtained using wireless vital sign sensors may contribute to the early recognition of postoperative
complicationsin award setting, with higher alarm sensitivity compared with manual EWS measurements. Although hourly sensor
EWSs provide fewer alarms compared with single-parameter alarms, high false alarm rates can be expected when calculated over
shorter time spans. Further studies are recommended to optimize care escalation criteriafor continuous monitoring of vital signs
in award setting and to evaluate the effects on patient outcomes.

(JMIR Perioper Med 2023;6:e44483) doi:10.2196/44483
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Introduction

Background

Surgical patients are at risk of developing postoperative
complications, which may progressto life-threatening illnesses
and seriously affect patient outcomes if not promptly detected
and correctly treated [1]. Most postoperative complications
occur in the first week after surgery and are typically present
in award setting [2-5]. Therefore, adequate patient monitoring
in surgical wards is crucia for identifying the early signs of
complications [6].

In hospital wards, patient monitoring typically consists of routine
vital sign checks performed by nurses every 6 to 8 hours,
complemented by subjective evaluation of the patient status
during nursing activities[7,8]. In addition, early warning scores
(EWSs) are widely used to evaluate the risk of patient
deterioration. EWSsaretypically calculated by assigning points
to a measured set of vital signs, where the sum of the points
reflectsthe EWSs. EWSs are often implemented as part of rapid
response systems, where they are used to trigger clinical actions
or escalation of care when exceeding a predefined threshold
[5,9]. However, vital sign checks and corresponding EWSs are
often incompl ete or not performed on time, particularly during
the night or when the protocol mandates more frequent
measurements in high-risk patients [10,11]. Together with the
intermittent measurement frequency, thismay lead to unnoticed
or delayed detection of patient deterioration.

In recent years, wireless sensors that enable mobile vital sign
monitoring have been introduced. These sensors facilitate
automated, less obtrusive, and continuous patient monitoring
inaward setting [12,13]. Although there is till little evidence
regarding the clinical effects of continuous monitoring in this
setting, various studies have suggested that continuous
monitoring can aid early identification of clinical deterioration
and may provide opportunitiesto improve outcomesin patients
with complications [4,14]. However, the interpretation of the
large amount of data that are generated by the sensorsis till a
major challenge because vital sign measurements fluctuate
largely during the day and are influenced by movement and
many patient-related or environmental factors [15]. Moreover,
continuous manual data observation is hampered by restricted
staffing levelsin award setting and inconsistent assessment of
abnormalities by caregivers [16]. Therefore, to promote an
adequate and timely responseto patient deterioration, automatic
methods to support and identify vital sign abnormalitiesrelated
to potential complications are desired.

https://periop.jmir.org/2023/1/e44483

Currently, wireless monitoring is often implemented in
combination with traditional alarm strategies, where an dert is
sent automatically as soon as the measurement of one of the
vital signs exceeds a preset upper or lower threshold [12,17].
Although this single-parameter alarm strategy is standard in
high-care units such as intensive care units, these alarms are
sensitive to various disturbances and easily lead to excessive
false alarm rates. As the nurse:patient ratio is lower in award
setting, thisalarm burden isaserious concern for nurseworkload
and could lead to alarm fatigue, thereby potentially threatening
patient safety [7]. Furthermore, single-parameter abnormality
detection does not align with the current use of EWSs fo