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Remote patient monitoring provides clinicians with visibility to patients’ recovery beyond
what can be achieved with in clinic visits alone. Patients’ pain management is an
important aspect of recovery following total knee arthroplasty (TKA), and one that is
increasingly tracked remotely through digital applications. Its timely assessment may
provide clinicians with a way to detect postoperative complications. We proposed a
patient-specific model that predicts the probability of remotely collected pain scores for
TKA patients along a 90-day recovery period, aimed at detecting patients with anomalous
pain scores, and enable appropriate interventions by clinicians in a timely manner. We
fitted and validated the model with a set of 4,782 remotely collected pain scores for 84
patients that underwent unilateral primary TKA.

INTRODUCTION

Increase in demand for total knee arthroplasty (TKA) over
the last decades (El Bitar et al. 2015; Pabinger, Lothaller,
and Geissler 2015) as well as increase of the associated
costs and pressures on medical resources and staff has led
efforts to optimize postoperative protocols, including re-
duction of hospital stays, while preserving quality of care.
Remote patient monitoring, through a variety of wearable
devices and connected patient engagement platforms, pro-
vides clinicians with additional visibility to patients’ re-
covery. These systems allow collection of patient recovery
data during patient day-to-day activity, at higher granular-
ity and reduce staff costs than can be achieved traditionally
(e.g., Gurchiek et al. 2021). Because of the high granular-
ity of the data collected, complications and deviations from
the expected recovery path can potentially be detected ear-
lier than with practice visits alone, allowing clinicians to
manage patients by exception rather than following a stan-
dardized trajectory for all patients. In addition, remote pa-
tient monitoring can be particularly valuable in conditions
such as the recent COVID-19 pandemic, enabling continued
patient monitoring while limiting potential disease-trans-

mitting contacts (e.g., Glinkowski 2022; Haider et al. 2022;
Muller et al. 2022).

Although the advantages of remote patient monitoring
are a strong driver for its development, the potentially large
data volumes generated may increase the demand for clin-
ical staff resources to process and derive insights and/or
clinical actions from it. While clinical staff generally holds
positive views of remote patient monitoring, insufficient
resources have been reported as one of the reasons for con-
cern in adopting these technologies (Davis et al. 2014).
Moreover, increasing reports about clinical staff burnout
(Martinelli et al 2020; Travers 2020) and health workforce
shortages (Drennan and Ross 2019; Oslock et al. 2022) may
further raise concerns about the additional demand from
clinical staff to monitor increasing volumes of patient data.

The potential increased demand for data interpretation
by clinical staff may be ameliorated by using machine
learning techniques that support clinical decisions driven
by patient data (e.g., Misic and Zdravkovic 2022). In the
context of remote patient monitoring, these techniques can
be used to appropriately summarize the state of a patient
from multiple data streams and assess against normative
models of recovery. Significant deviations from these mod-
els can be automatically brought to the attention of clinical
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staff through electronic alerts warranting a further, more
detailed assessment by the clinical staff. Electronic alerts
have been successfully used in fields of surgery including
cardiac and gastrointestinal (Symer et al. 2017). For exam-
ple, alerts resulting from remote postoperative monitoring
have shown to reduce the number of potentially avoidable
urgent care visits in ambulatory cancer surgery patients (Si-
mon et al 2021).

Following total knee arthroplasty, pain is anticipated
and appropriate pain management indicated, with 60% of
patients experiencing severe postoperative pain and 30%
moderate pain (Seo et al. 2017). Postoperative pain inhibits
early ambulation and range of motion, increasing the risks
of thromboembolism and impacting rehabilitation, patient
satisfaction, and overall outcomes (Jing-wen, Ye-shuo, and
Liang-kun 2019). Moreover, pain can also be a symptom
of major complications in the early postoperative phase,
such as vascular and peripheral nerve injuries, peripros-
thetic fractures and infection and dislocations (Pulido et al.
2008). Monitoring patients’ pain levels is therefore an im-
portant aspect of TKA patient recovery monitoring for as-
sessing pain management effectiveness. Despite its clinical
value, however, assessing pain remains highly subjective,
as pain can only be tracked through patient self-assess-
ment reports. The latter are increasingly collected remotely
through digital applications (Lalloo et al. 2017; Zhao et al.
2019).

Even though the building blocks for remote pain mon-
itoring are now available through various platforms, a
framework for processing and informing clinical decisions
is still lacking. To that extent, this paper presents a statisti-
cal recovery model for TKA patients based on remotely col-
lected pain scores along with a decision framework that al-
lows for the identification of patients reporting pain scores
with a low probability to issue electronic alerts that, in
turn, have the potential to unlock clinical decisions.

METHODS
STUDY DATA

Clinical data was collected through two subsequent studies
(study A and B), where patients undergoing primary total
knee arthroplasty used the MotionSense wearable sensors
along with the MotionSense® mobile application (Stryker,
Mahwah, NJ). Through its integration with the HIPAA-com-
pliant OrthoLogIQ® cloud service, the MotionSense system
allows for the remote monitoring by clinicians of patients’
range of motion, step count, knee active time, and pre-
scribed exercise completion, as well as pain scores and sur-
veys.

*Advertisement

For both studies, patients planning to undergo unilateral
primary total knee surgery at one of two practices were
prospectively enrolled into the IRB-approved studies fol-
lowing informed consent. Following enrollment in the
study, patients underwent unilateral primary TKA by one of
two arthroplasty surgeons (RCM and PB]J for study A, PBJ
for study B). Inclusion criteria included: patients’ ability to
provide consent with an age ranging from 45 to 80 years,
a BMI not exceeding 35 kg/m2, ownership of a smartphone
(agnostic to brand or type), and lack of severe skin condi-
tions. Patient enrollment and the MotionSense introduc-
tion and initial setup occurred with a research nurse during
a preoperative visit at the surgeons’ clinic. Patients were
requested to use the MotionSense system starting up to
four weeks prior to surgery and up to 90 days after surgery.
A total of 101 patients were initially enrolled for study A
and 20 for study B.

Patients from both studies were prompted daily by the
MotionSense mobile application to report pain scores on an
11-point Numerical Rating Scale (NRS; example app screen
shown in Figure 1). Scores from patients reporting at least
five scores in the 90 days following surgery were used in
the remainder of this paper, resulting in a final study co-
hort of 62 patients (mean age + SD: 65.3 * 7.4, 36/26 male/
female, mean BMI * SD: 28.1 £ 4.0) for study A and 17 pa-
tients (mean age * SD: 65.8 + 4.7, 11/6 male/female, mean
BMI #+ SD: 28.4 £ 3.1) for study B.

STATISTICAL MODELLING

Since pain scores in MotionSense and other systems are re-
ported as discrete integer values in an 11-point Numeri-
cal Rating Scale (NRS) scale we chose to use a beta-bino-
mial discrete probability distribution as the model response

variable:
_ (n\ B(s+a,n—s+p)
piolo ) = (%) T
I'(z)I'(y
B(z,y) = Tz +y)

with support s € {0, 1, ..., n} where T" is the gamma
function. This discrete value distribution allows to con-
strain model’s response variable to the non-negative inte-
ger domain values of the pain scores by fixing its count
parameter n = 10. We also opted for a reparametrized use
of beta-binomial distribution by specifying the concentra-
tion parameters « and 3 as a function of the expected value
(mean) p and variance ¢:

po(1—p)

a= p-vand f=(1—p) -vwithv= 3
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Figure 1. Proposed procedure for assessing postoperative patient reported pain scores using model.

Using this parameterization, the mean p and variance ¢ can
be modeled as a function of time since surgery (¢) including
a random effect for patient (d,) corresponding to an offset
between the individual patient and population level expec-
tation:

logit(u) = Z,(t) + 6,
and
u

= (1 +e @01 - p)

and with 4, prior
dp ~ Normal (0, o)

The functions Z,,(t) and Z4(t) correspond to a hidden-layer
neural network taking the time of pain score report (¢ days
since surgery) as input. These functions allow modelling
of non-linear relationships in both the mean (x) and vari-
ance (¢) of the pain scores, as a function of days since
surgery. Modelling each patient’s d,, as the component of
the model parameterizes the distribution of possible values
in the population of patients. This standard deviation of
this distribution o, parameterizes the dispersion of ¢, val-
ues, and is also estimated when fitting the model.

Journal of Orthopaedic Experience & Innovation

INCREMENTAL USE CASE

The desired use case for the model is to enable the assess-
ment of a patient’s latest submitted pain score against a
statistical expectation of this pain score (i.e., the model’s
estimated probability distribution) on a given recovery day.
To calculate this probabilistic expectation, the patient’s
specific 6, parameter is required to adjust the population
level trend. Each patient’s §, can be estimated as a latent
variable when fitting the model to a pre-existing complete
dataset (i.e., all available data for each patient). In a real-
world application, we wish to assess new patient scores as
they become incrementally available during the patients’
recovery. In this case, it is not efficient to refit the whole
dataset every time a new data point is produced. As a more
efficient procedure, we propose that for each newly pro-
vided patient pain score, only the preceding pain scores
(i.e., all previous from the same patient) are used to re-es-
timate ¢,,, which is then used to calculate the expected pain
score distribution and evaluate the probability of the latest
score (Figure 1). The idea behind using all scores but the
last, is so that, in case the pain score of interest lies at the
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tails of the distribution, it has less influence on shifting the
4, estimate towards its own value.

Through the aforementioned process, we can derive a
prediction for the expected distribution of values for a
given time during a patient’s recovery. By itself, this distri-
bution has limited value for a clinician and the added com-
plexity of interpreting a probabilistic density may further
burden and preclude untrained staff from using it. The in-
terest of evaluating a given pain score is in enabling a deci-
sion about whether some action must be taken with regards
to the patient condition or as a way of prioritizing interac-
tion with patients.

In the context of the described model, the evaluation of
a given pain score consists of assessing its value against the
predicted distribution for the recovery day under consider-
ation. The quantile value (or its inverse, the cumulative dis-
tribution function, cdf) can be calculated as a metric rep-
resenting the likelihood of the reported pain score based
on the predicted distribution; a statistic that most clinical
staff can understand. This metric can be used by clinicians
to issue alerts and bring attention to patients when their
reported pain scores are above/below predefined thresholds
set in the quantile scale.

Patients from both studies were prompted daily by the
MotionSense phone application to report pain scores on an
11-point Likert scale (0-no pain to 10 worst pain ever; exam-
ple app page shown in Figure 1). Scores from patients re-
porting at least five scores in the 90 days following surgery
were used in the analysis, resulting in a final study cohort
consisted of 62 patients (mean age * SD: 65.3 + 7.4, 36/26
male/female, mean BMI # SD: 28.1 # 4.0) for study A and
17 patients (mean age * SD: 65.8 £ 4.7, 11/6 male/female,
mean BMI = SD: 28.4 £ 3.1) for study B.

MODEL FITTING AND PARAMETER ESTIMATION

Study A was used to fit the mean population trend (para-
meters Z, and Z,) in the model) as well as each patient’s
dp. Study B was used as an independent validation dataset
where only ¢, were fitted (the same Z, and Z, from study A
model fit were used). This replicates the application of the
fitted model to a new patient population that has not been
used to fit the model.

with Ortho
Where innovation meets recovery

U™
An

The model was fitted by using a Bayesian framework
with stochastic variational inference (SVI), maximizing the
evidence lower bound (ELBO), with an Adam optimizer
(learning rate = 0.03), using custom scripts in Python pro-
gramming language (v3.9) and the PyTorch v1.12.1 (Paszke
et al. 2019) and Pyro v1.8.2 (Bingham et al. 2019) packages.
Model fit was assessed by comparing distribution of poste-
rior predictive distribution against the data. Also, we report
the mean and root-mean-square (rms) deviation between
the model predicted mean and actual pain scores.

INCREMENTAL USE CASE ASSESSMENT

The clinical use of the model in assisting clinician, while
remotely monitoring patients was evaluated in two ways.
First, the number of datapoints required to obtain an accu-
rate estimate of the §, parameter was evaluated. Therefore,
the patient-specific offset §, was incrementally estimated
for each of the study participants at the days where patients
reported new pain scores. This was carried out using the
same SVI fitting as described above. We ran this procedure
for all study A and study B patients, and at each incremen-
tal step compared the estimated (d,;) with the correspond-
ing final value (d,s) for a given patient (i.e., including all
values reported by that patient). When the incrementally
estimated ¢,; value was within 1 point on the NRS from the
final d value, we considered the model as converged. This
threshold was selected as it reflects the precision of the col-
lected pain scores.

Second, to simulate the clinical use of the presented
model in flagging pain scores at the extremes of the pre-
dicted expectation, we assessed the proportion of patient
pain scores that would trigger an alert. This was done at
each of the time steps that a new pain score was made
available by the patients in the two studies by using the in-
cremental ¢, estimation and a range of different quantile
thresholds.

RESULTS

Applying the selection criteria resulted in a total of 3,649
pain scores from study A and 1,133 from study B. The mean
(SD) number of scores reported by each patient within the
90-day period was 55.2 (24.4) for study A and 58.8 (30.0)

Journal of Orthopaedic Experience & Innovation 5
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Figure 2. Distribution of observed pain scores for both studies. Size of dots indicates the number of scores. Also
shown is the estimated mean population trend shading indicating the estimated 98% population range.

for study B. Patient reported scores showed a wide disper-
sion of scores ranging throughout the 11-point scale during
the first week postoperative, but gradually narrowing over
time and becoming more concentrated on the lower half
beyond 60 days after surgery (Figure 2). Individual patient
trends varied widely, including cases where patients con-
sistently reported low scores, others reporting consistently

high scores (Figure 4).
MODEL FITTING

The fitted mean population trend shows a steady decrease
from a pain score of 5.2 on the first postoperative day to
1.8 on day 90. At a population level, the predicted range of
pain scores shows a wide range (Figure 2). This is due to the
large variation of estimated values for the patient-specific
offset 6, (Figure 3). By means of example, a few individual
patients’ pain score progression following surgery is shown
in Figure 4. The posterior mean (SD) for parameter ¢ was
0.81 (0.07). The average deviation from the patient scores
and the predicted daily mean was smaller when including
the patient effect (6,) for both studies (Table 1).

INCREMENTAL USE CASE ASSESSMENT

In general, the incremental fitting of pain scores showed a
gradual convergence of the estimated 4, parameter to the
final value (i.e., using all available scores, e.g., Figure 5).
The posterior uncertainty around this estimate also gradu-
ally decreased as more scores got added. The best estimate
for the value of §, when none of the patients’ scores is
available, is by the model definition equal to zero and
therefore the mean of the expected distribution is the same
as population mean. However, the uncertainty around this
estimate is large (i.e., distribution in Figure 3 top panel).
This uncertainty can only be reduced as we observe patient
pain scores. The incremental estimation procedure corre-
sponds to a Bayesian update of the value of §, parameter
and its uncertainty with every new score. When the first
score from a patient becomes available, the §, parameter is
estimated using a normal distribution with o variance as a
prior, and in the subsequent steps the posterior from previ-
ous steps is used. The example in Figure 5 shows how pa-
tient reported scores that are further from the mean and on
the tails of the expected distribution, correspond to more
extreme quantile values. In this example, the value seven
score under consideration (orange dot at post-operative day

Journal of Orthopaedic Experience & Innovation 6
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Figure 3. Estimated posterior J, values for study A
patients. Top panel shows the estimated posterior
density (light blue line) as well of a normal
distribution with the same mean and standard
deviation as the posterior samples (dotted orange
line). Lower panel shows the mean and 98% confidence
range of the estimated posterior patient-specific
offsets for each of the 62 patients in study A.

78) has a corresponding low quantile value (i.e., the propor-
tion of scores expected to be higher than seven given the
predicted probability distribution).

To assess the number of patient-reported pain scores re-
quired to get a reliable estimate of the patient-specific off-
set d,, we counted the number of scores required for the
incremental patient-specific offset to be within one score

value of the final mean (i.e., an assessment made on pain
score scale). Looking at both studies, for 80% of patients
this was attained with only the first five scores. It should
be noted however that in one study A patient it took 21
scores and for one study B patient it took 41 scores to
meet this criterion. These extreme cases corresponded to
patients whose series of scores was very different from the
modeled mean trend (no apparent trend) and therefore the
estimation of a ,, value that would best align was unstable.

MODEL TRIGGERED ALERTS

The alert simulation revealed that, as expected, the lower
the threshold (i.e., high quantile) the higher number of
triggered alerts targeting pain scores above the mean (Fig-
ure 6). The correlation between the quantile threshold and
the mean number of alerts enables approximating the
quantile threshold by targeting a percent number of alerts.
This relationship was further validated by selecting quan-
tile thresholds from study A data, for target 10, 20, 30, 40,
and 50% alerts, and calculating the mean alert rates for
study B, for those selected thresholds (Table 2). This assess-
ment resulted on a rms accuracy of 3.9%.

DISCUSSION

The remote monitoring of total knee patients during their
recovery benefits from the ability to monitor their pain dur-
ing the early post-operative period since it can be a pre-
cursor to various adverse events (e.g., infection). In order
to give clinicians a reference framework facilitating the in-
terpretation of patient-reported pain scores, while avoiding
data overload for the monitoring clinicians, we proposed a
model that predicts a daily probability distribution of re-
motely collected NRS pain scores for TKA patients along a
90-day recovery period. In a first step, we fitted the model
to more than 3,500 remotely collected patient pain scores
and subsequently validated the fitted trends with an ad-
ditional study including more than 1,000 pain scores re-
motely collected from another cohort. This model is in-
tended to assess the likelihood of incrementally available
patient reported scores, giving clinicians the ability to raise
flags for those patients reporting scores that fall beyond a
preset likelihood threshold.

Population level normative curves are commonly used
in clinical practice, with possible the most common exam-
ple being child growth curves, and in the case of TKA pa-

Table 1. Statistics comparing patient pain scores with model predictions for both studies. Values are reported for
the deviation between scores and the population and patient mean (i.e., uncorrected and corrected by J,

respectively).
n patients deviation mean (SD) rms deviation

Population only -0.15(1.64) 1.64

Study A 62
Individual corrected 0.01(0.93) 0.93
Population only -0.11(1.37) 1.37

Study B 17
Individual corrected -0.09 (1.00) 1.08

Journal of Orthopaedic Experience & Innovation 7


https://journaloei.scholasticahq.com/article/74712-patient-specific-pain-model-for-identifying-patients-at-risk-following-tka/attachment/171598.png

Score

Score

Figure 4. Example postoperative pain score trends for patients from both studies. Darker shading indicates the uncertainty around the patient adjusted trend (i.e., due

10

Patient-Specific Pain Model for Identifying Patients at Risk Following TKA

Study A - patient 0
0p=-0.128; mean_dev: 0.39; rms_dev: 1.88

Study A - patient 33
dp=1.618; mean_dev: -0.01; rms_dev: 1.83

Study A - patient 7
6p=-2.247; mean_dev: 0.26; rms_dev: 0.71

—— patient p

— population p

[0 patient g 95%
patient 95%

- - L o wes e o0

M.- .o o

Study B - patient 8
0p=-0.691; mean dev: 0.04; rms dev: 1.49

Study B - patient 10
0p= 0.720; mean dev: -0.22; rms_dev: 2.38

Study B - patient 11
op=0.898; mean_dev: 0.20; rms dev: 1.81

—— patient p

—— population p

[0 patient p 95%
patient 95%

. ®weowwm =

30 60 90

Days since surgery

30 60
Days since surgery

0 30 60 920
Days since surgery

to uncertainty of §, estimate). Lighter shading indicates the (incorporating both the predicted beta-binomial distribution and uncertainty of §,)

Journal of Orthopaedic Experience & Innovation


https://journaloei.scholasticahq.com/article/74712-patient-specific-pain-model-for-identifying-patients-at-risk-following-tka/attachment/171599.png

Patient-Specific Pain Model for Identifying Patients at Risk Following TKA

1.0
® Previous scores
Last score
0.8 =-m- Incremental &
=== Incremental 5 95% ClI
—— G
b onm o ;
S Incremental quantile
g —— Patient mean trend
FF L 0.4 3 —— Population mean trend
p 1t Lo.2
T 0.0

Pain score

1{—e
_!

04

3|0 40 50 60
Days since surgery

0 10 20

70 80
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mean population and patient adjusted trends and the latest score highlighted in orange.

tients the trend in range of motion with recovery (e.g., Kit-
telson et al. 2020). Due to the observed high variability and
subjectivity in pain score trends, we found that population
level trends are less clinically applicable given the large
variability among patients. Instead, the presented model
leverages population level trends while introducing a pa-
tient-specific offset to better approximate the individual
patients’ pain score evolution.

The adjustment of the population level to a patient spe-
cific trend relied on estimation of the offset parameter 4,
for each patient. The incremental Bayesian update of this
parameter as more patient scores become available proved
useful. To confidently estimate this patient-specific offset
parameter, five pain scores are to be reported by the patient
during the post-operative phase. As such, it is recognized
that the models’ ability to flag patients with abnormal pain
scores is limited in the first week after surgery. Following
this early post-operative period, the model provides the
ability for a practice to flag a clinician-defined percentage
of patients reporting pain scores at the extremes of the
individual patients’ probability distribution. As such, the
practice staff can focus on these patients with less likely
pain scores and patients in the early post-operative window
who are hypothesized to benefit most from adequate pain
management. For those patients who are reporting pain

Journal of Orthopaedic Experience & Innovation

scores in line with the expected distribution, limited focus
of the clinical staff can be justified.

This study has some important limitations, however.
First, it should be noted that we have not demonstrated
that any of the triggered pain score alerts correspond to
clinically relevant cases, such as the occurrence of com-
plications (e.g., infection) during recovery. Therefore, the
model allows clinicians to select a critical likelihood above
which they wish to be alerted. Second, the patient-specific
offset parameter, §, is estimated only from the history of
patient pain scores, with the initial best guesses coming
from the fitted marginal posterior distribution (i.e., Figure
3 top panel). Whereas an extensive series of close to 5,000
data points was used to train and evaluate the presented
model, it should be recognized that the estimation of this
parameter may benefit from additional data sources and in-
cluding additional patients’ data. This would allow other
covariates such as sex, age, and BMI to be included in the
patients’ random effects. In this current model, these vari-
ables are however not explicitly included. Similarly, preop-
erative conditions and comorbidities have also been shown
to determine the outcome after TKA (e.g., Lungu, Vendit-
toli, and Desmeules 2016; Jiang et al. 2017; Huber, Kurz,
and Leidl 2019) and deserve consideration as a factor shap-
ing the individual pain score trends. Within the current
study, the patients’ pre-operatively reported pain score was
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Figure 6. Percentage of daily scores that results in
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thresholds set to detect higher than average pain
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threshold. Error bands indicate mean +1SD and mean *
2SD.

not a good determinant for the post-operatively reported
pain scores. Whereas this was surprising to the authors, it
was also recognized that the patients’ (postoperative) anal-
gesic regimen is of great importance for pain score mod-
eling. However, this information was not available for the
study patients, and therefore not included during the devel-
opment of the model. Inclusion of any of these covariates in
future models may not only further improve patient specific
adjustments of ,, but also potentially improve the shape of
the recovery trend, as well as reduce prediction uncertainty
in the early postoperative period that is currently only es-
timated from the patients’ history of post-operative pain
scores and does not include any other covariates such as the
patients’ age, BMI, sex or pre-operative pain level.

CONCLUSION

The use of sensor-based technology may aid in remotely
monitoring patients. The ability to assess pain in post-
operative TKA patients may provide clinicians with a way
to detect postoperative problems and improve outcomes
by identifying patients with an abnormal recovery pattern
so appropriate interventions may be instituted in a timely
manner. We proposed and demonstrated the use of a pa-
tient-specific pain score model that enables early auto-
mated detection of patients significantly deviate from the
reference model and may require additional or more fre-
quent engagement, effectively allowing to manage patients
by exception rather than standard protocols.

Submitted: February 28, 2023 EDT, Accepted: April 23, 2023
EDT

Table 2. Table shows quantile threshold values selected to target specific mean alert rates for study A. Also
shown are the data alert rates for each threshold for each of the studies.

Study A Study B
T:;rli(:: gfsn quantile alert rate alertrate
threshold mean median SD mean median SD
10% 0.10 9.1% 9.1% 5.7% 11.1% 9.5% 8.2%
20% 0.17 18.8% 18.8% 8.9% 19.9% 20.0% 10.5%
30% 0.23 29.2% 29.2% 8.4% 29.2% 27.3% 12.1%
40% 0.28 40.2% 40.2% 11.6% 38.0% 40.0% 10.7%
50% 0.32 50.8% 50.8% 11.9% 41.5% 41.7% 11.4%

Journal of Orthopaedic Experience & Innovation 10


https://journaloei.scholasticahq.com/article/74712-patient-specific-pain-model-for-identifying-patients-at-risk-following-tka/attachment/171601.png

Patient-Specific Pain Model for Identifying Patients at Risk Following TKA

BE A PART OF ORTHOPAEDIC CARE.
TO LEARN HOW.

THE ORTHOPAEDIC IMPLANT COMPANY

Click here to learn more about The Orthopaedic Implant Company

*Advertisement

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License
(CCBY-NC-ND-4.0). View this license’s legal deed at https://creativecommons.org/licenses/by-nc-nd/4.0 and legal code at
https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode for more information.

Journal of Orthopaedic Experience & Innovation 11


https://journaloei.scholasticahq.com/article/74712-patient-specific-pain-model-for-identifying-patients-at-risk-following-tka/attachment/171603.jpeg
https://www.orthoimplantcompany.com/?utm_source=JOEI&utm_medium=banner

Patient-Specific Pain Model for Identifying Patients at Risk Following TKA

REFERENCES

Bingham, E., ].P. Chen, M. Jankowiak, F. Obermeyer, N.
Pradhan, T. Karaletsos, R. Singh, P. Szerlip, P.
Horsfall, and N.D. Goodman. 2019. “Pyro: Deep
Universal Probabilistic Programming.” Journal of
Machine Learning Research 20:1-6.

Davis, Melinda M., Michele Freeman, Jeffrey Kaye,
Nancy Vuckovic, and David I. Buckley. 2014. “A
Systematic Review of Clinician and Staff Views on the
Acceptability of Incorporating Remote Monitoring
Technology into Primary Care.” Telemedicine and E-
Health 20 (5): 428-38. https://doi.org/10.1089

Drennan, Vari M., and Fiona Ross. 2019. “Global Nurse
Shortages—the Facts, the Impact and Action for
Change.” British Medical Bulletin 130 (1): 25-37.
https://doi.org/10.1093/bmb/1dz014.

El Bitar, Youssef F., Kenneth D. Illingworth, Steven L.
Scaife, John V. Horberg, and Khaled J. Saleh. 2015.
“Hospital Length of Stay Following Primary Total
Knee Arthroplasty: Data from the Nationwide
Inpatient Sample Database.” The Journal of
Arthroplasty 30 (10): 1710-15. https://doi.org/
10.1016/j.arth.2015.05.003.

Glinkowski, Wojciech Michat. 2022. “Orthopedic
Telemedicine Outpatient Practice Diagnoses Set
during the First COVID-19 Pandemic
Lockdown—Individual Observation.” International
Journal of Environmental Research and Public Health
19 (9): 5418. https://doi.org/10.3390/ijerph19095418.

Gurchiek, Reed D., Bruce D. Beynnon, Cristine E.
Agresta, Rebecca H. Choquette, and Ryan S.
McGinnis. 2021. “Wearable Sensors for Remote
Patient Monitoring in Orthopedics.” Minerva
Orthopedics 72 (5): 484-97. https://doi.org/10.23736
$2784-8469.21.04125-0.

Haider, Zakir, Bashaar Aweid, Padmanabhan
Subramanian, and Farhad Iranpour. 2022.
“Telemedicine in Orthopaedics during COVID-19 and
beyond: A Systematic Review.” Journal of Telemedicine
and Telecare 28 (6): 391-403. https://doi.org/10.1177
1357633x20938241.

Huber, Manuel, Christoph Kurz, and Reiner Leidl. 2019.
“Predicting Patient-Reported Outcomes Following
Hip and Knee Replacement Surgery Using Supervised
Machine Learning.” BMC Medical Informatics and
Decision Making 19 (1). https://doi.org/10.1186,
$12911-018-0731-6.

Jiang, Y., M.T. Sanchez-Santos, A.D. Judge, D.W. Murray,
and N.K. Arden. 2017. “Predictors of Patient-
Reported Pain and Functional Outcomes Over 10
Years After Primary Total Knee Arthroplasty: A
Prospective Cohort Study.” The Journal of Arthroplasty
32 (2017): 92e100.

Jing-wen, Li, Ma Ye-shuo, and Xiao Liang-kun. 2019.
“Postoperative Pain Management in Total Knee
Arthroplasty.” Orthopaedic Surgery 11 (5): 755-61.
https://doi.org/10.1111/0s.12535.

Kittelson, Andrew ]., Jordi Elings, Kathryn Colborn,
Thomas J. Hoogeboom, Jesse C. Christensen, Nico L.
U. van Meeteren, Stef van Buuren, and Jennifer E.
Stevens-lapsley. 2020. “Reference Chart for Knee
Flexion Following Total Knee Arthroplasty: A Novel
Tool for Monitoring Postoperative Recovery.” BMC
Musculoskeletal Disorders 21 (1): 482. https://doi.org/
10.1186/s12891-020-03493-x.

Lalloo, Chitra, Ushma Shah, Kathryn A Birnie, Cleo
Davies-Chalmers, Jordan Rivera, Jennifer Stinson,
and Fiona Campbell. 2017. “Commercially Available
Smartphone Apps to Support Postoperative Pain Self-
Management: Scoping Review.” JMIR mHealth and
uHealth 5 (10): e162. https://doi.org/10.2196
mhealth.8230.

Lungu, E., P-A. Vendittoli, and F. Desmeules. 2016.
“Preoperative Determinants of Patient-Reported Pain
and Physical Function Levels Following Total Knee
Arthroplasty: A Systematic Review.” The Open
Orthopaedics Journal 10 (1): 213-31. https://doi.org/
10.2174/1874325001610010213.

Misic, Dragan, and Milan Zdravkovic. 2022. “Overview
of AI-Based Approaches to Remote Monitoring and
Assistance in Orthopedic Rehabilitation.” In
Personalized Orthopedics, edited by O. Canciglieri Jr.
and M.D. Trajanovic, 535-53. Cham: Springer.
https://doi.org/10.1007/978-3-030-98279-9 18.

Muller, Ashley Elizabeth, Rigmor C. Berg, Patricia Sofia
Jacobsen Jardim, Trine Bjerke Johansen, and Sari
Susanna Ormstad. 2022. “Can Remote Patient
Monitoring Be the New Standard in Primary Care of
Chronic Diseases, Post-COVID-19?” Telemedicine and
E-Health 28 (7): 942-69. https://doi.org/10.1089
tmj.2021.0399.

Oslock, Wendelyn M., Bhagwan Satiani, David P. Way,
Robert M. Tamer, Julie Maurer, Joshua D. Hawley,
Kyle L. Sharp, et al. 2022. “A Contemporary
Reassessment of the US Surgical Workforce through
2050 Predicts Continued Shortages and Increased
Productivity Demands.” The American Journal of
Surgery 223 (1): 28-35. https://doi.org/10.1016,
j.amjsurg.2021.07.033.

Pabinger, C., H. Lothaller, and A. Geissler. 2015.
“Utilization Rates of Knee-Arthroplasty in OECD
Countries.” Osteoarthritis and Cartilage 23 (10):
1664-73. https://doi.org/10.1016/j.joca.2015.05.008.

Paszke, A., S. Gross, F. Massa, A. Lerer, J. Bradbury, G.
Chanan, T. Killeen, et al. 2019. “Pytorch: An
Imperative Style, High-Performance Deep Learning
Library.” Advances in Neural Information Processing
Systems, 32.

Pulido, Luis, Javad Parvizi, Margaret Macgibeny, Peter F.
Sharkey, James J. Purtill, Richard H. Rothman, and
William J. Hozack. 2008. “In Hospital Complications
after Total Joint Arthroplasty.” The Journal of
Arthroplasty 23 (6): 139-45. https://doi.org/10.1016
j.arth.2008.05.011.

Journal of Orthopaedic Experience & Innovation 12


https://doi.org/10.1089/tmj.2013.0166
https://doi.org/10.1089/tmj.2013.0166
https://doi.org/10.1093/bmb/ldz014
https://doi.org/10.1016/j.arth.2015.05.003
https://doi.org/10.1016/j.arth.2015.05.003
https://doi.org/10.3390/ijerph19095418
https://doi.org/10.23736/s2784-8469.21.04125-0
https://doi.org/10.23736/s2784-8469.21.04125-0
https://doi.org/10.1177/1357633x20938241
https://doi.org/10.1177/1357633x20938241
https://doi.org/10.1186/s12911-018-0731-6
https://doi.org/10.1186/s12911-018-0731-6
https://doi.org/10.1111/os.12535
https://doi.org/10.1186/s12891-020-03493-x
https://doi.org/10.1186/s12891-020-03493-x
https://doi.org/10.2196/mhealth.8230
https://doi.org/10.2196/mhealth.8230
https://doi.org/10.2174/1874325001610010213
https://doi.org/10.2174/1874325001610010213
https://doi.org/10.1007/978-3-030-98279-9_18
https://doi.org/10.1089/tmj.2021.0399
https://doi.org/10.1089/tmj.2021.0399
https://doi.org/10.1016/j.amjsurg.2021.07.033
https://doi.org/10.1016/j.amjsurg.2021.07.033
https://doi.org/10.1016/j.joca.2015.05.008
https://doi.org/10.1016/j.arth.2008.05.011
https://doi.org/10.1016/j.arth.2008.05.011

Patient-Specific Pain Model for Identifying Patients at Risk Following TKA

Seo, Seung Suk, Ok Gul Kim, Jin Hyeok Seo, Do Hoon Symer, Matthew M., Jonathan S. Abelson, Jeffrey
Kim, Youn Gu Kim, and Beyoung Yun Park. 2017. Milsom, Bridget McClure, and Heather L. Yeo. 2017.
“Comparison of the Effect of Continuous Femoral “A Mobile Health Application to Track Patients After
Nerve Block and Adductor Canal Block after Primary Gastrointestinal Surgery: Results from a Pilot Study.”
Total Knee Arthroplasty.” Clinics in Orthopedic Journal of Gastrointestinal Surgery 21 (9): 1500-1505.
Surgery 9 (3): 303-9. https://doi.org/10.4055 https://doi.org/10.1007/s11605-017-3482-2.

€i0s.2017.9.3.303. Zhao, Peng, Illhoi Yoo, Robert Lancey, and Ebby

Varghese. 2019. “Mobile Applications for Pain
Management: An App Analysis for Clinical Usage.”
BMC Medical Informatics and Decision Making 19 (1):
106. https://doi.org/10.1186/s12911-019-0827-7.

Journal of Orthopaedic Experience & Innovation 13


https://doi.org/10.4055/cios.2017.9.3.303
https://doi.org/10.4055/cios.2017.9.3.303
https://doi.org/10.1007/s11605-017-3482-2
https://doi.org/10.1186/s12911-019-0827-7

	Patient-Specific Pain Model for Identifying Patients at Risk Following TKA
	Introduction
	Methods
	Study data
	Statistical modelling
	Incremental use case
	Model fitting and parameter estimation
	Incremental use case assessment

	Results
	Model fitting
	Incremental use case assessment
	Model triggered alerts

	Discussion
	Conclusion
	References

