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Biopsychosocial based machine
learning models predict patient
improvement after total knee
arthroplasty
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Total knee arthroplasty (TKA) is an effective treatment for end stage osteoarthritis. However,
biopsychosocial features are not routinely considered in TKA clinical decision-making, despite
increasing evidence to support their role in patient recovery. We have developed a more holistic
model of patient care by using machine learning and Bayesian inference methods to build patient-
centred predictive models, enhanced by a comprehensive battery of biopsychosocial features. Data
from 863 patients with TKA (mean age 68 years (SD 8), 50% women), identified between 2019 and
2022 from four hospitals in NSW, Australia, was included in model development. Predictive models
for improvement in patient quality-of-life and knee symptomology at three months post-TKA were
developed, as measured by a change in the Short Form-12 Physical Composite Score (PCS) or Western
Ontario and McMasters Universities Osteoarthritis Index (WOMAC), respectively. Retained predictive
variables in the quality-of-life model included pre-surgery PCS, knee symptomology, nutrition, alcohol
consumption, employment, committed action, pain improvement expectation, pain in other places,
and hand grip strength. Retained variables for the knee symptomology model were comparable, but
also included pre-surgery WOMAC, pain catastrophizing, and exhaustion. Bayesian machine learning
methods generated predictive distributions, enabling outcomes and uncertainty to be determined on
an individual basis to further inform decision-making.
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TKA Total knee arthroplasty
WOMAC Western Ontario and McMasters Universities Osteoarthritis Index

Total knee arthroplasty (TKA) is the standard treatment for end-stage osteoarthritis, improving joint function
and attenuating local pain, with low rates of mortality!?. The cumulative revision rate of TKA has been reported
at 8%, over the last 20 years in Australian patients®. TKA is commonly undertaken in people aged over 50, with
annual rates of over 60,000 in Australia® and approximately one million in the USA3. With an ageing population
driving an escalation in osteoarthritis cases?, it is anticipated that TKA procedures will rise dramatically over the
coming decade’, increasing the burden on healthcare services globally.

Despite perceived high success rates, between 10 and 20% of TKA patients continue to report dissatisfaction
with surgery outcomes, reflected by enduring pain, limited function, and diminished quality-of-life””. These
rates persist, even following recent improvements in surgical procedures such as robotic-guided surgery® and
kinematic prosthetic alignment®.

With current dissatisfaction rates, it is informative to consider standard TKA rehabilitation activities.
Although no ‘one’ approach exists, current standards strongly emphasize physical aspects of recovery, with many
programs focused on improving knee function and enhancing pain relief'. This strong emphasis is surprising
given the increasing evidence that pain and dissatisfaction are not solely due to medical and physical variables'!.
Indeed, it has been suggested that pre-surgical pain catastrophizing and mental health status are associated with
post-TKA pain'2.

Driven by the escalating burden and cost to healthcare services, there has been a shift in rehabilitation
location and types of care teams, resulting in reductions in hospital-based programs and increases in home
and community-based services!>. To date, this approach has focused on joint mobility and pain management'4,
with limited stratification of rehabilitation location based on a patient’s individual social needs or psychological
features.

A novel approach is to adopt a biopsychosocial model of health which systematically considers biological,
psychological, and socio-environmental factors and their complex interactions in understanding illness, health,
and healthcare delivery. Indeed, several psychological factors have been associated with, or have the potential
to impact, recovery trajectories following TKA!>~!® as summarised by Ditton et al. 2020'!. Pre-surgical features
such as depression, anxiety, and pain catastrophizing have been correlated with pain levels prior to and following
surgery'>!2%, and with the need for surgical revision®.. In contrast, other “protective” features, such as resilience
and committed action, have been linked to post-surgery recovery rates and quality-of-life?>?*. Although the
importance of adopting a biopsychosocial approach in musculoskeletal disease models of care is increasingly
acknowledged, these factors are not routinely reviewed prior to surgery and remain overlooked in rehabilitation
and clinical decision-making*.

There have been relatively few studies that consider the ability of biopsychosocial factors to predict patient
outcomes post-TKA. Clinical support tools assessing the impact of a broad range of biopsychosocial parameters
on recovery outcomes could enable the clinical validity of a more multifaceted and holistic approach to
rehabilitative programs. Furthermore, such tools could identify “at risk” patients based on pre-surgical factors,
which may more precisely guide the implementation of pre-surgical interventions and rehabilitation strategies.

The increasing availability of clinical data has resulted in a greater use of artificial intelligence (AI)-based
predictive modelling in orthopaedic settings*>*. Predictive modelling has the potential to create clinical decision
tools that can address several aspects of TKA patient care and management?’. Machine learning (ML), which sits
under the umbrella of A, encompasses multivariate approaches, such as traditional regression techniques. What
is beneficial with the additional AI/ML approach considered here is that it allows nonlinear relationships between
patient inputs and outcomes. However, the clinical utility of these decision tools for TKA remains limited due
to a lack of external validation, such that the widespread clinical utility of the model in a larger population has
not yet been determined. Possible issues include dataset limitations such as missing patient measures that were
found predictive in other studies, the use of existing datasets, low patient numbers, demographic homogeneity,
limited data of variables of interest or incomplete datasets. These issues can hinder exploration of the predictive
capacity of the clinical variables of interest?”-5.

Further, no attempt has been made to quantify the uncertainty of predicted outcomes, which often provides
important information for decision-making, without which assurance may be ascribed to a predicted outcome
with false confidence. Quantifying prediction uncertainty can be addressed in a mathematically coherent way by
using Bayesian inference,?” which provides a means for describing prediction uncertainty based on the model
uncertainty and the available data, which will have direct impact on the clinical utility of the models developed.
An additional benefit of using Bayesian machine learning (also under the AI umbrella) is that the generated
outcome is a predictive distribution, as opposed to a point estimate as provided by traditional approaches. These
techniques provide flexibility and additional information that should be considered in decision-making.

The aim of the current study was to predict improvement and associated prediction certainty in TKA patient
outcomes using a comprehensive battery of biopsychosocial features which were selected following an extensive
review of the literature!!. The impact of pre-surgical features was assessed at three months post-TKA which,
although early on in the recovery journey, is associated with the most dramatic change in post-surgery knee
function®. Machine learning models based on pre-surgical biopsychosocial features were developed to predict
patient-reported TKA outcomes, focussing on improvements in knee symptomology and quality-of-life. A novel
Bayesian inference method?! enabled the certainty around the outcome prediction to be determined, further
enhancing the clinical use of the model. This approach has the potential to facilitate the allocation of rehabilitation
resources towards a more holistic and prioritised model of recovery and the efficiency of rehabilitation service
provision.
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Methods

Participants

Patients over the age of 18, requiring unilateral or simultaneous bilateral TKA, were referred for inclusion in
the study by 11 orthopaedic specialists, with surgery undertaken at one of four Ramsay Healthcare private
hospitals in NSW, Australia including: Lake Macquarie Private Hospital, 187 bed capacity facility located in the
metropolitan area of a major regional city; Baringa Hospital, 78 bed capacity facility local in a large rural town;
Kareena Hospital, 142 bed facility located in the metropolitan area of a major city; and Wollongong Private
Hospital, 171 bed facility located in the metropolitan area of a major regional city. Recruitment took place from
November 2019 to June 2022. Patients were excluded if they had knee surgery within the prior 6 months, had
knee surgery on their other knee scheduled within the following 12 months, or if surgery was due to trauma. All
participants provided informed consent prior to study commencement™.

Participant recruitment took place during the COVID-19 pandemic. During this time TKA surgeries were
ceased on two occasions for a total duration of 2 months, due to halting elective surgical procedures as mandated
by local government bodies. During our recruitment period, we accessed patient surgical schedules with consent
of our collaborating surgeons and were able to post and call patients and provide electronic or postal copies of
study information. The study design did not require physical contact with the research team as questionnaires
were provided online or as hard copies by post. Physical measures were all conducted via telehealth videocall
sessions with patients at home eliminating the need for social contact®’. When participants were contacted by
phone regarding their potential involvement in the study, they were also asked if they consented to undertake 2
physical tests in their home, taking 15 min, that enabled measurements of their mobility, balance, and strength.
Participants were provided with a checklist of the following items they required for the video calls:

« Sufficient internet access and a mobile phone or tablet device or computer with a movable camera.

« Someone to be at home with them during the call, to assist with holding the device during the call and be there
for safety support if the participant stumbles or falls during the assessments.

o A dining chair or similar chair with a firm seat and arm rests, to perform assessments.

o A 4-m length floor space with uniform flooring and no trip hazards to perform assessments.

Prior to undertaking study measurements, participants and their support person took part in a training session
with the assessor on how to undertake the videocall assessments. During this session the participants were able
to practice using the videocall platform and practice undertaking the assessments. To optimize the accuracy
of the measurements to be undertaken the assessor discussed with the participant the appropriate location in
their home to run the assessments. Appropriate camera location was determined so that the assessor was able to
accurately view the participants body positioning during the testing procedures.

Sample size

For machine learning, the required sample size should ensure at least 10 events for each included predictor
parameter. In the current study, we have a total of 39 input variables or 76, after one-hot-encoding, which is
a method which converts a categorial variable into multiple separate binary variables (one for each category)
to be used in machine learning methods?. This would require 390 participants for models without one-hot-
encoding and 760 participants when including one-hot-encoding. We aimed to recruit 1000 TKA patients to
ensure sufficient data for predictive modelling analyses, allowing for 20% missing data.

Institutional review board approval

Research methodology was peer-reviewed and approved by the School of Medicine and Public Health at the
University of Newcastle, NSW, Australia, in accordance with the Australian Code for the Responsible Conduct
of Research. The study was conducted according to the National Statement on Ethical Conduction in Human
Research (2007). Ethics approval was granted by the University of Newcastle Human Research Ethics Committee
(approval ID: H-2019-0109) on June 21, 2019. Approval for each study site’s participation was reviewed and
approved by the Ramsay Research and Governance Office, NSW, Australia.

Predictors and outcome measures

As outlined in the SuPeR Knee™—Support, Predict, Recover protocol (International Registered Report
Identifier (IRRID)DERRI-10.2196/48801)),*?>we included 39 potential biopsychosocial predictive features,
collected within the month prior to TKA. Features that had been associated with patient outcomes following
TKA were selected based on extensive review of the literature!!. Pre-surgery predictors included; psychological
features (depression, anxiety, stress, pain catastrophizing, resilience, committed action), sex, age, employment,
education, residence (Modified Monash Model*¥), lifestyle and anthropometric factors (Body Mass Index
(BMI), smoking status, physical activity, sleep quality, nutrition/dietary behaviours, alcohol intake), medical
history (concomitant conditions, American Society of Anesthesiologists (ASA) score, self-reported Charlson
Comorbidity Index), quality-of-life (Short Form-12 (SF-12), physical (PCS) and mental (MCS) health
subdomains), knee symptomology and function (Western Ontario and McMaster Universities Osteoarthritis
Index (WOMAC) pain, stiffness, knee function sub-scores and the composite score, which is the summation of
the sub-scores), pain in other places, and strength and mobility (timed up-and-go, 30-s sit-to-stand, hand grip
strength). Participants also reported expectations regarding TKA outcomes, including knee pain attenuation,
and achievement of post-surgery activities. The full description of all assessments undertaken can be found in
the protocol paper for this study®’. A summary of key parameters assessed is shown below:
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Body mass index (BMI)
BMI is a highly recognised methods for assessing body weight in adults which is measured by dividing body
weight (in kg) by height (in metres) determined prior to surgery®.

Nutrition status

Dietary habits of participants prior to the TKA were assessed using the Starting the Conversion Score (STC)*.
The STC is a validated 8-point screening tool used to evaluate dietary habits. Participants rate the frequency of
ingesting a range of 8 different food types over the past few months. The total scale ranges from 0 to 16, with
higher scores associated with worse dietary habits.

Alcohol consumption

Alcohol consumption prior to TKA was evaluated using a modified version of the Alcohol Use Disorders
Identification Test (AUDIT) relating to alcohol consumption only (AUDIT-C)¥. Participants were asked 3
questions relating to their average alcohol consumption over the last 12 months, with a maximum total scale score
of 12. Total scores < 5 indicated low risk consumption, scores >5 indicated hazardous or harmful consumption.

Social support

The level of social support participants felt they had available to them prior to their TKA was assessed using the
Medical Outcomes Study 6 item Social Support Survey (MOS-SSS-6)3. The survey captures information relating
to perceived psychological and material support derived from interpersonal relationships. Scores ranged from 6
to 30, with higher scores indicative of higher levels of perceived support.

Committed action

Committed action is a component of ‘psychological flexibility’ and is defined as a person’s capacity to flexibly
engage in effective and adaptive behaviours, guided by personally held values, even in the presence of challenges
and discomfort®*. We used a shortened form of the Committed Action Questionnaire (CAQ-8), which is
comprised of 8 statements. Respondents rate the extent to which each item applies to them ranging from 0
(“never true”) to 6 (“always true”). Total scores are calculated by summing the item scores, with a maximum
score of 48. Higher scores denote greater committed action.

Pain catastrophizing

We used the Pain Catastrophizing Scale (PCS)*° to measure the level of catastrophic thinking relating to pain
prior to TKA. The self-report form consists of 13 items describing thoughts and feelings patients may experience
when they are in pain. Respondents provided ratings for each item on a 5-point Likert scale ranging from, 0
(“not at all”), to 4 (“all the time”). Higher scores are associated with higher amounts of pain catastrophizing, with
scores higher than 30 associated with high risk of chronic pain.

Pre-surgery hand grip strength assessment

Hand grip strength measures the maximum amount of static force that a person can apply by their hand whilst
gripping a handheld dynamometer. It is a reliable proxy for overall strength, and is related to risk of frailty,
falls, functional capacity, morbidity, and mortality*!. Hand grip strength was assessed prior to surgery. As this
assessment requires the use of a calibrated dynamometer (Jamar Diagnostics, Jamar Plus + Hand Dynamometer);
a device was provided to each study site. Hospital site staff were trained to undertake these assessments by a
member of the research team prior to study commencement.

Data collection

The secure electronic platform Vision Tree Optimal Care™, developed by VisionTree Software, Inc, San Diego,
CA, USA, enabled direct entry of data by participants and served as a centralised data repository. An e-consent
form was the first item viewed and completed by participants when accessing the platform, with a hard copy
included in any posted questionnaires. Participants were asked to sign the consent form prior to commencing the
questionnaires. Any hard copies were posted back to the research team and data was entered to the centralised
data repository.

All questionnaires were provided to participants with instructions preceding each form on how to enter
their responses. Study staft could be contacted if participants required clarification regarding the questions
and answers required, however, all questionnaires were based on participants entering their responses directly
themselves on to the data forms. Participants at all study sites were disseminated study questionnaires in the same
manner. All participants were instructed to complete questionnaires provided at each assessment time within
a 48-h window from commencement, providing those who experienced fatigue additional time to complete
their responses. For participants completing online questionnaires, reminder emails were sent to encourage
questionnaire completion in a timely manner. If incomplete hard copy questionnaires were received, participants
were contacted by phone and missing data was collected verbally™2.

Data processing

Data were randomly allocated to either training (used to determine the best model) or test (used to assess model

performance) datasets using an 80:20 split, the standard ratio used in the machine learning literature?’.
Patients had to complete at least one pre-TKA and post-TKA questionnaire to be included. Two datasets

were created based on each outcome, where any patient missing the outcome (either SF-12 PCS or WOMAC

composite score) was removed to create the corresponding dataset. Remaining missing input data were imputed

by either the population mean for numerical inputs or the population mode for categorical measures.
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Input predictors

One-hot-encoding?® was applied to each input variable. The optimal set of input predictors was determined
via an improved derivative of the ‘forward selection process’ (see the Supplementary Materials Fig. S1 for more
information about this process). The predictive ability of each combination of inputs was determined using a
linear regression model, using the fivefold cross-validation root mean square error (RMSE) performance metric
(further details provided in Supplementary Materials, Fig. S1).

Output prediction modelling

Machine learning-based predictive modelling was undertaken to evaluate the predictive capacity of pre-surgical
features on outcomes three months post-TKA. The primary outcome measure was improvement in quality-
of-life (SF-12 PCS) with improvement in knee symptomology and function (WOMAC composite score) the
secondary outcome measure. The composite WOMAC score is a global score combining the three sub-scores
derived by this tool including assessments of self-reported pain, stiffness and functional impairment experienced
by the respondent. We acknowledge that the stiffness score is a minor contributor to the composite score due
to limited responses relating to this concept. The global/composite score has been shown to have convergent
construct validity with a number of knee physical measures, including range of motion as well as several clinical
parameters*2. In addition, the composite/global WOMAC score has been used in predictive modelling of patient
outcomes following total joint replacement by others*»** with the score was used as an outcome variable to
evaluate surgical outcomes in patients with TKA.

The prediction models considered were standard linear regression and Bayesian DCC-Tree’!. The Bayesian
DCC-Tree model can be considered a combination of linear regression and decision trees, moving the model
definition closer to that of a neural network, giving more flexibility but with added complexity. Details regarding
the application of the DCC-Tree method are provided in Supplementary Materials (Supplementary Materials
Table 1). The final model chosen for each output was that with the lowest prediction error (RMSE).

Role of the funding source
The funders of this study had no role in the study design, data collection, data analysis, or results interpretation
and did not contribute to the writing of this manuscript.

Results

Cohort demographic and clinical characteristics

A total of 1050 TKA patients across the four sites were enrolled to the study. Data was randomly split, resulting
in 840 and 210 patient observations in the training and testing sets respectively. Although all patients consented
to participate, a small proportion did not complete all pre-TKA or post-TKA questionnaires (n =40 (4%)). Pre-

Outcome measure Number of input variables retained | Input variables retained

Change in physical health quality-of-life (SF-12 PCS) | 13 Significant pain in other places (no)

Quality-of-life

SE-12 PCS score

Knee symptomology

WOMAC global score

WOMAC function score

Impact of knee on activities (no impact)

Impact of knee on activities (low impact)

Pain

Expectation for knee pain improvement (minimally worse)

Lifestyle

Nutrition score

Alcohol score

Nature of normal work (strenuous)
Occupation (unemployed)
Psychological

Committed Action

Physical

Hand Grip Strength

Change in knee symptomology (WOMAC global) 13

Knee symptomology

WOMAC global score

WOMAC stiffness score

Impact of knee on activities (unable to perform activities)

Pain

Expectation for knee pain improvement (minimally worse)

Lifestyle

Nutrition score

Nature of normal work (strenuous)

Nature of normal work (non-manual)

Exhaustion—could not get going (most of the time)
Exhaustion—everything was an effort (never/rarely)
Expectation of activities to be undertaken (Class 3)

Psychological

Committed Action

Pain Catastrophizing

Physical

Hand Grip Strength

Table 1. Input variables retained in the linear regression predictive models.
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TKA data was not successfully collected in a small proportion of participants (n=31 (3%)) and a sub-group of
enrolled participants did not complete three-month post-TKA assessments (n=116 (11%)).

The entire dataset was used to analyse cohort characteristics after removing any patient who did not complete
at least one pre-TKA and post-TKA questionnaire. This resulted in 863 patient observations (694 training/169
testing). To understand lost-to-follow-up, we compared pre-surgery age, WOMAC, and SF-12 sub-scores
between groups (lost-to-follow-up: n=116, included: n=863). The median age of both groups was comparable.
However, participants lost-to-follow-up displayed worse knee symptomology (median WOMAC composite: 53
(10-89) versus 45 (0-96), knee pain: 11 (1-20) versus 9 (0-20), function: 36 (8-62) versus 32 (0-68), P<0.01)
and lower quality-of-life (SF-12 MCS: 48.7 (14.9-68.4) versus 54.9 (14.9-73.2), P<0.001).

Demographic and clinical characteristics of the study cohort are summarised in Table S2 (Supplementary
Materials). The participant group was predominantly 60-80 years (79%), with equal sex representation. Most
were retired, but 29% reported being employed, of which equal proportions engaged in manual and non-manual
activities. Nearly half had attained a high school education, with 49% undertaking tertiary-level education. Most
participants identified as Australian (90%) and resided in metropolitan areas within New South Wales, Australia
(75%). Unilateral TKA patients (87%) were most associated with an osteoarthritis diagnosis (99%).

Most participants reported one or two co-morbidities, with ASA scores reported at level 1 or 2. The most
common concomitant conditions included cardiovascular disease, respiratory conditions, and diabetes. The
common classes of concomitant medications included cardiovascular agents/anti-hypertensives, gastrointestinal
agents, blood glucose regulators, and respiratory tract agents, with 43% of participants reported taking five or
more medications pre-surgery.

The average BMI was within obese class I, with 50% having a BMI in the ‘above normal’ range®. Reported
dietary habits were ‘healthy’ (mean nutrition score of 5). Alcohol consumption was low risk (average score < 5)%,
although 30% of participants had scores of 5 or greater (associated with hazardous or harmful consumption).
Most participants were non-smokers (98%). High availability of social support was reported by most participants,
however, 19% reported scores indicative of low levels of available support.

Psychological features were not normally distributed and are presented in Table S2 (Supplementary Materials)
as the median and range for each group. Resilience was left-skewed (skewness: 0.49, kurtosis: 3.33), with most
participants reporting high levels of resilience prior to surgery. The median pre-surgery committed action score
(35) was above that indicative of high levels (32), despite the large range (10-48) reported. Pain catastrophizing
was right-skewed (skewness: 1.61, kurtosis: 5.53), with most participants (76%) reporting low levels of pain
catastrophizing prior to surgery. The median pre-surgery depression, anxiety, and stress scores were within
normal clinical ranges (scores of 0-9, 0-7, and 0-14, respectively?®) with data skewed to the right (skewness:
2.03, 2.17, 1.41, kurtosis: 5.53, 9.01, 5.24, respectively) and a high proportion having low scores for each mood
state pre-TKA, despite the large range of scores observed.

The expectation of knee pain reduction from TKA was very high, with 97% of the cohort expecting knee
pain to be either very much or much improved by surgery. When asked, 75% reported experiencing pain in
places other than their operated knee. Those who reported pain at three or more sites (18%) were categorised as
experiencing ‘significant other pain’

Changes in quality-of-life and knee symptomology 3 months after TKA

TKA was associated with variable levels of improvement in participants’ quality-of-life and knee symptomology
at three months post-surgery. Figure 1 shows the distribution of SF-12 PCS and WOMAC composite scores
prior to and following surgery. TKA was associated with a significant 21% increase in median SF-12 PCS

Western Ontario and McMaster Universities Osteoarthritis Index (WOMAC) Global Score (n=856) Quallty of Life (SF12) Physical Composite Score (n=851)

Patients

@® Pre-surgery
Post-Surgery

Patients

@® Pre-surgery
Post-Surgery

30 40 50 60 70 80 O 20 40 60 80 100

0 10 20
SF-12 PCS WOMAC Global Score
Fig. 1. Physical health quality-of-life (SF-12 PCS) and knee symptomology (global WOMAC) scores prior to
and three months following TKA.
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scores three months post-surgery (45.11 (17.42-63.67)) compared to pre-TKA (37.2 (17.09-58.6)), (Z=-19.14,
P<0.001) with an average change of 6.73 points. Knee symptomology was also improved by TKA, evidenced
by a significant reduction (52%) in median WOMAC composite scores three months post-surgery (21 (0-77))
compared to pre-TKA (44 (0-96)), (Z=23.24, P<0.001), with an average change of 21.94 points.

Data processing

The final datasets included 682 training and 169 testing datapoints for the SF-12 PCS improvement outcome
and 687 training and 169 testing datapoints for the WOMAC composite score improvement outcome. For SF-
12 PCS, 4.5% of input training data values were imputed and 4.8% within the testing dataset. For WOMAC
composite, 3.6% of input training data values were imputed and 3.3% within the testing dataset.

Retained predictive variables

Table 1 lists the pre-surgical features retained in the machine learning linear regression models for each
outcome. In addition to the pre-TKA value, retained parameters included knee symptomology, pain, lifestyle,
psychological, and physical functioning. The number of retained features was selected to ensure both optimal
performance and logistical feasibility for collection in a clinical setting.

Machine learning predictive models

Table 2 shows the lowest test RMSE for the quality-of-life outcome was achieved by the machine learning-Al
Bayesian DCC-Tree model (RMSE 8.01) and linear regression model for knee symptomology (RMSE 13.34).
Reported R? ranged from 0.24 (quality-of-life) to 0.45 (knee symptomology). Additional performance metrics
are provided in Table S3 (Supplementary Materials).

Bayesian Modelling

Figure 2 highlights the importance of using Bayesian methods to provide estimates of the range of predictive
certainty. Figures 2a,c show example Bayesian predictive distribution for the SF-12 PCS and WOMAC outcome
measures respectively. In both cases, the distribution indicates good confidence in the prediction, with the range
of high probability density function (PDF) values corresponding to the true patient outcome (purple line),
which is also close to that predicted by the standard linear regression model (green line).

However, Fig. 2b,d show examples where the distribution indicates less certainty about the prediction. In
Fig. 2b, the true patient outcome is sufficiently different from that predicted by the standard linear regression
model, but importantly, is still captured within the range of the distribution. In Fig. 2d, the range of highest PDF
values include the true patient outcome, although the other regions are still relatively high, including that which
corresponds to the linear regression model. In both cases, the standard linear regression prediction would not
accurately reflect the patient’s true trajectory, and moreover incorrectly predicts a positive change, which would
negatively affect subsequent decision-making.

Discussion

This study aimed to develop biopsychosocial-based, machine learning models to predict changes in quality-of-
life and knee symptomology for individuals following TKA. These models could be used in the development
of clinical decision support tools to: improve post-TKA patient outcomes; evolve the type and setting of
rehabilitation or pre-habilitation; or help develop the biopsychosocial model of care. To our knowledge, we have
considered the most comprehensive battery of pre-surgical biopsychosocial features in TKA predictive models
to date.

Our goal was to develop models with optimal performance, a realistic number of inputs, and good clinical
validity. The input selection process resulted in the retention of 18 predictors, 13 for each outcome (8 common),
from a possible 76 features. The predictive models accounted for up to 24% of the variance in improvement in
quality-of-life and 40% for knee symptomology at three months post-TKA. We acknowledge that inclusion of
other clinical and surgical variables may lead to improved model performance by accounting for the remaining
outcome variance. Indeed, it would be of interest to explore the impact of biopsychosocial features combined
with additional surgical and clinical features. This may strengthen the clinical utility of predictive models to
inform pre-habilitation and rehabilitation approaches. Our findings reaffirm the importance of biopsychosocial
features in patient recovery post-TKA, challenging the prevalent notion that recovery outcomes are primarily
determined by joint features and surgical procedures. The predictive models have the potential to complement
existing clinical examination and patient engagement by objectively forecasting health outcomes, or by
stratification of patients, such that those at risk can be identified and potential patient-tailored therapeutic
strategies implemented.

Linear regression Bayesian DCC-tree
model model
Outcome measure Number of test datapoints | Test RMSE | Test R* | Test RMSE | Test R?
Change in physical health quality-of-life (SF-12 PCS) | 169 8.03 0.24 8.01 0.24
Change in knee symptomology (WOMAC global) 169 13.34 0.45 13.37 0.44

Table 2. Internal validation of machine learning models predicting difference in quality-of-life (SF-12 PCS)
and knee symptomology (WOMAC global) from pre-TKA to post-TKA.

Scientific Reports |

(2025) 15:4926 | https://doi.org/10.1038/s41598-025-88560-w nature portfolio


http://www.nature.com/scientificreports

www.nature.c

om/scientificreports/

a b
0.107 I i —— Predictive Distribution 0.10 : | icti istributi
i e : ! ! —— Predictive Distribution
e True Output i i ---= True Output
0.084 | LR Prediction 0.08 | i ---- LR Prediction
' P
- Y : L
[, 0.06 i [, 0.06 ! !
a ! a o
B 0.04- o B 0.0 ] i
1 Bt
[ ] |
0.02 i 0.02 i H
i i H
[ | ] 1
5 s
0.00 1 0.00 : i
—40 -20 0 20 40 60 —40 —-20 0 20 40 60
Change in SF-12 PCS Score Change in SF-12 PCS Score
c d
[ ] ]
0.101 Predictive Distribution EE 0.101 i 4%7 Predictive Distribution
----- True Output E E i --f- True Output
0.089 ---- LR Prediction i 0.08 i --1t= LR Prediction
| | |
3 3 1 I
[, 0.06 A [, 0.06 1 i i
A - : :
B 0.0 B 6,041 i |
i i
0.024 0.02 i |
' :
1 Il
0.00+ 0.00 i i

—40

-20 0 20 40 60 80
Change in WOMAC Global Score

—40 -20 0 20 40 60 80
Change in WOMAC Global Score

Fig. 2. Example Bayesian predictive plots.

Our protocol enabled the effective prospective collection of patient data to be directly entered into a digital
repository. This approach was readily accepted and adhered to by our cohort, with only 11% lost-to-follow-up.
Our findings support potential implementation within the clinical setting, enhancing data acquisition for clinical
decision-making. Clinical decision tools derived from this data could provide specialists with an evidence-based
approach to inform rehabilitation and care in the most efficient and potentially cost-effective manner.

For both outcomes, we observed the pre-surgical value was predictive of the magnitude of change of that
variable at three months post-surgery. Those with a higher (better) pre-surgery SF-12 PCS had a lower change
post-TKA, with higher changes for those reporting lower pre-surgery values. Similarly, a higher (worse) pre-
surgery WOMAC composite score was predictive of a greater change post-TKA, with lower pre-surgery scores
resulting in less change. Similar findings have been reported by others, where although TKA patients with
higher pre-surgery quality-of-life reported higher post-TKA quality-of-life, the magnitude of change was greater
for those with lower pre-TKA quality-of-life?®*5. As such, pre-surgical features can enable informed patient
decision-making regarding TKA, which in turn may influence post-surgical satisfaction.

Other retained variables include modifiable psychological and lifestyle features such as committed action,
pain catastrophizing, nutrition status, and alcohol intake, all of which can potentially inform pre-habilitation
and rehabilitation strategies to improve patient outcomes. Possible interventions have been reported: committed
action can be enhanced by Acceptance and Commitment Therapy?*>’, while pain catastrophizing can be
attenuated by cognitive behavioural therapy, although research of the impact on post-TKA pain and function
has been limited to date®!.

It is difficult to directly compare our model performance to those in the literature due to a lack of studies
considering the same outcome measures. However, one study®? reported RMSE and R? for a linear model to
predict changes in Oxford Knee Score function (RMSE=14.33, R?=0.39) and pain (RMSE=18.93, R>=0.19)
12 months post-TKA, which was comparable to our reported performance for the three-month post-TKA
WOMAC composite model.

One of the benefits of using a probabilistic machine learning modelling approach is the generated predictive
uncertainty estimates. Our results showed the ability to perform inference and quantify the prediction
uncertainty for clinical outcomes. The novel Bayesian DCC-Tree method showed good predictive performance
when applied to the TKA dataset and performed similarly to the linear regression model. Predictive distributions
showed that the true outcome was often supported, even when far from the linear regression prediction. Our
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findings provide interesting insight into the improvements machine learning and Bayesian methods can provide
to existing clinical prediction models for TKA.

Several limitations to our study are worth noting. First is possible response bias, considering that our lost-
to-follow-up group, albeit 11%, was characterised by worse knee symptomology and quality-of-life. We also
observed skewness in pre-surgery psychological features, with a high proportion of the cohort displaying
normal mood status, low pain catastrophizing, and high committed action, and as such, the true effects of
these predictors may be underestimated. Secondly, recovery outcomes were assessed three months post-TKA.
Although possibly considered early in the recovery journey, changes in knee symptomology occur rapidly within
the first three months, with subsequent, slower, improvements continuing up to 12 months post-surgery>***. The
impact of psychological factors on patient outcomes may differ at later time points, and as such, analysis from
the current study may be limited to early recovery outcomes. While beyond the current scope, investigating the
predictive capacity of biopsychosocial features on patient quality-of-life and knee symptomology at later post-
surgical timepoints would be of interest. Lastly, we were mindful of reducing surgeon and institutional bias by
including patients referred by 11 surgeons across four hospitals. However, all procedures were undertaken in the
private healthcare sector. As patients undergoing TKA may differ in the public sector, external validation will be
required to assess suitability in a wider clinical setting.

Conclusions

The improvement in patient quality-of-life and knee symptomology three months post-TKA can be predicted
based on patients’ pre-surgery biopsychosocial features. This study substantiates the importance of a more
comprehensive and holistic therapeutic strategy for TKA and post-operative rehabilitation. Bayesian analysis
emphasised the importance of considering the predictive uncertainty, where this information could better
inform clinical decision-making. Our predictive models have the potential for stratification according to
individual needs, allowing for more targeted service provision, maximizing the impact potential, and supporting
appropriate follow-up rehabilitation services by identifying ‘at risk’ individuals early in their recovery journey.

Data availability

Data sharing of the SuPeR Knee data are de-identified participant-level data. Access with be through the Prin-
cipal Investigator, or named delegate, contacted at karen.ribbons@newcastle.edu.au after approval of a written
proposal, with a signed data access agreement after publication of this manuscript. A full data dictionary will
be available. The study protocol is available via open access https://www.researchprotocols.org/2023/1/e48801/
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