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Development and Validation of a Machine-Learning Algorithm for Patient

Forecasting after Primary Total Knee Arthroplasty in the Value-Based

Era: A Patient-Specific Payment Model
Abstract

Background: Value-based and patient-specific care represent two critical areas of focus
that have yet to be fully reconciled by today’s bundled care model. Using a predictive
naive Bayesian model, the objectives of this study were: (1) to develop a machine-
learning algorithm using preoperative big data to predict length of stay (LOS) and
inpatient costs after primary TKA and (2) to propose a tiered patient-specific payment
model that reflects patient complexity for reimbursement.

Methods: Using 141,446 patients undergoing primary TKA from an administrative
database from 2009 to 2016, a Bayesian model was created and trained to forecast LOS
and cost. Algorithm performance was determined using the area under the receiver
operating characteristic curve (AUC) and the percent accuracy. A proposed risk-based
patient-specific payment model was derived based on outputs.

Results: The machine-learning algorithm required age, race, gender, and comorbidity
scores (“risk of illness” and “risk of morbidity”’) to demonstrate a high degree of validity
with an AUC of 0.7822 and 0.7382 for LOS and cost. As patient complexity increased,
cost add-ons increased in tiers of 3%, 10%, and 15% for moderate, major, and extreme
mortality risks, respectively.

Conclusions: Our machine-learning algorithm derived from an administrative database
demonstrated excellent validity in predicting LOS and costs prior to primary TKA and
has broad value-based applications, including a risk-based patient-specific payment
model.

Keywords: machine learning; total knee arthroplasty; predictive modeling
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Machine Learning and Primary Total Knee Arthroplasty: Patient Forecasting for a
Patient-Specific Payment Model

INTRODUCTION

The concept of value-based care has been critical for the development and
implementation of alternative payment models (APMs) [1-3]. The Comprehensive Care for Joint
Replacement (CJR) model of bundled payments and quality measures for compensation of lower
extremity arthroplasty was established to improve value by incentivizing high quality care at
lower costs [4-8]. Several institutions have demonstrated success in participation in the Bundled
Payments for Care Improvement (BPCI) initiative for lower extremity joint arthroplasty [9-13].
The New York University Langone Medical Center demonstrated a 16% reduction in costs, with
attributed savings in the post-acute care period by reducing utilization of inpatient rehabilitation
facilities [12,14]. The Cleveland Clinic Euclid Hospital has reported similarly promising results,
including a savings of over $500,000 across 271 episodes of care, achieved by standardizing
anesthetics with short-acting blocks and encouraging early post-operative mobilization [10].
With implementation of these changes, readmissions decreased from 5% to 1.6-2.7% and
patients were almost twice as likely to be discharged to their home [10]. Hospitals that have
demonstrated savings with bundled payments are more likely to be larger, have higher volumes,
and be affiliated with post-acute care facilities [15]. While operations management strategies
have been promising for controlling modifiable systemic risk factors related to inefficient care
delivery, bundling care does not always take patient-specific risk factors into account.

Although systemic and procedural factors can have a direct impact on the success of
bundled payment models, patient-level risk factors are integral in predicting costs and outcomes
[16-19]. A single reimbursement fee for all total knee arthroplasty (TKA) procedures may be

unsustainable in the long term, as it fails to take patient-level factors into account. This approach
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may encourage “cherry-picking” younger, healthier patients, who are less likely to develop
complications [20,21]. The current CJR reimbursement model stratifies patients by Diagnosis-
Related Groups (DRGs) and geographic location, without accounting for other patient-related
factors which may influence the costs of care [22—24]. In a survey of members of the American
Association of Hip and Knee Surgeons (AAHKS), 94% of respondents were concerned that
bundled payments would disincentivize surgeons from operating on higher risk patients [2].
Thus, a comprehensive model for identifying and quantifying patient-specific risk factors that
influence outcomes and costs of delivering TKA is essential for determining appropriate
reimbursements [25-28].

Machine learning has been increasingly applied to medical decision making, representing
a natural extension of traditional statistical approaches [29-32]. Machine-learning processes
exist along a spectrum from completely human-derived operations to fully automated programs,
which process big data without human intervention [29,33]. A recent machine learning model
produced the Risk of Inpatient Death, which uses 17 variables to estimate the risk of inpatient
death for Intensive Care Unit (ICU) patients with 94% accuracy [30]. Deep machine learning has
been applied to orthopaedic surgery, with Kim et al. demonstrating the ability to predict
complications and mortality in posterior lumbar spine fusions [34]. These methods may be
applied toward the advancement of value-based care in the setting of bundled payments in order
to prospectively predict lengths of stay and payments of orthopaedic episodes-of-care based on
patient-specific factors, as these models are ideally suited for stratifying patients into risk groups
[35-37]. If machine learning models for the reimbursement of TKA demonstrate accuracy, there
exists an opportunity to advance bundled payment models to account for individual variations,

allowing for the development of a patient-specific payment model. This model maintains the
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emphasis of bundled payment models on optimizing systemic factors while considering non-
modifiable patient-level factors, appropriately compensating the care of complex patients, and
mitigating the pressure to “cherry-pick” lower risk patients.

Therefore, the objectives of this study were: (1) to develop and validate a machine-learning
model using preoperative big data to predict lengths of stay (LOS) and patient-specific inpatient
payments after primary TKA for any given patient and (2) to propose a rudimentary patient-
specific payment model that builds upon the bundled payment model through identification of

patient complexity for reimbursement.
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METHODS

In the first phase of the study, a machine-learning naive Bayesian model was created
from the New York State Department of Health’s Statewide Planning and Research Cooperative
System (SPARCS). The model was subsequently validated in terms of systematic development,
content validity, reliability, and responsiveness.

In the second phase of the study, we performed break-even analyses using the present
non-tiered payment model to establish an evidence-based foundation for a tiered patient-specific
payment model that adjusted the reimbursement and tested the model’s predictive accuracy for
each tier.

Data Sources and Study Population

Data was gathered from the New York State Department of Health’s Statewide Planning
and Research Cooperative System (SPARCS) database, a comprehensive reporting system,
which collects patient-level data on all discharges from nonfederal acute-care hospitals in the
state of New York. The dataset used included data from 141,446 patients between January 1,
2009 and December 31, 2016, as this date range encompassed the total patient-specific data
available.

We used Clinical Classification Software (CCS) and All Patient Refined Diagnosis
Related Groups (APR-DRGs) codes to define total knee arthroplasties. The cohort for the model
included patients undergoing TKA that met the following criteria: (1) CCS Procedure Code 152 -
“Arthroplasty knee” and (2) APR-DRG code - 302 “Knee Joint Replacement”. These criteria
were used to ensure that the most comprehensive cohort of total knee arthroplasty candidates was

incorporated. The aforementioned specifications were utilized to ensure that we captured patients
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who underwent TKA, while excluding those patients who underwent revision TKA or partial
knee arthroplasty (i.e., unicondylar arthroplasty).
Developing the Machine-learning Algorithm

All available data from the TKA surgical patients were extracted and analyzed for
contribution to payments and LOS. The eight variables extracted were: age group, Charlson
Comorbidity Score (CCS), ethnicity, gender, patient disposition, type of admission, All Patient
Refined (APR) Risk of Mortality, and APR Severity of Illness. The CCS is based on
comorbidities such as congestive heart failure, renal disease, and cancer documented from the 12
months before the hospitalization to 3 days after discharge [38]. The APR severity of illness is
calculated using the DRG, specific to the calendar year of discharge [39]. Similarly, the APR risk
of mortality is assigned using the APR-DRG and severity of illness [39]. Non-Medicare patients
were excluded to standardize patients to a single insurance, Medicare, for ease of comparison.
LOS was available within the database and defined as the number of days during the patient’s
operative admission. Payments were derived from the Institutional Cost Report (ICR) and New
York SPARCS data. The ICR is a uniform report completed by New York State facilities to
report income, expenses, assets, liabilities, and statistics to the Department of Health. Estimates
of inpatient patients were calculated using hospital discharge data from the New York SPARCS
and ICR data. ICR includes data on costs for each facility as well as ratios of Cost to Charges
(RCCs). RCCs are certified, calculated, and reported by facilities and are subject to external
audit. Specifically, the reported payment was the total charged for the patient’s operative
admission by the individual hospital less the attributed RCC amount. Thus, the payment was

specific to both the orthopaedic procedure (i.e. total knee arthroplasty) and the hospital, since the



105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

RCC, provided by ICR data, was multiplied by the charge data from the procedure, provided by
the New York SPARCS data.

A Naive Bayesian model classifier algorithm was created on a Lambda Quad graphics
processing unit computer (Lambda Labs, San Francisco, California) with Intel (Santa Clara,
California) Xenon Scalable processors and i7 5500U processors with 128GB of random access
memory (RAM) using the Ubuntu operational system (Canonical, London, United Kingdom)
[40,41]. A Python script was used to output the results script. For algorithm development, the
LOS and Medicare payments of each patient undergoing primary TKA were computed. The
build model forecasted LOS and payment after primary TKA using a 3:1 split in which 75% of
the available patient data “built” the algorithm and the remaining 25% of patients were used for
“testing.” During the initial training process, the parameters of the Naive Bayesian model are
initially set to the values of available patient data and using the eight patient parameters of the
test set, the model supposes the LOS or payments [41]. For each incorrect prediction, the model
self-calibrated with each future test patient based on review of possibly contributing patient
factors that may affect payments or LOS [41]. This “learning” process was iterated five times for
algorithm refinement, and the weighted contributions of each factor (“trained” data) were then
applied to data for a “new” patient to predict post-operative LOS and payments. Five data sets
were chosen for each available period of available data studied.

Evaluating the Algorithm

Model performance was determined using the area under the receiver operating
characteristic curve (AUC) and percent accuracy, consistent with the prior work of Bradley et al.
[42]. AUC is commonly used in classification analysis, including machine learning, in order to

evaluate how well a model predicts classes. It is computed by evaluating the ROC curve and is
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calculated to predict the probability that the classifier will rank a randomly chosen positive
example greater than a randomly chosen negative example. As models provide a greater
probability of fulfilling this prediction, the AUC approaches 1 [42]. Generally, an AUC of
greater than 0.70 suggests a strong model [42]. Various types of cross validation for machine
learning are used for testing and commonly accepted. The type of cross validation selected for
this study was a "holdout method," which has been shown to perform better than traditional
validation for machine learning. When the training and validation data sets vary considerably,
the K-fold method is a viable validation strategy as it applies the hold-out method multiple times
adjusting for bias and underfitting, but the lack of significant variability over the sets tested did
not warrant this approach.

Inpatient payments were grouped as <$10,000, $10,000 to $20,000, $20,000 to $25,000,
$25,000 to $30,000, $30,000 to $40,000, and greater than $40,000. Because 60% of the
population fell between $10,000 and 20,000, we used more granular groupings to capture
extremes from the available data to capture increments of 5-10" percentiles. LOS was grouped as
1 to 3 days, 4 to 5 days, and greater than 5 days to similarly capture distribution extremes in
terms of tertiles. Model validation was addressed in the context of construct validity, reliability,
responsiveness, and systematic development [43]. Construct validity was able to be established
through the use of the administrative database yielding pertinent outcome-specific measures of
payment and LOS, as previously reported in several prior studies [43-46]. Responsiveness was
established via the AUC curve, as described by de Vet et al., since this represents a combination
of sensitivity and specificity for all possible cut-off change scores [47]. Reliability was
established via the model accuracy across each of the five iterations as a different 3:1 split for

each iteration, which showcases a reliable portrayal regardless of which population was used for
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testing [47]. The systematic development of the model is inherent to the fact that the model
identifies relevant items from preexisting studies undergoing primary TKA.
Risk-based Analysis

The payment model was applied to Medicare patients for each APR risk category (Minor,
Moderate, Major, and Extreme). The predictive uncertainty error from the payment algorithm for
moderate, major, and extreme in terms of payment were compared to those patients with a Minor
APR risk. The error percentages were applied as an evidence-based proposal for a preliminary

patient-specific payment model.
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RESULTS

The Naive Bayesian machine-learning algorithm was found to have an AUC of 0.7822
(95% C1 0.7796 - 0.7848) (Figure 1) and 0.7382 (95% CI 0.7355 - 0.7409) (Figure 2) after five
iterations for LOS and payment, respectively. Groupings with the length of stay of greater than 5
days and payments of greater than $30,000 resulted in the highest AUC respectively and
minimized distance between any point on the ROC curve and the upper left intersection of the
sensitivity and 1 — specificity values on the ROC graph. Progressive improvements after each
iteration, or computational model “learning,” for LOS accuracy and AUC are depicted in Table
1 and Table 2, respectively. Table 3 and Table 4 similarly depict payment AUC and accuracy,
respectively. The average accuracy, or reliability, of the model was found to be 87.4% for LOS
and 84.9% for payments after five data sets.

When stratified by APR Risk of Mortality, the predictive error, or risk, was increased by
3% for Moderate risk, 10% for Major risk, and 15% for Extreme risk when compared to Minor
risk patients. After stratifying each of the actual payments to Medicare patients within the
various payment strata, the mean Medicare inpatient payment were used as a base payment with
the risk-based tiers then applied from the payment model to yield the proposed patient-specific

payment model found in Table 5.
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DISCUSSION

As the emphasis for delivering high-value care has increased, focus has shifted to
improving the delivery of lower extremity arthroplasty, due to the high reimbursement by
Medicare [48,49]. Although value has been traditionally characterized as a ratio of outcomes to
cost, an underrecognized component of value is the individual patient [50]. Value is not
standardized, as patients require different resources and have individual goals regarding
outcomes. In order to apply this principle, value-based reimbursement models require a patient-
centered focus in order to adjust for individual risk and provide personalized care.

Machine learning has expanded in its applications in recent years and is used daily to
personalize user web browsing experiences, detect credit card fraud, and steer self-driving cars,
but its practicality in medicine remains to be fully recognized [37,51]. As the implementation of
machine learning algorithms in medicine continues to advance, processes will likely shift along
the spectrum from human-derived operations toward machine-driven analyses [29]. Machine
learning processes require extensive data sets, which are becoming increasingly available with
the advent of big data [33,52,53]. These methods have potential applications in medicine in
improving digital image identification, diagnostic accuracy, and prognostication [33,54]. Within
orthopaedics, the ability to predict which patients are likely to require additional resources is
vital to the success of APMs [1,2]. Models employing single reimbursement fees may encourage
the inequitable practice of “cherry picking” total joint arthroplasty patients with fewer
comorbidities in order to minimize financial risk [21] With the predictive power of a machine-
learning model, reimbursement of a bundled payment model is now capable of accounting for
patient perioperative complexity through risk stratification. Using the data of over 140,000

patients undergoing primary TKA in New York State, we developed and validated a preliminary
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framework for patient LOS and payment that demonstrated high responsiveness and reliability
using AUC and accuracy, respectively. When the model was run specifically in terms of a
comorbidity index, the model’s predictive error for LOS and payment was used as a surrogate for
“risk” and applied to propose a risk-based patient-specific payment model.

The primary objective of this study was to demonstrate that machine-learning methods
provide accurate models for the prediction of a LOS and payments for individual patients, which
may be applied preoperatively. With high accuracy and AUC values for both payment and LOS
after five iterations, the Naive Bayesian model demonstrated excellent responsiveness and
reliability, respectively. This suggests that machine-learning algorithms are already capable of
predicting LOS and inpatient costs during a primary TKA episode of care. The existing
arthroplasty literature, both prospective and retrospective, has successfully identified risk factors
for complications and payments in order to improve patient education and shared decision-
making [27,55,56]. For example, the Risk Assessment and Predictor Tool, which stratifies
patients based on age, sex, walking distance, use of a gait aid, use of community support, and
presence of a caregiver at home, has been validated with overall predictive accuracy of 78% for
discharge destination in total joint arthroplasty patients [57-59]. However, to date, no
comprehensive model has been developed with the ability to preoperatively predict
complications for total joint arthroplasty. This application of big data to the individual patient
provides patients, surgeons, and payers with expectation management in order to participate in
informed shared decision-making [55,60]. For example, diabetic patients with an HbAlc over
7.7% may benefit from preoperative expectation management counseling that they are at an
increased risk of periprosthetic joint infection, and providers may provide more informed care

[61]. Although individual risk factors have been previously identified and addressed, machine
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learning provides the ability to incorporate these factors into a consolidated model for predicting
the need for additional resources. With respect to payers, these models carry socio-political
implications in the context of value-based care. Flat reimbursement fees financially incentivize
providers and administrators to select for patients predisposed to the best outcomes, propagating
access issues those with increased complexity.

The machine-learning model demonstrated that, while sensitivity and specificity as
determined by the AUC was high for both models, inpatient payment AUC lagged slightly
behind that of LOS by 0.044. This may be attributed to lack of standardized charges and
inpatient practice variation; a larger cohort of patients across other institutions and insurance
structures is required to assess this difference, as well as analysis before and after BPCI [10].
Models which accurately stratify patients by risk have many potential applications; this particular
case provides a patient-specific payment model which accounts for patient risk and provides an
evidence-based approach to building upon the existing bundled payments care model. Although
the model demonstrates high responsiveness and reliability, post hoc analysis after five different
data sets revealed a known predictive error range that increased incrementally for patients with
higher APR Risk of Mortality scores. This represents the first data-driven approach to our
knowledge that has proposed a risk-based, patient-specific payment model accounting for
medical complexity in a primary TKA episode of care. A review of APMs by Siddiqi et al.
demonstrated that costs of total joint arthroplasty may be reduced in bundled payments by
reducing LOS, readmissions, and the utilization of inpatient rehabilitation facilities [48]. With a
bundle reimbursement fee of approximately $25,000 covering an entire inpatient and outpatient
episode of primary TKA care, inpatient payments alone among extreme risk patients exceed

$25,000 65% and $30,000 54% of the time (Figure 3). Thus, many hospitals may be unlikely to
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assume the risk of performing primary TKA on this population even with maximal medical
optimization in the flat-fee reimbursement model. As the population of older patients with
additional comorbidities undergoing TKA grows, hospitals and surgeons will continue to bear
the majority of the financial risk associated with flat-fee payment models [62]. The risk-stratified
payments for the proposed patient-specific payment model encourage cost sharing, reduce
patient selection, and reinforce patient access. If implemented, socio-economic disparities in the
delivery of total joint arthroplasty may be lessened to encourage the health equity and quality of
life at the population level.

This study is not without limitations. As a classifier algorithm, the Naive Bayesian
algorithm only forecasted which strata (i.e. 1 to 3 days, 4 to 5 days, and 6+ days) the tested
patient was likely to belong, rather than providing a specific LOS or payment. Additionally,
Naive Bayesian algorithms are based on the conditional independence assumption that all
attributes are independent, which fails to recognize cofounders between variables. Further along
the spectrum of machine learning exist more complex models including deep learning neural
networks, which may have the capability of providing more accurate models with specific
outputs as opposed to stratifications [35]. Thus, future works may utilize these models to predict
exact LOS or cost outputs rather than classify into strata. Additionally, machine learning models
should ideally be tested for validation with an independent data set to avoid overestimating the
accuracy of the model [33]. Furthermore, predictive machine learning models may need to be
incrementally readjusted, as the effective half-life of the usefulness of historical data to predict
future clinical performance may be as short as four months [63]. Despite these limitations, the
Naive Bayesian model represents the first critical step in establishing a machine-learning

algorithm for improving value-based delivery of the elective TKA episode of care. In order to
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272  validate a predictive machine-driven algorithm to derive a uniform patient-specific payment
273  model, thorough investigation of a larger, more generalizable data set may be necessary. As
274 such, further study is warranted to validate this algorithm in TKA. While the model was
275  validated with a large administrative database in a single state, additional study and “learning” is
276  required to strengthen the model using different databases to account for regional and population
277  differences. The model was limited by the quality and content of the administrative database.
278  Other factors, such as genetic predisposition to arthritis, prior history of dysplasia,
279  socioeconomic status, and baseline functional demands, represents relevant attributes that
280  warrant further exploration and may be addressed in future studies.
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283 CONCLUSION

284 Our preliminary machine-learning algorithm derived from administrative big data
285 demonstrated excellent construct validity, reliability, and responsiveness predicting LOS and
286  payments prior to primary TKA. This has the potential to engender broad value-based
287  applications, including a risk-based patient-specific payment model prior to elective TKA that
288  offers tiered reimbursements commensurate with case complexity.
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TABLES AND FIGURES:

Figure 1. AUC curve analyzing predictive accuracy of Bayesian model for LOS.

Figure 2. AUC curve analyzing predictive accuracy of Bayesian model for cost.

Figure 3. Distribution of inpatient payments stratified by APR Risk of Mortality relative to six
cost strata

Table 1. Depiction of naive Bayesian model for each of the five iterations of LOS and accuracy
Table 2. Depiction of naive Bayesian model for each of the five iterations of LOS and AUC
Table 3. Depiction of naive Bayesian model for each of the five iterations of payment and
accuracy

Table 4. Depiction of naive Bayesian model for each of the five iterations of payment and AUC
Table 5. Proposed patient-specific payment model using model’s predictive error
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FIGURES:

Figure 1. AUC curve analyzing predictive accuracy of Bayesian model for LOS.

Figure 2. AUC curve analyzing predictive accuracy of Bayesian model for cost.

Figure 3. Distribution of inpatient costs stratified by APR Risk of Mortality relative to six cost
strata



Table 1

Table 1. Depiction of naive Bayesian model for each of the five iterations of LOS and accuracy

Data Sets LOS Accuracy
(1-3, 4-5, >5 days)

Setl 0.849955869

Set 2 0.863770686

Set 3 0.878372681

Set 4 0.885328537

Set5 0.892003117

Average 0.873886178



Table 3

Table 3. Depiction of naive Bayesian model for each of the five iterations of cost and accuracy

Data Sets Cost Accuracy (<$10K, $10K-
$20K, $20K -$25K , $25K-$30K,
$30K-$40K, >$40K)

Set1l 0.819947043
Set 2 0.837201805
Set 3 0.853235666
Set4 0.861593799
Set5 0.870988165

Average 0.848668664



Table 2

Table 2. Depiction of naive Bayesian model for each of the five iterations of LOS and AUC

LOS AUC
Data Sets ~ Average (>4 days) Average (>5 days)
Set 1 0.679808 0.715495
Set 2 0.715588 0.753152
Set 3 0.753250 0.792792
Set 4 0.768315 0.808648
Set5 0.799048 0.840994

Average 0.743200 0.782200



Table 4

Table 4. Depiction of naive Bayesian model for each of the five iterations of cost and AUC

Cost AUC
Data Sets  Average (>$25K)  Average (>$30K)
Setl 0.64514 0.67523
Set 2 0.67909 0.71077
Set 3 0.71483 0.74818
Set 4 0.72913 0.76314
Set5 0.75830 0.79367

Average 0.70530 0.73820



Table 5

Table 5. Proposed patient-specific payment model using model’s predictive error based on APR
Risk of Mortality

Iterations Risk Mean Cost = Risk-adjust
Minor 100% 18,100 18,100.0
Moderate 103% 19,200 19,700.0
Major 110% 22,700 25,000.0

Extreme 115% 30,100 34,600.0



