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Background: Platelet-rich plasma (PRP) has been increasingly used to treat knee osteoarthritis, but its efficacy remains unclear
due to the variability of outcomes. Machine learning (ML) can improve the ability to predict responses to PRP treatment by iden-
tifying specific baseline characteristics of patients who may have greater clinical improvements.

Purpose: To develop and evaluate an ML model predicting clinical outcomes after PRP injection for knee osteoarthritis.
Study design: Cohort study (prognosis); Level of evidence, 2.

Methods: This retrospective study utilized patient demographics and patient-reported outcome measures (PROMs) from 191
patients who received PRP injections for knee osteoarthritis. Patients were randomly split into a training set (80%) and a testing
set (20%). The primary outcome was predicting the achievement of the minimal clinically important difference at 6 months after
treatment, defined as a >10-point increase in the Knee injury and Osteoarthritis Outcome Score for Joint Replacement (KOOS JR)
and a >20% decrease in the numeric pain rating scale for knee pain score. Ten preinjection variables, including demographics
and baseline PROMs, were evaluated. Multiple ML algorithms were developed and evaluated on sensitivity, accuracy, precision,
area under the receiver operating characteristic curve (AUC)-ROC, and F1 score. Feature importance and partial dependency
plots were used to explore predictor relationships with the primary outcome.

Results: The Explainable Boosting Machine (EBM) algorithm was determined to be the best algorithm due to its greater explain-
ability (AUC-ROC, 0.81 [95% ClI, 0.65-0.94]; F1 score, 0.75 [95% CI, 0.57-0.88]; accuracy, 0.74 [95% ClI, 0.59-0.90]; sensitivity,
0.71 [95% Cl, 0.50-0.90]; precision, 0.79 [95% ClI, 0.59-0.96]). The baseline PROMIS (Patient-Reported Outcomes Measurement
Information System) Mental score (the higher, the better) and the KOOS JR score (the lower, the better) were the most influential
predictors. By excluding the baseline PROMIS health scores, the model’s performance significantly deteriorated (AUC-ROC, 0.51
[95% CI, 0.32-0.7]).

Conclusion: ML models effectively predicted a clinically meaningful improvement at 6 months after PRP injection for knee oste-
oarthritis. The EBM was the algorithm with the best performance, with the PROMIS Mental and Physical scores and the KOOS Jr
score being the most influential predictors. Additional independent studies are needed to externally validate this model.
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Knee osteoarthritis is the leading cause of lower extremity
disability and one of the most common causes of chronic
pain in adults, representing an immense personal and
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societal burden.'” As the population ages and obesity rates
climb, the prevalence of knee osteoarthritis is projected to
continue rising.2* Because of the limited efficacy of current
nonoperative treatments, physicians have started to use
so-called orthobiologics such as platelet-rich plasma
(PRP) to treat osteoarthritis. However, the clinical out-
comes after PRP treatments have been highly
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variable,?%23 and the exact factors underpinning the vari-

able responses to PRP remain poorly understood. Identify-
ing factors that can predict responses to treatment is
therefore critical to improve patient care and avoid unnec-
essary interventions.

Machine learning (ML) models differ from conventional
statistics in that they use a bottom-up approach, develop-
ing models directly from the data without assuming any
predefined model structure. This allows the detection of
more complex nonlinear relationships and interactions
between a large number of variables. In essence, ML
trades interpretability for flexibility and predictive accu-
racy by learning patterns directly from the data.''®

Patient outcomes after PRP injections for knee osteoar-
thritis have been extensively studied.® While numerous
studies have assessed patient characteristics associated
with positive or negative outcomes, to our knowledge no
study has utilized advanced ML to develop predictive mod-
els in this population.*1%192022 Here we sought to
develop and evaluate an ML model to predict clinical out-
comes after PRP injection for knee osteoarthritis.

METHODS
Design

This study was conducted at a large academic tertiary care
center. The study was performed according to the TRIPOD
(Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis) guidelines
as well as the Guidelines for Developing and Reporting
Machine Learning Predictive Models in Biomedical
Research.>!* Clinical data were collected with approval
of the institutional review board (No. 2020-0241).

Data Source and Patient Population

This study was performed using data collected in the Cen-
ter for Regenerative Medicine Registry at our institution.
The registry consists of all patients undergoing orthobio-
logical treatments for musculoskeletal pathologies. It con-
tains baseline data (collected before treatment) for each
patient, including demographic information and patient-
reported outcome measures (PROMs) such as the numeric
pain rating scale for knee pain (NPRS) score, the Knee
injury and Osteoarthritis Outcome Score for Joint Replace-
ment (KOOS JR), the PROMIS (Patient-Reported Out-
comes Measurement Information System) Mental score,
the PROMIS Physical score, the Tegner activity score,
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and the Single Assessment Numeric Evaluation for knee
function (SANE) score. Additionally, the registry prospec-
tively collects PROMs over time (6 weeks, 3 months, 6
months, and yearly) after patients receive treatment.
Patients were surveyed at each respective time point after
injection, and we utilized the data from the 6-month follow-
up survey.

Patients included in this study had to meet the follow-
ing inclusion criteria: (1) diagnosed with knee osteoarthri-
tis, (2) received intra-articular PRP injections in the knee
between June 2020 and October 2022, and (3) had avail-
able baseline and 6-month follow-up data. The 6-month
time point was selected based on systematic reviews and
meta-analyses of patient-reported pain scores of those
with knee osteoarthritis at 6 and 12 months after PRP
treatment.® The registry included 956 patients who
received PRP injections at the time of analysis. A total of
756 patients were excluded because they did not have com-
plete outcome information, which was required to deter-
mine if they met the minimal clinically important
difference (MCID) thresholds at 6 months after PRP injec-
tion. Given the retrospective nature of this study, no
attempts were made to reach patients with missing data.
Thus, the analyses were conducted in a cohort of 191
patients (Table 1). The demographic distribution of the
191-patient cohort, with a majority (92.1%) of White/Cau-
casian patients, is also observed in the registry (85.8%
White/Caucasian) and the overall hospital patient popula-
tion (74.1% White/Caucasian).

Outcomes

Our primary outcome was achievement of MCID thresh-
olds for both the NPRS score and the KOOS JR at 6 months
after receiving PRP treatment for knee osteoarthritis. The
MCID thresholds used were a >10-point increase in the
KOOS JR and a >20% decrease in the NPRS score, as pre-
viously reported.®?1:23

Data Collection and Input Definitions

Prediction models were developed using 10 preinjection
variables included in the registry and collected at our insti-
tution as part of standard of care before patients undergo
PRP injection of the knee joint. These variables include
(1) self-reported sex, (2) age, (3) body mass index (BMI),
(4) PROMIS Physical score, (5) PROMIS Mental score,
(6) KOOS JR, (7) NPRS score, (8) SANE score, (9) Tegner
score, and (10) Kellgren-Lawrence (KL) radiographic
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TABLE 1
Baseline Characteristics of the Training and Testing Sets®

Characteristic Full Set (N = 191) Training Set (n = 152) Testing Set (n = 39)
Fulfilled MCID 84 (44.0) 63 (41.4) 21 (53.8)
Age, y 65.23 = 12.5 65.7 + 12.6 61.6 = 12.5
BMI, kg/m? 26.37 + 4.5 26.2 + 4.4 27.1 + 4.8
Male 103 (53.9) 79 (52.0) 24 (61.5)
Race
Asian 5(2.6) 5(3.3) 0 (0)
Black or African American 5(2.6) 5(3.3) 0 (0)
Other 3 (1.6) 3 (2.0 0 (0)
Patient declined 2 (1.0) 2(1.3) 0 (0)
White or Caucasian 176 (92.1) 137 (90) 39 (100)
KL osteoarthritis grade
1 15 (7.9) 11 (7.2) 4 (10.3)
2 54 (28.3) 42 (27.6) 12 (30.8)
3 64 (33.5) 50 (32.9) 14 (35.9)
4 58 (30.4) 49 (32.2) 9 (23.1)
PROMIS Mental T score 54.85 = 5.7 55.0 = 5.7 544 + 6.1
PROMIS Physical T score 49.49 + 5.2 49.8 + 5.3 48.5 + 4.8
KOOS JR 62.93 = 15 63.5 = 15.1 60.6 = 14.7
NPRS score 36.11 = 25.2 34.9 + 24.9 41.2 + 25.9
SANE score 51.72 = 23.2 51.3 + 23.9 53.1 = 20.2
Tegner score 3.39 = 2.1 3.2 +20 3.5 25

“Data are presented as n (%) or mean * SD. BMI, body mass index; KL, Kellgren-Lawrence; KOOS JR, Knee injury and Osteoarthritis
Outcome Score for Joint Replacement; MCID, minimal clinically important difference; NPRS, numeric pain rating scale for knee pain;
PROMIS, Patient-Reported Outcomes Measurement Information System; SANE, Single Assessment Numeric Evaluation for knee function.

classification of osteoarthritis. The KL grade was assessed
on the most recent pre-PRP injection radiograph, evaluated
on anteroposterior views by a single experienced reader
(F.C.0.). The study sample was predominantly White or
Caucasian (92.1%), with higher proportions than in the reg-
istry (85.8%) or the hospital (74.1%) data sets, while other
racial groups had lower representation. To minimize
unwanted noise introduced in the model, race was excluded
from the analyses. Variable importances indicate the extent
to which each variable contributed to the model’s predic-
tions. The 3 variables exhibiting the highest importance
were designated as key variables in this study.

Imputation of missing values was performed on the
source data set using the missForest package in R (Version
4.3.1; R Foundation for Statistical Computing); the
PROMIS score (both Mental and Physical scores) had
a 63.4% missing rate before imputation, while the other
scales were complete. The data set was first split into
a training set (80%) and a test set (20%), with a set seed
of 42 to ensure reproducibility. Then, the imputation algo-
rithm was trained and applied on the training set with
subsequent application of the model on the test set, to pre-
vent data leakage, while utilizing the same model for
imputation.

Model Development

Categorical variables are summarized as absolutes and
percentages, while continuous variables are summarized

using means and standard deviations (Table 1). Outcome
prediction was conducted utilizing 4 ML algorithms:
Explainable Boosting Machine (EBM), random forest
(RF), eXtreme Gradient Boosting (XGBoost), and support
vector machine (SVM). EBM, RF, and XGBoost are ensem-
ble methods based on decision trees, with XGBoost gaining
popularity in recent years because of its high accuracy on
complex data sets. SVMs are supervised learning models
that classify data by finding the hyperplane that maxi-
mizes the margin between the 2 classes in the training
data. To evaluate a representative diversity of methods
with differing characteristics, we selected these 4 classi-
fiers. The 4 algorithms were derived using the training
cohort and subsequently validated on the independent
test cohort (Figure 1).

Given the central importance of the PROMIS scores as
predictors, which were highly imputed because of missing-
ness, we conducted 2 additional robustness checks that
varied how the PROMIS variables were included in the
EBM model. These were meant to isolate the effects of (1)
including the nonmissing PROMIS predictors and (2)
including their imputed values. The first model excluded
the PROMIS scores as predictors altogether. The second
model included the PROMIS scores, but instead of imputing
missing values, we substituted missing values with a generic
dummy value (-1). Generally, this strategy for handling
missing continuous variables is nonfunctional. However,
given the nonparametric nature of the EBM algorithm,
this is a valid approach and allows us to visualize, for a given
predictor, the mean risk among missing data compared with
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Figure 1. lllustrating the methodology for developing the machine learning models. CRM, Center for Regenerative Medicine.

the risk along the domain of nonmissing values. In this way,
and unlike imputation, we can clearly see how risks differ
between missing and nonmissing values.'?

Selection of the Best Model

In selecting which prediction model to prioritize, predictive
performance was prioritized along with model interpretabil-
ity. The following metrics were calculated for performance
evaluation: area under the receiver operating characteristic
curve (AUC-ROC), F1 score (harmonic mean of precision
and recall), accuracy, sensitivity, and precision. In addition,
we calculated confidence intervals for all performance met-
rics, showcasing the 95% confidence interval for our sample
size, which is isomorphic to a power calculation. We per-
formed all analysis and model construction utilizing Python
Version 3.11 packages (lightgbm, matplotlib, numpy, pan-
das, sklearn, xgboost, and InterpretML).

Feature Importance

The feature weights are calculated by the model, repre-
senting how important each variable is in predicting the
outcome. Furthermore, partial dependency plots were gen-
erated for the weighted features to examine the functional
form of the relationship between predictors and outcome at
the population level. These plots enable investigating the
directionality and shape of the associations, providing
important information for patients, surgeons, and other
stakeholders.

RESULTS

Patient Characteristics and Outcomes

A total of 191 patients were included in the study, of whom
44% achieved our MCID thresholds at 6 months after PRP
injection. The 191-patient cohort was randomly divided
into a test set (39 patients) and a training set (152
patients). There were no significant differences between
the training and test sets (Table 1).

Prediction Model

The EBM model was selected as the best model, exhibiting
a comparable AUC-ROC of 0.81 (95% CI, 0.65-0.94) and F1
score of 0.75 (95% CI, 0.57-0.88) relative to the XGBoost
and RF models; however, it is a completely transparent
model and therefore explainable. In contrast, the SVM
model underperformed relative to the EBM, XGBoost,
and RF models based on all metrics (Table 2).

Robustness checks revealed that the PROMIS scores
were indispensable predictors. In the first robustness
check model, excluding the PROMIS scores altogether
from the EBM deteriorated model performance to no better
than chance (AUC-ROC, 0.51 [95% CI, 0.32-0.7]). The sec-
ond robustness check model (substituting missing values of
the PROMIS scores with generic dummy values instead of
imputed values) resulted in substantially reduced model
performance (AUC-ROC, 0.53 [95% CI, 0.34-0.71]). This
shows that most of the predictive power of the PROMIS
scores was from the actual imputed scores themselves
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TABLE 2
Performance of Machine Learning Models Using Random Set®

Model F1 Score (95% CI) Accuracy (95% CI)

Sensitivity (95% CI)

Precision (95% CI) AUC-ROC (95% CI)

EBM 0.75 (0.57-0.88)
Random forest 0.70 (0.52-0.86)
XGBoost 0.65 (0.43-0.8)

SVM 0.57 (0.38-0.78)

0.74 (0.59-0.90)
0.72 (0.56-0.85)
0.67 (0.51-0.80)
0.62 (0.49-0.80)

0.71 (0.50-0.90)
0.62 (0.41-0.82)
0.57 (0.35-0.76)
0.48 (0.29-0.73)

0.79 (0.59-0.96)
0.81 (0.60-1.00)
0.75 (0.50-0.95)
0.71 (0.46-0.94)

0.81 (0.65-0.94)
0.78 (0.63-0.92)
0.82 (0.67-0.94)
0.70 (0.54-0.85)

“AUC-ROC, area under the receiver operating characteristic curve; EBM, Explainable Boosting Machine; SVM, support vector machine;

XGBoost, eXtreme Gradient Boosting.

and not from information contained in whether someone
completed the PROMIS surveys or not (ie, missingness
was less predictive than the imputed scores).

Feature Importance

The features that showed the greatest effect on the EBM
model included the baseline PROMIS Mental score,
KOOS JR, and PROMIS Physical score (Figures 2 and 3).
Age, preoperative activity level, and KL grade were less
influential (Figure 4). Examination of partial dependency
plots showed that an increased probability of attaining
the MCID threshold was associated with greater PROMIS
Mental scores, a younger patient age, lower KOOS JR
scores, a KL grade of 2, and female sex. Regarding age,
risk increases were not uniformly distributed across the
age spectrum. The probability of failure to achieve MCID
thresholds increased between 79 and 81 years compared
with younger patients. An interaction was also detected
between KOOS JR scores and attainment of MCID thresh-
olds, indicating a decreased probability of achieving MCID
thresholds with higher KOOS JR scores. Additionally,
female sex and a KL grade of 2 were associated with
improved chances of reaching the MCID.

DISCUSSION

In this study, we developed an ML model to predict out-
comes at 6 months after PRP injections for knee osteoar-
thritis. We evaluated 4 ML algorithms and found that
the EBM algorithm had the best performance with an
AUC-ROC of 0.81, indicating that the model accurately dis-
criminates between patients who did and did not achieve
MCID thresholds. We found that baseline, preinjection
PROMs, including the PROMIS Mental score, KOOS JR,
and PROMIS Physical score, were the most important pre-
dictors for achieving MCID thresholds at 6 months after
PRP administration. Moreover, the associated partial
dependency plots of several preinjection parameters
showed nonlinear associations with the probability of
achieving MCID thresholds, making it possible to poten-
tially establish cutoff points that facilitate decision-mak-
ing. To our knowledge, this is the first study using ML to
predict which patients will respond to PRP injections for
knee osteoarthritis.

Previous studies using multivariate regression analysis
have explored the association of patient characteristics
with the response to PRP treatment for knee osteoarthri-
tis, 1410:19.20.22 V[514 to moderate osteoarthritis and older
age have been associated with positive responses to
PRP,'%22 whereas previous PRP injection, a lower baseline
visual analog scale pain score (VAS), bilateral knee injec-
tion, severe osteoarthritis, and a greater BMI have been
associated with lower clinical improvement after PRP
injection.71%1%2% In the present study, our ML model
showed that the most important predictors were the base-
line PROMIS Mental score and KOOS JR. To our knowl-
edge, this was the first time the PROMIS Mental score
was evaluated as a predictor for PRP response and associ-
ated with achievement of MCID thresholds after PRP. This
result further suggests the critical importance of mental
health assessment for the evaluation of outcomes in ortho-
paedic interventions, as previously discussed by Ayers
et al.> The KOOS JR showed an opposite association, in
agreement with what was described by Prost et al*® for
baseline VAS, with less symptomatic patients having
a lower probability of responding to PRP, probably related
to a ceiling effect in both scores. We found an association
between older age and lower chances of achieving MCID
thresholds after PRP injection. Our partial dependency
plot showed that around 79 years of age, the probability
of achieving MCID thresholds decreased. This observation
disagrees with previous studies, which reported that older
patients were more likely to respond positively to PRP
treatment.'® These discrepancies could be partly explained
because the population evaluated by Korpershoek et al°
received 3 consecutive injections of PRP (specifically autol-
ogous conditioned plasma); the patients studied were, on
average, younger than the population analyzed in our
study; and there were nuances in the definitions of
MCID thresholds.

The definitions of “responders” and “nonresponders”
after PRP injections for knee osteoarthritis have varied
across the literature, ranging from 40% to
63%.%6:8:11.20.23.24 T4 i5 important to note that, like the cur-
rent study, some of the previous reports did not include
a control group and therefore cannot be used to make
claims about clinical benefit or efficacy, but rather achieve-
ment of predefined MCID thresholds. In the current study,
44% of the analyzed patient cohort met our MCID thresh-
olds (a >10-point increase in the KOOS JR and a >20%
decrease in the NPRS score) at 6 months after PRP
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Figure 2. (a) Area under the receiver operating characteristic curve (AUC-ROC) for the machine learning model feature impor-
tance analysis. (b) Features ranked by importance for prediction (mean absolute scores). BMI, body mass index; FPR, false-
positive rate; KOOS JR, Knee injury and Osteoarthritis Outcome Score for Joint Replacement; PRP, platelet-rich plasma;
SANE, Single Assessment Numeric Evaluation for knee function; TPR, true-positive rate; VAS, visual analog scale pain score.
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Figure 3. (a) Partial dependency plot of PROMIS (Patient-Reported Outcomes Measurement Information System) Mental score.
(b) Partial dependency plot of the Knee injury and Osteoarthritis Outcome Score for Joint Replacement (KOOS JR).

injection. This percentage aligns with previous reports,
highlighting that a significant proportion of patients do
not achieve MCID thresholds and therefore emphasizing
the need to improve treatment allocation by identifying
patient candidates who are more likely to respond
positively.

Recent studies have reported several accurate predic-
tive models using ML within orthopaedics and sports med-
icine, forecasting outcomes after common orthopaedic
procedures. For example, Martin et al'® developed a model
predicting the risk of anterior cruciate ligament recon-
struction (ACLR) revision surgery over 1, 2, and/or 5 years.
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They found that Cox lasso (least absolute shrinkage and
selection operator) and the generalized additive model
were the best models, with a concordance index of 0.68.
Similarly, Kunze et al'! developed an ML model predicting
the achievement of the MCID 2 years after undergoing
ACLR, finding that the top-performing model was the
elastic-net regularized logistic regression obtaining an
AUC of 0.82. Haeberle et al” took a different approach,
using RF models to predict the risk of 4 different subsequent
hip surgeries a minimum of 2 years after hip arthroscopic
surgery for femoroacetabular impingement. Performance
was strong for projecting the risk of a second hip arthros-
copy (AUC, 0.77) and conversion to total hip arthroplasty
(AUC, 0.88), while it was modest for resurfacing (AUC,
0.62) and periacetabular osteotomy (AUC, 0.76). Our model
developed to predict patient response to PRP for knee oste-
oarthritis obtained an AUC-ROC of 0.81, which could be
considered a good performance, placing it in the upper
range of models previously developed in sports medicine.®
As ML continues to advance and more data become avail-
able, predictive models will likely become more accurate.

Limitations

This study has several limitations that should be consid-
ered when interpreting the results. Two of the evaluated
variables (PROMIS Mental and Physical scores) had
a high number of missing data, which were imputed using
state-of-the-art methods. We performed 2 robustness
checks on these variables, proving the imputation did not
bias the model’s performance. Although our model effec-
tively predicted achievement of MCID thresholds after
PRP treatment, a homogeneous cohort of 191 patients
with knee osteoarthritis from a single institution repre-
sents a small sample size for developing ML models. Our
high exclusion rate is due to a majority of patients not
reaching the 6-month threshold at the time of analysis as
well as poor survey response. Including patients and data
from multiple centers could increase both the sample size
and population diversity, thus improving the model’s per-
formance, generalizability, and external validity. Our mod-
els included 10 predefined variables but did not account for
the characteristics of the PRP injected (number of injec-
tions, composition or volume injected, kit used, and injec-
tion procedure), state-of-the-art imaging metrics, or other
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potentially relevant clinical information, as they were not
available. Incorporating these variables could help us bet-
ter define the optimal patient candidates for PRP treat-
ment. It may well be that different PRP formulations
have different outcomes across different patient profiles,
which we did not account for in our study. Our study did
not include a comparator (placebo or other treatment)
group, which means that we cannot make claims about
the efficacy of PRP treatment or its clinical benefit com-
pared with other interventions or no treatment. Addition-
ally, our analysis was limited to patients who received
PRP and completed follow-up questionnaires, which may
introduce selection bias if there are systematic differences
between those who completed follow-up and those who did
not. Finally, the mean BMI in our study population was
26.37; therefore, this model may not be generalizable to

an obese population.

Despite these limitations, this study provides a roadmap

with valuable methodology and insight into predictors of

responses to PRP treatment for knee osteoarthritis that
can potentially be extended to other orthobiologics and
pathologies. While preliminary, our ML model provides
a workflow that, when further developed and validated,
may assist in clinical decision-making and treatment alloca-

tion, avoiding unnecessary procedures for patients unlikely
to achieve MCID thresholds. It is crucial to emphasize that

this tool should complement, not replace, clinical judgment,
providing an additional evidence-based layer of information
to enhance the decision-making process. It is important to
note that we also believe that larger multicenter studies,

including more patient diversity and a large number of

demographic and PRP-specific variables, are needed to inde-
pendently validate our results, and to improve our ability to
allocate treatment by identifying patients with knee osteo-
arthritis who are more likely to benefit from PRP injections.

CONCLUSION

ML models can effectively predict clinically meaningful
improvement at 6 months after PRP injection for knee
osteoarthritis. The EBM was the algorithm with the best
performance, with the PROMIS Mental and Physical
scores and the KOOS Jr score being the most influential
predictors. Additional independent studies are needed to

externally validate this model.
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