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INTRODUCTION: Artificial intelligence offers major potential in orthopedics by enabling predictive modeling for surgical 
outcomes. Historically, most models have relied on structured clinical variables from electronic health records. However, 
radiographic imaging may offer additional predictive insight if effectively integrated. This study developed and evaluated 
multimodal deep learning (DL) models combining clinically available preoperative bilateral knee radiographs and clinical 
variables to predict one-year patient-reported outcomes (PROMs) after total knee arthroplasty (TKA). 
METHODS: A total of 17,958 unique patients undergoing a primary elective unilateral TKA at a large tertiary academic 
center in the United States between 2016-2022 were included. Based on a previously developed deep learning 
framework, we screened and selected the preoperative bilateral AP/PA knee radiographs from the session immediately 
before each patient’s first primary TKA surgery. If multiple bilateral images existed from the same session, one image was 
selected at random. We also obtained preoperative clinical variables such as age, sex, BMI, race, years of education, 
smoking status, insurance, patient-reported outcomes (PROM) phenotype, ADI, CCI, diagnosis, anesthesia, baseline 
KOOS JR, NARX score; and 1-year PROMs including KOOS Pain and PS from electronic health records. Stratified 
sampling based on outcome was applied to split the dataset at the patient level into training, validation and test sets 
according to a 70%/15%/15% ratio (6958 patients in training, 1491 in validation, and 1492 in test). We followed standard 
image pre-processing steps to handle raw pixel data extracted from radiograph images, including resizing images to 
224×224, normalizing using the mean and standard deviation from the training set, applying augmentation methods such 
as random rotations up to 10 degrees, and padding the edges with zeros to ensure square dimensions. Inverted pixel 
values were corrected by subtracting the original pixel values from the maximum pixel value. Three separate models, 
including one using image data only, one using clinical data only, one combining image and clinical data, were trained to 
compare prediction performance for 1-year PROMs after TKA. The binary outcomes were defined as whether the patients 
achieved an MCID threshold for KOOS Pain (a delta of 7.99), whether the patients achieved a PASS threshold for KOOS 
Pain (1-year KOOS Pain of 77.7), and similarly for their counterparts for KOOS PS (delta of 8.04; 1-year KOOS PS of 
70.3). A ResNet-18 architecture was used as an image feature extractor for raw pixel data. Deep learning models were 
trained as follows: for image only model, this was achieved through the replacement of the final layer from ResNet-18 with 
a linear layer. The clinical data only model was a two-layer neural network with one linear layer and one classification 
layer. Lastly, the combined model was trained by concatenating the image features obtained from ResNet-18 and clinical 
data features obtained from the linear layer. All model parameters were trained using the Adam optimizer with a learning 
rate of 0.001, weighted cross-entropy loss, and a batch size of 64. Early stopping was applied when the validation loss did 
not improve for five epochs. As a comparative benchmark, the traditional machine learning model XGBoost was trained 
for all three models. Results were reported using Area under the ROC curve (AUC). Missing data in clinical variables were 
singly imputed using multiple imputation using mice package in R software (Version 4.3.1). The models were trained using 
the PyTorch library (version 2.3.1), and scikit learn library (version 1.5.0) in Python (version 3.9) on high performance 
computing cluster equipped with NVIDIA Tesla V100 Tensor Core graphics processing unit. 
RESULTS: 
Among the 17,958 unique patients identified at baseline, 10,988 of them have 1-year follow up PROMs, with 9,941 of 
them having at least one bilateral knee radiograph at baseline. Detailed descriptive statistics can be found in Table 1. On 
test data, for the KOOS Pain PASS threshold models, the image only model achieved an AUC of 0.54, whereas the 
clinical data only model and the combined model achieved AUCs of 0.65; for the KOOS Pain MCID threshold models, the 
image only model achieved an AUC of 0.52, whereas the clinical data only model and the combined model achieved AUC 
of 0.70, and 0.65 respectively. For the KOOS PS PASS threshold models, the image only model achieved an AUC of 
0.51, whereas the clinical data only model and the combined model achieved AUC of 0.66, and 0.63 respectively. Lastly, 
for the KOOS PS MCID models, the image only model achieved an AUC of 0.54, whereas the clinical data only model and 
the combined model achieved AUCs of 0.73. The XGBoost models showed similar results. 
DISCUSSION AND CONCLUSION: 
Multimodal deep learning models incorporating preoperative image and clinical variables can predict 1-year PROMs after 
TKA with moderate to good performance. However, the results showed that the value of adding images to 1-year PROMs 
prediction was limited when they were used as sole inputs to the models or included in the models with clinical variables. 
These findings suggest that extracting specific radiographic features—such as alignment angles or implant positioning—
may offer greater clinical utility than raw pixel data. Future work should focus on incorporating such quantitative imaging 
biomarkers to enhance surgical planning, patient counseling, and risk stratification in knee arthroplasty.



 
 


