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Abstract

Background: Total joint arthroplasties (TJAs) are well-established orthopedic procedures 
that provide effective pain relief and restore functional mobility. Although these proce-
dures are generally highly successful, postoperative complications may still occur. This 
review examined the literature on how machine learning (ML) can predict postoperative 
complications based on laboratory and clinical parameters for total knee (TKA) and to-
tal hip arthroplasty (THA). Methods: A scoping review was conducted and reported in 
accordance with the PRISMA criteria for scoping reviews (PRISMA-ScR). We searched 
PubMed/MEDLINE, Scopus, and EMBASE for studies evaluating the use of ML to predict 
adverse events following TKA and/or THA, using routinely available laboratory values 
combined with demographics and clinical parameters. Results: The initial search yielded 
144 studies, of which 18 were finally deemed eligible for inclusion. Key predictors of com-
plications in the examined studies included hemoglobin, hematocrit, white blood cell count, 
platelet count, and renal markers. Need for transfusion was the most frequently studied 
outcome, followed by severe adverse events and postoperative delirium. The ML models, 
especially gradient boosting machines (GBMs), random forests (RFs), and neural networks 
(NNs), demonstrated promising discriminative performance in predicting adverse events. 
Conclusions: Combining laboratory data with demographics and clinical information may 
improve the accuracy of complication prediction. This review emphasizes the potential of 
ML analysis of laboratory parameters to create risk assessment tools, which could detect 
complication risk and potentially improve outcomes for patients undergoing TKA or THA.

Keywords: total hip arthroplasty; total knee arthroplasty; complications; laboratory
parameters; machine learning; risk prediction; personalized perioperative care

1. Introduction
Total joint arthroplasty (TJA) gained popularity during the 20th century, with hip 

and knee replacements representing the most common and effective elective procedures 
in orthopaedic surgery [1]. Traditionally, these procedures have been indicated for end-
stage osteoarthritis, inflammatory arthritis, osteonecrosis, or post-traumatic conditions [2]. 
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It is estimated that by 2030, 3.5 million primary total knee arthroplasties (TKAs) and 
500,000 primary total hip arthroplasties (THAs) will be performed annually [2]. These 
procedures are highly effective in restoring mobility and relieving pain. Although not 
very common, some patients may experience postoperative adverse events. These include 
prolonged length of stay (LOS), postoperative delirium (POD), anemia, and the need for 
blood transfusion. More serious complications include acute kidney injury (AKI), deep vein 
thrombosis (DVT), pulmonary embolism (PE), surgical site infection (SSI), periprosthetic 
joint infection (PJI), and sepsis [3–7].

Machine learning (ML) recently emerged as a transformative tool in healthcare, of-
fering innovative solutions for predicting and mitigating postoperative complications in 
patients undergoing primary TJA [8]. Recent advances in ML algorithms, ranging from 
random forests (RFs) and gradient boosting machines (GBMs) to neural networks (NNs), 
have demonstrated superior accuracy in predicting complications compared with traditional 
statistical methods [9,10]. The development of interpretable ML frameworks and web-based 
risk calculators promise personalized perioperative decision-making feedback, enabling clin-
icians to identify high-risk patients and tailor their interventions accordingly [10,11]. This 
review aimed to explore the current literature on the use of ML for predicting postoperative 
complications following primary TKA and THA using laboratory and clinical inputs.

2. Materials and Methods
2.1. Study Design

This scoping review was conducted to systematically map, synthesize, and analyze the 
existing literature regarding the use of ML algorithms to predict postoperative complica-
tions following TKA and THA, using preoperative laboratory and clinical parameters. The 
protocol was not prospectively registered, as registration is not a mandatory element for 
scoping reviews. Nevertheless, the review was conducted according to prespecified method-
ology and eligibility criteria, while search strategy and data synthesis are transparently 
presented in detail. Reporting was performed according to the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) 
guidelines (Supplementary File, A) [12].

2.2. Eligibility Criteria
Eligibility criteria were established using the Population–Concept–Context (PCC) 

framework, a widely adopted approach for scoping reviews. The population comprised 
adult patients undergoing primary, elective TKA and/or THA. The concept of interest 
was the development, evaluation, or re-evaluation of ML, deep learning (DL), or artificial 
intelligence (AI) models incorporating routinely available laboratory parameters, combined 
with demographic and/or clinical data, as input features. Laboratory parameters included, 
but were not limited to, complete blood count (CBC) indices, biochemical measures of renal, 
nutritional and metabolic function, and coagulation parameters. The context comprised 
the prediction of postoperative adverse events, including postoperative complications of 
variable severity, prolonged LOS and unplanned readmission.

We defined ML models as multivariable predictive models using clinical, laboratory, or 
patient-level variables to predict postoperative outcomes. Hence, logistic regression (LR), 
nomograms, clustering, and other predictive algorithms were included when specifically 
developed for prediction. Simple statistical analyses and linear regression models without 
a predictive modeling framework were excluded.

Studies were excluded if they evaluated patients undergoing arthroplasty for fractures 
(i.e., hip fractures). Reports that did not incorporate laboratory parameters as model input 
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or did not examine postoperative adverse events were also excluded. Only studies published 
in English were considered eligible.

2.3. Search Strategy and Study Selection
We conducted a literature search in PubMed/MEDLINE, Scopus, and EMBASE be-

tween 20 January and 20 February 2026. The search strategy included controlled vocabulary 
and free-text keywords related to the prediction of complications and adverse events using 
ML models based on laboratory parameters in patients undergoing primary TKA and/or 
THA. For each database, the search strategy was adapted to its specific indexing system 
and search syntax. In PubMed/MEDLINE, Medical Subject Headings (MeSH) terms were 
combined with relevant free-text terms. In Scopus, the corresponding terms were searched 
using the title, abstract, and keyword fields. In EMBASE, Emtree terms were combined 
with free-text keywords. Boolean operators (“AND”, “OR”) were used to combine and 
identify relevant studies (Supplementary File, B).

The screening process was conducted in two sequential phases. First, the titles and 
abstracts of all retrieved records were assessed for potential eligibility. Articles that appeared 
to meet the inclusion criteria, as well as those for which eligibility could not be determined 
based on the abstract alone, were subsequently assessed through full-text review. The 
initial screening was conducted by one reviewer (PSP), while a second reviewer (DPP) 
independently reviewed the eligibility assessments and verified the extracted study records. 
Any disagreements were resolved through discussion until consensus was reached. The 
numbers of records identified, screened, excluded, and finally included, along with the 
specific reasons for exclusion at the full-text assessment stage, are presented in the PRISMA-
ScR flow diagram (Figure 1).

Figure 1. PRISMA-ScR flow diagram illustrating the study identification, screening, eligibility as-
sessment, and inclusion process. TKA: Total Knee Arthroplasty; THA: Total Hip Arthroplasty; ML: 
Machine Learning.

2.4. Data Synthesis
Results were summarized using both structured and narrative approaches and orga-

nized according to the adverse events assessed, including prolonged LOS and unplanned 
postoperative readmissions. Findings were charted and synthesized descriptively, consis-
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tent with the recommended scoping review methodology. Data extracted from each study 
included the primary author and publication year, study design, arthroplasty type (TKA 
and/or THA), and examined patient cohort size. Laboratory feature inputs were recorded, 
including blood biomarkers and metabolic variables incorporated into the predictive mod-
els, alongside relevant clinical and demographic information. The ML architecture was 
characterized according to the specific predictive models employed, while the targeted 
complications were documented based on the postoperative adverse events predicted by the 
respective algorithmic pipelines. Model performance was captured using discrimination 
metrics (Supplementary File, C).

A critical appraisal of the included prediction-model studies was performed using the 
Prediction model Risk of Bias Assessment Tool (PROBAST) (Supplementary File, D) [13]. 
Two reviewers independently assessed risk of bias (ROB) across the domains of partici-
pants, predictors, outcomes, and analysis, as well as the applicability of each study with 
respect to participants, predictors, and outcomes. Disagreements were resolved by dis-
cussion. The PROBAST findings were summarized descriptively and were not used as an 
exclusion criterion. 

3. Results
3.1. Study Selection

The database searches identified 144 entries, including 59 records from PubMed/MED-
LINE, 50 from EMBASE, and 35 records from Scopus. After removal of 91 duplicate records, 
53 unique articles were screened by title and abstract. Fourteen records were excluded 
during this initial screening, and 39 reports proceeded to full-text assessment. All 39 re-
ports were successfully retrieved. Following full-text assessment, 21 reports were excluded; 
13 due to non-appropriate setting, two did not report the use of ML, three examined the 
wrong population and three assessed other procedures (Figure 1).

Eighteen studies met the inclusion criteria and were finally included in the scoping 
review. Of these, 11 studies (61.1%) focused on TKA, three studies (16.7%) on THA, and 
four studies (22.2%) focused on both procedures [9,10,14–29]. Two studies assessed the 
same patient cohort [16,25]. Additionally, three studies used data from the same database, 
with potentially overlapping patient populations [9,10,29]. Therefore, the cumulative 
sample size across studies cannot be reliably calculated, as the extent of overlap is unclear. 
Thus, sample sizes are reported separately for each study in the tables.

The application of ML algorithms to laboratory and clinical data demonstrated po-
tential in enhancing predictive accuracy for complications, supporting the development 
of personalized risk assessment tools to improve perioperative care. Notably, transfusion 
requirement was the most frequently examined outcome (Figure 2).

3.2. Risk of Bias and Applicability Assessment
The PROBAST ROB and applicability assessment showed considerable variation in the 

methodological quality of the included studies [13]. Of the 18 studies assessed, three were 
classified as having a low overall ROB, seven as having unclear ROB, and eight as having 
a high overall ROB. Applicability was judged to be high in six studies, unclear in seven, 
and low in five studies, indicating that most models addressed populations, predictors, 
and outcomes relevant to TJA, despite limitations in their potential transferability to other 
clinical settings (Supplementary File, D).
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Figure 2. The graph shows the assessed complications across the included studies. LOS: prolonged 
length of stay; DVT: deep vein thrombosis; PE: pulmonary embolism; PJI: prosthetic joint infection; 
SSI: surgical site infection; POD: postoperative delirium; AKI: acute kidney injury.

3.3. Blood Loss and Transfusion Need
Ten studies studied blood loss and transfusion needs. Eight of them identified pre-

operative hemoglobin (HGB) as the most significant predictor, with levels below 13 g/dL 
strongly correlating with increased transfusion needs (Table 1). Cavazos et al. achieved an 
area under the curve (AUC) of 0.89 by incorporating HGB, creatinine, and albumin into a 
multilayer perceptron neural network (MPNN), demonstrating the interplay between ane-
mia, nutritional status, metabolic reserve, and hemodynamic stability in TKA patients [14]. 
Similarly, Cohen et al. applied multiple algorithms to predict transfusion rates in THA, 
with AUCs ranging from 0.80 to 0.83, using bleeding disorders and preoperative HCT as 
predictors [15]. A GBM model in another study achieved an AUC of 0.97 by incorporating 
HGB concentration and platelet (PLT) count, emphasizing the contribution of thrombo-
cytopenia to perioperative bleeding risk [16]. Recent research has also investigated HGB 
thresholds for predicting transfusion risk in fast-track THA and TKA [17]. Additionally, a 
GBM-based model demonstrated promising predictive performance for transfusion after 
TKA, achieving an AUC of 0.84 using HGB and PLT as predictors [18].

Kolin et al. applied LR to predict both postoperative anemia and blood transfusion 
following TKA with AUCs of 0.88 and 0.90, respectively [19]. Another study used K-
means clustering to identify vulnerable patient subgroups at increased risk for various 
complications, including blood transfusion among Medicare patients undergoing TKA 
or THA [10]. Further research demonstrated the highest predictive performance with an 
MPNN, which achieved an AUC of 0.99 for predicting transfusion risk after TKA, using 
HGB, preoperative anticoagulant use, and antiplatelet use as predictors [20]. Wu et al. used 
univariate analysis and LR to identify risk factors for substantial hemorrhage following 
TKA, highlighting PLT as a predictive variable [21]. Huang et al. compared LR with 
six machine-learning algorithms to predict postoperative transfusion in 12,642 patients 
undergoing primary THA/TKA, identifying RF and LSTM as the best-performing models 
(AUC 0.84 and 0.83, respectively), with preoperative HGB, HCT, and ASA class among the 
key predictors [22].
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Table 1. Studies predicting blood loss and transfusion need after total joint arthroplasty (TJA).

Study (Year) Procedures Patients Predictors Models AUC

Cavazos et al. 
(2023) [14] TKA 2093 HGB, Crea, ALB MPNN 0.89

Cohen et al. 
(2023) [15] THA 7265 Bleeding 

disorders, HCT
ANN, SGB, SVM, 

ENP 0.80–0.83

Faure et al. 
(2025) [16] TKA 774 HGB, PLT GBM 0.97

Jørgensen et al. 
(2024) [17] THA, TKA 3913 HGB N/R N/R

Jo et al. (2020) 
[18] TKA 1686 HGB, PLT GBM 0.84

Kolin et al. 
(2023) [19] TKA 14,188 HGB LR

0.88 (anemia) 
0.90 

(transfusion)

Ranti et al. 
(2020) [10] THA, TKA 134,252

Na, BUN, CREA, 
ALB, bilirubin, 

WBC, HCT, PLT, 
INR

K-means 
clustering N/R

Sayeed et al. 
(2022) [20] TKA 1328

HGB, 
anticoagulants, 

antiplatelets
MPNN 0.99

Wu et al. (2022) 
[21] TKA 3350 PLT, HGB Univariate, LR N/R

Huang et al. 
(2021) [22] THA, TKA 12,642 HGB, HCT

LSTM, RF, LR, 
DT, KNN, SVM, 

Naïve Bayes

0.65–0.86
(multiple 

algorithms)
TKA: Total Knee Arthroplasty; THA: Total Hip Arthroplasty; HGB: Hemoglobin; HCT: Hematocrit; PLT: 
Platelet Count; Crea: Creatinine; ALB: Albumin; INR: International Normalized Ratio; DT: Decision 
Tree; KNN: k-nearest neighbors; MPNN: Multilayer Perceptron Neural Network; ANN: Artificial 
Neural Network; LSTM: Long Short-Term Memory; RF: Random Forest; LR: Logistic Regression; SGB: 
Stochastic Gradient Boosting; SVM: Support Vector Machine; ENP: Elastic Net Penalization; GBM: 
Gradient Boosting Machine; LR: Logistic Regression; AUC: Area Under the Curve; N/R: Not Reported; 
Na: Sodium; WBC: White Blood Cells.

3.4. Severe Adverse Events
Severe adverse events were defined as DVT, PE, SSI, PJI, AKI, renal insufficiency, and 

metabolic disturbances. Four studies investigating these complications were identified and 
are summarized in Table 2.

Ranti et al. identified 3153 patients who developed complications following TJA and 
found that those with substantially elevated preoperative levels of blood urea nitrogen 
(BUN), creatinine, and international normalized ratio (INR) experienced nearly twice the 
rate of severe adverse events [10].

Another study demonstrated that preoperative PLT levels < 249,890/mm3 , sodium 
levels < 139.5 mEq/L, ASA score > 4, high body mass index (BMI), and prolonged LOS 
were the better predictors of PJI, with a histogram-based gradient boosting (Hist-GBM) 
model achieving an AUC of 0.88 [23].
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Ko et al. achieved an AUC of 0.89 by using creatinine levels > 1.2 mg/dL and
eGFR < 60 mL/min/1.73 m2  in a web-based algorithm, highlighting the predictive value of 
impaired renal function markers for postoperative outcomes [24]. In contrast, Tran et al. 
assessed electrolyte disturbances and achieved an AUC of 0.98 using a GBM model with 
preoperative GFR as key predictor [25].

Table 2. Studies assessing predictors of severe adverse events after total joint arthroplasty (TJA).

Study (Year) Procedures Patients Predictors Adverse 
Events Models AUC

Ranti et al. 
(2020) [10] THA, TKA 134,252 BUN, Crea, 

INR

PJI, DVT/PE, 
RI, AKI, 
sepsis

K-means 
clustering N/R

Salimy et al. 
(2025) [23] THA 51,053 PLT, Na PJI

Hist-GBM, 
ANN, KNN, 

RF, SVM
0.88 (GBM)

Ko et al. 
(2022) [24] TKA 5757

Crea, eGFR, 
HGB, PLT, 

BUN
AKI GBM 0.89

Tran et al. 
(2025) [25] TKA 774 GFR, Crea AKI, K 

disturbances GBM 0.98

TKA: Total Knee Arthroplasty; THA: Total Hip Arthroplasty; BUN: Blood Urea Nitrogen; Crea: Cre-
atinine; INR: International Normalized Ratio; PLT: Platelet Count; Na: Sodium; K: Potassium; CCI: 
Charlson Comorbidity Index; eGFR: Estimated Glomerular Filtration Rate; GFR: Glomerular Filtra-
tion Rate; HGB: Hemoglobin; HCT: Hematocrit; GBM: Gradient Boosting Machine; ANN: Artificial 
Neural Network; KNN: K-Nearest Neighbors; RF: Random Forest; SVM: Support Vector Machine; 
SGB: Stochastic Gradient Boosting; ENP: Elastic Net Penalization; PJI: Periprosthetic Joint Infection; 
DVT: Deep Vein Thrombosis; PE: Pulmonary Embolism; RI: Renal Insufficiency; AKI: Acute Kidney 
Injury; AUC: Area Under the Curve; N/R: Not Reported.

3.5. Postoperative Delirium
Three studies targeted POD prediction using laboratory markers indicative of nutri-

tional and metabolic status before surgery (Table 3). In a cohort of 3570 patients, with a POD 
rate of 4.9%, the authors used extreme gradient boosting (XGBoost) algorithms to develop 
predictive models based on ASA score, preoperative HGB levels, albumin, renal function 
markers such as the BUN/creatinine ratio, and non-laboratory variables including age, 
depression, and medication use. The model achieved an AUC of 0.82 [26]. A prospective 
study of 364 patients undergoing TKA or THA achieved an AUC of 0.96 using LR based on 
serum albumin < 3.5 g/dL and prealbumin < 15 mg/dL. These findings highlighted the 
role of malnutrition in postoperative neurocognitive decline and its potential contribution 
to POD, possibly mediated by changes in total tau (T-tau) and phosphorylated tau (P-tau) 
levels [27]. In another retrospective study, 681 elderly patients undergoing THA were 
evaluated for predictors of POD, including the Barthel Index, preoperative HGB levels, 
diabetes history, and cerebrovascular disease history. A combined least absolute shrinkage 
and selection operator (LASSO) regression and LR model achieved an AUC of 0.84 [28].

3.6. Prolonged Hospital Stay
Two studies explored the prediction of prolonged hospital stay following TJA using 

preoperative laboratory parameters and ML models (Table 4). Chen et al. analyzed 267,966 
patients undergoing TKA and evaluated prolonged LOS, defined as LOS exceeding the 
75th percentile of the cohort. They employed artificial neural network (ANN), RF, and 
GBM models to predict prolonged LOS, achieving an AUC of 0.71. Their models identified 
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preoperative transfusion history, HCT < 39% and an American Society of Anesthesiologists 
(ASA) score ≥ 3 as critical predictors of prolonged LOS [29]. Jørgensen et al. conducted an 
analysis of an existing ML algorithm in 3913 patients undergoing THA or TKA to identify 
patients at increased risk of LOS > 4 days or readmission due to medical complications, 
with preoperative HGB emerging as an important predictor [17].

Table 3. Studies predicting postoperative delirium (POD) after total joint arthroplasty (TJA).

Study (Year) Procedures Patients Predictors Models AUC

Jung et al. (2022) 
[26] TKA 3570

HGB, BUN/Crea, 
ALB, WBC, HCT, 

CRP
XGBoost 0.82

Wang et al. 
(2024) [27] TKA, THA 364 ALB, Prealbumin LR 0.96

Zhang et al. 
(2024) [28] THA 681 HGB LASSO, LR 0.84

TKA: Total Knee Arthroplasty; THA: Total Hip Arthroplasty; HGB: Hemoglobin; BUN: Blood Urea 
Nitrogen; Crea: Creatinine; ALB: Albumin; WBC: White Blood Cell Count; HCT: Hematocrit; XGBoost: 
Extreme Gradient Boosting; LR: Logistic Regression; LASSO: Least Absolute Shrinkage and Selection 
Operator; AUC: Area Under the Curve.

Table 4. Studies assessing predictors of prolonged length of hospital stay (LOS) after total joint 
arthroplasty (TJA).

Study (Year) Procedures Patients Predictors Models AUC

Chen et al. 
(2023) [29] TKA 267,966

HCT, PLT, WBC, 
preoperative 
transfusion

ANN, RF, GBM, 
KNN 0.71

Jørgensen et al. 
(2024) [17] THA, TKA 3913 HGB N/R N/R

TKA: Total Knee Arthroplasty; THA: Total Hip Arthroplasty; HCT: Hematocrit; PLT: Platelet Count; 
WBC: White Blood Cells; HGB: Hemoglobin; ANN: Artificial Neural Network; RF: Random Forest; 
GBM: Gradient Boosting Machine; KNN: K-Nearest Neighbors; AUC: Area Under the Curve; N/R: 
Not Reported.

3.7. Readmission and Discharge Planning
Two studies examined discharge planning and readmission prediction following TJA, 

using laboratory and non-laboratory factors to assess patient readiness for discharge or 
the risk of complications requiring rehospitalization within 30 days after surgery (Table 5). 
Wei et al. identified preoperative sodium, preoperative INR, BMI, age, anesthesia type, 
operative time, dyspnea status, functional status, race, anemia status, and chronic obstructive 
pulmonary disease (COPD) as key predictors of successful same-day discharge following 
TKA. Their ANN and LR models achieved AUCs of 0.80 and 0.79, respectively [9]. Ranti et al. 
further demonstrated the potential clinical utility of BUN, creatinine, and INR for identifying 
patients at high risk for unplanned readmission, based on an analysis of 5068 readmission 
cases [10].
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Table 5. Studies assessing discharge planning and readmissions after total joint arthroplasty (TJA).

Study (Year) Procedures Patients Predictors Models AUC

Wei et al. (2021) 
[9] TKA 28,742 Na, INR, HGB ANN, LR 0.80, 0.79

Ranti et al. 
(2020) [10] THA, TKA 134,252 BUN, crea, INR K-means 

clustering N/R

TKA: Total Knee Arthroplasty; THA: Total Hip Arthroplasty; Na: Sodium; INR: International Normal-
ized Ratio; HGB: Hemoglobin; BUN: Blood Urea Nitrogen; Crea: Creatinine; ANN: Artificial Neural 
Network; LR: Logistic Regression; AUC: Area Under the Curve; N/R: Not Reported.

4. Discussion
The ML is a subset of AI that enables computer systems to automatically learn and 

improve from experience without being explicitly programmed for each specific task [30]. 
The fundamental principle underlying ML involves analyzing data to identify patterns and 
make predictions, using algorithms capable of efficiently processing complex datasets [30]. 
The integration of AI in joint reconstructive surgery has expanded its role beyond surgical 
precision to predicting clinical outcomes [31]. Recent research indicates that AI-powered 
algorithms can demonstrate promising discriminative performance in predicting postop-
erative complications. These models have demonstrated predictive utility across a broad 
spectrum of outcomes, ranging from relatively mild adverse events, such as transfusion 
requirements and prolonged LOS, to severe postoperative complications [32]. Moreover, 
the emergence of personalized data-driven practice (PDDP), powered by AI, enables the 
integration of various data sources, including imaging, device data, and real-time laboratory 
metrics, into patient-specific treatment plans, shifting orthopaedic care from reactive to 
proactive management [33,34].

This review summarizes the emerging evidence on ML models that use routinely 
available laboratory parameters to predict complications after primary TJA. Across the 
included studies (Tables 1–5), HGB, HCT, PLT, and markers of renal function were the 
laboratory variables most consistently associated with postoperative complications, par-
ticularly when combined with demographic and clinical characteristics such as age, BMI, 
ASA score and comorbidity burden [9,10,14–29]. Transfusion requirement was the most 
frequently examined outcome, followed by severe adverse events, POD, LOS and 30-day 
readmission rates, highlighting the clinical relevance of these outcomes in the perioperative 
management of TJA patients and the need for reliable predictive tools to identify high-risk 
patients and support personalized perioperative care [14–16,18–20,23,25–29].

The reviewed ML models demonstrated high discriminative performance in predicting 
postoperative adverse events, with the highest predictive performance reported for transfu-
sion risk, AKI, PJI, and POD [14–20,23–29]. Tree-based ensemble methods, MPNN, and 
RFs demonstrated favorable performance across several studies; however, heterogeneity in 
datasets, outcomes, and validation approaches precludes firm conclusions regarding the 
superiority of a specific algorithm [14–16,18,20,22–27]. Thus, the highest reported AUC 
values should be interpreted cautiously, particularly in studies with limited external vali-
dation, as apparent gains in discrimination may reflect dataset-specific signals, outcome 
prevalence, or overfitting, rather than results that can be reliably reproduced in other clini-
cal settings [22,23,25–29]. Cluster-based approaches nevertheless provide complementary 
value by identifying clinically recognizable high-risk phenotypes, such as patients with 
concomitant elevations in BUN, creatinine, and INR who experienced higher rates of severe 
adverse events and unplanned readmission [10]. Because these variables are routinely 
available before surgery, they may support preoperative risk stratification for transfusion 
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and renal complications. Similarly, models predicting LOS, same-day discharge, and read-
mission may support more individualized preoperative discharge planning. However, 
further prospective studies are needed to determine whether these promising predictive 
findings translate into model-guided interventions that reduce adverse events and improve 
quality of care and clinical outcomes.

From our perspective, the clinical value of preoperative laboratory parameters lies 
not only in their ability to predict complications but also in their potential to enhance 
preoperative optimization. Several predictors identified in this review relate to potentially 
modifiable clinical features. Haemoglobin and haematocrit can inform the assessment and 
management of preoperative anaemia and patient blood management, while albumin and 
prealbumin may help identify patients who require further nutritional assessment. Renal 
function and coagulation markers can likewise inform the evaluation and perioperative 
management of underlying physiological dysfunction [10,14,19,24,27]. However, existing 
models primarily use these variables as predictors of risk rather than linking their outputs 
to defined optimization strategies, and no common framework currently connects ML-
based risk estimates with specific, evidence-based interventions. Avram et al. recently 
highlighted the need to move beyond reliance on BMI thresholds and standardized enhanced 
recovery protocols towards more individualized metabolic, inflammatory, and nutritional 
assessment [35]. The growing use of GLP-1 receptor agonists in patients with obesity 
and type 2 diabetes further illustrates the evolving complexity of perioperative metabolic 
management, although their role in arthroplasty optimization requires further evaluation. 
In this context, ML models based on routinely available laboratory data could provide a 
quantitative basis for identifying patients who may benefit from more detailed assessment 
and targeted optimization. Nevertheless, laboratory-based risk prediction alone does not 
establish which interventions are appropriate or whether they improve outcomes. Future 
research should evaluate the integration of laboratory markers with broader metabolic and 
inflammatory profiling and determine whether ML-guided, individualized optimization 
improves clinical outcomes after TJA.

Beyond the development of optimization strategies, successful clinical implementation 
remains an important challenge. The practical value of ML models depends on their 
interpretability, calibration, integration into clinical workflows, and accessibility to clinicians 
at the point of care. Few studies have evaluated integration into electronic health records, 
clinician use of model outputs, or cost-effectiveness. Future research should therefore focus 
on studies assessing whether ML-guided perioperative care can reduce complications, LOS, 
readmissions, and healthcare resource use, and whether these models can be effectively 
integrated into clinical workflows.

Despite these challenges, ML has considerable potential to enhance decision-making, 
reduce postoperative complications, and improve patient outcomes through more person-
alized approaches to care. Addressing data standardization, algorithm transparency, and 
clinical validation across healthcare settings will be essential for translating this potential 
into routine clinical practice in joint reconstructive surgery [34,36–38].

5. Limitations
While this review provides valuable insights into the predictive potential of routinely 

available laboratory parameters and ML models for postoperative complications following 
primary TKA and THA, several limitations should be acknowledged. The included studies 
were heterogeneous in terms of data sources, patient populations, outcome definitions, 
laboratory thresholds, and ML methodologies. This heterogeneity limited direct compar-
isons across studies and precluded formal quantitative synthesis. Because the included 
studies assessed different outcomes and populations, their AUC values should be compared 

https://doi.org/10.3390/prosthesis8110116

https://doi.org/10.3390/prosthesis8110116


Prosthesis 2026, 8, 116 11 of 14

cautiously. Many models were developed using retrospective data, which may introduce 
selection bias and limit the assessment of unmeasured confounders. Some studies used the 
same patient cohort or examined the same database; hence, the cumulative sample size of 
our review cannot be reliably calculated. In addition, only a minority of studies underwent 
external or multicenter validation, raising concerns about model calibration, overfitting, and 
reproducibility to different clinical settings. Differences in perioperative protocols, transfu-
sion thresholds, case mix, coding practices, and laboratory reference ranges may further 
affect model performance across different institutions. The lack of standardized reporting in 
some studies also limited the assessment of model performance and interpretability. Future 
research should prioritize prospective, multicenter validation using standardized outcome 
definitions and reporting frameworks to establish the reliability of these models and their 
use in clinical practice across diverse TJA populations.

6. Conclusions
The ML models using routinely available laboratory and clinical parameters show 

promising predicting potential regarding postoperative complications following primary 
TJA. Across the available evidence, laboratory measures such as HGB, HCT, PLT, and 
renal function markers were frequently used and associated with predictive performance 
across outcomes including transfusion, severe adverse events, POD, LOS, and readmission. 
These findings support the potential role of ML in risk stratification and more personalized 
perioperative care. However, methodological heterogeneity, retrospective study designs, 
and limited validation remain important limitations. Future prospective, multicenter studies 
are needed to establish the clinical utility of these models in joint reconstructive surgery.
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ASA American Society of Anesthesiologists Score
AUC Area Under the Curve
BMI Body Mass Index
BUN Blood Urea Nitrogen
CBC Complete Blood Count
CCI Charlson Comorbidity Index
COPD Chronic Obstructive Pulmonary Disease
Crea Creatinine
CRP C-reactive Protein
DVT Deep Vein Thrombosis
eGFR Estimated Glomerular Filtration Rate
ENP Elastic Net Penalization
GBM Gradient Boosting Machine
GFR Glomerular Filtration Rate
HCT Hematocrit
HGB Hemoglobin
Hist-GBM Histogram-Based Gradient Boosting
INR International Normalized Ratio
KNN K-Nearest Neighbors
LOS Length of Stay
LR Logistic Regression
MeSH Medical Subject Heading
ML Machine Learning
MPNN Multilayer Perceptron Neural Network
N/R Not Reported
PCC Population, Concept, and Context
PDDP Personalized Data-Driven Practice
PE Pulmonary Embolism
PJI Periprosthetic Joint Infection
PLT Platelet Count
POD Postoperative Delirium

PRISMA-ScR Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews

PROBAST Prediction Model Risk of Bias Assessment Tool
RF Random Forest
ROB Risk of Bias
SGB Stochastic Gradient Boosting
SVM Support Vector Machine
SSI Surgical Site Infection
TJA Total Joint Arthroplasty
TKA Total Knee Arthroplasty
THA Total Hip Arthroplasty
WBC White Blood Cell Count
XGBoost Extreme Gradient Boosting
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