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Abstract 

Objectives: Lower limb alignment (LLA) measurements are vi tal for pre-operative assessments and  
surgical  planning in orthopedics. Arti ficial intelligence (AI) can enhance the precis ion and consistency 
of these measurements. This systematic review and meta -analysis evaluates the accuracy and  
reliabili ty of AI-based approaches in detecting anatomical landmarks and measuring LLA angles, 
highlighting both their strengths and limitations. 

Methods: Adhering to PRISMA guidelines, we searched PubMed, Scopus, Embase, and Web of Science on July 
2024 and included observational studies validating AI-driven LLA measurements. Pooled intraclass correlation 
coefficients (ICCs) were computed to assess inter-rater reliability between AI and manual measurements. The 
Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2) tool was used to assess study quality. 

Results: We reviewed 28 studies with 47,200 patients and 61,253 images; AI demonstrated high reliability in 
measuring 15 lower limb angles, with pooled ICCs ranging from 0.9811 to 1.0597. Angles like the hip-knee-ankle 
(HKA; ICC = 0.9987, 95% CI: 0.9975–0.9998) and the mechanical tibiofemoral angle (mTFA; ICC = 1.0001, 95% 
CI: 1.0001–1.0001) showed near-perfect agreement. In contrast, the joint line convergence angle (JLCA) and 
femoral anatomical-mechanical angle (FAMA) exhibited lower reliability and significant publication bias. 
Heterogeneity was substantial across most angles (I² = 63%–100%). These findings highlight the potential of AI for 
clinical applications while also identifying areas that require refinement and standardization. 

Conclusion: AI exhibits high reliability and accuracy in measuring key LLA angles, often outperforming manual 
techniques in both speed and consistency. It holds significant promise as a clinical tool, though challenges with less 
reliable angles warrant further refinement. Future studies should focus on standardizing landmark definitions and 
addressing implementation barriers to maximize AI’s potential in orthopedic practice. 

        Level of evidence: IV 

        Keywords:  Artificial intelligence, Hip-knee-ankle angle, Joint line congruency angle, Lower limb alignment, Mechanical 

axis deviation, Neural network 

 
 

Introduction

sing a full-length (weight-bearing) leg radiograph, 
orthopedic surgeons measure the anatomical and 
mechanical axes in lower limb alignment (LLA).1 

LLA is essential for various investigations, including long-
leg discrepancy, pre- and post-operative assessments, 

deformity assessments, and surgical planning.1 
Malalignment is a considerable risk factor for cartilage 
damage, pain, gait disturbances, and the development of 
osteoarthritis.2,3 Furthermore, patient-reported outcomes, 
prosthesis survival, and postoperative complications are 
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associated with LLA following total knee arthroplasty.4,5 
Despite the importance of LLA measurement, it’s time-
consuming and challenged by variability among surgeons 
and inconsistencies.6,7 Artificial intelligence (AI) systems 
represent a promising area of research for improving 
workflow efficiency and enhancing the accuracy of LLA 
measurement. 

AI has significantly advanced medical imaging by offering 
tools that enhance diagnostic accuracy, reduce variability, 
and improve workflow efficiency.8 Numerous studies have 
explored the applications of AI in orthopedic imaging, 
including fracture detection, osteoarthritis classification, 
implant identification, and the measurement of sub-
specialty angles.8-10 

Because these systems can fully automate the processing 
of enormous amounts of data, they have gained popularity 
in medical imaging.11 Convolutional neural networks 
(CNNs) are the most frequently used architecture to 
develop these machine learning software.12 The 
capabilitiesof AI in measuring LLAs remain underexplored, 
with notable gaps in model variations, landmark detection 
techniques, and imaging protocols. Key questions include 
which angles are most reliably measured by AI, its accuracy 
in complex cases, and the practical challenges of integrating 
AI into clinical workflows. Addressing these issues is crucial 
for advancing AI from research to widespread clinical 
application. 

This study systematically reviews and analyzes existing 
research on AI-based LLA measurement, comparing its 
accuracy and reliability to traditional manual methods. By 
identifying the strengths and limitations of AI in this 
context, we aim to evaluate its readiness for clinical 
adoption and highlight areas that require further 
development. Ultimately, our work addresses a crucial 
question: Can AI replace manual LLA measurement while 
maintaining the accuracy and consistency demanded in 
orthopedic practice? 

Materials and Methods 
This systematic review was conducted in complete 

accordance with the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) 
guidelines and was prospectively registered with 
PROSPERO (CRD42023437952).13 

Literature Search 
Scopus, Embase, PubMed, and Web of Science databases 

were searched comprehensively in July 2024, using a 
combination of keywords: )“artificial intelligence” OR 
“machine learning” OR “neural network*”) AND 
)“alignment” OR “malalignment” OR “bone” OR “knee” OR 
“limb” OR “valgus cut angle” OR “Q angle”). No restriction on 
time or language were applied during the search. 
Addittionally, Google Scholar was searched, and the citations 
of included studies were screened for any relevant studies 
that may have been overlooked. 

Study Eligibility Criteria 
Observational studies that validate AI methods for 

measuring LLA from X-ray radiographs were eligible for 
inclusion in this study. We also included studies that 
reported on models that categorize lower limb posture as 
neutral, valgus, or varus. We excluded papers that 

presented surgical decision support systems for balancing 
LLA but did not disclose alignment measurements or 
status. Additionally, reviews, conference abstracts, non-
human studies, and papers not published in English were 
excluded. This review adhered to the Population 
Intervention Comparison Outcome (PICO) framework: (P) 
patients undergoing lower limb alignment assessments; (I) 
AI-based measurement of lower limb alignment angles 
from X-ray radiographs; (C) manual or conventional 
methods of alignment measurement and (O) the accuracy 
and reliability of AI-based methods, as evaluated by 
intraclass correlation coefficient (ICC) and error metrics. 

Study Selection 
After removing duplicate entries, two reviewers (AS and 

NN) systematically screened the titles and abstracts. They 
assessed the full texts based on stringent inclusion and 
exclusion criteria, and any disagreements were 
effectively resolved through discussion and consultation 
with the first author (YK). 

Data Extraction 
  A data extraction sheet was developed (YK) that included 
demographic data, study date, imaging modality, AI model 
details, number of landmarks, measured angles, and overall 
conclusions. Two reviewers (MN and JK) independently 
extracted the data. If multiple machine learning models were 
utilized in a study, information regarding all of them was 
recorded. The measured angles included the lateral proximal 
femoral angle (LPFA), medial proximal femoral angle 
(MPFA), mechanical lateral distal femoral angle (mLDFA), 
medial proximal tibial angle (MPTA), lateral distal tibial angle 
(LDTA), mechanical axis deviation (MAD), hip-knee-ankle 
(HKA) angle, anatomic tibiofemoral angle (aTFA), 
mechanical tibiofemoral angle (mTFA),  joint line 
convergence angle (JLCA), weight-bearing line (WBL) ratio, 
joint line orientation angle (JLOA), femoral anatomical-
mechanical angle (FAMA),  femoral component alignment 
(FCA), and tibial component alignment (TCA).14 

Risk of Bias Assessment 
  Quality Assessment of Studies of Diagnostic Accuracy-
Revised tool was utilized to assess the risk of bias in the 
included studies.15 This tool was tailored by considering 
specific items from the Checklist for Artificial Intelligence in 
Medical Imaging (CLAIM).16 Two independent authors (FM 
and MP) conducted the assessment to ensure clarity and 
consensus. Any conflicts were resolved through group 
discussion.  

Statistical Analysis 
  A meta-analysis was conducted to estimate the pooled ICC 
and the corresponding 95% confidence intervals (CIs) for 
inter-rater reliability across the studies included in the 
analysis. We used the Fisher Z-transformation method to 
stabilize the variance of the ICCs. Following the meta-
analysis, the pooled Z-transformed ICC and its 95% 
confidence interval were back-transformed to the ICC scale. 
The data were categorized based on the different AI models 
used in the studies, and a separate meta-analysis was 
performed for each group. Only AI models with more than 
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three studies were included in the analysis.  
  Restricted Maximum Likelihood (REML) random effects 
model was applied in the analyses. Heterogeneity and 
inconsistency were assessed using Cochran’s Q statistics and 
I2 tests. P-values less than 0.05 were considered statistically 
significant. All analyses were performed using R software 
(version 4.3.2, released on October 31, 2023), using the 
“meta” and “metafor” packages.  

Results 
Search Results 
  We searched all available databases for this systematic 
review, including PubMed (468), Embase (483), Scopus 
(634), and Web of Science (415). After eliminating duplicate 
articles, 996 articles remained. After two individuals 
reviewed the titles and abstracts, the full texts of 64 articles 
were obtained. Two team members conducted the full-text 
screening, resulting in 28 articles that met our criteria 
[Figure 1].11,17-43 

Study Characteristics 
  After extensive research and data extraction, 28 studies 
conducted between 2020 and 2024 were included in this 
revies. South Korea,23,24,26,30,32,33 Germany,20,34,36,39,43 
USA,18,22,25,40,41 and Austria11,28,37,38 were the most prominent 
countries. Only one article utilized knee X-ray (KXR) to 

measure alignment angles 32; while three articles used both 
KXR and full-length limb X-ray (FLXR).21,30,42 The remaining 
studies exclusively used FLXR. The included studies 
processed data from 47,200 patients, including a total of 
61,253 images. Ten of these studies implemented data 
augmentation techniques, and 20 utilized regions of interest 
recognition before assessing the anatomical landmarks. Four 
articles focused on measuring alignment in patients either 
pre- or post-arthroplasty.20,34,37,40 Two studies examined the 
accuracy of AI in pediatrics application,31,41 while three 
articles evaluated angle measurements in corrective knee 
osteotomy.28,29,38  The number of anatomical landmarks 
varied between three to 31 in different models [Table 1]. The 
only commercially available product investigated was the 
Leg Angle Measurement Assistant (LAMATM) by Image 
Biopsy Lab.11,18,28,34,37,38 
  The reviewed studies used various AI models and 
architectures, primarily CNNs such as U-NET and ResNet, for 
image segmentation and landmark detection. Advanced 
object detection models, including YOLOv3 and YOLOv4 
were used.39,40 DenseNet and Inception ResNet were used for 
feature extraction and alignment measurements.31,39,42,43 
Segmentation-focused models, such as SegNet and HRNet, 
were also used to improve accuracy in identifying regions of 
interest.17,26 

   
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. PRISMA flow diagram 



(386) 

 

 

 
  

 

THE ARCHIVES OF BONE AND JOINT SURGERY.    ABJS.MUMS.AC.IR 
VOLUME 13. NUMBER 7.  JULY 2025 

AI IN LOWER LIMB ALIGNMENT: A SYSTEMATIC REVIEW 

Table 1. Study characteristics 
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Table 1. Continued 
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ROI: region of interest, FLXR: full-length x-ray, KXR: knee x-ray, mLDFA: mechanical lateral distal femoral angle, MPTA: medial proximal tibial angle, LDTA: lateral distal tibial 

angle, ATFA: anatomical tibiofemoral angle, HKA: hip-knee-ankle angle, WBL: weight-bearing line, LPFA: lateral proximal femoral angle, JLCA: joint line convergence angle, 

MAD: mechanical axis deviation, JLOA: joint line orientation angle, TCA: tibial component angle, FCA: femoral component angle, FAMA: femoral anatomical-mechanical angle, 

CNN: convolutional neural network, LAMA: Leg Angle Measurement Assistant 

 
  Fifteen angles were analyzed to assess LLA using a machine 
learning (ML) technique. The HKA angle, referenced in 21 
studies, was the angle that was evaluated the most frequently 
among these angles. The ICC values for the measured angles 
ranged from 0.71 to 1.0, indicating that the automated AI 
measurement method exhibited a high level of accuracy and 
comparability with manual measurements. The ML 
algorithm significantly correlated with manual 
measurements across all cases. Among the angles measured, 
LDTA, mLDFA, and JLCA exhibited the lowest correlation 
with manual measurements. In contrast, MAD and HKA 
angles exhibited the highest correlation and accuracy. Yang 
et al. measured five angles in both native and prosthetic knee 
joints, reporting a lower discrepancy in angle measurements, 
particularly for JLCA, mLDFA, and MPTA.17 A summary of the 
measured angles is presented in the supplementary material. 

Meta-analysis 
  The pooling of the ICCs for individual angles revealed that AI 
models consistently attained excellent inter-rater reliability, 
with ICCs ranging from 0.9811 to 1.0597. Despite this robust 
performance, there was considerable heterogeneity for most 
angles, with I² values ranging from 63% to 100%, indicating 
significant variability. Publication bias was identified in 

several measurements, especially for angles such as the JLCA 
and the FAMA. Critical angles, including the HKA and the 
mTFA, demonstrated near-perfect reliability, highlighting 
their clinical significance. These findings underscore the 
reliability of AI in standard measurement and the necessity 
for further refinement in areas characterized by variability 
and bias [Figure 2 and Table 2]. 

Quality Assessment 
  The risk of bias assessment revealed that seven studies 
exhibited a high risk of bias in patient selection due to 
inappropriate exclusions. In contrast, several other studies 
presented an unclear risk owing to insufficient data or 
unclear patient selection processes. Within the reference 
standard domain, two studies were classified as having high 
risk of bias due to a lack of information regarding human 
annotators and replication details, while two additional 
studies demonstrated an unclear risk. In the flow and timing 
domain, nine studies exhibited a high risk because not all 
patients were analyzed or did not receive the same reference 
standard. Additionally, six studies were categorized as 
having an unclear risk due to insufficient information [Figure 
3 and Table 3].  

Table 1.  Continued 
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Figure 2. Meta-analysis forest plots 

  

 

Table 2. Summary of meta-analyses for each measured angle 

Angle No. studies Pooled ICC (95% CI) Heterogeneity% Publication bias (p) 

HKA 14 0.9987 )0.9975-0.9998) 100 0.3094 

MAD 5 0.9928 )0.9719-1.0136) 63 0.9499 

mTFA 2 1.0001 )1.0001-1.0001) 92 < 0.0001 

JLCA 8 0.9811 )0.9799-0.9823) 96 0.0001 

mLDFA 10 0.9888 )0.9781-0.9995) 91 0.0040 

mMPTA 10 0.9965 )0.9867-1.0063) 93 0.0001 

LPFA 4 0.9850 )0.9519-1.0182) 89 0.2400 

mLDTA 5 0.9930 )0.9055-1.0805) 90 0.1945 

FAMA 5 1.0597 )1.0181-1.1012) 95 0.0005 

Hip-Knee-Ankle Angle (HKA); Mechanical Axis Deviation (MAD); Mechanical Tibiofemoral Angle (mTFA); Joint Line Convergence Angle (JLCA); 
Mechanical Lateral Distal Femoral Angle (mLDFA); Mechanical Medial Proximal Tibial Angle (mMPTA); Lateral Proximal Femoral Angle (LPFA); 
Mechanical Lateral Distal Tibial Angle (mLDTA); Femoral Anatomical-Mechanical Angle (FAMA); Confidence intervall (CI) 
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Figure 3. Quality assessment graphs

Table 3. Details of Quality assessment 

 Risk of bias Concern of Applicability  
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Jang et al. unclear unclear low risk low risk low risk unclear low risk 

Miyama et al. unclear unclear low risk low risk low risk unclear low risk 

Lee et al. unclear unclear low risk low risk low risk low risk low risk 

Tanner et al.  unclear unclear low risk low risk low risk unclear low risk 

Wilhelm et al. unclear low risk low risk low risk low risk low risk low risk 

yang et al. unclear low risk low risk low risk low risk unclear low risk 

Simon et al. unclear unclear low risk high risk  low risk unclear low risk 

Stotter et al.  high risk  low risk low risk high risk  low risk unclear low risk 

Schwarz et al. high risk  unclear low risk high risk  low risk unclear low risk 

Mitterer et al. high risk  unclear low risk high risk  low risk low risk low risk 

Archer et al. high risk  unclear low risk high risk  low risk low risk low risk 

Wang et al. unclear unclear unclear low risk low risk unclear low risk 

Tack et al. unclear unclear low risk high risk  low risk unclear low risk 

tsai low risk unclear unclear high risk  low risk unclear low risk 

Pei et al. high risk  unclear low risk low risk low risk unclear low risk 

Bernard et al.  high risk  unclear low risk unclear low risk unclear low risk 

Jo et al. unclear unclear low risk high risk  low risk unclear low  risk 

Meng et al unclear unclear low risk high risk  low risk unclear low risk 

nguyen et. al unclear unclear high risk  unclear low risk unclear low risk 

jang et al. unclear unclear low risk unclear low risk unclear low risk 

erne et al. unclear unclear low risk unclear low risk unclear low risk 

kunze et al. low risk unclear high risk  unclear low risk unclear low risk 

Schock et al. high risk  unclear low risk low risk low risk unclear low risk 
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Discussion 
  We conducted a systematic review of 28 studies published 
between 2020 and 2024. These studies included data from 
47,200 patients and 61,253 images used to measure 
alignment angles. The HKA angle was the most commonly 
assessed and demonstrated high accuracy, comparable to 
manual measurements. Our meta-analyses showed that AI 
technologies are reliable for clinical applications, with the 
MAD, HKA, and mTFA angles exhibiting the highest 
reliability.  
  This systematic review assessed the predictive value of AI in 
measuring LLA and compared its accuracy to that of manual 
measurement. A significant advantage of AI is its high 
processing speed; for instance, the measurement times for 
different models per image range from 0.3 to 20.63 seconds, 
whereas manual measurement takes between 135.4 and 
616.8 seconds.22,26,43 Additionally, AI helps prevent human 
error. The accuracy of AI detection was influenced by the 
angle of measurement, with higher correlations reported in 
the MAD and HKA compared to the LDTA, mLDFA, and 
JLCA.17,34 Another factor affecting detection accuracy was the 
extent of joint deformity; for instance, landmark detection 
was easier in a prosthetic knee joint than in a knee with 
severe osteoarthritis and multiple osteophytes.37 Therefore, 
the timing of the measurement—whether pre- or post-
operation— should be carefully considered when evaluating 
the advantages and disadvantages of using AI for alignment 
measurement.  
  AI has demonstrated the potential to revolutionize routine 
tasks performed in an orthopedic surgeon's practice. 
Accurate and consistent LLA measurement is essential for 
achieving optimal outcomes. Kurmis and Ianunzio44 
emphasize AI's capacity to analyze extensive datasets and 
improve surgical accuracy, which supports our results that AI 
models attained near-perfect correlation with seasoned 
professionals who possess decades of experience and 
training. The aggregated results highlight AI's potential to 
transform orthopedic practices through enhanced precision, 
efficiency, and improved patient outcomes. 
  AI has transformed the field of orthopedics by enhancing 
surgical techniques and improving patient care. It greatly 
improves the diagnosis of musculoskeletal issues, 
intraoperative navigation, and preoperative planning.45-47 AI 
assists in identifying types of implants from radiographs, 
classifying osteoarthritis in the knee, and determining the 
stages of osteoarthritis with accuracy comparable to that of 
orthopedic surgeons.10,48 According to recent studies, AI 
performs better than humans due to its speed and capacity 
for parallel analysis of multiple types of data. For instance, 
Chong et al. found that AI detects periprosthetic joint 

infections (PJI) more sensitively than surgeons.49 Xu et al 
highlight how AI, instead of conventional techniques, can 
expedite orthopedic procedures.50 Furthermore, Zhang et al. 
demonstrate that AI excels in identifying fractures, 
surpassing expert assessments, especially in less 
experienced settings.51 
  While there is currently no specific tool for assessing the risk 
of bias in AI diagnostic studies, recent protocols for 
developing such tools have been published.52,53 Therefore, in 
accordance with current recommendations,54 we used the 
QUADAS-2 tool modified by selected items from the CLAIM 
checklist, which was specifically designed for manuscripts on 
AI in medical imaging. Additionally, the AI extension for the 
Transparent Reporting of a multivariable prediction model 
of Individual Prognosis or Diagnosis (TRIPOD-AI) has 
recently been developed.55 To improve the quality of future 
studies in AI-aided measurement of LLA, researchers should 
adhere to these reporting guidelines. 
  In our reviewed studies, the reliability and consistency of AI 
models were assessed using metrics such as the ICC (most 
common),11,28 mean absolute error (MAE),40 and root mean 
squared error (RMSE).11,27,34,39 Using Bland-Altman graphs 
and calibration metrics provides a more insightful report on 
biases and practical applications.34  Standardizing these 
parameters across research could improve comparability 
and facilitate the integration of AI into clinical practice.55 
  This study has several limitations, notably population and 
measurement heterogeneity. Additionally, the ground truth 
varied across different studies, leading to inter-rater 
variability. Limited access to raw data for reanalysis in most 
studies posed a significant challenge. The absence of 
standardization in the number and selection of anatomical 
landmarks complicates the comparison of study findings. 
Furthermore, the review may not fully address the practical 
challenges and limitations of implementing AI-based 
measurements in clinical settings, such as the need for 
specialized equipment, training, and integration with 
existing workflows. Future studies should examine the long-
term clinical outcomes associated with AI-based lower limb 
angle measurements and address ethical and privacy 
concerns related to the use of patient data in AI research. 
There is a pressing need for standardized protocols 
regarding anatomical landmarks, imaging techniques, and 
data processing methods. 

Conclusion 
The accuracy of AI's prognostic role in measuring LLA 

suggests that it is highly reliable and accurate compared to 
manual measurements, while also being considerably 
faster. AI presents a promising alternative to manual 
measurement in clinical settings. 

Table 3. Continued 

Moon et al. unclear unclear low risk low risk low risk unclear low risk 

Nam et al. unclear unclear low risk unclear low risk unclear low risk 

Zheng et al. unclear unclear low risk low risk low risk unclear low risk 
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