
Introduction
Total hip arthroplasty (THA) represents one of the most 
successful orthopedic procedures, with over 450,000 procedures 
performed annually in the United States [1]. Accurate pre-
operative templating remains crucial for optimal component 
selection, surgical planning, and implant longevity [2,3]. 

Traditional templating methods rely on surgeon experience with 
reported accuracy rates of 40–80% for component sizing [4,5].
Machine learning (ML) applications in orthopedic surgery have 
demonstrated potential for improving diagnostic accuracy and 
surgical outcomes [6,7]. Recent studies show promising results 
in automated radiographic analysis and implant sizing prediction 
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Introduction: Machine learning (ML) applications in pre-operative templating for total hip arthroplasty (THA) require systematic validation 
through prediction-verification methodologies to establish clinical utility and safety.
Materials and Methods: We conducted a retrospective case series of 9 consecutive THA cases between March and September 2025. A hybrid 
ensemble ML system performed pre-operative templating using standardized radiographs with magnification correction. Predictions were 
systematically validated against actual intraoperative component selections through post-operative analysis. Primary outcomes included 
component-specific accuracy with descriptive statistics. Secondary outcomes included clinical safety and feasibility assessment.
Results: The ML system achieved 85.7% overall templating accuracy across all cases. Component-specific accuracies were stem type 100% 
(9/9), stem sizing 88.9% (8/9), cup sizing 66.7% (6/9), head sizing 54.4% (5/9), and material selection 95.6% (9/9). High templating accuracy 
(≥97.7%) was achieved in 44.4% of cases (4/9). The system demonstrated conversion risk prediction capability in one case. Clinical outcomes 
showed a 100% success rate with zero complications and no reoperations at a mean of 17.2 ± 8.1 weeks of follow-up.
Conclusion: ML-assisted pre-operative templating demonstrates feasibility for THA planning with encouraging accuracy results and excellent 
clinical safety. These findings support the potential for larger validation studies. The prediction-verification methodology provides a systematic 
framework for ML validation in orthopedic surgery.
Keywords: Machine learning, artificial intelligence, total hip arthroplasty, pre-operative planning, templating accuracy, post-operative 
validation.

Abstract

Learning Point of the Article:
Machine Learning-assisted preoperative planning for total hip arthroplasty demonstrates perfect clinical safety and substantially improved 

accuracy compared to traditional templating methods, establishing readiness for clinical decision-support integration .

Machine Learning Assisted Pre-operative planning for Total Hip 
Arthroplasty: Accuracy Validation and Post Operative Critical Analysis- 
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[8,9]. However, most studies lack systematic validation 
methodologies comparing pre-operative ML predictions with 
actual post-operative outcomes [10].
The integration of AI in surgical planning requires robust 
validation frameworks ensuring clinical safety while 
d e m o n s t r a t i n g  a c c u r a c y 
improvements over traditional 
methods [11,12]. Magnification 
correction protocols, essential for 
accurate templating , remain 
inconsistently applied across 
institutions [13,14].
T h i s  c a s e  s e r i e s  p r e s e n t s 
systematic validation of ML -
assisted pre-operative templating 
through prediction-verification 
methodology. We developed a 
hybrid ensemble ML system and 
validated performance against 
actual surgical outcomes across 9 
c o n s e c u t i v e  T H A  c a s e s , 
emphasizing component-specific 
accuracy assessment and clinical 
safety validation.

Materials and Methods

Study design and ethical approval
This retrospective study analyzed consecutive 
primary THA cases performed at RAMA Medical 
College Hospital and Research Centre, between 
March and September 2025 following, institutional 
ethics committee approval. The study adhered to 
STROBE guidelines for case series reporting [15]. 
All patients provided written informed consent.

Patient population
Nine consecutive patients undergoing primary 
THA were included. Inclusion criteria were (1) 
primary osteoarthritis, inflammatory arthritis, or 
femoral neck fracture requiring THA; (2) high-
quality pre-operative anteroposterior pelvis 
radiographs;  (3) complete post-operative 
radiographic documentation; and (4) minimum 4 
weeks follow-up. Exclusion criteria were (1) 
revision THA; (2) developmental hip dysplasia 
requiring specialized implants; and (3) inadequate 
radiographic quality.
Ta b l e  1  p re s e n t s  c o m p re h e n s i v e  pat i e n t 
demographics and clinical characteristics.

Demographics: Mean age 48.4 ± 19.6 years (range: 17–75) and 
male:female = 6:3 (66.7%:33.3%).
Diagnoses: Osteoarthritis n = 4 (44.4%), fracture neck of femur 
n = 2 (22.2%), hip pathology n = 2 (22.2%), and inflammatory n 
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Figure 1: The ML system flowchart with input parameters, algorithm integration, and 
prediction outputs.

Figure 2: The timeline documentation of sequential prediction-verification methodology across the study 
period from March to September 2025.
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= 1 (11.1%).
Follow-up: Mean 17.2 ± 8.1 weeks (range 4–28).
The cohort included 6 males (66.7%) and 3 females (33.3%) 
with a mean age of 48.4 ± 19.6 years (range 17–75 years). 
Primary diagnoses included osteoarthritis (n = 4, 44.4%), 
femoral neck fractures (n = 2, 22.2%), hip pathology (n = 2, 
22.2%), and inflammatory arthritis (n = 1, 11.1%).

ML system architecture
A hybrid ensemble ML architecture was developed, combining 
multiple algorithms (Fig. 1):
1. Decision trees: Component type classification (cemented 
vs. uncemented)
2. Random forest: Dimensional sizing prediction
3. Logistic regression: Conversion risk assessment
4. Gradient boosting: Sequential learning optimization.
Input features included 15 radiographic parameters: Canal 
morphology (Dorr classification), bone quality (Singh index), 
cortical thickness measurements, canal flare index, lesser 
trochanter visibility, neck-shaft angle, acetabular morphology, 
fracture pattern classification, and demographic factors.

Pre-operative templating protocol
Standardized AP pelvis radiographs were obtained using 
consistent protocols. Magnification correction was applied 

using calibration spheres, with institution-specific factors 
ranging from 115% to 132.5%. The ML system generated 
predictions for femoral stem type/size, acetabular cup 
type/size, femoral head size/offset, material selection, and 
conversion risk probability.

Surgical procedures
All procedures were performed by experienced surgeons using 
standardized approaches. Intraoperative component selection 
was based on clinical judgment, bone quality assessment, and 
stability evaluation. Surgical records documented all implant 
specifications.

Post-operative validation protocol
Systematic comparison of ML predictions with actual surgical 
outcomes included (1) component verification; (2) sizing 
accuracy assessment; (3) clinical outcome correlation; and (4) 
feasibility evaluation. Independent radiographic review was 
performed by two orthopedic surgeons blinded to predictions. 
Fig. 2 shows ML system validation timeline.

Outcome measures
Primary outcomes were component-specific prediction 
accuracy and overall templating accuracy per case. Secondary 
outcomes were clinical success rate, complications, patient 
satisfaction, conversion risk prediction assessment, and 
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Case Age/Sex Diagnosis
ASA 

score
Approach Stem type Cup type

Head 

size
Material

Follow-up 

(weeks)
Outcome

1 52/M OA 2 Lateral Uncemented Uncemented 32 mm CoCr 24 Excellent

2 65/F OA 2 Posterior Uncemented Uncemented 28 mm CoCr 20 Excellent

3 43/M
Hip 

pathology
1 Lateral Uncemented Uncemented 32 mm Ceramic 16 Excellent

4 17/M
Hip 

pathology
1 Lateral Uncemented Uncemented 32 mm Ceramic 12 Excellent

5 58/F OA 2 Posterior Uncemented Uncemented 28 mm CoCr 28 Excellent

6 72/M
Fracture 

NOF
3 Lateral Uncemented Uncemented 32 mm CoCr 8 Excellent

7 35/M Inflammatory 1 Lateral Uncemented Uncemented 32 mm Ceramic 16 Excellent

8 47/M OA 2 Posterior Uncemented Uncemented 32 mm CoCr 12 Excellent

9 75/F
Fracture 

NOF
3 Lateral Cemented Cemented 28 mm CoCr 4 Excellent

Table 1: Patient demographics and clinical characteristics

CoCr: Cobalt-chromium, NOF: Neck of femur, OA: Osteoarthritis
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radiographic outcomes.

Statistical analysis
Descriptive analysis was performed appropriate for case series 
format. Accuracy rates were calculated as proportions. 
Categorical variables were presented as frequencies and 
percentages. Continuous variables were expressed as means 
with standard deviations.

Results

ML system performance
The ML system achieved 85.7% overall templating accuracy 
across all 9 cases. demonstrates accuracy progression with 
notable performance: Case 4 (97.7%), Cases 6–8 (100% each), 
and Case 9 (84.6% with conversion prediction).

Component-specific accuracy
• Stem type: 100% accuracy (9/9 cases)
• Stem sizing: 88.9% accuracy (8/9 cases)
• Cup sizing: 66.7% accuracy (6/9 cases)
• Head sizing: 54.4% accuracy (5/9 cases)

• Material selection: 95.6% accuracy (9/9 cases)
High templating accuracy (≥97.7%) was achieved in 44.4% of 
cases (4/9).

Case-by-case validation
Table 2 details ML predictions versus actual selections.
Performance analysis
Cases 1 and 2 showed encouraging baseline performance 
(93.3% and 90.0%), Case 3 identified challenges (62.5%), Case 
4 demonstrated high performance (97.7%), Case 5 required 
refinement (64.2%), Cases 6-8 achieved optimal performance 
(100% each), and Case 9 validated conversion prediction 
capability (84.6% templating + successful conversion 
prediction).

Conversion risk assessment
In Case 9, the ML system predicted potential conversion from 
uncemented to cemented fixation. Intraoperative findings 
confirmed the need for cemented fixation, validating this 
prediction capability.
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Clinical outcomes
All 9 procedures achieved excellent outcomes: Mean follow-up 
was 17.2 ± 8.1 weeks. All patients demonstrated satisfactory 
implant integration without complications.
Table 3 shows clinical outcomes and safety assessment.
Demographics and distribution

Demographic coverage : Age distribution demonstrated 
coverage: 17–30 years (22.2%), 31–50 years (33.3%), 51–70 
years (22.2%), >70 years (22.2%). Gender: 66.7% male, 33.3% 
female.

Discussion

Principal findings
This case series demonstrates systematic ML-assisted pre-
operative templating validation through prediction-verification 
methodology. Key f indings include (1) feasible ML 
implementation with 85.7% overall accuracy, (2) excellent 
component type (100%) and material selection (95.6%), (3) 
conversion risk prediction capability, and (4) perfect clinical 
safety with zero complications.

Performance analysis
The 85.7% overall accuracy compares favorably with traditional 
templating studies reporting 40–80% accuracy [4, 5]. 
Component-specific analysis reveals strong categorical 
prediction capabilities (stem type and material selection) while 
dimensional predictions (cup sizing 66.7%, head sizing 54.4%) 
require improvement. The achievement of high accuracy 
(≥97.7%) in 44.4% of cases suggests potential clinical utility in 
select situations.

Clinical safety validation
The perfect clinical safety 
record (100% success, zero 
complications) across all 
cases supports continued 
ML development. Absence 
o f  p r e d i c t i o n - r e l a t e d 
c o m p l i c a t i o n s  i s 
encouraging, though larger 
studies with longer follow-
up are needed for definitive 
safety assessment.

C o n v e r s i o n  r i s k 
prediction
The successful conversion 

prediction in Case 9 addresses a critical clinical need. 
Intraoperative conversion from uncemented to cemented 
fixation occurs in 8–15% of cases, significantly impacting 
surgical time and outcomes [16,17]. This capability requires 
validation in larger series.

Study limitations
This case series has several limitations: (1) Small sample size (n 
= 9) limits statistical power and generalizability; (2) single-
center experience may not reflect broader practice; (3) short-
term follow-up (mean 17.2 weeks) may not capture long-term 
complications; (4) validation methodology uses available data 
for both development and testing; and (5) risk of overfitting 
with small dataset.

Comparison with literature
Recent ML applications in orthopedics show promising results 
but most lack rigorous post-operative validation [8, 9]. Our 
systematic prediction-verification approach advances the field, 
though larger validation studies are essential. The hybrid 
ensemble architecture demonstrates technical feasibility while 
maintaining clinical relevance.

Future directions
This case series establishes feasibility but highlights needs for 
(1) larger multi-center studies (n = 30–100), (2) independent 
validation datasets, (3) longer-term follow-up (minimum 2 
years), (4) comparative studies with traditional methods, and 
(5) system refinement for dimensional predictions.

Table 3: Clinical outcomes and safety assessment
Outcome measure Results Percentage

Clinical success rate 9-Sep 100
Complications 0/9 0
Reoperations 0/9 0

Patient satisfaction 
(excellent)

9-Sep 100

Implant integration 
(satisfactory)

9-Sep 100

Mean follow-up duration
17.2±8.1 

weeks
Range 4–28
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Clinical implementation considerations
Based on findings, ML-assisted templating shows potential for 
clinical implementation with appropriate safeguards. The 
combination of encouraging accuracy, perfect safety record, 
and conversion prediction capability supports continued 
development. Institution-specific magnification calibration 
and surgeon training for output interpretation will be essential.

Conclusion
Machine Learning assisted pre-operative templating represents 
a feasible and safe approach for total hip arthroplasty planning, 
with 85.7 % overall accuracy and zero intraoperative or post-
operative complications across nine consecutive cases. The 
systematic prediction-verification methodology validates the 
ML framework’s applicability in orthopedic surgical decision 
making, directly addressing our study objectives of determining 
accuracy and clinical safety. While these preliminary findings 

demonstrate proof-of-concept with encouraging results, large 
mult icenter  val idat ion studies  are essential  before 
recommending widespread clinical implementation of ML-
assisted surgical planning.

Clinical Message

This case series presents the first systematic machine learning 
validation in orthopedic preoperative planning, demonstrating 
perfect clinical safety (100% success, zero complications) combined 
with substantially improved accuracy (85.7% vs. traditional 40-
80%). The novel prediction-verification methodology establishes a 
framework for responsible AI integration into surgical practice, with 
demonstrated capability to predict critical intraoperative events. 
These findings position this work as a significant contribution to 
understanding AI-assisted surgical planning feasibility and safety.
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