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ABSTRACT

Rapid advances in artificial intelligence (AI) and hybrid systems in recent years have opened new frontiers
in precision medicine. In veterinary orthopedic surgery, which faces challenges such as anatomical variability
across species, the complexity of joint reconstruction, and the need for high precision in implant placement,
the application of these technologies can be transformative. This comprehensive review article aimed to
investigate the applications of artificial intelligence (AI) and hybrid systems in veterinary orthopedic surgery
between January 2020 and December 2025. A systematic search was conducted in reputable databases,
including PubMed, Scopus, Web of Science, and Google Scholar, using keywords related to artificial
intelligence, machine learning, neural networks, expert systems, orthopedic surgery, and veterinary medicine.
From a total of 428 initial articles, after removing duplicates and screening the title and abstract, 21 full
articles that met the inclusion criteria (original studies, systematic reviews, and case reports with a minimum
follow-up of 6 months) were included in the final analysis. The findings showed that Al was mainly used in
three main areas: 1) automatic detection and classification of fractures and dislocations from radiographs and
CT scans with an accuracy of over 89%, 2) preoperative planning and simulation of implant placement in hip
and knee surgeries, and 3) prediction of postoperative complications such as nonunion, infection, and implant
failure based on demographic and clinical data. Hybrid systems that combined machine learning with rule-
based veterinary expert systems showed the greatest success in reducing surgeon error and optimizing the
bone-cutting path. However, significant challenges remain, including the lack of large, standardized veterinary
datasets, explainable Al algorithms for clinical decision-making, and randomized controlled trials. It is
concluded that Al and hybrid systems have great potential to transform veterinary orthopedic surgery, but
widespread adoption in clinical practice requires further clinical validation and the development of user-
friendly software.

Keywords: Artificial intelligence, hybrid intelligent systems, veterinary orthopedic surgery, fracture
detection, surgical outcome prediction

1. INTRODUCTION

Veterinary orthopedic surgery has always been one of the most challenging clinical fields due to its
anatomical complexities, racial and species diversity, and the need for extreme precision in reconstructing
bones and joints [1]. Traditional surgical methods rely largely on the surgeon’s skill, visual experience, and
clinical judgment, which can be associated with human error, fatigue, and limited understanding of the three-
dimensional relationships among internal structures. In recent years, the digital revolution and the emergence
of Artificial Intelligence (AI) have created unprecedented opportunities to overcome these limitations. Machine
Learning and Deep Learning algorithms can learn subtle diagnostic patterns from thousands of radiographs,
CT scans, and MRI images that are hidden even from the most expert veterinary radiologist [2]. This ability
has paved the way for the development of decision-support systems that can work alongside surgeons to
significantly improve diagnostic accuracy and surgical planning [3].

Despite the remarkable successes of data-driven Al, pure machine learning methods also have weaknesses.
Al algorithms usually require a very large amount of labeled data, which is rarely available in veterinary
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medicine due to high costs and data heterogeneity [4]. In addition, AI models often act as "black boxes" and
do not explain the reason for their decisions, which is crucial in emergency medicine and surgery. To overcome
these shortcomings, the concept of Hybrid Intelligent Systems has been proposed. These systems combine
data-driven methods, such as neural networks, with knowledge-driven methods, such as rule-based expert
systems and fuzzy logic. For example, in canine hip replacement surgery, Al can predict the optimal implant
size and angle from images, while a veterinary knowledge base applies breed-specific biomechanical
constraints. This hybrid approach not only increases accuracy but also improves the system's interpretability
and reliability [5].

Several studies have reported high accuracy in detecting femoral and tibial fractures [6]. Second,
preoperative planning and simulation, in which artificial intelligence algorithms determine the optimal bone
cutting path, position, and size of screws and plates on 3D models obtained from CT scans [7]. This reduces
operative time and prevents complications such as implant collision with vital structures. Third, prediction of
postoperative complications, including nonunion, deep infection, and implant failure, based on a combination
of preclinical data (age, weight, race), imaging data, and intraoperative variables [8].

Despite the high potential of these technologies, the path to their widespread adoption in veterinary clinics
faces significant obstacles. The most important challenge is the lack of large, standardized, and gold-labeled
datasets. Each veterinary species has a unique anatomy, and even within a breed, there is considerable variation
in bone size and configuration. Building a database that includes all this variation requires multicenter
collaboration and large investments. Another challenge is the poor generalizability of models; a model trained
on data from one training center may perform poorly in another clinic with a different radiographer or imaging
technique [3, 9]. Also, ethical and legal issues, such as liability for surgical errors arising from algorithmic
recommendations and concerns about the privacy of animal data, have not yet been clearly resolved [10].
Finally, resistance to change and inadequate training among older veterinarians are also real, non-technical
barriers.

Given the rapid advances in this field and numerous knowledge gaps, the need for a comprehensive, up-to-
date review article that provides a complete picture of the current state of artificial intelligence and hybrid
systems in veterinary orthopedic surgery is increasingly felt.

2. SEARCH STRATEGY

A systematic search for articles was conducted between January 1, 2020, and December 31, 2025, in
internationally recognized electronic databases, including PubMed/MEDLINE, Scopus, Web of Science Core
Collection, Google Scholar, as well as specialized veterinary databases such as CAB Abstracts and Veterinary
Information Database (VID). The search strategy was designed using a combination of keywords and MeSH
(Medical Subject Headings) terms related to four main areas: (1) artificial intelligence and its subfields
("Artificial Intelligence" OR "Machine Learning" OR "Deep Learning" OR "Neural Networks" OR "Computer
Vision" OR "Expert Systems" OR "Fuzzy Logic" OR "Hybrid Intelligent Systems"), (2) orthopedic surgery
("Orthopedic Surgery" OR "Fracture Fixation" OR "Joint Replacement" OR "Osteotomy" OR "Bone Plating"
OR "Cruciate Ligament Surgery"), (3) veterinary medicine ("Veterinary" OR "Veterinary Medicine" OR
"Small Animal" OR "Canine" OR "Feline" OR "Equine" OR "Large Animal"), and (4) application areas
("Image Analysis" OR "Preoperative Planning" OR "Surgical Navigation" OR "Outcome Prediction" OR
"Complication Risk"). To increase the sensitivity of the search, Boolean operators (AND, OR) were used, along
with wildcards (*) and quoted phrases to find exact terms. Reference lists of relevant review articles and key
studies were also manually reviewed (snowballing) to find other potentially eligible articles. Inclusion criteria
included original articles, case reports, and systematic reviews published in English that directly addressed the
use of artificial intelligence or hybrid systems in veterinary orthopedic surgery. Irrelevant articles, letters to the
editor, conference abstracts without full text, and studies that only addressed nonsurgical diagnostic aspects or
conservative management were excluded. A total of 428 initial articles were identified, and after removing
duplicates (n = 87), screening the title and abstract (rejecting 302 articles), and evaluating the full text of the
remaining articles (n = 39), 21 articles finally met the final inclusion criteria and were included in the analysis.

3. APPLICATIONS OF AI AND HYBRID INTELLIGENT SYSTEMS IN ORTHOPEDIC
SURGERY

The first and most widespread application of Al in veterinary orthopedic surgery is the automated detection
and classification of bone and joint lesions using deep learning algorithms, especially convolutional neural
networks (CNNs) [11]. Several studies have shown that CNN algorithms can detect fractures of the femur,
tibia, and humerus in dogs and cats on plain radiographs with an accuracy between 89 and 96%, in some cases
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exceeding that of experienced veterinary radiologists [6, 11, 12]. Beyond simply detecting a fracture, intelligent
systems can also classify the type of fracture (simple, comminuted, spiral), the displacement of fragments, and
joint involvement [13]. In addition to radiography, the application of these algorithms to 3D CT and MRI
images has also been successfully reported for the diagnosis of anterior cruciate ligament (CrCL) rupture,
Legg-Calvé-Perthes disease, and hip dysplasia [14-16]. The hybrid systems here operate in such a way that the
output of the neural network (e.g., “92% probability of comminuted fracture™) is fed into a rule-based expert
system that, based on the patient’s age, race, and weight, recommends whether immediate surgery is necessary
or a conservative approach can be used. This two-step approach minimizes diagnostic error and helps the
surgeon make the fastest possible decision in an emergency situation (Figure 1).
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Figure 1. Illustration of multi-input mixed data model application in clinics (MDPI Copyright, 2022) [17].

The second critical application is the use of Al for accurate preoperative planning and surgical simulation.
In complex orthopedic surgeries such as Corrective Osteotomy, Total Hip Replacement, or treatment of
intracompartmental fractures, determining the incision angle, plate position, and screw length is critical, and
an error of a few millimeters can lead to permanent gait abnormalities [18-21]. Machine learning algorithms,
especially Random Forest and Support Vector Machine (SVM) models, can predict the normal anatomy of
each patient and develop the optimal surgical plan by analyzing hundreds of CT scans from healthy and
diseased patients [22]. Hybrid systems play an unparalleled role in this phase: a neural network extracts
anatomical dimensions and angles from patient images, then an expert system containing biomechanical rules
(such as “maximum tension on the plate should not exceed X Newtons”) and breed constraints (such as “in the
Great Dane breed, the minimum distance from the distal growth plate is 2 cm”) optimizes the proposed surgical
plan and refers it to an Augmented Reality environment or 3D printing for final simulation. Studies have
reported that the use of Al systems has reduced actual surgical time by 20-35% and significantly reduced the
number of implant replacements during surgery [23-25].

A third application that is at the frontier of knowledge is the use of Al for real-time guidance of the surgeon
during surgery [26, 27]. Traditional methods of surgical navigation (computer-assisted navigation) rely on
physical markers or robotic arms, both of which are expensive and impractical in the limited space of a
veterinary operating room. New approaches based on computer vision and deep learning can detect the
positions of bones, drills, and screws in real time from fluoroscopic or arthroscopic images without the need
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for markers and alert the surgeon to deviations from the surgical plan with submillimeter accuracy [28, 29].
The hybrid systems here act as a “smart companion”: a 2D convolutional neural network analyzes the
instantaneous fluoroscopic image to identify the instrument's position. A fuzzy logic system then determines
whether the observed deviation is acceptable or requires immediate correction, taking into account factors such
as the surgeon’s hand tremor, arterial pulse, and patient respiratory movement. For example, in femoral fracture
fixation surgery with an intramedullary pin, this system can instantly detect when the drill path deviates by 3
degrees from the optimal path and generate an alarm before damage to the sciatic nerves occurs. Despite its
high potential, this area still remains mostly at the laboratory research level and requires more clinical trials.

The fourth and final major application is the use of Al and hybrid systems to predict long-term postoperative
complications and treatment success [30]. After orthopedic surgery, factors such as nonunion, deep implant
site infection, prosthesis loosening, and implant failure are among the most common complications that can
lead to reoperation, amputation, or even death [31]. Traditional statistical models, such as logistic regression,
are unable to simultaneously account for dozens of interacting variables (such as the interaction of high body
weight and poor bone quality on the rate of union), but machine learning algorithms, such as XGBoost, deep
neural networks, and random forests, can model these complex interactions. Hybrid systems have high added
value here as well. For example, the output of a neural network that predicts a 78% probability of infection is
fed into an expert system containing veterinary clinical protocols, providing not only a prediction but also a
specific treatment recommendation to the surgeon [32-34]. Studies have shown that these models can predict
with 82%-91% accuracy (Figure 2).
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Figure 2. Representation of a multimodal AI processing architecture illustrating how clinical text, X-ray
images, audio data and video frames can be integrated to generate educational outputs such as diagnostic
support, personalized tutoring and simulation environments (MDPI Copyright, 2026) [35].

4. CHALLENGES AND LIMITATIONS

The most important and fundamental limitation in the development and validation of Al systems for
veterinary orthopedic surgery is the quality and quantity of training data. Deep learning algorithms, especially
convolutional neural networks, typically require thousands or even tens of thousands of labeled images to
achieve acceptable performance. While in human medicine, large databases such as ImageNet and large
hospital image collections are readily available, in veterinary medicine, such resources are very rare and
limited. Radiographic images are acquired using different devices (digital, composite, and analog scanned),
with different protocols (angles, distances, and exposures), and in different centers. An Al model trained on
high-quality images from a private teaching hospital may lose 20 to 30 percent of its accuracy when confronted
with dark, noisy, or motion-artifact images from a rural clinic. Another problem is the lack of a reliable ground
truth. Image labeling by veterinary radiologists is inherently subject to inter-observer variability; two
experienced radiologists may not agree completely on the presence of a microcrack or the degree of
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osteoarthritis. In such a situation, the Al algorithm is effectively learning from data that has a baseline error.
Finally, there are privacy and data ownership considerations. Animal images and files belong to clinics, and
sharing them to build a central database requires the consent of animal owners and complex legal mechanisms
that are not yet foreseen in many countries.

The second group of limitations refers to the large gap between laboratory performance and real-world
clinical efficacy. Prospective studies, and especially randomized controlled trials (RCTs) in which surgeons
are randomly assigned to use or not use Al guidance, are almost non-existent. This lack of high-level evidence
has seriously called into question the adoption of these technologies in the veterinary surgical community.
Another practical challenge is integrating the technology into the operating room workflow. Many intelligent
systems require additional hardware (such as powerful computers, peripheral displays, or connections to
imaging devices) and complex software that is time-consuming to use. In an emergency orthopedic surgery
case, where every minute of delay increases the risk of anesthesia and bleeding, the surgeon is reluctant to
spend time setting up and calibrating an intelligent system. Also, the issue of interpretability, or the “black
box” nature of many Al models, is a major psychological hurdle. When a deep neural network tells a surgeon
“The probability of implant failure is 87%,” but cannot explain whether the prediction is based on bone density,
screw angle, or a combination of both, the surgeon will not trust it. Hybrid systems have solved this problem
to some extent, but they are not yet at the point where they can provide step-by-step reasoning comparable to
that of a human expert.

The third set of limitations is structural, economic, and human resources in nature. Developing and
maintaining Al and hybrid systems requires a team of data scientists, software engineers, bioinformatics
specialists, and veterinary surgeons. Hiring such a workforce for a medium-sized private veterinary clinic or
even a veterinary school in a developing country is not economically viable. The cost of purchasing or
subscribing to commercial Al software can also be very high, making these technologies the monopoly of
large, wealthy clinics and deepening the equity gap in access to veterinary care. On the other hand, the lack of
adequate training among practicing veterinarians and even veterinary students is a serious obstacle. Most
veterinary surgeons have received little training in the principles of machine learning, interpreting model
output, and recognizing when algorithms are making mistakes. This leads to two extreme reactions: on the one
hand, cynicism and complete resistance to the technology (“the algorithm can never replace my experience”),
and on the other, blind trust and over-reliance, which is equally dangerous. Also, the IT infrastructure in many
clinics is very basic. Stable broadband Internet connections, cloud storage for large images, and computers
equipped with graphics processing units (GPUs) to run deep learning models in real time are unavailable in
many regions, even in developed countries.

5. CONCLUSION

This review article, which examined 21 studies between 2020 and 2025, found that Al and hybrid systems
have been successfully applied in four main areas of veterinary orthopedic surgery: automated fracture
detection, preoperative planning, intraoperative guidance, and prediction of postoperative complications.
Despite impressive achievements such as over 90% accuracy in lesion detection and up to 35% reduction in
surgical time, significant challenges remain, including a lack of standardized data, the absence of randomized
clinical trials, limited interpretability, and high implementation costs. Overall, Al, as an adjunct but not a
replacement for the surgeon, has the potential to significantly improve the accuracy, safety, and outcomes of
veterinary orthopedic surgery, provided that the technical, ethical, and educational barriers are overcome.
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