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ABSTRACT

The use of artificial intelligence (Al) in livestock farming offers
numerous advantages, such as improving efficiency, enhancing animal
health, and optimizing farm management. Al-powered systems can monitor
animal health to detect diseases at an early stage, optimize feeding and water
consumption, and improve herd management. Additionally, image
processing techniques can analyze animal behavior, and autonomous
systems can automate operational processes.

However, there are certain challenges that hinder the widespread
adoption of these technologies. Infrastructure deficiencies in data integration
and processing, high costs, and farmers' lack of technical knowledge in using
these systems are among the primary obstacles. Additionally, the reliable
processing of large datasets collected from sensors is crucial for accurately
analyzing animal behavior.

In this study, existing literature on Al applications in livestock
farming was reviewed, and an Al-based herd management and monitoring
system was proposed specifically for sheep farms. The proposed system
includes advanced technologies such as GPS-based location tracking, health
and activity sensors, monitoring of feeding and water consumption, image
processing-based analysis, and drones. These components are integrated
with big data analytics and machine learning algorithms to enable individual
animal tracking, herd dynamics analysis, and data-driven decision support
systems. The feasibility, advantages, and potential areas for improvement of
the model were discussed. It was concluded that Al-powered systems will
play a significant role in transforming the livestock sector and are likely to
become more widely adopted in the future.

Keywords — Artificial Intelligence, Farming, Livestock, Sheep Farms, Herd
Management

INTRODUCTION

The livestock sector plays a critical role in food security, economic
growth, and rural development worldwide. However, factors such as
increasing population, climate change, limited resources, and animal health
problems threaten the sustainability of the sector. Artificial intelligence (Al)
and related technologies are becoming increasingly important to overcome
these challenges and increase productivity in animal husbandry. The main
purpose of using Al in animal husbandry is to optimize production processes
by improving critical areas such as animal health, production efficiency,



sustainability, animal welfare, and traceability (Bao and Xie 2022). Artificial
intelligence-based solutions, especially in areas such as animal health
monitoring, feed consumption optimization, genetic selection, reproduction
management, and herd management, provide great convenience to farmers
and breeders. In addition, thanks to Al-supported genetic analyses, highly
productive and disease-resistant animal generations can be raised. In line
with these goals, Al technologies both provide economic benefits to
producers and contribute to building a sustainable future by reducing
environmental impacts.

Al-based systems play a crucial role in modernizing the livestock
industry. By automating processes such as feeding, milking, and health
management, human errors are minimized, resource utilization is optimized,
and production efficiency is significantly improved (Hu et al. 2020).
Through sensors and 10T devices, the health conditions of animals are
continuously monitored. Machine learning-powered early diagnosis systems
enable the detection of diseases or stress-related issues in advance, reducing
animal losses and treatment costs. Additionally, feed formulations that lower
carbon emissions and methane gas production, water consumption
optimization systems, and energy-saving technologies contribute to
environmental sustainability.

In addition, technologies such as RFID, GPS, and other tracking
systems enable detailed monitoring of animal movements and production
processes. This enhances transparency in the supply chain and improves
traceability, allowing consumers to track the origin of products. Data-driven
analyses facilitate more informed and effective decision-making in various
areas, from feeding strategies to herd management. By developing solutions
tailored to the individual needs of animals, Al optimizes production
processes in terms of both animal welfare and productivity, bringing an
innovative perspective to the industry.

With the widespread adoption of autonomous systems in livestock
farming, innovations such as robotic milking machines, automated feeding
stations, and intelligent cleaning robots are significantly reducing
dependence on human labor while optimizing operational processes. These
technological advancements enable livestock enterprises to achieve higher
production capacity at lower costs, while also allowing labor resources to be
redirected toward more strategic areas.
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Particularly for small-scale farms, the advantages offered by artificial
intelligence (Al) enhance competitiveness and facilitate integration into
global markets. Al-powered early warning systems play a crucial role in
mitigating risks associated with disease outbreaks, climatic variations, and
economic fluctuations, thereby strengthening farmers' crisis management
capabilities. Consequently, Al-driven innovations not only enhance existing
production processes but also emerge as a pivotal force in shaping the future
of agricultural production. From an economic perspective, these
advancements lead to increased profitability and efficiency, while from an
environmental standpoint, they contribute to sustainability by optimizing
resource utilization. As a result, Al-powered livestock management systems
are poised to become one of the most fundamental pillars of the sector’s
future.

Figure 1. Artificial Intelligence in Livestock

Acrtificial intelligence (Al) applications in livestock farming enhance
environmental sustainability while reducing production costs and the
consumption of natural resources. In the future, as Al technologies become
more widespread, the livestock sector will transition to an environmentally
conscious and profitable production model. This transformation presents a



significant opportunity not only for farms but also for food security and
global environmental policies.

In this study, the applications of Al-based technologies in the
livestock sector and the innovations they bring to the industry will be
thoroughly examined. Additionally, the economic, environmental, and
societal benefits of these technologies will be evaluated. An artificial
intelligence-based model was created for flock management and monitoring
for sheep farm.

LITERATURE

Animal Health and Disease Diagnosis
Acrtificial intelligence (Al) in animal health and disease diagnosis

offers faster, more precise, and cost-effective solutions compared to
traditional methods. In farms equipped with sensors, cameras, and Internet of
Things (1oT) devices, the health status of animals can be monitored 24/7
(Neethirajan 2017, 2022). The vast amount of data generated by these
technologies is processed through Al-based systems, enabling early disease
detection and prevention.

Al can analyze animal movement and behavioral patterns to detect
early signs of health issues. Through machine learning-based analyses, signs
of illness or stress-induced behavioral changes can be identified at an early
stage, allowing the implementation of preventive healthcare measures.

For instance, systems that monitor activities such as walking, running,
or resting can detect lameness, injuries, or musculoskeletal disorders at an
early stage (Cheng et al. 2022; Isik and Unal 2023). A decrease in water
intake or feed consumption may indicate a potential infection or digestive
disorder. In socially structured species, isolation from the herd can be a sign
of stress or illness. Machine learning algorithms analyze such behavioral
patterns and provide real-time alerts to farmers, enabling timely intervention
and improving overall animal welfare.

In veterinary applications, image processing stands out as one of the
most effective uses of artificial intelligence (Al). Advanced algorithms
leverage various imaging techniques to automatically detect disease
symptoms. Deep learning models can identify anomalies such as fractures,
tumors, or organ dysfunctions in X-ray and ultrasound images, significantly



reducing diagnosis time while improving accuracy (Bouhali et al. 2022;
Burti et al. 2020; Ergun and Guney 2021; Pereira et al. 2023; Yoon, Hwang,
and Lee 2018).

Image processing systems can also analyze facial expressions and skin
changes in animals to detect pain, infections, or dermatological issues
(Andersen et al. 2021; Mota-Rojas et al. 2021; Rony et al. 2021;
Senthilkumar et al. 2024; Walle Girmaw 2025; Zimmermann et al. 2024).
For instance, Al-driven systems have been developed to automatically detect
signs of udder health problems in cattle, such as redness, swelling, or
deformation (Bobbo et al. 2021; Mitsunaga et al. 2024; R. A. B. da Silva et
al. 2024). Additionally, cameras installed in farms can assess animals' gait
patterns to determine the severity of lameness (Myint et al. 2024).

Mastitis, a common udder infection in dairy cows, often leads to
production losses. Thermal cameras, combined with image processing
algorithms, analyze temperature variations in the udder, allowing for early-
stage detection of infections (Hovinen et al. 2008). These Al-powered
diagnostic tools enhance the precision and efficiency of veterinary care,
ultimately improving animal health and farm productivity.

When disease symptoms are detected early, treatment becomes more
effective, and costs are significantly reduced. Farmers can benefit from Al-
powered systems by automating health monitoring rather than relying on
manual observation. Healthier animals contribute to higher milk, meat, or
egg production while minimizing disease risks (Neethirajan 2017).

As Al-driven systems continue to advance, future developments will
enable even more personalized and proactive solutions in animal health
management. These innovations will not only enhance disease prevention
and treatment but also reinforce food safety standards, providing consumers
with a more reliable and sustainable production process.

Nutrition and Feed Management
Balanced and precise nutrition is critical for both production

efficiency and animal health. Traditional feeding methods often rely on
generalization, overlooking the individual nutritional requirements of each
animal. Artificial intelligence (Al) is revolutionizing this field by optimizing
feeding processes, reducing costs, and fostering a more sustainable
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production model. By optimizing the relationship between nutrition and
productivity, Al enables farmers to achieve higher returns.

For dairy cows, adjusting feeding strategies according to lactation
stages significantly increases milk yield (Fuentes et al. 2020). For instance,
providing energy-dense feed at the right time supports peak lactation. In beef
cattle, Al-driven feeding programs can develop protein-rich rations to
enhance muscle growth. By analyzing growth rates, Al ensures that the
fattening process is completed within the optimal timeframe. Al-powered
systems assess feed intake, growth rate, milk production, and other
physiological parameters to develop customized feeding strategies at both
individual and herd levels (Akintan, Gebremedhin, and Uyeh 2024; Uyeh et
al. 2018). Even in large-scale farms, feeding rations can be tailored based on
age, weight, production goals, and health status (Liu et al. 2023; Tekin et al.
2021). For example, Al can prevent excessive calorie intake for animals with
lower energy requirements. Optimizing the energy-protein balance in dairy
cows enhances milk production while reducing costs (Akintan,
Gebremedhin, and Uyeh 2024).

Al plays a crucial role in minimizing feed waste. By preventing
unnecessary feed consumption, Al-driven analysis lowers feeding costs and
promotes the sustainable use of resources such as agricultural land and
water. Sensor data can monitor leftover feed in troughs, preventing
overfeeding (Can 2024; Chelotti et al. 2024). Additionally, RFID tags and
10T devices allow for individual tracking of feed consumption (Ni, Gao, and
Li 2011; Rosati 2024). Al algorithms analyze consumption patterns to
identify animals that are underfeeding or overfeeding (King, Thornton, and
Roopaei 2024; Muir et al. 2020). Furthermore, seasonal variations in feed
intake can be predicted in advance using Al, ensuring adequate feed stock
levels and preventing shortages or surpluses (Florio et al. 2022; Thygesen et
al. 2020; Xin et al. 2016).

The integration of Al with image processing and sensor technology
offers innovative solutions in feed management (Bezen, Edan, and Halachmi
2020; Mendes et al. 2023; Siberski-Cooper and Koltes 2021; Siberski—
Cooper et al. 2022). Cameras and image processing algorithms assess
animals' body condition scores, allowing for precise evaluation of their
nutritional status. This enables the early detection of underfed or overfed
animals, ensuring timely dietary adjustments (Ma et al. 2024; Yang et al.
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2022). Optical sensors analyze the nutritional composition of feed, such as
protein, energy, and moisture content, preventing the use of low-quality feed
(Pavkin et al. 2023; Siberski-Cooper and Koltes 2021).

In the future, Al is expected to enhance feed management with greater
personalization and automation. These advancements will provide
significant benefits for both livestock operations and environmental
sustainability, optimizing resource utilization while improving animal health
and productivity.

Herd Management and Tracking
In modern livestock management, herd supervision extends beyond

merely tracking animal movements; it encompasses various aspects such as
birth monitoring, nutrition, health surveillance, and the automation of
operational processes. When data obtained from Radio Frequency
Identification (RFID), Global Positioning System (GPS), and Internet of
Things (1oT) devices are integrated with Al algorithms, they enable a more
efficient and proactive management approach in livestock farming (Chiu et
al. 2022; Yilmaz 2024).

In herd management, the real-time monitoring of animals' movements
and locations is critical for both health and production efficiency (Browning
et al. 2018; Wang 2019; Zamansky et al. 2021). Early detection of health
issues and behavioral abnormalities helps prevent the spread of diseases. Al
algorithms can identify unusual movements in animals (e.g., separation from
the herd) and send immediate alerts to farmers. Analyzing daily movements
of animals allows for the identification of conditions such as insufficient
activity (a potential sign of illness) or excessive mobility (indicating stress or
fear) (Kaidarova et al. 2018; Neethirajan 2017; Wang 2019; Williams et al.
2017). Animals equipped with GPS devices can be easily tracked in open
pastures or large farms. In expansive farming operations, GPS data is
employed to swiftly locate animals that have strayed from the herd or gone
missing (Browning et al. 2018; Jin et al. 2023). Al further enhances farm
management by automating operational processes. Automatic feed
distribution based on the consumption patterns of each animal in the herd
can be implemented. For instance, data from sensors in feed troughs
optimize the frequency and quantity of feeding. Automation systems can be
utilized to prevent water shortages by monitoring daily water intake. RFID
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devices can be used to identify individual animals (King, Thornton, and
Roopaei 2024; Nyamuryekung’e 2024; Panda et al. 2024; Teng et al. 2012;
Yilmaz 2024).

Al enables more efficient management by analyzing the biological
processes of animals. Al models that analyze the biometric data of animals
can predict birth dates with high accuracy (Fuentes et al. 2022; Meng et al.
2025). This allows farmers to prepare in advance for the support needed
during delivery. Feeding strategies can be tailored to the health status of
individual animals. For instance, special feeding rations can be designed to
meet the energy needs of an animal during the calving period. Data from 10T
devices can analyze the animals' temperature, pulse, and respiratory rate,
enabling the early detection of disease symptoms.

The large data collected in herd management is processed with Al and
integrated into decision support systems. Based on the historical data of the
animals, growth rates and weight gains can be predicted, which helps
optimize feeding durations and feed planning. Al algorithms that monitor
grazing behavior in pastures can identify ideal grazing areas for animals,
preventing overgrazing (Lemphane, Kuriakose, and Kotze 2023; Shahi et al.
2025). The efficient use of pastures and resource management contributes to
environmental sustainability. Models that predict disease spread in large
herds can forecast where infections are likely to concentrate and recommend
guarantine measures (Walle Girmaw 2025). The combination of 10T and Al
enhances reproductive efficiency by detecting estrus periods in cows (C. A.
dos Santos et al. 2022; Yildiz and Ozgiiven 2022). Automation systems
minimize the manual management of farm operations. Software used on
farms analyzes all herd data, providing guidance for farmers to optimize
their daily operations (Panda et al. 2024). Improved monitoring and
management enhance animal health and increase production efficiency.

In the future, Al is expected to provide more autonomous and
intelligent systems in herd management, accelerating the digitalization of
farms. This will enable higher production with fewer resources while also
improving animal welfare.

Optimization of Milk and Meat Productivity
Al-powered systems optimize farm operations, improve animal health,

and personalize production processes to increase milk and meat productivity
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in livestock. These technologies enable a sustainable and profitable farming
system by reducing production costs and increasing efficiency (M. Li et al.
2023; Neethirajan 2023).

In milk production processes, Al technologies analyze the health
status, feed consumption habits, and milk yield of animals, providing
comprehensive recommendations to farmers (Monteiro et al. 2024; Yi 2024).
Al-based milking robots perform efficient and safe milking procedures by
considering the individual characteristics of animals (Rodenburg 2017;
Zagidullin et al. 2023). Al algorithms closely monitor the health status of
animals to improve milk quality (Fuentes et al. 2020). By identifying each
cow through RFID or other sensors, individual milking parameters are
applied. During milking, the quantity, quality, and milk flow rate are
analyzed. This data is used to understand health issues and the lactation
cycle. Robots design a milking process that minimizes stress by analyzing
the behavioral data of the animals (Cogato et al. 2021; Monov and
Karastoyanov 2021). By analyzing somatic cell levels in milk, early
detection of diseases like mastitis (inflammation of the udder) is possible
(Fadul-Pacheco, Delgado, and Cabrera 2021). Additionally, the link between
feed types and milk quality is analyzed to optimize feeding rations (Odintsov
Vaintrub et al. 2021).

In meat production processes, Al is used to optimize the growth rate,
body composition, and overall health status of animals (Fernandes, Doérea,
and Rosa 2020; G. Li et al. 2022). Al-based image processing systems
analyze the physical characteristics of animals to optimize their growth
processes (Alsahaf et al. 2018; Guvenoglu 2023; Yang et al. 2022). By
analyzing the muscle, fat, and bone ratios of animals through image
processing techniques, the optimal slaughter time is determined (Guarnido-
Lopez et al. 2024; Y. Zhao et al. 2023). The growth rate of animals is
predicted based on historical data and feeding habits. By monitoring
individual feed consumption, personalized nutrition plans are created to
increase meat yield (Akintan, Gebremedhin, and Uyeh 2024). An ideal
feeding strategy is established by balancing feed consumption, weight gain,
and costs (Baris 2023; Ojo et al. 2024). By analyzing the growth rate derived
from the feed, feed waste is prevented, and costs are reduced (Can 2024; Yi
2024). Image processing-based systems analyze carcass quality and
determine which animals are at the optimal slaughter weight (G. Li et al.
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2022; Voogt et al. 2023; J. Zhao et al. 2020). Al is also used in genetic
analysis to select more efficient animals. Data is analyzed to identify genetic
traits that can enhance meat yield (Hamadani, Hamadani, and Shabir 2024;
Klingstrom, Zonabend Konig, and Zwane 2025).

Al is used to optimize farm operations by predicting milk and meat
production. By analyzing animals' historical health data and feed
consumption, milk or meat yield is predicted. Productivity losses due to
stress, disease, or poor feeding are detected early and prevented.

Environmental Impact and Sustainability
The environmental impact of the livestock sector is a critical focus of

today's sustainability policies. Reducing carbon footprints, optimizing water
usage, and more efficient use of natural resources have become achievable
through artificial intelligence (Al)-powered solutions (Barrientos-Blanco et
al. 2020; Cabrera 2024; Kebebe et al. 2015).

Livestock farming is a significant source of global methane emissions.
Al optimizes feed formulations and animal behaviors to reduce methane
emissions. Algorithms that analyze the effects of different feed components
on methane production develop feed mixtures that reduce methane emissions
(de Haas et al. 2021). By creating tailored feed rations based on the
metabolic characteristics of each animal, gas emissions are minimized. Al
models analyzing sensor data detect high-emission animals, enabling
preventive measures (Ghassemi Nejad et al. 2024; T. E. da Silva and Cabrera
2024).

Al, by analyzing drone and satellite data, prevents overgrazing of
pastures and helps preserve natural ecosystems (Alanezi et al. 2022; W. M.
dos Santos et al. 2024). Al applications contribute to efficient land use and
the reduction of the environmental impact of livestock farming. Sustainable
practices, such as the recycling of animal waste and biogas production, are
optimized using Al.
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Sustainability

Figure 2. Contributions of Al to animal husbandry

ARTIFICIAL INTELLIGENCE BASED HERD MANAGEMENT AND
TRACKING MODEL: AN APPROACH FOR SHEEP FARMS

Al-based herd management and tracking applications in sheep farms
are transforming traditional farming methods, enabling smarter and more
efficient production processes. This section will discuss how an Al-based
model can be created in sheep farms, which technologies can be used, and
which systems need to be integrated.

Figure 3. An artificial intelligence based smart sheep farm
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Data Collection and Sensor Technologies

The success of an Al-based herd management model relies on
accurate and continuous data flow. In this context, various sensors and loT
(Internet of Things) devices should be used to collect data on sheep health,
behavior, and environmental factors. GPS trackers can be used to monitor
the movements of sheep. These devices provide information about the flock's
grazing routes and areas by tracking the sheep's behaviors. GPS data helps
understand the time spent in the pasture, the sheep's social interactions, and
flock mobility. Body temperature, heart rate, and activity sensors can be
used to monitor the sheep's physiological condition. Abnormal temperature
and heart rate can help in early detection of potential illnesses. These sensors
make it easier to monitor the sheep’s stress levels and physical activity,
aiding health tracking. Monitoring the feed and water intake of sheep is
essential for analyzing their nutritional habits. Smart feeding systems can
optimize the nutritional intake of the sheep. Cameras equipped with image
processing techniques can monitor the physical condition of sheep. These
cameras track movements, health status, and behaviors of the sheep,
detecting any anomalies.

The installation of Al-based systems, hardware and software
infrastructure, data storage and processing services can create high costs for
farmers. Technologies such as GPS trackers, health sensors, and image
processing cameras can be expensive. Government support and incentives
can enable farmers to obtain these systems at affordable costs. Modular
solutions should be developed for different farm types and sizes. Flexible
structures that adapt to small and large-scale enterprises should be created.

Data Integration and Storage Infrastructure

To effectively manage the data collected from sensors used in sheep
farms, a robust data infrastructure is required. Storing and integrating this
data in a centralized system enables its analysis. Data from sensors and
devices can be stored on a cloud-based platform. This method ensures secure
data storage and facilitates the processing of large amounts of data.
Additionally, it provides farmers with continuous access to the data set.
Integrating data from various devices allows for analysis within a single
system. This integration enables the monitoring and analysis of multiple
parameters such as sheep health, mobility, feed, and water consumption.

In order for Al-based livestock systems to work effectively, data from
different sensors, GPS devices, image processing systems and 10T devices
must be combined and analyzed. Different data sources (weather, feed
consumption, health data) should be integrated. The accuracy of Al systems
depends on the quality and consistency of the data used. However, data
obtained from sensors and devices may be incomplete, erroneous, or
inconsistent, which can negatively impact the analysis processes. During the
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integration of data from different devices and sensors, mismatches may
occur. In some cases, particularly on small-scale farms, sufficient data may
not be collected. Sensor technologies need to be made more durable and
precise. The processes of data validation and cleaning should be automated.
Establishing a centralized data management system is necessary to ensure
the integration of data from different sources. Integration of different data
sources can be achieved by using open standards. However, strong
infrastructures that will provide data integration are often lacking on farms.
The accuracy of data from sensors and devices should be increased.
Advanced data cleaning and filtering techniques should be applied to prevent
data loss and noisy data. Internet access may be limited in rural areas,
making it difficult for cloud-based systems to work effectively. Data transfer
can be improved by developing wireless network infrastructures and 5G-
supported solutions specific to farms. In terms of data security, farmers
should have alternatives to store their own data (AlZubi and Al-Zu’bi 2023;
Bao and Xie 2022; Mao et al. 2023).

Data Analysis and Al Applications

In Al-based flock management systems, the accurate analysis of data
is crucial. Machine learning algorithms can be utilized to monitor sheep
health and behavior, make predictions, and create decision support systems.
Various machine learning algorithms can be used for flock management.
Supervised learning methods, for example, can predict sheep behavior and
health conditions. For instance, based on sheep movements, disease
symptoms or missing animals can be detected. By utilizing sheep health
data, early warnings can be issued regarding potential diseases. Over time,
accumulated data can help predict the health status and care needs of the
sheep. Al models can be employed to track the individual development of
sheep. This provides valuable information regarding feed efficiency, health
conditions, and overall performance, enabling farmers to make more
informed decisions.

The rapid advancements in Al and machine learning technologies will
make it possible to overcome many of these challenges. As technology
becomes more accessible, Al solutions will be used more widely in both
large-scale farms and small family operations. Cloud-based systems and
mobile applications will accelerate this process. Data processing can be
optimized by using local data processing (edge computing) technologies.
Powerful servers and software are required for real-time processing of large
data sets collected. Delays should be minimized by using a combination of
cloud and edge computing. Cloud-based software for data analysis and
management requires constant updates and maintenance. Al-based
management systems can be offered with a subscription model (SaaS —
Software as a Service) to reduce initial costs. Low-cost open source software
and modular systems can be developed with local collaborations.
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Autonomous Systems and Automated Management

Al-based systems offer various automation solutions to enhance
operational efficiency on sheep farms. Intelligent systems provide feeding
and water supply based on sheep's feeding habits. Feeding plans optimized
for the individual needs of sheep can increase productivity. For sheep used in
milk production, autonomous milking machines and care robots can be
employed. These systems automate the milking process, saving time and
allowing farmers to avoid manual errors. Drones can be used to monitor the
health of the pasture and the overall well-being of the flock. Drones can
detect high stress levels in sheep or identify missing animals, thereby
improving flock management.

Al and automation technologies will enable the emergence of fully
autonomous farms that make farm operations more efficient. Autonomous
milking machines, robotic feeding systems, and smart herd management will
be key components of this transformation. The next phase of Al in
agriculture will involve creating individualized nutrition, health, and care
plans for each animal. This will not only increase production efficiency but
also improve animal welfare. Al will also offer solutions to further reduce
the environmental impact of livestock farming. For instance, systems that
measure and reduce greenhouse gas emissions will lead to the widespread
adoption of more environmentally friendly production methods.

Training Programs and User-Friendly Interfaces

For effective utilization of technology, it is crucial to develop training
programs for farmers and user-friendly interfaces. Digital training sessions
should be organized for farmers, providing them with information on how to
use Al and loT systems. Additionally, online courses and workshops can be
offered to ensure proper usage of these systems. Intuitive and accessible
interfaces should be developed to enable farmers to use the technology
quickly and efficiently. User-friendly dashboards should be developed with
simple and understandable graphical interfaces. Voice assistants and
automatic reporting systems should be added so that farmers can use the
system more efficiently without needing technical knowledge.

The successful implementation of Al technologies depends on
farmers’ ability to adapt to these systems. However, for many farmers,
learning to use these new systems may take time. Farmers who rely on
traditional methods may need time to adapt to digital technologies. There
may also be a lack of personnel with the technical knowledge required for
the installation and operation of Al systems. Training programs and
workshops for farmers should be organized. Al solutions with user-friendly
and intuitive interfaces should be developed. Remote support and guidance
services should be offered to provide continuous assistance to farmers.
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Obijectives and Scope

This paper presents an Al-based model for flock management and
monitoring in sheep farming, aiming to improve operational efficiency,
sustainability, and animal welfare. The proposed model integrates data
collection technologies, such as GPS trackers, health and activity sensors,
and 1oT devices, to continuously monitor the health, behavior, and
environmental factors affecting the sheep. The data collected is processed
using machine learning algorithms to predict health conditions, track animal
movements, and provide insights into feeding and water consumption
patterns. Autonomous systems, including feeding and watering automation,
robotic care, and drones for monitoring, are incorporated to optimize
operational workflows.

The system relies on a robust cloud-based infrastructure for data
storage and integration, ensuring secure and efficient data management. Al-
driven predictive models enable early detection of potential health issues and
provide individualized care recommendations, enhancing both livestock
productivity and welfare. Moreover, the implementation of this system can
reduce environmental impacts by improving resource usage and minimizing
waste. While the integration of such technologies offers significant benefits,
challenges such as data quality, infrastructure requirements, and cost need to
be addressed for widespread adoption, particularly in small-scale operations.

This paper also highlights the importance of educating farmers and
developing user-friendly interfaces to facilitate the adoption of these
advanced technologies. By offering an innovative approach to sheep
farming, the proposed Al-based model has the potential to transform the
sector, making it more efficient, sustainable, and environmentally friendly.

While the development of Al-based sheep flock management systems
offers substantial benefits, overcoming the challenges requires careful
planning, robust infrastructure, continuous training, and collaboration with
farmers. With the right approach, these systems have the potential to
revolutionize livestock management, improving efficiency, productivity, and
animal welfare.

CONCLUSION

Al in the livestock sector offers groundbreaking innovations in terms
of productivity, sustainability, and traceability. Integrated with sensors, 10T
devices, big data, and machine learning algorithms, Al transforms traditional
methods in the industry, enabling smarter and more efficient processes. This
transformation brings significant benefits to both producers and the
environment. Al has the potential to revolutionize the livestock sector. To
fully realize this potential, progress must be made in education,
infrastructure, and cost management. All of these efforts will not only make
livestock farming more efficient and sustainable but also allow the sector to
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develop in harmony with the environment. While the use of Al in livestock
farming offers significant advantages, the implementation of these
technologies faces several challenges. Understanding these challenges and
identifying solutions will facilitate the broader and more effective
application of Al in the livestock sector. While challenges such as data
integration, system scalability, and farmer adoption remain, the potential
benefits of increased operational efficiency, enhanced animal welfare, and
sustainable farming practices make this model a promising approach for the
future of livestock management.

The Al-based sheep flock management and tracking system represents
a significant advancement in modern agricultural practices. By integrating
advanced technologies such as 10T sensors, GPS trackers, and machine
learning algorithms, this model offers an innovative solution to optimize
flock health monitoring, behavior analysis, and resource management.
Through real-time data collection and analysis, it enables farmers to make
informed decisions, predict health issues, and automate feeding and
maintenance tasks.

For success, certain key needs must be met for Al to be widely
adopted and effectively implemented in livestock farming. First, farmers
must have sufficient awareness and technical knowledge to adopt and use Al
technologies. To achieve this, introductory training for farmers should be
organized, and user-friendly interfaces should be developed. Additionally, a
solid infrastructure is required for Al systems to function effectively. The
quality of data collection devices must be improved, and data storage and
analysis processes should be further optimized. Finally, the costs of Al-
based systems can be a barrier, especially for small-scale operations. Public
incentives, cooperative models, and low-cost technologies can play a crucial
role in overcoming this obstacle. The opportunities Al presents will play a
key role in advancing the livestock sector into the future
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ABSTRACT

Rectal cancer remains one of the most common and deadly malignancies
worldwide and is an ongoing global health challenge. Improving patient
survival and quality of life is critically dependent on early detection, accurate
staging and personalised treatment strategies. Recent advances in artificial
intelligence (Al), particularly deep learning, have created transformative
opportunities in medical research and clinical practice. Using complex
algorithms, deep learning enables the integration and analysis of disparate data
sources such as genomic profiles, clinical records and medical imaging,
offering unprecedented accuracy in pattern recognition and predictive
modelling. This study presents a comprehensive bibliometric analysis aimed
at mapping the research landscape at the intersection of deep learning and
rectal cancer. By examining publication trends, influential articles, leading
researchers, high-impact journals and emerging thematic areas, the paper
provides a systematic overview of the current state of the field. The findings
highlight the evolving role of deep learning in key applications, including
tumour detection, image segmentation, treatment response prediction and
survival analysis. Ultimately, this review aims to inform future research
directions and foster interdisciplinary collaboration to support the continued
advancement of Al-driven innovations in the diagnosis and management of
rectal cancer.

Keywords — rectal cancer, deep learning, bibliometric analysis, LDA analysis,
Louvain algorithm

I. INTRODUCTION

Rectal cancer, one of the leading cancer types in cancer-related morbidity and
mortality, is a significant challenge for healthcare systems worldwide [1].
Despite significant advances in radiotherapy and chemotherapy, surgical
methods continue to play a significant role in early diagnosis and accurate
staging, improving patient prognosis [2]. Traditional diagnostic methods,
while undoubtedly useful, often lack accuracy, reproducibility, and scalability
[3]. These challenges have led to the increased use of advanced technologies,
especially genomic profiling and medical imaging, to improve early detection,
prognosis, and personalization of treatment strategies. Among the emerging
new technologies, deep learning has emerged as a transformative
computational approach in oncology. Deep learning, a subset of artificial
intelligence (Al), uses multilayered neural networks that can automatically
extract meaningful features from high-dimensional and heterogeneous
datasets. Its capacity to analyze significant amounts of data with minimal
human intervention has made it particularly valuable in the field of cancer
research. In the context of rectal cancer, deep learning has been applied in a
variety of areas, including automatic tumor detection, medical image
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segmentation, treatment response prediction, and survival analysis. The use of
these applications has been shown to improve diagnostic and prognostic
accuracy, thereby facilitating the implementation of precision medicine
through patient-specific treatment planning. The aim of this study was to
conduct a comprehensive bibliometric analysis to evaluate the research
surrounding the application of deep learning in rectal cancer.

Il. MATERIALS AND METHOD

This successful, a bibliometric analysis was conducted by examining and
summarizing the publications indexed under the Medical Subject Headings
(MeSH) term “Rectal Cancer” in PubMed for the time period ranging from
2011 to 2025. The current study focused on identifying studies specifically
related to deep learning applications in rectal cancer development. A search
strategy that can be learned with Boolean operators and MeSH terms to ensure
search consistency and reproducibility. The search query used was: (“rectal
cancer”’) AND (“deep learning”). The aim of this approach was to collate a
large but relevant dataset of publications addressing the possibilities of
artificial intelligence in rectal cancer research. Both standardized MeSH terms
and a free-text key were included to ensure terminology differences between
studies. The decision to use PubMed as the primary data source was based on
its comprehensive indexing of high-impact, peer-reviewed literature in the
clinical and biomedical sciences. The use of standardized MeSH terms
guarantees the accuracy and relevance of the results obtained, making it
particularly suitable for bibliometric analyses in the medical and oncological
fields. For the present bibliometric study, the defined search query was
recorded to retrieve data from PubMed in .txt format, which was then
transferred. The extracted dataset was divided into publication metadata such
as titles, authors, journals, publication years, and keywords. The bibliometric
analysis was run using VOSviewer (version 1.6.20), a special software tool
for the management and visualization of bibliometric networks. VOSviewer
facilitated the detection of co-authorship, co-citation, and keyword co-
occurrence patterns in the dataset. After the dataset was opened in
VOSviewer, the software processed metadata to determine author
collaboration, citation impact, and thematic-oriented relationships and
associations.

As illustrated in Figure 1, the annual distribution of publications related to
deep learning applications in rectal cancer can be examined. The horizontal
axis denotes the years of publication, whilst the vertical axis indicates the
number of articles published per year. This trend is indicative of the growing
scientific interest in this research area over the last decade.
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Figure 1: Yearly publishing trends

According to Figure 1, we can see that there has been a significant increase
in research publications since approximately 2020, reaching a peak of 83
articles in 2024. This upward direction is driven by advances in artificial
intelligence methods and the increasing therapeutic treatment of deep learning
in rectal cancer research, which is directed to medical imaging, diagnostic
flows and distribution. The paucity of publications in this field before 2018
indicates that the power of deep learning is still in its infancy during this
period.

A keyword analysis was conducted to identify research results and
emerging topics in the field. Keywords were then extracted from the dataset
and analyzed to identify frequently encountered times and topic ranges.
Simultaneously, co-authorship networks were analyzed to identify key
contributors and collaborative relationships among researchers. Influential
studies were identified by examining citation counts and connections between
highly cited articles.

To improve the clarity of the analysis, a minimum threshold is used to
exclude low-frequency times. For this process management, the applied filter
was applied to the publications that were displayed in less than a predefined
number. VOSviewer's clustering was separated to group the meaningfully
obtained keywords into thematic clusters and in this way visually changed the
different research subforms. The resulting network maps were optimized for
readability where thicker connection lines were used to reflect stronger
associations between the studies and the node sizes were optimized for
keyword occurrences.

A. Topic Modeling with Latent Dirichlet Allocation (LDA)

In order to reveal the latent thematic structures in deep learning and rectal
cancer research, Latent Dirichlet Allocation (LDA), a widely used
probabilistic treatment for topic partitioning, was used. LDA attempts to work
with each document in the body consisting of multiple quantities and each
topic represented as a distribution over the words. The goal of LDA’s
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performance is to identify the most common research topics and display
keywords in the selected publication data settings.

The primary stage of the research process was a variety of a dataset of
publication titles. The titles were then subjected to a series of preprocessing
steps. The process included tokenizing the titles, converting all text to
lowercase, and changing the appearance of punctuation marks and stop units.
This preparation ensured that the topic content of the data was in a suitable
format. Gensim list, a dictionary that assigns a unique identifier to each word,
and documents to complete a body representing a Bag of Words (BoW) body.

The LDA model was then listed over this body and initially five topics were
identified and 15 passes were made to ensure convergence. The model outputs
are visualized visually using PyLDAVvis, a tool that provides a visualization of
topic distributions and relationships. In this visualization, a detail of each
bubble is represented, and the size of the bubble corresponds to the prevalence
in the dataset. The distances between the bubbles are indicative of nonsense
similarity. It also facilitates the interpretation of thematic structures by
duplicating each part.

The resulting themes reflect the main research areas in the field, including
themes such as ‘Deep learning in cancer research’, ‘Rectal cancer imaging’
and ‘Artificial intelligence in medical diagnostics’. Thematic clusters are
provided by the valuable use of deep learning in interdisciplinary applications,
providing insights, and the density of interest and rectal cancer processes,
which are currently the most dominant. In addition, a manual categorization
of representative publications was performed, and the publications were then
classified into five primary research areas.

LDA was selected as the base module loading, built on the structure of
generative content and robust performance on large and sparse textual
datasets. In the topic section, alternative perturbations such as Non-Negative
Matrix Factorization (NMF) are also used, but the transformation of NMF to
matrix decomposition can be less stable in large-variance analyses. In contrast,
LDA provides a probabilistic representation of the topic-word distribution and
modeling of persistent topic relations, making it more suitable for such
bibliometric studies.

A parameter tuning procedure block based on a combinatorial search was
used to optimize the details of LDA, aiming to explore different methods to
maximize topic distribution and interpretability. The optimal number of topics
was determined through recommendation score analysis with iterative training
to ensure the stability of the model. After a series of evaluation rounds, the
most suitable topics were identified, and thus a clear and significant
differentiation began among the research subjects.

The final visualization of the LDA results (see Figure 2) shows: the status
and dominance of the research topics in the corpus, as well as the keyword
distributions in each topic setting, were analyzed. Thematic coherences and
promotions among the topics were investigated. A dynamic map of how
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research topics coexist and evolve over time is included. With this approach,
it was possible to extract descriptive studies, reveal emerging details, and
provide a probabilistic and interpretable structure for segmenting the
landscape of deep learning services in rectal cancer.
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Figure 2: LDA Visualization of deep Learning and rectal cancer research topics

B. Community Detection with The Louvain Algorithm

To investigate the collaborative structures within research components,
Louvain iterations were recorded. A network was constructed based on co-
authorship groups, where nodes represent individual authors and instances of
collaboration through their joint publications. The co-authorship graph was
constructed using the NetworkX Python library. For publication in the dataset,
all authors were separated and connected by undirected edges indicating the
collaboration relationship. As a result, the graph encapsulates the global
corpus of researcher collaborations.

Following the data of the graph, Louvain was introduced to detect
communities. These communities provide higher collaboration by comparing
external hostilities and show robustness as author clusters. This method is
efficient in efficiently partitioning large networks and assigning nodes to
communities in a way that optimizes the separation of intra-partition
connections over inter-partition connections.

The resulting partitions were visualized as a color-coded network graph,
where each different color represents a different author (see Figure 3). Nodes
from the same partition (i.e. authors) are represented by the same color,
providing a clear visual representation of collaborative clusters. This
visualization provides valuable insights into the structure of research
collaboration in the field, highlighting leading author groups, radiating
researchers, and potential centers of interdisciplinary interaction.

In addition, to complement thematic mapping, we noted the emergence of
Louvain as the primary partition detection method in the co-authorship
network. The choice of this program was made to provide the capacity to
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optimize modularity, which is a fundamental measure of the delivery of a day
to separate groups. Compared to alternative treatments such as Girvan-
Newman and Leiden, the Louvain method exhibits superior scalability and
scheduling rule solutions, especially for large and complex networks. In
contrast to the Girvan-Newman method, which is based on computationally
intensive edge interconnection programming and iterative network
partitioning (making it less suitable for large datasets), the Louvain
development provides a significant reduction in the processing time to
optimize modularity locally. The method discussed here is a method that
establishes organized communities of methods, effectively grouping nodes
(authors) according to the density of their connections. This represents the
members of well-formed, developed collaboration clusters; this is a
particularly useful result for academic research units that often collaborate
across institutions and disciplines.

Co-authorship Network with Louvain Communities
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Figure 3: Louvain algotithm - graphical result

In order to ensure an accurate and meaningful visualisation of the co-
authorship network, specific threshold parameters have been defined:

Node size: The Edge Weight is proportionate to the number of publications
attributed to each author. This metric is indicative of the number of papers that
two researchers have co-authored.

Minimum Edge Threshold: Edges representing less than two co-authored
papers were filtered out in order to remove weak or random collaborations.
The Kamada-Kawai layout algorithm was applied in order to optimise node
positioning and ensure a readable, aesthetically balanced layout. Communities
detected by Louvain were distinguished visually by means of colour coding,
with each cluster assigned a unique colour. The final modularity score was
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calculated in order to assess the quality of the detected communities and to
confirm the effectiveness of the clustering.

C. Interpretation and Visualization

The final keyword co-occurrence network (which is summarized in Table
1) is generated using VOSviewer provides a visual representation of the
semantic relationships between the most frequently used terms in publications
focused on deep learning applications in rectal cancer. This network provides
valuable insights into the core thematic areas, emerging research trends and
dominant scientific directions within the field.

In the visualisation, each node represents a keyword extracted from the
dataset. The size of a node corresponds to the frequency with which the
keyword appears in the analysed publications; larger nodes thus indicate terms
that are used more frequently and thus represent key concepts and focal points
in the literature. The links between the nodes in the network indicate co-
occurrence relationships, i.e. the presence of two keywords in the same
document. The thickness and proximity of these links are indicative of the
strength of the association between them; that is to say, the closer together and
the more heavily weighted the links are, the more frequently the terms are
discussed in combination.

The analysis of this co-occurrence network facilitates the identification of
the following possibilities: It is imperative to identify the central concepts of
the field, for example, by means of the identification of thematic clusters,
where groups of related keywords indicate specialised subtopics such as
imaging techniques, predictive modelling, or clinical applications.
Furthermore, it is essential to identify emerging terms that may indicate new
areas of research or technology adoption. The tracking of interdisciplinary
convergence is also crucial. The enhancement of understanding of the
intellectual structure of the field is facilitated by the aforementioned network
visualisation, which helps researchers to navigate the field, identify
opportunities for collaboration, and align their work with current scientific
priorities.
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Table 1. Thematic clusters identified through keyword co-occurrence analysis

Cluster . Representative Research Focus
Thematic Area
No Keywords
deep learning, General Al methodologies
. neural network, applied in medical and
Deep Learning & : PP
1 Al Core Concepts convolutional cancer-related contexts
neural network,
Al
MRI, image Use of imaging data and
. . segmentation, automated image analysis in
Medical Imaging SO . .
2 . medical imaging, rectal cancer diagnosis
and Segmentation o
radiomics, feature
extraction
rectal cancer, Clinical use cases of deep learning
3 Rectal Cancer Clinical diagnosis, staging, in detecting and staging rectal
Applications prognosis, treatment cancer
planning
. . prediction, Predictive analytics,
4 Prgﬂfggﬁe’\ﬂ:r?ai“z%& classification, survival | treatment response estimation, and
Y analysis, biomarkers | outcome prediction
dataset, Data preparation, model training,
5 Data Sources & preprocessing, and evaluation methodologies
Processing annotation, training
data, validation
Integrative & genomics, pa_thology, Int_egratlon qf omics data and_
6 LI personalized precision medicine approaches in
Interdisciplinary Themes L
medicine, oncology cancer research
I11. RESULTS

A bibliometric analysis was performed to investigate the applications of
deep learning in rectal cancer, with a view to revealing key insights into the
research landscape, publication trends, collaboration patterns and thematic
structures.
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Table 2. Learning Applications in Rectal Cancer

Analysis Category

Key Findings

Publication Trends

Rapid growth observed from 2020

onwards; peak in 2024 (83
publications)

Author Collaboration

identified using Louvain algorithm

7 distinct author communities

Citation Network

Central publications with high citation impact

Keyword Co-occurrence

identified
Frequent keywords: “deep learning,” “rectal
cancer,” “segmentation,” “radiotherapy”

Thematic Clusters

Green: Segmentation & Treatment, Red:
Genomics & Biomarkers, Purple: Radiotherapy,

Orange: Transformers & New Al

The identification of key research themes and emerging areas was facilitated
by the implementation of a keyword co-occurrence network, which was
generated with the assistance of VOSviewer (see Table 2). The analysis
yielded central and frequently used terms that reflect the interdisciplinary
nature and evolving focus of deep learning applications in rectal cancer

research.

This analysis underscores the intricate interconnection between Al
methodologies, oncological applications, and clinical decision support
instruments. The centrality of 'deep learning', and its co-occurrence with both
technical and clinical terms, highlights the convergence of data science and
precision medicine in rectal cancer research.

Table 3. Most frequently occurring keywords and associated research themes

Keyword

Associated Theme

Interpretation

Deep learning

Core computational
approach

Central node; represents the primary
methodological framework

Rectal cancer

Disease-specific focus

Indicates direct application domain

Colorectal neoplasms

Broader oncological
context

Expands the scope beyond rectal cancer

Machine learning

Algorithmic
foundation

Highlights related computational approaches

Artificial intelligence

General Al application

Encompasses broader use of Al in medical
diagnostics

Radiomics Image-based feature Reflects the use of imaging data in
extraction predictive modeling
Prognosis prediction Clinical outcome Points to personalized treatment planning
estimation
Tumor segmentation Image analysis and Key area in medical image processing and
localization diagnostics
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Neoadjuvant therapy Preoperative treatment Indicates integration with therapeutic
planning decision-making

A. Citation patterns and research networks

The most frequently cited studies in this field concentrate predominantly on
the following subjects: artificial intelligence-assisted prognostics, radiomics
and deep learning-based tumour segmentation. These publications, which
wield considerable influence within the academic community, are typically
the product of research groups specialising in oncology, Al-assisted medical
imaging and computational pathology. This observation underscores the
inherently interdisciplinary nature of the field. The citation network reveals
strong collaborations between oncologists, radiologists and computer
scientists, highlighting the essential role of cross-disciplinary efforts. A
significant corpus of research has been dedicated to the clinical relevance of
deep learning in rectal cancer, with a particular emphasis on the utilisation of
artificial intelligence for predictive modelling of recurrence risk and patient
survival.

The utilisation of deep learning algorithms for the automated segmentation
and staging of rectal tumours. The utilisation of artificial intelligence in the
domain of radiotherapy planning facilitates the development of personalised
and optimised treatment strategies. The co-authorship analysis identified
prominent contributors and institutions at the forefront of Al-driven rectal
cancer research. The researchers leading this project have a range of
backgrounds, including medical imaging, oncology and Al in radiology, and
these backgrounds are complementary. The global nature of this research is
evident, with active collaboration between institutions in the United States,
Europe and Asia. It is evident that the institutions responsible for producing
the most influential studies are those which include:

- major cancer research centres and hospitals;

- academic medical universities which have established departments
dedicated to the research of artificial intelligence; and

- specialised artificial intelligence laboratories which have a particular
focus on healthcare applications.

The collaborative network clearly demonstrates that interdisciplinary
partnerships are essential to advance deep learning applications in rectal
cancer. These partnerships facilitate the exchange of knowledge across
disciplines, enabling more sophisticated and clinically viable Al tools.
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The conclusion drawn from this bibliometric analysis provides a
comprehensive overview of key research trends, high-impact publications,
collaborative networks and thematic research areas in the application of deep
learning to rectal cancer. The rapid proliferation of related publications,
particularly in the post-2020 era, underscores the escalating significance of
this domain within the realm of precision oncology.

Nevertheless, a number of challenges must be confronted in order to facilitate
the effective incorporation of artificial intelligence into the management of
rectal cancer, namely:

- Ensuring the accessibility and standardisation of datasets
- Ensuring the interpretability and transparency of models
- Robust clinical validation
- Ensuring generalisability

Subsequent research endeavours should concentrate on overcoming these
obstacles, whilst concurrently fostering collaboration between clinicians, data
scientists and biomedical engineers to stimulate innovation and translate
findings into clinical practice.

IV.DISCUSSION

The bibliometric analysis revealed a significant increase in research activity
on deep learning applications in rectal cancer, with the number of publications
peaking in 2024. This exponential growth is indicative of the mounting
scientific and clinical interest in the utilisation of artificial intelligence (Al)
for prognostic modelling, treatment planning and cancer diagnosis. The
thematic areas identified by keyword co-occurrence, such as medical imaging,
radiomics and Al-based decision support systems, correspond to the most
cited and influential studies in the field, indicating their central role in shaping
the current research landscape.

The co-authorship analysis further emphasises the collaborative nature of
the field, highlighting strong international partnerships between Al
researchers, radiologists and oncologists. This multidisciplinary collaboration
suggests a growing convergence between technological innovation and
clinical application, facilitating more impactful research outcomes.

However, it is important to acknowledge the limitations of the study.
Although the PubMed database offers extensive coverage of medical and
clinical literature, it does not index conference proceedings, technical reports
or publications in computer science-focused journals. These publications are
often the primary venue for the dissemination of cutting-edge artificial
intelligence methods. Consequently, significant advancements in the field of
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algorithm development and the evolution of computational frameworks may
have been overlooked in the present analysis.

Furthermore, the study relied on bibliometric metadata as opposed to
conducting in-depth content analysis of the included articles. While this
approach is demonstrably effective in mapping research trends and scientific
networks, a more detailed examination of methodological frameworks,
datasets and clinical outcomes could provide a more profound understanding
of the actual contributions and limitations of the published studies.

Another consideration is citation-based assessment, which inherently
favours older publications that have had more time to accumulate citations.
Consequently, recent breakthroughs and emerging techniques in deep learning
may be underrepresented in citation metrics, despite their potential scientific
and clinical importance.

To summarise, the present bibliometric analysis provides a structured
overview of the evolution of the field. However, future research should
consider integrating full-text content analysis, expanding data sources to
include Al-focused databases, and using alternative impact metrics to better
capture the rapidly evolving nature of Al applications in rectal cancer
research.

V. CONCLUSION

This bibliometric analysis underscores the accelerated growth and
development of deep learning applications in the realm of rectal cancer
research. The observed exponential growth in publications, particularly after
2020, is indicative of the increasing integration of artificial intelligence in
oncology, driven by advances in computational methods and the growing
demand for precision medicine.

The following key research areas have been identified: tumour
segmentation, radiotherapy optimisation, genetic biomarker prediction and
multimodal Al integration. These themes illustrate a shift towards more
personalised, data-driven approaches to cancer diagnosis and treatment. The
analysis also reveals highly collaborative international research networks,
highlighting the convergence of expertise between oncologists, radiologists
and Al specialists.

Emerging technologies, including explicable Al, transformer-based
architectures, and hybrid deep learning models, are poised to further shape the
future of cancer care. Nevertheless, despite this progress, several challenges
persist, including interpretability issues, limited availability of diverse and
large datasets, and barriers to clinical implementation of Al models.

It is imperative to surmount these limitations if the full potential of deep
learning in rectal cancer is to be realised. By enhancing model transparency,
optimising data quality, and advocating clinical validation, artificial
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intelligence (Al) holds the potential to transform diagnostic accuracy,
treatment planning, and ultimately patient outcomes.

This study provides a fundamental overview of the evolving landscape of
Al-driven research in rectal cancer and supports the advancement of evidence-
based, data-centric strategies in oncology practice.
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