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	Abstract
This research explores the use of biomathematics and artificial intelligence (AI) in modelling complex biological systems in the digital era. A descriptive quantitative approach was used to evaluate perceptions of mathematical modelling, AI, hybrid models, and research challenges in biology. The sample consisted of 150 participants with backgrounds in relevant fields, including biology, biotechnology, bioinformatics, mathematics, computer science, AI, and health. Data collection was conducted using a structured questionnaire with a five-point Likert scale, and data analysis was performed using descriptive statistics. Results showed that 68% of respondents had research experience, and 32% did not. Most respondents identified biomathematics as an important interdisciplinary area at the intersection of biology and statistics, and of computing and data analysis (mean score: 4.31). AI for analyzing huge amounts of biological data was seen as very useful (mean score: 4.36). Biomathematics and AI were found to improve model accuracy (mean score: 4.27), while data quality was the main challenge (mean score: 4.33). The future convergence of mathematics, AI and biology was seen as most important (mean score: 4.38). The findings highlight the influence of digitalization on modern biology and health care. The study found that mathematical-AI models have applications in prediction, interpretation, simulation, and decision-making in biological research. Still, their use will depend on high-quality data, model transparency, ethical considerations, and interdisciplinary training.
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Introduction
Biological systems are among the most complex systems in nature. Biological phenomena are an immense web of variables interacting continuously, from the interactions of genes and proteins to the propagation of infectious diseases and the interactions among various life forms in an ecosystem. In many cases, by just looking at the processes, it will be difficult to understand them because not everything biological can be measured directly or tested under all conditions in experiments. Consequently, the use of mathematical equations and computational models to represent biological systems (biomathematics) is becoming increasingly common. These models enable simplifying complex biological processes, testing scientific hypotheses, predicting, and even decision-making in medicine, agriculture, the environment, and biotechnology (Liu, 2024; Puniya et al., 2024).
The wealth and number of biological data have, moreover, underscored the necessity of mathematical modelling. A vast amount of data is collected daily using modern technologies like genome sequencing, health imaging, and wearable health gadgets, to name just a handful, alongside powerful lab methods that process large amounts of data in controlled environments. These data offer an excellent prospect for scientists to gain knowledge from the data, but it also poses huge challenges in making analyses of the data. The use of artificial intelligence (AI), specifically machine learning and deep learning, provides powerful capabilities to discover patterns in large amounts of data, see hitherto undetected relationships, and make accurate predictions based on them. In addition, AI and biomathematics have the potential to improve the efficiency and accuracy of biological modelling, enabling the solution it problems that were previously challenging or impossible with conventional biomathematical methods alone. (Noordijk et al., 2024; Peirce-Cottler, 2024).
In the digital age, computational technologies continue to transform the science of biology, and the use of biomathematics and artificial intelligence is becoming increasingly critical. A wide range of hybrid approaches now exists, combining mathematical ideas with AI algorithms for disease diagnosis, drug discovery, precision medicine, ecological forecasting, and systems biology. The new techniques can aid in developing more accurate predictive models and provide insights into the functioning mechanisms of biological systems. As science moves toward a data-driven research paradigm, the mathematical and artificial intelligence (AI) fields are expected to play vital roles in developing new solutions to complex biological problems and improving the quality of scientific decision-making (Topol, 2024; Stephan et al., 2024).
Background of the Study
Linking Mathematics and Biology has become of unprecedented importance over the last few decades, in view of the advances in digital technology. Some of the primary tools now used in biological studies include laboratory experiments and statistics to study natural phenomena. These methods are basic but inherently static and isolated, lacking dynamism and complexity within the biological units they describe. These interactions can be systematically organized, and biological processes can be translated into mathematical equations (models) that can then be analyzed, simulated, and optimized. These models evolved into increasingly complex systems and were applied to a variety of problem domains, including epidemiology, genetics, neuroscience, environmental sustainability, and population dynamics (Liu, 2024; Zhao, 2024).
AI has revolutionized the handling and understanding of biological data. The fact-set analysis of AI algorithms is exceptional compared to rule-based computation techniques. These algorithms have the unique capability to learn from the past, adapt to new facts as they arrive, and quickly process extremely complex fact sets. This is particularly beneficial for fields of data like biology, which encompasses everything from weather monitoring and X-rays to medicine and clinical data to genomes. AI can integrate with biomathematical models to create more robust, more accurate disease predictions, streamline treatment, and understand biological mechanisms at multiple levels of organization (Peirce-Cottler, 2024; Noord et al., 2024).
A good model of a biological system should be highly dynamic and nonlinear, and be capable of describing a system with uncertainties. In the sciences, it is never easy to devise such error-free models. In addition, there are challenges regarding the transparency of the models, the veracity of the data, computational resources, and ethical issues related to the utilization of biological information. All these hurdles highlight the need to fuse interpretable mathematical theories and Artificial Intelligence to learn from them. This study aims to delve into the synergies between biomathematics and AI in modelling intricate biological systems and to witness the significant role it plays in driving scientific advancement, healthcare innovation, and sustainable development in the digital age (Topol, 2024; Stephan et al., 2024).
Research Problem
The combination of biological information and the digital world has enabled scientific discovery in new ways. It has also made it difficult to apply the usual analytical framework to understand biological systems better. While humans may explain biological processes through mathematics and cope with large, complex data with powerful tools leveraged by artificial intelligence, these tools can be used individually, limiting their effectiveness. Many models are false and limited, are not dynamic or nonlinear, are not multi-level, and are not accurate, transparent, or interpretable in a realistic sense. This difference becomes apparent when a more integrated thought process is required that combines the best attributes of biomathematics with those of artificial intelligence. This study aims to investigate how these two areas can form a synergy that enables complex biological systems to become part of the Digital Age and be modelled, analyzed, and predicted with increasing reliability and usefulness, thus enabling scientific studies to be more reliable.
Research Objectives
1. Learn about the modelling of complex biological processes with biomathematics.
2. Understand how Artificial Intelligence helps predict, classify, estimate parameters, and recognize patterns in biological data.
3. Explore ways to improve hybrid mathematical and AI models of complex biological systems.
4. Understand data quality, interpretability, model validation, and ethical aspects related to the use of Artificial Intelligence in modelling biological fields.
Research Questions
1. What was the role of biomathematics in the digital age of modelling complex biological systems?
2. How did AI enhance the analysis and prediction of biological processes?
3. What were the ways in which mathematical models and AI were used in hybrid biological modeling?
4. What were the obstacles to accurate, interpretable and reliable mathematical-AI models of biological systems?
Significance of the Study
The study has the potential to significantly advance understanding of complex biological phenomena by integrating mathematical modelling and artificial intelligence. The results can be used to provide students, researchers, and health care practitioners with an example of how to integrate equations, algorithms, simulations, and biological data to analyze life processes. The digital age has paved the way for biological research to increasingly rely on a combination of lab experimentation and computational analysis. Hybrid approaches are particularly beneficial as they enable prediction and explanation, both of which are crucial for sound scientific insights.
Literature Review
Biomathematics and Biological System Modelling
Understanding biological processes through mathematical models is an important field known as biomathematics. Researchers use mathematical equations to describe the growth of cells, the size of populations, the spread of disease, and the interactions within biological networks. These models can simplify complex biological systems, helping scientists make predictions beyond the laboratory. Biomathematical modeling tools have come into their own for elucidating biological phenomena and are increasingly effective in biomedical, ecological, and biotechnological decision-making (Liu, 2024; Puniya et al., 2024).
Some studies show that mathematical modelling is becoming increasingly successful, driven by the emergence of new computational techniques. The novel models are ideally suited for handling large volumes of data and for describing biological context from genes to ecosystems. But in biology, they say, "difficult things are the rule: there are nonlinear dynamics, and there is continuous adaptation. This has led to an increasing application of more flexible mathematical models that can capture biological phenomena more accurately (Noordijk et al., 2024).
Biomathematics also has applications in decision-making for environmental and health care systems. With a mathematical model, one can compare scenarios, estimate treatment effects, and determine how diseases will spread as conditions vary. They also save time and money by allowing scientists to replicate multiple lab experiments and test hypotheses using computer simulations. As computing technologies continue to develop, biomathematical modelling will gain further ground and be used more extensively for innovation and biological research, providing new insights into several areas of biology.
Artificial Intelligence in Biological Research
With the acceleration of AI, the treatment and understanding of biological data have also been transformed. In contrast to traditional analytical methods, machine learning and deep learning techniques can analyze vast quantities of biological data quickly. The technologies are used to uncover hidden relationships within sets of genes, medical images, protein structures and medical records of diseases. Consequently, AI has a significant impact on disease diagnosis, drug discovery, precision medicine, and biomedical research (Topol 2024; Esteva et al., 2024).
Although AAI has high predictive accuracy, several studies note that it should not be used alone. While some AI models generate correct predictions, they offer little explanation of how they arrive at them. Lack of transparency can lead to diminished trust in scientific and clinical uses. To enhance the prediction and interpretation, researchers are now proposing a hybrid between AI and knowledge-based solutions (Noordijk et al., 2024; Jiang et al., 2024).
AI is increasingly useful when combined with biological knowledge rather than just data, as recent studies show. Explainable AI techniques are being developed to facilitate easier understanding and interpretation of model predictions. In healthcare, for instance, physicians and researchers must understand how and why AI makes the recommendations it does before seamlessly integrating them into their working practices. Therefore, explainable and trustworthy AI in computational biology has become a significant research field (Topol, 2024; Noordijk et al., 2024).
Biomathematics and Artificial Intelligence for Biomedical Applications
As biomathematics and AI seem to complement each other, they are receiving attention. Mathematical models contribute expertise to understanding biological mechanisms, while AI enhances data analysis and prediction. They share the ability to create more accurate models useful for researching complex biological systems. These hybrid methods have been successfully applied across various fields, including cancer research, prediction of infectious disease outbreaks, personalized medicine, and environmental monitoring (Peirce-Cottler, 2024; Stephan et al., 2024).
Researchers show that there is still work to be done to achieve models that are both accurate, interpretable, and applicable across various biological domains. These include issues of data quality, model soundness, model scalability, and ethical use of biological data. The development of a strong collaboration between biomathematics and AI to create powerful computational models that aid in scientific innovation and the resolution of real-world biological challenges is a direction that will be pursued in the future (Zhao, 2024; Topol, 2024).
The accessibility of digital technologies and the adoption of biomathematics and AI have accelerated across several facets of biological fields. Hybrid models are now being employed in the study of genomic information, disease outbreaks, drug development and ecosystem changes. Unlike traditional models that rely on computational resources and complex algorithms, these models harness mathematical knowledge and intelligent algorithms to make more accurate predictions quickly. It seems that biological data will become increasingly important in the future, as data volumes grow (Peirce-Cottler, 2024; Stephan et al., 2024).
Research Methodology
Research Design
The study is descriptive, quantitative, and focuses on the application of biomathematics and artificial intelligence to model complex biological systems in the digital world. The design was chosen to gather both qualitative and quantitative insights into their views, knowledge, perceptions, and understanding of mathematical models, AI tools, and digital biological data in school. The researcher intended to describe the situation as systematically as possible using a descriptive approach, without changing any variables.
Population of the Study
The study population consisted of University students, research scholars, and sudden job holders, including professors, 4B-BIO, bioinformatics, Mathematics/Cs, and Artificial Intelligence. This was chosen because they both have direct or indirect involvement in biological research, mathematical modelling, data analysis, and digital technology. They had valuable academic and research experience, leading them to have a keen interest in the role of biomathematics and artificial intelligence in the Digital era.
Sample Size
150 items were sought from the target group and were sampled. The participants included faculty from the fields of Biology, Biotechnology, Bioinformatics, Mathematics, Computer Science, and Health, undergraduate and postgraduate students, and research scholars. The number of respondents was N (150) in the study, which yielded an adequate sample size, and the perceptions and understanding about biomathematics and artificial intelligence were analyzed.
Sampling Technique
Purposive sampling was used in the study, with selection based on subjects' academic qualifications and research interests relevant to the topic. The researcher selected the participants based on the facts and information that they possessed about biology, mathematical modelling, artificial intelligence, bioinformatics or health care technology. Using this method enabled the subjects to respond to the questions examined in the research, which was valuable and relevant.
Data Collection Method
Data was mainly collected through a questionnaire, for which responses were obtained. The questionnaire was formulated to align with the study's aim and research questions. This involved concepts such as mathematical modelling, AI, biological data analysis, digitization, complex biological systems, model accuracy, model interpretability, and research challenges. The questionnaire was used to systematically and consistently obtain information from all respondents.
Research Instrument
The researcher-developed questionnaire was the main research instrument in this study. It was in several parts. The first section gathered demographic data, including field of study, academic level and research experience. The second part dealt with biomathematics in the biological context. The third section was focused on artificial intelligence and digital data in biology.
Data Collection Procedure
Data were collected systematically using a questionnaire appropriate to the research objectives. Feedback from the experts was used to revise and enhance the questionnaire. The researcher intended to contact the Potential respondents and provide them with the Questions to be answered. All participants were informed of the study's aim before completing the questionnaire.
Data Analysis Method
Descriptive Statistics were used to analyze the collected data. The demographic data were tabulated as frequencies and percentages. Responses to questions on mathematical modeling, artificial intelligence, biological systems, and digital technologies were analyzed using the mean and standard deviation. The results of these statistical techniques were easily interpretable.
Results and Analysis
Demographic profile of respondents 
The demographic characteristics of the respondents were described in this analysis. Demographic information was provided for an understanding and awareness to be formed about the academic level, field of study and research background of the participants.

Table 1:	Demographic Profile of Respondents
	Demographic Variable
	Category
	Frequency
	Percentage

	Academic Level
	Undergraduate Students
	42
	28.0%

	
	Postgraduate Students
	58
	38.7%

	
	Research Scholars
	31
	20.7%

	
	Faculty Members / Professionals
	19
	12.6%

	Field of Study
	Biology / Biotechnology
	46
	30.7%

	
	Bioinformatics
	29
	19.3%

	
	Mathematics / Statistics
	24
	16.0%

	
	Computer Science / AI
	34
	22.7%

	
	Health Sciences
	17
	11.3%

	Research Exposure
	Yes
	102
	68.0%

	
	No
	48
	32.0%

	Total
	
	150
	100%



In Table 1, the largest group was postgraduate students, who accounted for 38.7% of the respondents (58). The percentages of Undergraduate Students, Research Scholars, and Faculty Members/Professionals are 28.0%, 20.7%, and 12.6%, respectively. The distribution revealed that 30.7% of the respondents were from the field of biology or biotechnology, 22.7% from computer science or artificial intelligence, 19.3% from bioinformatics, 16.0% from mathematics and statistics, and 11.3% from health sciences. In addition, 68.0% of respondents reported exposure to research, while 32.0% reported no exposure. This result indicates that most of the respondents were academically oriented or professionally trained in research methodology, data analysis/or biological systems, and/or digital software tools.
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Figure 1. Demographic Profile of Respondents

Respondents' Perception of Biomathematics in Biological Modeling
This analyzes the respondents' views about the role of biomathematics in understanding and modeling complex biological systems.



Table 2:	Respondents' Perception of Biomathematics in Biological Modeling
	Statement
	Mean
	Standard Deviation
	Interpretation

	Mathematical models explained complex biological processes clearly.
	4.18
	0.72
	High

	Biomathematics improved the understanding of disease progression.
	4.11
	0.78
	High

	Mathematical equations supported the prediction of biological outcomes.
	4.07
	0.81
	High

	Simulation models helped in studying biological systems without direct experimentation.
	4.22
	0.69
	Very High

	Biomathematics connected biology with statistics, computation, and data analysis.
	4.31
	0.66
	Very High



Table 2 shows that, in general, opinions were high and agreed on the importance of biomathematics in biological modelling. The statement with the highest mean score was: "Biomathematics establishes a linkage between biology, statistics/computation, and data analysis." The mean score for the item Simulation models is 4.22, a very high score. The results indicate that the respondents believe that simulation is a good way to investigate biological systems without performing a real experiment. The mean score of the other statements was also high (4.07-4.18). 
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Figure 2. Respondents' Perception of Biomathematics in Biological Modeling



Respondents' Perception of Artificial Intelligence in Biological Data Analysis
This analysis presented the respondents' views about artificial intelligence in the analysis of biological and biomedical data.

Table 3. Respondents' Perception of Artificial Intelligence in Biological Data Analysis
	Statement
	Mean
	Standard Deviation
	Interpretation

	Artificial intelligence improved the analysis of large biological datasets.
	4.36
	0.61
	Very High

	Machine learning helped in identifying hidden patterns in biological data.
	4.28
	0.68
	Very High

	Deep learning supports image-based diagnosis and biomedical classification.
	4.16
	0.75
	High

	AI tools improved prediction in genomics, bioinformatics, and disease modeling.
	4.24
	0.70
	Very High

	Artificial intelligence reduced the time required to interpret biological data.
	4.09
	0.83
	High



Table 3 presents the results for those who strongly agreed with the importance of Artificial Intelligence (AI) in biological data analysis. The Maximum average score was recorded in the answer to the question, AI helped the study of large bio data be better. The key machine learning methods considered suitable for biological data analysis were rated an average of 4.28. Respondents knew that machine learning could be useful to uncover relationships that are not apparent in traditional analysis. They include patterns of gene expression and disease markers, as well as patterns of protein interaction, and it was recognized that AI tools might be able to identify these patterns. The findings also provided strong consensus on the contributions of deep learning, predictive abilities, and time efficiency. Genomics, bioinformatics, and disease modeling had high trust scores (4.24, 4.15, and 4.32) for AI-based approaches.
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Figure 3. Respondents' Perception of Artificial Intelligence in Biological Data Analysis



Integration of Biomathematics and Artificial Intelligence
This table analyzed the respondents' views on combining mathematical modeling with artificial intelligence. 



Table 4. Integration of Biomathematics and Artificial Intelligence in Complex Biological Systems
	Statement
	Mean
	Standard Deviation
	Interpretation

	The integration of biomathematics and AI improved model accuracy.
	4.27
	0.64
	Very High

	Hybrid mathematical-AI models explained biological systems better than single-method models.
	4.19
	0.73
	High

	AI-supported parameter estimation in mathematical biological models.
	4.06
	0.79
	High

	Mathematical AI models supported personalized medicine and treatment planning.
	4.21
	0.71
	Very High

	Digital twin models became more useful when mathematical modeling and AI were combined.
	4.25
	0.67
	Very High



From Table 4, it can be seen that the respondents were positive about the integration of biomathematics and artificial intelligence. The item with an integration that increased the model's accuracy had the highest mean of 4.27. The second statement about "Digital Twin Models" had a mean rating of 4.25, indicating strong agreement. The results show that the respondents have even recognized the importance of mathematical or AI models in creating digital representations of biological systems. Digital Twins were found useful for Simulation, Prediction, and Patient-Specific Analysis in current practices in healthcare and biosciences. The results further showed that blended mathematical-AI models were more likely to agree in describing biological systems than were mathematical and AI models alone. The average obtained score was 4.19, indicating high agreement. This discovery indicated that the respondents knew that one could use either mathematical equations or AI. Mathematical models, AI-empowered prediction, and data processing were used to add biological explanations.
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Figure 4. Integration of Biomathematics and Artificial Intelligence in Complex Biological Systems

Challenges in Mathematical-AI Biological Modeling
This analysis presented the challenges related to the use of biomathematics and artificial intelligence in biological modeling. 



Table 5. Challenges in Mathematical-AI Biological Modeling
	Statement
	Mean
	Standard Deviation
	Interpretation

	Poor data quality affected the accuracy of biological AI models.
	4.33
	0.62
	Very High

	Complex mathematical models were difficult for non-specialists to understand.
	4.15
	0.77
	High

	AI models sometimes lacked clear biological interpretation.
	4.29
	0.66
	Very High

	Ethical concerns existed in the use of biological and medical data.
	4.18
	0.74
	High

	Lack of interdisciplinary skills limited the use of mathematical-AI models.
	4.23
	0.69
	Very High



As illustrated in Table 5, several obstacles to the use of mathematical-AI models of biological systems were identified. The greatest mean response was 4.33 for the effect of poor data quality on the accuracy of these models. This indicates that responses were strongly positive, with a need for reliable data to develop effective models. Some AI models lacked a clear biological basis, which explains why this statement received a mean score of 4.29 and raises concerns about the explainability of AI. The first point above about making predictions is all well and good in biology and medical science, but scientists would also like to know why a model might behave in a certain manner. The results also revealed a large problem with respect to the lack of mean interdisciplinary skills, with a score of 4.23. It'll take skills in biology, math, statistics, computer science, and ethics to build a successful mathematical AI model. Respondents further noted that complex mathematical models are difficult for non-specialist audiences to comprehend, and that ethical considerations must be taken into account when using biological and medical information.
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Figure 5.Challenges in Mathematical-AI Biological Modeling

Significance of Biomathematics and Artificial Intelligence in the Digital Era
This table examined the overall significance of biomathematics and artificial intelligence in modern biological research. 



Table 6:	Significance of Biomathematics and Artificial Intelligence in the Digital Era
	Statement
	Mean
	Standard Deviation
	Interpretation

	Biomathematics and AI have improved modern biological research.
	4.34
	0.60
	Very High

	Mathematical AI models supported better decision-making in healthcare.
	4.20
	0.72
	High

	These models helped researchers understand disease mechanisms.
	4.26
	0.68
	Very High

	Biomathematics and AI contributed to personalized healthcare.
	4.17
	0.76
	High

	Future biological research requires stronger integration of mathematics, AI, and biology.
	4.38
	0.58
	Very High


As seen from Table 6, there is a strong perception of the importance of biomathematics and artificial intelligence in the digital era. The one with the highest mean score was that more integration of mathematics, artificial intelligence, and biology should be included in future biological studies. The mean score for the assertion that biomathematics, coupled with artificial intelligence, increased modern biological research was also high (4.34). This indicated that the respondents saw these areas as required for the development of science. The findings additionally reveal that the participants had high to very high levels of agreement (mean scores 4.17 to 4.26) on the usefulness of mathematical and artificial intelligence (AI) models for decision-making in health care, analysis of disease processes, and personalized health care. 
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Figure 6.Significance of Biomathematics and Artificial Intelligence in the Digital Era

Discussion
The results of this study show that the application of biomathematics and AI is useful for understanding complex biological systems and for modelling. While mathematical models offer a clear structure for articulating biological processes, AI can analyze and aggregate data from a wide variety of sources, including, without limitation, omics techniques in basic research, to uncover patterns that may not be observed using these methods. These strategies, adopted together, allow improved prediction and scientific understanding. This also aligns with emerging research showing that integrating mathematical modelling and AI is beneficial for biological research, combining scientific expertise with cutting-edge computational tools (Noordijk et al., 2024; Peirce-Cottler, 2024).
At the same time, as the digital age rapidly reshapes research across other areas of biology, the paper highlights the significance of artificial intelligence in biological research and the need to harness it in future research. Given the surge of data across the genome, clinical settings, and environments, conventional data analysis tools are ill-equipped to meet these challenges. The vast amount of data creates challenges for those who need to process and analyze it efficiently, while also hindering those who need to make decisions in fields like drug discovery, precision medicine, and disease diagnosis in a timely manner. AI can help with both of these challenges. These findings are consistent with recent research showing AI's increasing prominence as a fundamental tool for biological data analysis, enabling valuable conclusions from the complexities of the data (Topol, 2024; Liu, 2024).
One of the biggest insights is that mathematical models will remain essential despite the ever-changing landscape of AI technologies. Mathematical models can explain all the predictions, but AI can also make fairly accurate predictions. As a result of the balance between prediction and interpretation, integrated models are more reliable instruments for scientific work and scientific applications. There is increasing scientific literature focusing on the advantages of integrating mathematical/computational models with their mechanistic solutions into AI to improve model performance and interpretability in science and applications of healthcare and systems biology (Peirce-Cottler, 2024; Zhao, 2024).
The results also suggest that a synergistic interaction between the biomathematical and the AI models could be useful in diverse biological studies. There is potential for use in disease surveillance and environmental monitoring, in agricultural management, and for fewer experimental tests to enable more precise disease predictions and improve the efficiency of biotechnology. Digital technologies and coherent/hybrid/computational association models are likely to be used more frequently in scientific studies. This is relevant to the raging debate about the future of biological and biomedical innovation of hybrid modelling (Stephan et al., 2024; Noordijk et al., 2024).
The study recognizes that there are still many challenges. Biological systems are inherently more complex than other systems, making it difficult to design accurate, easy-to-use models of them. Other issues include data quality, computational requirements, and ethical concerns about AI. From now on, research efforts should be directed toward creating explainable AI systems that integrate seamlessly with biomathematics to produce credible, robust results. These will provide further reinforcement of biomathematics and artificial intelligence in digital progress, in turn, advancing scientific advances in biology and evidence-based decision-making.
Conclusion
It was found that, in the digital age, biomathematics and artificial intelligence (AI) are playing a significant role in modelling complex systems, particularly biological systems. Results showed that mathematical models can explain and predict biological events and make complex interactions more understandable. The researchers analyzed the disease process, cell behaviour, population dynamics, genetic regulation and biological networks via equations, simulations, and statistical analysis. It was also reported that people interested in biomathematics expressed favourable sentiments about the role of biomathematics in the interdisciplinary nature of information in biology, mathematics, computing, and data science.
Recommendations
The study proposes integrating a broad interdisciplinary approach across higher education and research centres, especially in biology, mathematics, statistics, computer science, and AI. Establishing how to use and understand the mathematical AI models and models built from them is essential. For science and health-related study programmes, courses in biomathematics, bioinformatics, data analysis, machine learning and systems biology will be useful. This would enable students to learn the skills needed for contemporary biological research.
Future Directions
Future studies are required to develop "hybrid" methods that combine mathematical equations, artificial intelligence (AI) techniques, biological theory, and real-time data. These models may be used to predict a drug's effectiveness in a patient, disease progression, and the function of genes in this process. Mathematical AI models should be tested in the real biological and clinical contexts, rather than in theory or surveys. This would give greater insight into the real-world functionality of these types of models.
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