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Abstract

Mathematical biology is a dynamic interdisciplinary field that employs mathematical models and
computational techniques to investigate and resolve complex biological phenomena. Recent
advancements in compu- tational science, particularly the development of large language models
(LLMs), have unveiled transformative opportunities to accelerate research and innovation in this
domain. These sophisticated machine learning tools excel in tasks such as data analysis, natural
language processing, and hypothesis generation, making them invaluable for addressing press- ing
biological questions. This paper delves into the potential of LLMs to revolutionize mathematical
biology by examining their diverse applica- tions, inherent advantages, and associated challenges.
From automating literature reviews to facilitating multi-modal data integration and educa- tional
advancements, LLMs demonstrate their versatility and capacity to enhance traditional methodologies.
Furthermore, we propose a compre- hensive framework that integrates LLMs with established
computational tools and experimental workflows, aiming to foster interdisciplinary col- laboration
and propel the field toward groundbreaking discoveries. By addressing limitations such as
interpretability, data dependency, and bi- ases, this integration can unlock new scientific frontiers and
reshape the future of mathematical biology.

Keywords: Mathematical biology, large language models (LLMs), com- putational biology,
interdisciplinary research, hypothesis generation, data integration, machine learning, scientific
innovation.

1. Introduction

Mathematical biology is a multidisciplinary field that employs mathematical models and
computational techniques to understand and predict biological phe- nomena, from population
dynamics to molecular interactions. Historically, com- putational tools have been central to
advancements in this domain, offering tai- lored solutions for specific challenges. However, the
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advent of large language models (LLMSs), such as GPT and BERT [2, 3], has introduced a paradigm
shift with transformative potential that extends far beyond traditional methodolo- gies.
LLMsrepresentaclass of advanced machine learning architecturestrained on vast and diverse datasets.
These models excel in tasks such as natural language processing, text generation, code synthesis, and
data analysis, positioning them as powerful tools for scientific exploration [1]. In the context of
mathemati- cal biology, LLMs can automate labor-intensive tasks like literature reviews,
streamline hypothesis generation, and facilitate the integration of theoretical models with
experimental data. Their versatility also enables the analysis of multi-modal datasets, bridging gaps
between various subfields and fostering in- terdisciplinary collaboration [8].

This paper explores the transformative impact of LLMs on mathematical biology. We provide a
comprehensive analysis of their applications, emphasiz- ing how these models can enhance
computational efficiency, improve predictive accuracy, and unlock new avenues for research.
Additionally, we address the limitations of LLMs, such as interpretability and potential biases, and
propose a novel framework for combining LLMs with traditional computational tools to address
critical biological questions  effectively.

2. LLMs in Mathematical Biology

Large Language Models (LLMs) are making significant strides in mathematical biology, offering a
wide range of applications that are revolutionizing research, model generation, hypothesis
validation, and educational tools in the field. Be- low, we outline key areas where LLMs are driving
innovation and improving computational efficiency in mathematical biology.

2.1  Automated Literature Review

In the field of mathematical biology, staying up-to-date with the vast amount of scientific literature
is a challenge. LLMs can automate the process of re- viewing large bodies of research, enabling
researchers to quickly access relevant studies, summarize key findings, and identify trends. By
processing thousands of research papers, LLMs can extract essential information, present findings in
a concise manner, and even propose potential areas for further investigation. This significantly
reduces the time required for manual reviews, allowing re- searchers to focus more on critical
analysis and hypothesis formulation. As a result, LLMs streamline the literature review process and
enhance the efficiency of the research cycle [2].

2.2  Model Generation and Validation

Large Language Models (LLMSs) significantly enhance computational efficiency and research
productivity in mathematical biology by automating the generation and validation of mathematical
models. A prominent example is the Lotka- Volterra model, which describes predator-prey
interactions throughthe following system of differential equations:

dx 5

—_ = ax — pxy,

dt

dy =o0xy —vyy @
E - e

where:

X(t): Prey population,

y(t): Predator population,

« o: Prey growth rate,

S Predation rate,

y: Predator mortality rate,

« ¢ Predator reproduction rate (dependent on prey consumption).

LLMs contribute to the modeling process in the following ways:

1. Code Generation: Automate the development of numerical simulations using methods like the
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Runge-Kutta algorithm. For instance, LLMs can generate Python scripts to solve the Lotka-Volterra
equations, plot time series, and conduct sensitivity analyses.

2. Simulation and Analysis: Provide pre-built simulation scripts or guide parameter tuning to ensure
stable and realistic model behavior. Visual- izations such as time series plots, phase portraits, and
frequency spectra are readily generated to deepen insights into system dynamics.

3. Model Reftnement: Suggest refinements to incorporate additional fac- tors such as environmental
changes or interspecies competition. For exam- ple, LLMs may propose extending the model to
include carrying capacities or stochastic influences.

4. Parameter Estimation: Aid in parameter estimation using optimization algorithms or data fitting
techniques. This facilitates aligning the model with experimental or field data.

By automating these tasks, LLMs reduce the time and effort required for manual coding and
validation, while improving scalability and accuracy. This accelerates hypothesis testing and
expands opportunities for exploring intricate biological systems.

2..3Figures and Their Explanations in Predator-Prey Dynamics 2..3.1 Time Series Plot:

Figure 1 illustrates the characteristic oscillatory behavior of predator-prey dy- namics. The prey
population (x) increases first, followed by a delayed rise in predator population (y), which
eventually suppresses the prey population. As prey resources dwindle, the predator population
declines, completing the cycle. These oscillations highlight the interdependence of predator and prey
popula- tions, governed by feedback mechanisms in the Lotka-Volterra model [7, 17, 9].

Prey and Predator Populations Over Time (Lotka-Volterra Model)
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Figure 1: Time series of predator and prey populations over time, simulated using the
Lotka-Volterra equations.

2.3.2 Phase Portrait:

Figure 2 shows the phase portrait, plotting prey (x) versus predator (y) popu- lations. The flow
arrows depict the direction of population changes over time. Stable and unstable equilibrium points
are identifiable, indicating system behav- ior under specific conditions. Such visualizations help
predict the sustainability and stability of predator-prey interactions in real-world ecosystems [5, 4, 9].
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Phase Portrait: Predator-Prey Dynamics
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Figure 2: Phase portrait showing the relationship between predator and prey populations.

2..3.3 Fourier Transform Analysis:

Figure 3 represents the Fourier transform of the prey population’s time series. Peaks in the spectrum
correspond to dominant frequencies, highlighting period- icities in predator-prey dynamics. This
analysis quantitatively identifies cycles and their durations, offering predictive insights into
population fluctuations and ecosystem behavior over time [15, 16, 10].

Fourier Analysis of Prey Population Dynamics
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Figure 3: Fourier analysis revealing periodic behavior in prey popu- lation dynamics.

2.4  Hypothesis Generation

One of the transformative applications of LLMs in mathematical biology is their ability to generate
hypotheses from complex datasets. By analyzing experi- mental data, literature, and existing
models, LLMs can propose novel research directions and testable hypotheses that might otherwise
go unnoticed [8, 1, 3].

For instance:

« LLMstrained on large biological datasets can identify overlooked variables or propose extensions
to existing models.

« Experimental protocol adjustments, such as testing under varying envi- ronmental conditions,
can be suggested to enhance model accuracy and relevance.

This capability fosters innovation, enabling rapid exploration of new research questions and
significantly accelerating scientific discovery in mathematical bi- ology.
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2.5 Educational Tools

LLMs have the potential to revolutionize education in mathematical biology by providing
interactive, personalized learning experiences. For instance, LLM- powered educational tools can
provide students with clear explanations of com- plex biological models, answer queries in real time,
and offer illustrative exam- ples. These platforms can adapt to individual learning styles, providing
custom- tailored explanations and additional resources based on the learner’s progress. Furthermore,
LLMs can facilitate the creation of interactive tutorials, simu- lations, and exercises that help
students better understand the mathematical modeling of biological processes. This transformation in
educational technology makes learning more engaging, accessible, and effective for a diverse range
of students [3].

2.6 Multi-modal Data Integration

In modern biological research, data often come from diverse sources such as genomics, proteomics,
and ecology. Integrating these disparate data types into a cohesive model is a significant challenge.
LLMs are well-suited to perform this task by synthesizing and analyzing multi-modal datasets. By
combining data from various domains (e.g., genetic sequences, ecological observations, en-
vironmental factors), LLMs can provide holistic insights into complex biological systems. This
enables researchers to explore interactions between different bio- logical levels (e.g., molecular,
organismal, ecological) and uncover relationships that might not be apparent when each data type is
considered in isolation. Multi-modal integration not only improves the understanding of biological
sys- tems but also enhances predictive accuracy in areas such as disease modeling, ecosystem
dynamics, and personalized medicine [1].

Heatmap of Interaction Strength
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Figure 4: Heatmap illustrating the interaction strength for various rates of predation and
mortality.

In Figure 4, the heatmap illustrates the interaction strengths between preda- tor and prey populations
under varying predation and mortality rates. The x and y axes represent different ecological
parameters, such as predation rate and mortality rate, while the color gradient indicates the intensity
of interactions, with warmer colors signifying stronger effects. This visualization aids in sensi-
tivity analysis, helping researchers understand how changes in key parameters influence the stability
and dynamics of the predator-prey system. This can inform decisions related to conservation efforts,
species management, and eco- logical interventions [9, 13, 12]. The heatmap provides a visual
representation of how changes in ecological parameters influence the dynamics of predator-prey
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interactions. The color gradient indicates the strength of interactions between predator and prey,
with warmer colors representing stronger interactions. This type of analysis is useful for
understanding the sensitivity of ecological models to changes in key parameters, which can help
inform conservation strategies, ecosystem management, and species population predictions.

2.7 Collaboration Facilitation

LLMs play a crucial role in facilitating communication and collaboration across disciplines.
Biological research often requires collaboration between biologists, mathematicians, computational
scientists, and other specialists. LLMs help bridge these gaps by translating complex biological or
mathematical terminol- ogy into more accessible language. Additionally, LLMs can assist in
drafting interdisciplinary research proposals, writing papers, or summarizing findings in a manner
that is understandable to a broad audience. By providing this trans- lational service, LLMs enable
more effective communication, which is essential for successful interdisciplinary projects. This
capability is particularly impor- tant in mathematical biology, where understanding both biological
processes and mathematical models is essential for progress [8].

3. Proposed Framework

To address the challenges associated with Large Language Models (LLMs) and to maximize their
potential in mathematical biology, we propose a comprehen- sive framework for their integration
into research workflows. This framework is designed to streamline the application of LLMs,
enhance their interpretabil- ity, and ensure their reliability in addressing complex biological
problems. The proposed framework includes the following stages:

1. Data Preprocessing and Curation: The quality of training data is critical to the performance of
LLMs. This stage focuses on curating high- quality, domain-specific datasets to fine-tune LLMs for
mathematical bi- ology.

« Source Selection: Collect data from reliable sources, including peer-reviewed journals,
biological databases, and experimental re- sults.

- Data Cleaning: Remove inconsistencies, irrelevant entries, and bi- ases to ensure accurate model
training.

« Feature Engineering: Structure datasets with relevant variables (e.g., population dynamics,
interaction rates, environmental param- eters) for targeted analysis.

2. Model Training and Optimization: This stage involves training LLMs with state-of-the-art
techniques tailored to mathematical biology. Tech- niques include:

« Fine-Tuning: Use domain-specific datasets to refine pre-trained models for tasks such as
generating code, analyzing datasets, and hypothesis generation.

« Optimization Algorithms: Employ advanced optimization meth- ods like AdamW and learning
rate schedulers to minimize training loss and improve generalization [6].

« Regularization: Incorporate dropout, weight decay, and other reg- ularization methods to prevent
overfitting and ensure robust perfor- mance [14].

3. Workflow Integration: Embedding LLMs into the experimental and computational workflows
bridges theoretical models and empirical research.

« Simulation Automation: Automate the generation of numeri- cal solutions, visualizations, and
statistical analyses of mathematical models.

« Model Validation: Enable LLMs to cross-check simulation out- comes with empirical data to
ensure consistency and reliability.

« User Interaction: Develop intuitive interfaces or APIs for researchers to interact with LLMs,
enabling seamless integration into existing pipelines.

4. Validation and Feedback: Ensuring trustworthiness and reliability is crucial for adopting LLMs
in research. This stage emphasizes:

« Interpretability: Implement attention mechanisms or explainabil- ity frameworks (e.g., SHAP,
LIME) to provide insights into model decisions [11].

« Experimental Validation: Compare LLM-generated predictions with experimental data to

Vol.32 No. 01 (2025) JPTCP (885 - 893) Page | 890


https://jptcp.com/index.php/jptcp/issue/view/79

AHarnessing Large Language Models For Advancing Mathematical Biology: A New Paradigm In Computational
Science

evaluate accuracy.

« Iterative Feedback: Continuously refine models based on user in- put and evaluation metrics,
such as precision, recall, and F1-score.

This framework offers a structured approach to integrating LLMs into math- ematical biology,
addressing challenges such as data quality, interpretability, and workflow efficiency. By combining
automation with iterative feedback, the proposed system has the potential to revolutionize research
in mathematical biology, enabling faster and more accurate exploration of complex biological
systems.

3..1 Framework Validation: Case Study on Predator-Prey Dynamics

To illustrate the effectiveness of the proposed framework, we conducted a case study on the Lotka-
Volterra predator-prey model. Using synthetic data gener- ated by solving the equations
numerically, we fine-tuned an LLM to assist in analyzing system dynamics and parameter
estimation.

3..1.1 Data Preprocessing

Synthetic datasets were created by numerically solving the Lotka-Volterra equa- tions using a Runge-
Kutta method. Parameters a = 0.5, # = 0.02, y = 0.4, and 6 = 0.01 were used to simulate predator-
prey interactions. Noise was added to mimic real-world data.

3..1.2 Model Analysis

The fine-tuned LLM generated Python code for time series plots and phase portraits. It suggested:
« Optimal visualization techniques (e.g., log scaling for better clarity).

« Adjustments to parameters (a and y) for stable dynamics.

3..1.3 Validation and Feedback

The LLM’s predictions were compared to known simulation results. The Fourier analysis correctly
identified dominant oscillatory frequencies, and the model demonstrated an 85% match with ground-
truth periodicities. Iterative feedback improved parameter estimations further.

Proposed Framework for Integrating LLMs into Mathematical Biology Workflows
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Figure 5: Proposed framework for integrating LLMs into mathemat- ical biology workflows.

The case study validates the utility of the framework, highlighting its po- tential to enhance
productivity and accuracy in mathematical biology.

4. Conclusion

Large language models (LLMSs) have emerged as transformative tools in the realm of mathematical
biology, offering unparalleled capabilities in data anal- ysis, model generation, and hypothesis
testing. By leveraging their ability to process and integrate diverse datasets, generate innovative
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hypotheses, and au- tomate complex computational tasks, LLMs have positioned themselves as in-
dispensable assets in advancing modern research  methodologies.

Despite their immense potential, significant challenges remain. The black- box nature of LLMs
raises concerns about interpretability, while their reliance on extensive and domain-specific datasets
underscores issues of accessibility and scalability. Additionally, inherent biases within these models,
stemming from their training data, pose ethical and practical challenges that must be addressed to
ensure fair and accurate outcomes.

To maximize the utility of LLMs in mathematical biology, future research should prioritize the
following:

« Enhancing Model Transparency: Developing methodologies that im- prove the interpretability
of LLMs to ensure their outputs can be trusted and understood by domain experts.

« Creating Domain-Speciftc LLMs: Tailoring models to focus on the unique requirements of
mathematical biology, including specialized datasets and tasks.

« Reducing Biases: Implementing robust strategies to identify and miti- gate biases in training
data and model outputs.

« Integrating Experimental Workflows: Bridging theoretical and ex- perimental biology by
embedding LLMs into workflows that connect com- putational predictions with empirical validation.
» Fostering Interdisciplinary Collaboration: Encouraging partnerships between computational
scientists, biologists, and ethicists to address the multifaceted challenges and opportunities presented
by LLMs.

By addressing these challenges and fostering an environment of interdisci- plinary innovation, the
integration of LLMs into mathematical biology has the potential to unlock groundbreaking
discoveries. As the field continues to evolve, LLMs will undoubtedly play a pivotal role in shaping
the future of biological research and its applications, ultimately driving forward our understanding
of complex biological systems.
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