
vv

140

https://dx.doi.org/10.17352/gjmccrDOI: 2455-5282ISSN: 

C
L

IN
IC

A
L

 G
R

O
U

P

Citation: Okpodu CM, Okpodu-pyuzza S. Training the Next Generation: A Generative AI-enhanced Framework for Teaching Bioinformatics to Life Science Students 
with Relevance to Cardiovascular Innovation. Glob J Medical Clin Case Rep. 2025:12(6):140-142. Available from: https://dx.doi.org/10.17352/2455-5282.000214

Abstract

Bioinformatics is increasingly essential for life science students preparing for careers in biomedical research, biotechnology, and related fi elds. However, many 
undergraduate programs lack accessible entry points for teaching computational biology. This short communication presents a faculty-led instructional framework that 
integrates Python and generative AI tools to introduce bioinformatics in a life sciences curriculum. Designed for instructors without formal programming backgrounds, 
this approach emphasizes hands-on learning and interdisciplinary relevance. Our experience shows that generative AI can help reduce technical barriers for life science 
faculty and support scalable instruction in computational methods and data-centered biological exploration.
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therapeutics, there is a growing need for a workforce trained in 
bioinformatics and data science. Life science undergraduates, 
many of whom will pursue careers in biomedical research or 
clinical support roles, must be equipped with foundational 
computational skills to contribute meaningfully to this evolving 
landscape. 

To address this challenge, we developed a pilot instructional 
module that integrates generative Artifi cial Intelligence 
(AI) with open-source bioinformatics platforms. Our goal 
was to develop a practical and scalable instructional model 
that empowers biology educators, especially those without 
formal training in computer science, to confi dently integrate 
computational biology into their courses. By leveraging 
accessible tools and generative AI, this approach supports 
faculty in delivering interdisciplinary content that aligns with 
emerging trends in biomedical and life science research.

Methods

To ensure relevance to biomedical and clinical contexts, 

Introduction

As biological research becomes increasingly data-driven, 
life science undergraduates must develop foundational skills 
in bioinformatics [1]. Yet, many biology instructors lack the 
computational background to confi dently teach these skills. 
This gap limits students’ exposure to essential tools used 
in genomics, systems biology, and biomedical research. 
Instructors in the biological sciences are increasingly expected 
to incorporate computational tools into their teaching, yet 
many feel unprepared to do so [2]. The rapid expansion of 
computational biology, coupled with the accelerating pace of 
technological change, can make the fi eld appear daunting, 
especially to educators without formal training in computer 
science [3]. This perceived barrier often leads to missed 
opportunities for students to engage with essential skills in 
data analysis, modeling, and scientifi c computing [4]. 

As cardiovascular medicine increasingly relies on genomic 
and multi-omics data to drive precision diagnostics and 
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we selected datasets and case examples related to human 
physiology. Our module development provided a bridge 
between computational exercises and real-world applications 
in cardiovascular research.

Course context

To ensure relevance to biomedical and clinical contexts, 
we developed an instructional module focused on human 
physiology, using real-world blood pressure datasets. This 
module introduced students to basic data analysis techniques 
while exploring cardiovascular function. By integrating 
computational exercises with physiological data, we created 
a bridge between foundational biology instruction and 
contemporary biomedical applications which demonstrates 
how instructors can incorporate bioinformatics into life 
science courses without requiring advanced programming 
expertise. Oxygen saturation (SpO2) is a highly relevant and 
accessible physiological measure for cardiovascular studies, 
especially in the context of exercise physiology, hypoxia, and 
circulatory effi ciency. It’s also non-invasive and commonly 
used in both clinical and research settings. The module was 
created for an undergraduate course for life science students a 
public university. 

Tools and content

We utilized the open-source Python, which provided 
a user-friendly platform for managing dependencies and 
executing code. Data analysis was performed using Python 
libraries such as NumPy and Pandas, which enabled effi cient 
handling and processing of physiological data. The dataset, 
downloaded in.csv format from the PhysioNet database, 
included synchronized measurements of SpO2, heart rate, 
and blood pressure, allowing for correlation analysis within a 
cardiovascular context [5,6]. This data is also stored in GitHub. 

AI Integration and Generating Code – We used Bing GPT-3 
both help generate example code and troubleshoot errors. The 
code we used to visualize a heat map of our selected data can be 
found at https://github.com/cokpodu/AIPhys. 

Instructor preparation

Faculty used AI tools to develop instructional materials, 
simulate coding workfl ows, and model problem-solving 
strategies during class sessions. The biggest problem we 
encountered is that we often introduced spacing in our code. 
We used Bing to help us identify where those spaces occurred.

Results 

This module was developed for an introductory life science 
course focused on human physiology, with the specifi c 
intention of being delivered in an online format. To bridge the 
gap between biological content and computational instruction, 
we incorporated generative AI tools into the course design 
to assist life science instructors, particularly those without 
extensive training in computer science, in integrating basic 
programming and data analysis techniques. These tools 
enabled faculty to write and troubleshoot Python code with 

greater confi dence, particularly by identifying syntax errors 
and supporting the construction of visualizations.

One key instructional output was a correlation matrix, 
generated using Python and shown in Figure 1. This module 
was created to empower instructors to move beyond basic 
coding and begin interpreting physiological relationships 
in their data. The visualization allowed educators to analyze 
patterns across variables such as SpO2, heart rate, and blood 
pressure. For example, a strong positive correlation between 
resting SpO2 and light exercise values (r = 0.89) reaffi rmed 
known physiological responses that oxygen saturation remains 
relatively stable at low activity levels. As exercise intensity 
increased, correlations decreased (r = 0.74–0.78 for moderate, 
and r = 0.58–0.62 for high intensity), which aligns with 
expected variability in desaturation as physiological demand 
increases. A slight inverse correlation between resting SpO2 and 
heart rate during exercise (r =-0.17) further refl ects common 
compensatory mechanisms of cardiovascular function under 
strain. Recovery values also showed strengthened correlations 
(e.g., r = 0.81 between moderate exercise and recovery), 
suggesting more effi cient oxygen regulation in individuals who 
sustained better SpO2 during exertion.

These fi ndings are in line with the physiological 
mechanisms discussed by Yunusa [7], who emphasized 
the dynamic relationship between oxygen saturation and 
individual cardiorespiratory effi ciency across different exercise 
intensities. By using generative AI to both generate and interpret 
this output, instructors are able to connect computational 
workfl ows directly to meaningful biological insights, thereby 
building both coding fl uency and pedagogical confi dence for 
integrating bioinformatics into life science instruction.

Figure 1: Correlation Matrix of Physiological Variables Generated in Python Using 
AI-Supported Code. The matrix visualizes the strength and direction of relationships 
among SpO2, heart rate, and blood pressure measurements during different 
physiological states. Positive correlations (up to +1.00) indicate that variables 
increase together, while negative correlations (down to –1.00) refl ect inverse 
relationships. AI-assisted Python scripting enabled instructors to generate and 
interpret this visualization, identifying trends such as the strong positive correlation 
between resting and light-exercise SpO2 (r =0.89), a weak inverse relationship 
between resting SpO2 and heart rate during exercise (r – = 0.17), and a moderate 
association between exercise heart rate and resting systolic blood pressure (r = 
0.21).
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Building on this approach, we have integrated the principles 
from the module into our upper-level Computational Biology 
course, designed for advanced undergraduates and beginning 
graduate students across disciplines. The course attracts 
students from majors such as botany, computer science, 
chemical engineering, mathematics, plant sciences, and 
zoology, many of whom enter with little to no programming 
experience. By anchoring instruction in real-world biological 
questions, the course emphasizes practical applications of 
bioinformatics, statistics, and computational tools. Each 
section introduces a biological problem and guides students 
through relevant analytical methods using real datasets. The 
course fulfi lls interdisciplinary elective requirements and 
requires only introductory biology and calculus or statistics 
as prerequisites. Its primary goals are to (1) demonstrate the 
essential role of computation in modern biology, (2) foster 
conceptual understanding of common analytical frameworks, 
and (3) build transferable skills in coding, data interpretation, 
and critical thinking.

Discussion

The development of this module shows that generative 
AI can serve as a valuable support tool for instructors who 
are introducing bioinformatics into life science education. 
By lowering technical barriers, AI made it easier for faculty 
without programming backgrounds to incorporate Python-
based coding exercises and physiological data analysis into 
their teaching. In this cardiovascular-focused module, 
instructors used AI-assisted tools to generate a correlation 
matrix of physiological variables and interpret their biological 
meaning. Visualizations of SpO2 dynamics highlighted 
important trends, such as decreased correlations with 
increasing exercise intensity and stronger relationships during 
recovery. These fi ndings supported discussions around oxygen 
transport, cardiovascular adaptation, and individual variation 
in desaturation and reoxygenation.

Recent advancements in cardiovascular research have 
demonstrated the power of integrating multi-omics data 
with AI-driven analysis to uncover novel biomarkers, predict 
disease progression, and personalize treatment strategies 
[8]. For example, machine learning models applied to 
genomic, transcriptomic, and proteomic data have shown 
promise in identifying molecular signatures of heart failure 
and atherosclerosis [8]. By introducing instructors and, 
ultimately, their students to the tools and thinking behind 
these innovations, our framework contributes to broader 
engagement with data-intensive cardiovascular science. This 
experience illustrates that generative AI is more than a tool 
for code generation. It can also help instructors bridge the gap 
between computational outputs and biological interpretation. 
By supporting both visualization and pattern recognition, AI 
helped faculty engage more deeply with physiological concepts 
while building confi dence in their ability to teach bioinformatics 
in a meaningful and accessible way.
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