
Improving Clinical Bioinformatics Readiness among
Healthcare Practitioners through AI-Enabled
Education: A Pre–Post Study in Saudi Arabia
Mohamed Abouelhoda 

King Faisal Specialist Hospital and Research Center (KFSH&RC)
Anas Fallatah 

King Faisal Specialist Hospital and Research Center (KFSH&RC)
Mylynda Massart 

University of Pittsburgh
Ahmad AbuSalah 

King Faisal Specialist Hospital and Research Center (KFSH&RC)
Ahmed Alfares 

King Faisal Specialist Hospital and Research Center (KFSH&RC)
Salah Baz 

King Faisal Specialist Hospital and Research Center (KFSH&RC)
Monther Alhamdoosh 

King Faisal Specialist Hospital and Research Center (KFSH&RC)
Workshop Team 

King Faisal Specialist Hospital and Research Center (KFSH&RC)

Research Article

Keywords: Clinical Bioinformatics, Artificial Intelligence, Genomics, Continuous Medical Education,
Healthcare Practitioners, Personalized Medicine

Posted Date: October 6th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10433190/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-10433190/v1
https://doi.org/10.21203/rs.3.rs-10433190/v1
https://doi.org/10.21203/rs.3.rs-10433190/v1
https://creativecommons.org/licenses/by/4.0/


Additional Declarations: Competing interest reported. Monther Alhamdoosh and Ahmed Abu AbuSalah
declare that they were the scientific co-chairs of the training workshop being evaluated in this study,
which represents a potential non-financial competing interest. The authors maintained objectivity in the
data collection and analysis.



Improving Clinical BioinformaƟcs Readiness among Healthcare 
PracƟƟoners through AI-Enabled EducaƟon: A Pre–Post Study in Saudi 
Arabia 

Mohamed Abouelhoda1,+, Anas Fallatah1,+, Mylynda Massart2, Ahmad AbuSalah3, Ahmed Alfares1, Salah Baz1, 
Monther Alhamdoosh1,*, CBAIH2025 Workshop Team 

1 Genomic Medicine Center of Excellence, King Faisal Specialist Hospital and Research Center (KFSH&RC), Riyadh 12713, Saudi Arabia 
2 Clinical and TranslaƟonal Science InsƟtute, University of PiƩsburgh, PiƩsburgh, PA 15260, United States 
3 Digital InnovaƟon Hub, King Faisal Specialist Hospital and Research Center (KFSH&RC), Riyadh 12713, Saudi Arabia 
+ Joint Įrst co-authors  
* Corresponding Author: malhamdoosh@kfshrc.edu.sa  

Abstract 

Background: Clinical BioinformaƟcs (CB) plays a pivotal role in the applicaƟon of personalized 
medicine in clinical pracƟce. Through genomics-based tesƟng, CB contributes to various areas of 
healthcare by guiding diagnosis, treatment, and prevenƟon. Despite the increasing interest in 
genomics educaƟon among healthcare professionals, there has been limited focus on providing 
targeted training in CB that addresses the needs of both paƟent-facing and non-paƟent-facing 
pracƟƟoners. This gap is largely due to the subject's complexity and the limited Ɵme available for 
pracƟƟoners' training. Furthermore, recent advancements in arƟĮcial intelligence (AI) have 
generated enthusiasm within the community regarding how AI can be responsibly leveraged to 
accelerate knowledge retrieval and strengthen CB skills for improved paƟent care.  

ObjecƟve: In this paper, we demonstrate how recent advances in AI plaƞorms can be uƟlized to 
deliver CB training to healthcare professionals. Our objecƟves are to: (i) enhance parƟcipants’ 
understanding of the data and pipelines used in CB pracƟce; (ii) strengthen their knowledge 
retrieval capabiliƟes; and (iii) enable them to apply their limited computaƟonal skills to address 
complex data analyƟc tasks.  

Methods: We developed a CB training workshop that integrates AI with tradiƟonal bioinformaƟcs 
training. The workshop is designed to equip parƟcipants with skills that extend beyond basic 
genomics concepts and simple informaƟon retrieval. Our training prepares aƩendees for 
advanced analyƟcs of complex -omic data and the self-development of data analyƟc soŌware 
applicaƟons. In addiƟon to technical content, the program addresses regulatory consideraƟons, 
accreditaƟon requirements, best pracƟces, and frameworks for the responsible use of AI in 
healthcare.  

Results: We organized a three-day educaƟonal event and conducted an evaluaƟon study to assess 
the impact of our approach on CB and AI educaƟon for healthcare pracƟƟoners. EvaluaƟon was 
based on mentors’ feedback and on-site surveys measuring parƟcipants’ self-conĮdence and 
aƫtudes before and aŌer the workshop. Due to a technical glitch, pre- and post-workshop 



surveys could not be linked at the individual level and were analyzed as independent samples. 
Despite this constraint, the educaƟonal intervenƟon signiĮcantly improved parƟcipants’ 
conĮdence across key competencies (Hedges’ g = 0.69; p < 0.01), while maintaining strong 
posiƟve baseline aƫtudes toward CB and AI.  

Conclusions: Our workshop and evaluaƟon study highlighted a growing interest among 
healthcare professionals in CB and AI, oīering a scalable template for workforce development in 
precision medicine. The study demonstrated an increase in parƟcipants’ self-conĮdence 
regarding their CB knowledge and their ability to leverage generaƟve AI for script development. 
AddiƟonally, the structured introducƟon of AI was eīecƟve in clarifying pracƟcal use cases while 
underscoring a "human-in-the-loop" paradigm for criƟcal veriĮcaƟon and responsible 
implementaƟon in clinical pracƟce.  

Keywords: Clinical BioinformaƟcs; ArƟĮcial Intelligence; Genomics; ConƟnuous Medical 
EducaƟon; Healthcare PracƟƟoners; Personalized Medicine.  

 

  



IntroducƟon 

Clinical and translaƟonal bioinformaƟcs are relaƟvely recent terms that generally refer to the 
applicaƟon of bioinformaƟc methods in medicine and biomedical research. TranslaƟonal 
bioinformatics focuses on research activities such as elucidating genotype-phenotype 

associations, understanding the molecular basis of disease progression, identifying drug targets, 

and developing personalized genomic-based therapies [1, 2]. Clinical bioinformaƟcs is more 
concerned with rouƟne genomic tesƟng for clinical pracƟce, and it is now expanding across a wide 
variety of clinical applicaƟons [3, 4, 5]. In medical geneƟcs and many other medical specialƟes, 
Clinical BioinformaƟcs (CB) workŇows idenƟfy rare variants associated with disease pathogenesis 
by analyzing genomic data.  In oncology, CB workflows identify driver mutations and other 

genomic alterations related to disease carcinogenesis and report their effects on treatment 

response. For general medicine clinics, CB workŇows for pharmacogenomic tesƟng analyze 
genomic data to idenƟfy relevant genotypes that can guide medicaƟon and dose selecƟon. For 

infectious diseases, CB workflows assist in detecting pathogens and identify antimicrobial 
resistance factors.  

The expanding applicaƟon of genomics in healthcare can be mainly aƩributed to Next GeneraƟon 
Sequencing (NGS) technologies, which have revoluƟonized translaƟonal research and clinical 
pracƟce. For translaƟonal research, they provided valuable tools to decipher the mulƟ-omic layers 
of biology, including the genome, transcriptome, proteome, and, indirectly, the metabolome.  
The resulƟng data provides insights into the disease pathogenesis and prognosis, supporƟng drug 
target discoveries and treatment opƟmizaƟon. For clinical pracƟce, NGS technologies enabled 
accurate, eĸcient, and aīordable rouƟne clinical genomics tesƟng to inform disease diagnosis 
and guide treatment pathways. 

The launch of large-scale medical genome projects in many countries has marked the start of a 
new era in medicine [6, 7, 8, 9].  The primary objecƟves of these projects were to: (i) idenƟfy 
genomic variaƟons responsible for disease, (ii) support treatment and drug discovery, and (iii) 
promote the adopƟon of personalized medicine. Notable examples of these projects include the 
100,000 Genome Project in the UK, UK Biobank Project, the All of Us Project in the USA, the Saudi 
Human Genome Program, and the Qatari Genome Project in the Middle East. These projects 
emphasized the necessity to incorporate genomic knowledge and educaƟon into the healthcare 
system. As a result, eīorts have been intensively applied to build genomic competencies among 
healthcare professionals [5, 6, 7]. Many academic programs, courses, and professional training 
modules have been developed.  Many of these endeavors have been summarized and reviewed 
[10, 11, 12, 13, 14, 15]. These reviews detail the educaƟonal needs, content oīered, and types of 
events (educaƟonal intervenƟons) for parƟcipants from a wide range of non-geneƟc background 



professionals across diīerent countries. They also discussed methods for evaluating events, 

assessing the outcomes, and assessing the impact on patient care, in the short or long term.  

Despite increasing interest in oīering genomics educaƟon to healthcare professionals, there is 
limited eīort focused on providing similar acƟviƟes in Clinical BioinformaƟcs (CB). This is despite 

its critical role in modern genomics, amid increasing data volume and analysis complexity. The 
earliest training courses to address CB training for healthcare professionals were summarized in 
the following papers [16, 17, 18, 19, 20], which summarize the needs and concerns of healthcare 
professionals to beƩer understand several key elements of the bioinformaƟcs pipelines, including 
data formats, analysis results, and quality control (QC) parameters. For paƟent-facing clinicians, 
they also wanted to learn how to access relevant genomic informaƟon and how to interpret the 
results and make informed clinical decisions.  

EducaƟonal Needs in Clinical BioinformaƟcs 

As indicated in [16, 17, 18, 19, 20], the target audience is heterogeneous, and this requires the 
creaƟon of tailored educaƟonal content that can aƩract diīerent learner groups. In general, 
healthcare professionals can be categorized into two major groups: 

1. PaƟent-Facing Professionals: These include clinicians, geneƟc counsellors, and nurses. 
The educaƟonal needs of this group are mainly focused on understanding basic 
terminologies and clinical genomic reports to extract clinical insights.  

2. Non-PaƟent-Facing Professionals: These include, for example, clinical geneƟc scienƟsts, 
bioinformaƟcians, technologists, and molecular pathologists. The educaƟonal needs of 
this group are mainly focused on understanding what happens behind the scenes in 
bioinformaƟcs workŇows and the regulatory compliance requirements related to it.  

When designing a syllabus to cover these needs, there would be many educaƟonal topics and 
modules. Using tradiƟonal approaches, this would require signiĮcant Ɵme and mulƟple sessions. 
This would not be aīordable for ConƟnuous Professional Development (CPD), where 
professionals have limited Ɵme available for learning and development. Fortunately, the recent 
advances in ArƟĮcial Intelligence (AI) could facilitate the teaching of complex topics in a 
reasonable Ɵme, and in addiƟon, improve compuƟng skills and provide a means for conƟnuous 
educaƟon aŌer educaƟonal events.  

The recent advances in Generative AI (GenAI) have become very evident to the average human 

through several renowned and easily accessible applicaƟons, including ChatGPT, Gemini, and 
Manus, among others. These systems are based on Large Language Models and are able to 
understand human quesƟons to Įnd answers in huge text databases [21, 22, 23, 24, 25, 26]. They 
also have content generaƟon capabiliƟes that can produce human-readable text, images or even 
executable computer source code in a very short amount of Ɵme. These GenAI systems have 



further evolved to solve more complicated tasks by invoking funcƟonaliƟes from other systems 
to solve tasks of mulƟmodal nature (e.g., solving a math problem, recognizing paƩerns, 
generaƟng images.) [27, 28, 29]. Recently, GenAI plaƞorms have expanded to provision “AI 
Agents” that can uƟlize chain of thought (COT) techniques to solve complex real-life tasks (e.g., 

booking tickets, finding restaurants, and planning trips) on top of the knowledge- and cogniƟon-
related tasks [30, 31, 32]. 

Impact of Our Research 

Our study shows an analysis of survey results demonstraƟng how our educaƟonal intervenƟon, 
based on the use of AI, could increase the conĮdence of healthcare professionals to understand 
bioinformaƟcs workŇows and results, analyze their own data, and develop their own soŌware 
applicaƟons, using diīerent levels of AI assistance; ranging from direct quesƟons to AI-bots to the 
level of using GenAI for code generaƟon.  We also show how our course could demysƟfy and 
remove ambiguiƟes about the use of AI in healthcare in general and Clinical BioinformaƟcs to 
advance its applicaƟon in paƟent care. 

  



Methods 

Study’s IntervenƟon Design 

In this paper, we present an AI-based approach to deliver Clinical BioinformaƟcs training to 
healthcare professionals. To our knowledge, our approach has the following novel aspects:  

• It is the Įrst event to use AI as part of Clinical BioinformaƟcs training, supporƟng 
parƟcipants at levels beyond informaƟon retrieval to cover analyƟcs and the self-
development of tools.  

• It is the Įrst course to cover topics beyond computaƟonal and data techniques. It covers 
regulaƟons, accreditaƟon requirements, best pracƟces and the frameworks for 
responsible AI. 

We implemented our approach during a three-day event from December 17-20, 2025. The event 
was Ɵtled “Clinical BioinformaƟcs and ArƟĮcial Intelligence in Healthcare (CBAIH)”. It was oīered 
as part of the ConƟnuing Professional Development (CPD) training of King Faisal Specialist 
Hospital and Research Center (KFSH&RC), Riyadh, KSA.  KFSH&RC is the largest terƟary care 
hospital in Saudi Arabia and the leading regional insƟtute in implemenƟng genomic medicine with 
a dedicated Centre of Excellence (CoE) for Genomic Medicine (GMCoE). Genomic tesƟng at 
KFSH&RC is part of its daily clinical acƟviƟes, with full integraƟon of services and results into the 
paƟent’s electronic medical record [34]. Further, a key component of the KFSH&RC applied AI 
ecosystem is building a digital culture that educates staī on the sustainable and responsible use 
of AI capabiliƟes for the purpose of advancing care, streamlining operaƟons, and improving user 
experience. Despite this strong insƟtuƟonal commitment to genomics, bioinformaƟcs and AI, a 
persistent challenge remains: many healthcare pracƟƟoners appreciate the value of Clinical 
BioinformaƟcs and AI, but they have not received a structured introducƟon or training in these 
areas. Moreover, many healthcare providers endorse the value of AI and genomics conceptually 
but lack pracƟcal conĮdence in applying these technologies. This gap between enthusiasm and 
readiness will delay the expansion of personalized medicine across clinical care.  

The event was open to KFSH&RC employees and external healthcare professionals. The event 
included a variety of delivery and hands on teaching methods as recommended in the literature 
[16, 17]: face-to-face sessions mixed with minimized e-learning modules; brief, interacƟve, and 
engaging talks and sessions; maximized slots for hands-on sessions; group projects addressing 
general and individual aƩendee problems; as well as panel discussions with prominent experts. 
The event was accredited by the Saudi Commission for Health SpecialƟes (SCFHS) and received 
ConƟnuing Medical EducaƟon (CME) accreditaƟon for 18 hours.  

We organized a three-day educaƟonal event and conducted a pre–post educaƟonal evaluaƟon 
study to assess the impact of a structured workshop on Clinical BioinformaƟcs and arƟĮcial 



intelligence (AI) for healthcare pracƟƟoners (Figure 1). Below, we describe the learning 
objecƟves, the training form, the content of the topics, the Clinical BioinformaƟcs and the AI use 
cases, and the method for evaluaƟng the event.  

 

Figure 1: Overall study design and methodology 

Learning ObjecƟves 

The learning objecƟves of the event were idenƟĮed based on the literature [16, 17, 18, 19], and 
[20] which summarized the major needs and concerns of healthcare professionals. Moreover, 



more targeted objecƟves were set to address the speciĮc needs of our colleagues in KFSH&RC, 
parƟcularly those using the in-house pipelines or receiving geneƟc reports. The Įnal list of 
learning objecƟves is summarized in Table 1 and mapped to Bloom’s revised taxonomy [35], which 
organizes cogniƟve processes into six hierarchical levels: remember, understand, apply, analyze, 
evaluate, and create. The learning objecƟves were customized to the two major groups of 
audiences: 1) PaƟent-Facing Professionals, which included clinicians, genetic counsellors, and 

nurses, and 2) Non-Patient-Facing Professionals, which included, for example, clinical geneƟc 
scienƟsts, bioinformaƟcians and molecular pathologists.  

Table 1: Learning objecƟves of the workshop mapped to Bloom’s revised taxonomy. 

Target Group Learning ObjecƟve Bloom’s Taxonomy Level 

PaƟent-
Facing 

Understand the basics of geneƟcs, genomics, as well as 
the genomic basis of diseases. 

Remember, Understand 

Understand the principles of next-generaƟon 
sequencing and the diīerent genomic tesƟng 
modaliƟes. 

Remember, Understand 

Understand genomic data types and Clinical 
BioinformaƟcs workŇows. 

Remember, Understand 

IdenƟfy biomedical knowledge by using genomic and 
clinical databases. 

Remember, Understand 

Interpret geneƟc variaƟon in a clinical context while 
understanding the limitaƟons of bioinformaƟc analysis. 

Remember, Understand, 
Apply, Analyze, Evaluate 

Understand ethical, legal and social implicaƟons of 
clinical use of genomic data. 

Remember 

Non-PaƟent-
Facing 

Understand basics of geneƟcs, genomics, genomic basis 
of diseases, and DNA sequencing technologies. 

Remember, Understand, 
Apply, Analyze 

IdenƟfy, compare, and analyze biomedical knowledge by 
comparing local and public genomics databases. 

Remember, Understand, 
Apply 

Understand the details of the primary (base calling) and 
secondary (alignment and variant calling) bioinformaƟcs 
workŇows and its QC.  

Remember, Understand, 
Apply, Analyze 

Analyze, annotate, and visualize the variants and idenƟfy 
the disease-causing mutaƟons by performing ĮltraƟon 
and prioriƟzaƟon. 

Remember, Understand, 
Apply, Analyze 

Generate reports using standard tools or even customize 
reports by conĮguraƟon or using self-developed AI tools. 

Remember, Understand, 
Apply, Analyze, Create 

Apply data science skills to deal with big data Įles to 
extract clinical insights. 

Remember, Understand, 
Apply, Analyze 

Develop and execute programming tools to analyze and 
interrogate data. 

Remember, Understand, 
Apply, Analyze, Create 

Understand ethical, legal and social implicaƟons of 
clinical use of genomic data. 

Remember, Understand, 
Apply 

 



Training Form & Event Agenda 

The training event included lecture-style talks, hands-on sessions, and panel discussions with 
prominent experts. The INFO BOX 1 shows the event's agenda and scientific content. The talks 
on the Įrst day were streamed online to enable wider parƟcipaƟon from KFSH&RC. All hands-on 
projects were on-site, with face-to-face mentoring by professional clinical bioinformaƟcians.  The 
Ɵme allocated to engaging discussions, hands-on acƟviƟes, and projects was maximized, 
accounƟng for about 35% of the event.   

The keynote talks introduced the Įelds of bioinformaƟcs, Clinical BioinformaƟcs, mulƟ-omics, and 
arƟĮcial intelligence, delivered by renowned scienƟsts and experts in the Įeld. The other topics 
and hands-on acƟviƟes were introduced by senior domain experts and members of the 
KFSH&RC’s ComputaƟonal Sciences Department and Digital InnovaƟon Hub.  

INFO BOX 1 

 

PART I 
o Introductory Topics 

▪ Basics of Molecular Biology 

▪ Overview of BioinformaƟcs problems 

▪ Overview of Clinical BioinformaƟcs tasks in healthcare sector 

o Biological Data and Knowledge 

▪ Basic BioinformaƟcs Databases (NCBI) 
▪ Medical oriented Databases (ClinVar, OMIM, etc.) 
▪ Retrieval of informaƟon 

o Clinical BioinformaƟcs in AcƟon: Variant Analysis WorkŇow 

▪ NGS technology 

▪ Variant Analysis WorkŇow [Primary, Secondary, TerƟary] 
▪ Variant InterpretaƟon, ReporƟng, and IntegraƟon in Electronic Medical 

Record (EMR) 
 

o Beyond the computaƟon and analysis 

▪ QC of the results 

▪ InterpretaƟon & ReporƟng of selected use cases 

▪ AccreditaƟon and RegulaƟon (CAP) 
 

o Panel Discussion 

▪ Experts to moƟvate and guide 

▪ Clinical Side Story and Challenges (Head of Oncology, Head of Medical 
GeneƟcs) 

▪ Future perspecƟves in the Įeld 

PART II 
 

o Responsible AI 
▪ Overview of AI applicaƟons in healthcare 

▪ Responsible AI 



▪ RegulaƟons and Governance 

 

o CompuƟng & Programming 

▪ IntroducƟon to CompuƟng and Programming 

▪ Programming using a scripƟng Language: Python 

▪ Hands-on exercises 

 

o Data Science Programming Primer  

▪ Basics of data types, representaƟon, and visualizaƟon 

▪ Use of Python Data Science CapabiliƟes 

▪ Hands-on & Exercises 

 

o IntroducƟon to Machine Learning & AI 
▪ Machine Learning Algorithms & ArƟĮcial Neural Network 

▪ Large Language Models 

▪ Hands-on & Exercises 

o AI in acƟons 

▪ Overview of major AI plaƞorms  
▪ Prompt Engineering 

▪ GeneraƟve AI 
▪ Large Language Models 

▪ RAG 

▪ Hands-on & Exercises 

 

 

PART III 
o The concept of No-Code Development 
o Prompt Engineering to generate client side (Desktop) applicaƟons. 
o Use of development frameworks to develop more complex applicaƟons: Gemini, 

ChatGPT, and Replit. 
o Project: Variant PrioriƟzaƟon 

 

 

 

The Main Use Cases: The Variant Analysis WorkŇow 

We focused on variant analysis workŇow which is the most widely used analyƟcal workŇow in 
Clinical BioinformaƟcs (Figure 2). The workŇow is composed of the following steps: 

• Primary Analysis: This includes the base calling steps to transform the physical signals 
(produced by the sequencing machine) into base calls in the form of a sequence of leƩers 
represenƟng the sequence of DNA nucleoƟdes in a fragment of DNA. The output of this 
step is a set of strings (also referred to as reads) represenƟng each DNA fragment.  



• Secondary Analysis: This includes the alignment of the sequencing reads to a reference 
human genome. This step is followed by variant calling to idenƟfy the variaƟons in the 
input genome as compared to the reference genome.  

• TerƟary Analysis: This step includes the annotaƟon of the variant with all possible 
informaƟon. This informaƟon includes physical informaƟon about the locaƟon in the 
genome, in the related genes, the transcript, and the respecƟve protein. It also includes 
informaƟon on the variant's frequency in population databases, its known or predicted 

effect on protein structure, and its known relationship to disease. 

• FiltraƟon & PrioriƟzaƟon: This step involves the exclusion of variants not related to the 
phenotype of interest and prioriƟzing the remaining variants according to the given 
clinical features of the paƟents.  

• ReporƟng: This step involves generaƟng the report and adding insights and 
recommendaƟons on the idenƟĮed variants.  

• Electronic Medical Record (EMR) IntegraƟon: This step involves integraƟng the reports 
into the electronic medical record system to become part of the paƟent’s medical record.  

On the Įrst day, the variant analysis workŇow was presented through a series of lectures and 

talks, during which users participated in discussions and mini quizzes. The content of these 
lectures is shown in INFO BOX 1, which shows a series of lectures walking through this 
workŇow. A dedicated lecture was held to discuss public biological databases, particularly 

ClinVar, to find information on variants and their ACMG classifications.  



On the second day, the basic programming and AI methods were introduced so that the user can 
apply these skills to handle big data using Python, retrieve knowledge, and use basic AI services 
(ChatGPT and Gemini). The examples and discussion on the second day focused on genome 

sequencing tests and the output of the variant analysis workflow, showing how scientists go 

beyond Excel and use scripting languages to search, sort, and filter their Įles.  INFO BOX 2 shows 
examples. At the end of the second day, the examples were about using AI services (ChatGPT and 
Gemini) to retrieve informaƟon about the variants and compare this to the public OMIM and 
ClinVar databases. Some Ɵps about wriƟng “Prompts” for these AI systems were addressed in an 
engaging discussion with live demos.  

INFO BOX 2 

 

BASIC PROGRAMMING EXAMPLES 

 

Example 1: Use Python and write a program to open a list of tests conducted in the lab and 
idenƟfy whole-exome sequencing (WES) tests.  
 

Import CSV 
file = open('example.csv', mode='r', newline='') 
reader = csv.reader(file) 
 
for row in reader: 
        if (“WES” in row[6] ): 
                print(row) 
 

 

Figure 2: Variant Analysis WorkŇow. Primary analysis includes base calling and alignment. Secondary analysis includes variant calling. 
TerƟary analysis includes variant annotaƟon. FiltraƟon and prioriƟzaƟon are important to help the scienƟst spot the disease related 
mutaƟons. ReporƟng is a criƟcal step in the medical domain which includes the results to guide the diagnosis, support physician 
decisions and inform the paƟents. In KFSH&RC, the request of the test and the report submission are integrated with the hospital 
informaƟon system and accessible from in the paƟent electronic record. 
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Example 2: Use Python and write a program to open an annotated VCF Įle in CSV format and 
Įlter out all non-coding variants.  
 

SoluƟon: 
 

Import CSV 
file = open('example.csv', mode='r', newline='') 
reader = csv.DictReader(file) 
 
for row in reader: 
        if (  “exon”  in   row[‘type’].lower() ): 
                print(row) 
 

NOTE: In Example 2, the code was opƟmized to read the columns by header Ɵtle using 
“csvDictReader” funcƟon, and also we made the check for the keyword exon case-insensiƟve 
using “lower()” funcƟon on the stored Įeld.  
 

 

ADVANCED PROGRAMMING EXAMPLE 

 

Example 1: Use the Pandas library of Python to write a script to open a list of tests conducted 
in the lab and idenƟfy. 
 

import pandas as pd 
df = pd.read_csv("example.tsv", sep="\t") 
# Filtering the names of the tests only unique 
df_unique_names = pd.DataFrame(df['Test'].unique()) 
 
# Print the names 
display(df_unique_names) 
 
 
# Filter on the column  
filtered_df = df_vcf[df_vcf["Type"] == "exon"] 
 
# Print the Dataframe 
display(filtered_df) 
 

Example 2: Use the Pandas library of Python to write a script to open an annotated VCF Įle in 
CSV format and Įlter out all non-coding variants.  
 

import pandas as pd 
 
# Read the VCF file 
df_vcf = pd.read_csv("example.vcf", comment="#") 
 
# Filter on the column  
filtered_df = df_vcf[df_vcf["Type"] == "exon"] 
 



# Print the Dataframe 
display(filtered_df) 

 

Example 3: Use the Pandas library of Python to write a script to count how many WES tests 
was performed between June and July 2024.  
 

# Condition that all Tests should be "WES" only 
condition = df['Test'] == 'WES' 
 
# Which months need to be added together 
columns_to_sum = ['Jun', 'Jul'] 
 
# Total sum of the defined months 
conditional_sum = df.loc[condition, columns_to_sum].sum(axis=1) 
 
# Print 
print(conditional_sum) 

 

NOTE: In Example 1&2, the trainee was introduced to the features of Pandas. In Example 3, the 
trainee can conduct more complex query on the data, which would be more complicated to program 
without Pandas.   
 

AI Use Cases 

On the third day, the parƟcipants were invited to develop applicaƟons for the filtration and 

prioritization of variants using a no-code development strategy based solely on public AI 
plaƞorms. The Įrst session of that day demonstrated how this can work using prompt engineering 
to generate client-side programs. In subsequent project sessions through the end of the day, the 

trainees were required to develop more complex systems with advanced features and, if 

possible, generate a deployable server-side version. INFO BOX 3 shows the three stages of these 
acƟviƟes. For the projects, the trainees were asked to form groups of up to 4 participants and 

either select projects from a suggested list or identify related problems of their own.   Each 
project was asked to present its output in the form of a short presentaƟon and a quick demo.  

INFO BOX 3 

 

TASK 1: PROMPT ENGINEERING 

 

Provide ChatGPT with a set of variants to generate professional-like scienƟĮc text (narraƟve) 
about the variant, eīect, and medical related info. 
 

Engineered Prompt to ChatGPT to generate the text 
 

You are a clinical genomics assistant. Write a narraƟve for the following set of variants deĮned 
with the following Įelds:  Gene, Variant, priority (High/Med/Low), raƟonale, Ňags (array), 
next_steps (array), Phenotype: {{PHENOTYPE_TEXT}} Variants: {{VARIANT_ROWS_JSON}}. 
 



The narraƟve should include professional-like text describing the variant based on the Įelds 
uploaded to you. Do not hallucinate. If the Įeld is empty, then write “unknown”..  
 

TASK 2: CLIENT-SIDE SCRIPT 

 

Build a browser-only vanilla JS web app (no frameworks) for this challenge: Rare Disease 
Variant PrioriƟzaƟon.  
 

ApplicaƟon Requirement:  
1. Upload variants.tsv (columns: Gene, Variant, Consequence, ClinVar, gnomAD_AF, 

Phenotype_Match) 
2. Paste phenotype text 
3. Explore ranked variants (Įlters + detail panel) 
4. Export top hits + summary 

 

Engineered Prompt to ChatGPT to generate the ApplicaƟon 

 

You are a clinical genomics assistant. Do not hallucinate. If evidence is missing, write 
“unknown”.  
Using the phenotype and the variant table, return ONLY valid JSON array with Įelds: 
rank, Gene, Variant, priority (High/Med/Low), raƟonale, Ňags (array), next_steps (array). 
Phenotype: {{PHENOTYPE_TEXT}} 
Variants: {{VARIANT_ROWS_JSON}} 
Ranking guidance: prioriƟze lower gnomAD_AF, ClinVar Pathogenic/LP, LoF consequences,  
phenotype match. 
 

UI components (must have) 
• TSV uploader + table preview 

• AF threshold slider 

• Filters: ClinVar, Consequence, Phenotype_Match 

• “Top N” selector (5/10/20) 
• Ranked table + “Variant Card” detail panel 

 

Deliver exactly 3 Įles: index.html, styles.css, app.js.  
Must include: File upload (CSV/TSV) using FileReader  
Table preview with search + sortable columns Filters relevant to the challenge  
Row click -> detail panel  
Export AI results to JSON + CSV  
Provide minimal clean styling, responsive layout, and dummy data fallback.  
IMPORTANT: the app must run by opening index.html. 

 

NOTE: You can use this list and use the prompt in TASK 1 to generate narraƟve about the highest 
priority variants. One can use the API feature from the APP to invoke ChatGPT on the data 
computed by the APP and using the prompt in task 1.  

 

TASK 3: ADVANCED APP (PROJECT TASK) 
 



Develop a server-side applicaƟon where the user can submit their Įles and get the results. 
Hint: Use ChatGPT plus Replit Node proxy version. The parƟcipants are free to use other AI-
based plaƞorms if they wish.  

 

 

 

Method EvaluaƟon 

We used two methods to assess the outcome of the event: the Įrst was qualitaƟve, involving 
collecƟng feedback from the tutors/mentors who accompanied the trainees during the event 
exercises and projects, and from the aƩendees who presented their projects at the end of the 
event and voted on the best ones. The second was quanƟtaƟve, based on a structured survey 
measuring levels of self-conĮdence and aƫtudes [33] toward Clinical BioinformaƟcs and AI in 
healthcare. 

Survey Design 

We used anonymous non-matched surveys distributed before and aŌer the workshop to evaluate 
changes in self-reported conĮdence and aƫtudes  [33] regarding the event's topics.  The survey 
quesƟons covered three components: 

1. Demographic and professional background: In this secƟon, aƩendees reported their 
academic backgrounds and their primary professional roles in the healthcare system. A 
major point to determine from this inquiry is whether they are paƟent-facing or not.  

2. ConĮdence Items: QuesƟons with mulƟple-choice answers to report self-conĮdence in 
Clinical BioinformaƟcs and AI competencies (e.g., understanding workŇows, variant 
interpretaƟon, AI/ML concepts, reproducibility). Responses were recorded on a 5-point 
Likert scale ranging from Not ConĮdent at All (1) to Extremely ConĮdent (5). 

3. Aƫtude (agreement) Items: QuesƟons with mulƟple-choice answers assessed 
percepƟons of the importance, relevance, and role of Clinical BioinformaƟcs and AI in 
healthcare and precision medicine. Responses were recorded on a 5-point Likert scale 
ranging from Strongly Disagree (1) to Strongly Agree (5). 

The survey quesƟons are in Supplementary File 1. The survey was distributed to users via a QR 
code and completed online. The individual responses were anonymized and not linkable across 
Ɵme points. No idenƟĮable personal, clinical, or paƟent-level data were collected. The study was 
conducted as an educaƟonal quality-improvement iniƟaƟve and is aligned with insƟtuƟonal 
policies on educaƟonal evaluaƟon. It was deemed not to require ethical approval.  

Data Analysis 



DescripƟve staƟsƟcs were used to summarize parƟcipant characterisƟcs and survey responses, 
including frequencies, percentages, means, standard deviaƟons, medians, and interquarƟle 
ranges.  Non-parametric Mann–Whitney U tests were used to compare pre- and post-workshop 
responses. The Hedges’ g staƟsƟc was used to measure eīect sizes, as it accounts for unequal 
sample sizes between groups. The Hedges’ g was used in this study to emphasize educaƟonal 
impact rather than staƟsƟcal signiĮcance alone.  Analyses were conducted at the individual 
components alone (demographic, conĮdence, and aƫtudes) and on the composite level 
(demographic, conĮdence and aƫtudes) as well to explore domain-speciĮc trends. To avoid 
mulƟple-comparison problems and bias, the Holm–Bonferroni method was used to support 
transparent interpretaƟon. All staƟsƟcal analyses and Įgures were generated using R (version 
4.5.2). Because individual responses were anonymized and not linkable across Ɵme points, pre- 
and post-workshop responses were analyzed as independent samples. 

 

  



Results 

ParƟcipant CharacterisƟcs 

A total of 41 parƟcipants were registered for the event and completed the pre-event survey. 
Twenty-Two of them (54%) completed the post-event survey. The paƟent-facing group accounted 
for 24.4% of aƩendees, while the non-paƟent-facing group accounted for 75.6%.  The non-
paƟent-facing group included scienƟsts/academics (51.2%) and bioinformaƟcs or IT professionals 
(9.8%), technologists or specialists (7.3%), and trainees (4.9%). Table 2 summarizes informaƟon 
about the parƟcipants.  

ParƟcipants had diīerent levels of Įeld experience: 31.7% (13/41) had ≥8 years of experience 
after graduation, 29.3% (12/41) had 3–7 years of experience after graduaƟon, and the remaining 
39.0% (16/41) were fresh graduates and fellows.  

Many parƟcipants reported liƩle experience (18/41, 43.9%) or no experience (14/41, 34.1%) in 
bioinformaƟcs or AI. Only 9.8% (4/41) reported a good amount of experience, 9.8% (4/41) 
reported some experience, and 2.4% (1/41) reported extensive experƟse. Consistent with these 
Įndings, hands-on scienƟĮc compuƟng usage was low at baseline. Most parƟcipants reported 
that they never used a command-line interface (24/41, 58.5%) or programming languages such 
as Python or R for data analysis (25/41, 61.0%). Fewer than 15% of parƟcipants reported frequent 
(oŌen or always) use of either command-line environments or programming tools. 

CollecƟvely, these baseline characterisƟcs indicated a cohort with strong clinical and scienƟĮc 
experƟse but limited readiness in computaƟonal and AI, underscoring the need for accessible, 
implementaƟon-focused educaƟon to increase uptake and use of Clinical BioinformaƟcs and AI 
capabiliƟes across the healthcare workforce. 

Table 2. Baseline parƟcipant characterisƟcs and compuƟng readiness (pre-workshop; N = 41). 
CharacterisƟc Category n (%) 

ParƟcipant Group 
Non–paƟent-facing 31 (75.6%) 
PaƟent-facing 10 (24.4%) 

Primary Professional Role 

ScienƟst/Academic 21 (51.2%) 
Clinician/Physician 10 (24.4%) 
Technologist/Specialist 4 (9.8%) 
BioinformaƟcs/IT 3 (7.3%) 
Student/Trainee 3 (7.3%) 

Clinical Domain ExperƟse 

Extensive experience (8+ years aŌer graduaƟon) 13 (31.7%) 
LiƩle experience (1-2 years aŌer graduaƟon) 10 (24.4%) 
Some experience (3-4 years aŌer graduaƟon) 8 (19.5%) 
No experience (0 years aŌer graduaƟon) 6 (14.6%) 



Table 2. Baseline parƟcipant characterisƟcs and compuƟng readiness (pre-workshop; N = 41). 
CharacterisƟc Category n (%) 

Good experience (5-7 years aŌer graduaƟon) 4 (9.8%) 

BioinformaƟcs / AI ExperƟse 

LiƩle experience 18 (43.9%) 
No experience 14 (34.1%) 
Good experience 4 (9.8%) 
Some experience 4 (9.8%) 
Extensive experience 1 (2.4%) 

ScienƟĮc CompuƟng Usage — Command 
shell usage 

Never 24 (58.5%) 
Rarely 10 (24.4%) 
OŌen 4 (9.8%) 
SomeƟmes 3 (7.3%) 

ScienƟĮc CompuƟng Usage — 
Programming usage 

Never 25 (61.0%) 
Rarely 9 (22.0%) 
SomeƟmes 4 (9.8%) 
OŌen 2 (4.9%) 
Always 1 (2.4%) 

Baseline Aƫtudes & ConĮdence Toward Clinical BioinformaƟcs and AI 

ParƟcipants demonstrated strongly posiƟve aƫtudes toward the role of Clinical BioinformaƟcs 
and arƟĮcial intelligence (AI) in healthcare and precision medicine. The mean agreement 
composite score was 4.05 (SD 1.00) on a 5-point Likert scale, indicaƟng high endorsement of 
concepts such as the clinical value of genomics, AI-assisted decision-making, and the importance 
of bioinformaƟcs capacity-building. 

In contrast, baseline self-reported conĮdence in applying Clinical BioinformaƟcs and AI skills was 
considerably lower, with a mean conĮdence composite score of 2.04 (SD 0.99). This discrepancy 
highlights a gap between conceptual support for precision medicine and pracƟcal readiness to 
implement it. 

Baseline aƫtudes were lower in paƟent-facing professionals (mean 3.80) than non-paƟent-facing 
professionals (mean 4.16).  

Changes in Aƫtudes Toward Clinical BioinformaƟcs and AI Following the Workshop 

Post-event aƫtudes toward Clinical BioinformaƟcs and AI remained highly posiƟve. The 
composite score increased modestly from 4.05 to 4.27, represenƟng a 0.22-point increase. This 
change did not reach staƟsƟcal signiĮcance (p = 0.35, Hedges’ g = 0.23), consistent with a ceiling 
eīect given the already high baseline endorsement (Figure 3). The technical exposure discussed 
in the event did not make the parƟcipants feel that the topics are too complex and this did not 
reduce their enthusiasm. Therefore, the engagement with bioinformaƟcs and AI concepts and 



experƟse was reinforced rather than undermined the parƟcipant’s aƫtude. In fact, the largest 
gains in aƫtude were observed in items related to: Importance of AI/ML in Healthcare [Q18], 
Role of CollaboraƟon in Precision Medicine [Q21], and Importance of BioinformaƟcs Best 
PracƟces [Q19]. 

Following the workshop, aƫtudes increased direcƟonally in paƟent-facing parƟcipants (3.96 → 
4.26) more than in non-paƟent-facing parƟcipants (4.07 → 4.27). Although these changes were 
not staƟsƟcally signiĮcant, it shows some trend and it is consistent with high baseline 
endorsement (Figure 3).  Supplementary File 2 includes all the staƟsƟcs results in tabular format.  

Changes in Self-Reported ConĮdence Following the Workshop 

The survey results following the educational intervention showed that the participants reported 

significant improvements in conĮdence across both Clinical BioinformaƟcs and AI competencies 
(Figure 4). The mean composite conĮdence increased from 2.04 (SD 1.18) pre-event to 2.71 (SD 
1.11) post-event, represenƟng a 0.67-point increase on a 5-point scale. This increase represented 
a medium-to-large eīect size (Hedges’ g = 0.69) and was staƟsƟcally signiĮcant using a Mann–
Whitney U test (p = 0.006). 

The largest gains in conĮdence were observed in items related to: Knowledge of Variant Clinical 
SigniĮcance [Q11], Knowledge of Deep Learning and GenAI [Q14], Knowledge of Machine 
Learning [Q13], Knowledge of BioinformaƟcs Best PracƟces [Q15], Knowledge of Variant Calling 
Pipelines [Q10], and Knowledge of Biological Data Types [Q8]. These areas corresponded directly 
to the workshop’s applied, implementaƟon-focused curriculum. 

PaƟent-facing parƟcipants showed a pronounced increase in AI-related conĮdence (1.7 → 2.6; 
Hedges’ g 0.79; p = 0.161), while non-paƟent-facing parƟcipants improved in both Clinical 
BioinformaƟcs–related conĮdence (2.10→2.78; p = 0.0165) and AI-related conĮdence 
(1.63→2.41; p = 0.0131) (Figure 4). Supplementary File 2 includes all the staƟsƟcs results in 
tabular format. 



 

Figure 3: Self-reported aƫtude analysis. (a) Aƫtude and agreement pre and post the event (precent of responses per item). (b) 
Composite pre and post changes. (c) Aƫtude outcome straƟĮed by paƟent and non-paƟent facing groups. (d) Further 
straƟĮcaƟon by major topics (Clinical BioinformaƟcs and AI). 



 

Figure 4: Self-reported conĮdence analysis. (a) ConĮdence outcome pre and post the event (precent of responses per item). 
(b) Composite pre and post changes. (c) ConĮdence outcome straƟĮed by paƟent and non-paƟent facing groups. (d) Further 
straƟĮcaƟon by major topics (Clinical BioinformaƟcs and AI). 



Mentor feedback 

Mentors with bioinformaƟcs and computer science training background supervised the 
parƟcipants in conducƟng the workshop exercises and project. On the third day, we focused on 
the concept of GenAI to generate self-developed applicaƟons solely through prompt engineering, 
a concept known as No-Code development. As explained in the Method secƟon, there were two 
major tasks: (i) develop a simple client-side applicaƟon that can be accessed via a local web 
browser, where the user uploads their own data to Įlter the variants, and (ii) develop more 
advanced server-side applicaƟon that can be deployed on a remote web server to be accessed by 
mulƟple users over the Internet.  

ParƟcipants promptly grasped the concepts and developed the Įrst applicaƟon easily. Figure 5 
(LeŌ) shows a screenshot of an example applicaƟon.  Some used Gemini and some used ChatGPT. 
GeneraƟng the narraƟve through the copy-and-paste opƟon from the workshop learning 
materials to ChatGPT was pracƟcal for many of the groups. Automating this step via an API was 

somewhat complicated due to security keys, but many groups still finished the task on time, while 

others required intensive support from the mentors. We observed that some of the users did not 
edit the prompt but took a photo from the instructor board and submiƩed it as is to ChatGPT, 
which performed digital OpƟcal Character RecogniƟon (OCR), and transformed the image into 
text including the prompts, and generated the applicaƟon source code.  

The development of the server-side applicaƟon was more challenging and required more Ɵme. 
Some of the groups could Įnish the task on Ɵme. Other groups could understand the basic 
principles but did not have Ɵme to Įnalize all features.  Two groups produced output that could 
be deployed. One group deviated from the suggested procedure of using ChatGPT and Replit. 
Instead, they used Google AI Studio, which received prompts, generated the applicaƟon source 
code, and performed deployment. Figure 5 shows an example page of the applicaƟon aŌer 
Įltering and reporƟng the variants using Replit and Google AI Studio.  

Overall, parƟcipants demonstrated noƟceable contribuƟons in applying AI tools and began 
developing their own applicaƟons. While this training might have not enabled them to become 
professional soŌware developers, it did allow them to independently create simple applicaƟons 
that handle tabular data, compare values, and prioriƟze genomic variants. The intervenƟon 
signiĮcantly improved parƟcipants’ conĮdence across key competencies, while maintaining 
strong posiƟve aƫtudes toward Clinical BioinformaƟcs and AI. 

 

 

 



  

Figure 5: Example of data analyƟc applicaƟons developed by trainees. (a) Example a client-side applicaƟon for prioriƟzing the variants. (b) 
Example of a server-side applicaƟon developed using Replit to prioriƟze the variants, generate narraƟve, and export reports in PDF/HTML format. 
(c) Example server-side applicaƟon developed using Google AI studio to prioriƟze the variants, generate narraƟve, and export reports in 
PDF/HTML format.  



Discussion 

This study demonstrates that a short, targeted 3-day educaƟonal intervenƟon can meaningfully 
improve self-reported conĮdence in Clinical BioinformaƟcs and AI among a heterogeneous group 
of healthcare pracƟƟoners and researchers. The workshop successfully translated conceptual 
support into pracƟcal readiness, enabling parƟcipants to leverage GeneraƟve AI tools (such as 
ChatGPT and Gemini) for informaƟon retrieval, script generaƟon, and workŇow automaƟon, 
including Variant Analysis. While parƟcipants entered the workshop with a high baseline 
endorsement of precision medicine, the training yielded the largest conĮdence gains in applied 
competencies—speciĮcally variant interpretaƟon, AI-assisted analysis, and workŇow 
reproducibility—rather than abstract awareness. 

The pronounced post-workshop conĮdence gains, parƟcularly among non-paƟent-facing 
professionals, suggest that democraƟzed, implementaƟon-oriented educaƟon eīecƟvely bridges 
the gap between theoreƟcal knowledge and pracƟcal execuƟon. Notably, the integraƟon of AI 
shiŌed the parƟcipants' cogniƟve load from mechanisƟc tasks, like manual script ediƟng or data 
retrieval, to higher-order professional skills, including criƟcal thinking, rigorous code tesƟng, and 
clinical veriĮcaƟon. Because GeneraƟve AI tools are prone to hallucinaƟons, the workshop 
emphasized a "human-in-the-loop" paradigm. ParƟcipants were trained not to accept AI outputs 
blindly, but rather to treat AI as an accelerant while execuƟng rigorous code execuƟon tesƟng and 
cross-referencing informaƟon against curated clinical data repositories. Furthermore, mulƟ-
disciplinary, collaboraƟve groups performed beƩer by sharing diverse individual experiences. This 
cross-pollinaƟon of ideas accelerated learning and highlighted how shared foundaƟonal training 
can unify clinicians, scienƟsts, bioinformaƟcians and technologists who possess disƟnct 
professional needs. 

These Įndings align with established medical educaƟon literature indicaƟng that experienƟal, 
context-driven, and hands-on learning is uniquely eīecƟve for complex digital health skills. The 
success of incorporaƟng real-world scenarios and data-driven bioinformaƟcs problems replicates 
prior evidence that acƟve learning sustains high parƟcipant focus and engagement. By focusing 
the Variant Analysis workŇow on standard clinical frameworks—such as the ACMG/AMP variant 
classiĮcaƟon guidelines and standard bioinformaƟc data formats (e.g. BAM, VCF, etc.)—the 
training grounded technical scripts in acƟonable clinical uƟlity. While tradiƟonal bioinformaƟcs 
training oŌen demands steep programming prerequisites, our results introduce a novel paradigm: 
AI can act as a robust supporƟng tool that lowers technical barriers, allowing non-technical 
healthcare professionals to achieve applied technical competencies within compressed 
Ɵmeframes.  

From a health systems perspecƟve, these Įndings oīer highly scalable workforce development 
strategies for precision medicine, directly supporƟng Saudi Arabia’s Vision 2030 mandate and its 



Health Sector TransformaƟon Program. As the Kingdom rapidly scales its genomic medicine 
infrastructure, a primary boƩleneck is workforce readiness. To build upon this baseline, future 
educaƟonal intervenƟons should transiƟon from a one-size-Įts-all model to customized, modular 
tracks: paƟent-facing professionals require more clinical case studies, whereas non-paƟent-facing 
professionals need advanced technical programming. Future iteraƟons must expand ethical, legal, 
and social implicaƟons (ELSI) training and incorporate longitudinal online modules to measure 
long-term applicaƟon. Finally, forming strategic partnerships with technology companies 
developing healthcare-speciĮc AI systems will ensure curriculum content remains cuƫng-edge 
and deeply integrated with local healthcare contexts. 

LimitaƟons 

Several technical and design limitaƟons must be acknowledged when evaluaƟng these 
outcomes. First, due to a technical glitch in the pre-survey deployment, the pre- and post-
workshop surveys could not be linked or paired at the individual parƟcipant level. Consequently, 
the datasets had to be treated as independent samples rather than paired observaƟons, which 
precluded a direct intra-individual tracking of conĮdence trajectories. To miƟgate this design 
Ňaw, we applied a conservaƟve staƟsƟcal analysis using non-paired comparaƟve tesƟng; this 
approach minimizes the risk of Type I errors (false posiƟves), ensuring that the observed 
conĮdence gains are staƟsƟcally robust despite the lack of individual pairing.  

Second, the overall sample size—parƟcularly regarding the post-workshop response rate—was 
modest, which inherently limits the staƟsƟcal power of the comparaƟve analyses and restricts 
the broad generalizability of the Įndings. Third, the study relied strictly on self-reported 
conĮdence and aƫtudes rather than objecƟve, external metrics of bioinformaƟcs skill 
acquisiƟon (such as pracƟcal coding tests) or direct clinical performance tracking. This reliance 
introduces a potenƟal social desirability bias, where parƟcipants might overesƟmate their 
perceived proĮciency to align with instructor expectaƟons.  

Furthermore, because the workshop was promoƟonal and opƟonal, the cohort was enƟrely self-
selected without an external control group for baseline comparison. It is highly probable that 
these self-selected aƩendees possessed a greater baseline interest and enthusiasm for Clinical 
BioinformaƟcs and AI than the broader, general healthcare workforce. Finally, the compressed 
3-day duraƟon of the course structurally limited the absolute depth of programming and clinical 
skill acquisiƟon, forcing instructors to dynamically reduce manual programming sessions in favor 
of generaƟve AI script producƟon. This constraint also restricted criƟcal systemic discussions, 
such as the ELSI of genomic medicine, to a single introductory presentaƟon. While these 
combined constraints mean the results must be interpreted as a localized proof-of-concept, the 
real-Ɵme feedback loops via site surveys and mentor interacƟons provided a robust framework 
for immediate course reĮnement. 



Conclusions 

Despite its inherent design limitaƟons, our workshop and evaluaƟon study successfully 
highlighted a rapidly growing interest among healthcare professionals in Clinical BioinformaƟcs 
and AI. The study clearly demonstrated a signiĮcant increase in parƟcipants’ self-conĮdence 
regarding both their foundaƟonal Clinical BioinformaƟcs knowledge and their pracƟcal ability to 
develop data analyƟc applicaƟons and tools. AddiƟonally, the structured, balanced introducƟon 
of AI was highly eīecƟve in clarifying immediate clinical use cases while simultaneously 
underscoring the criƟcal importance of cauƟon, rigorous tesƟng, and responsible implementaƟon 
in acƟve clinical pracƟce. The observed eīect sizes and consistent direcƟonal trends strongly 
support the educaƟonal value of this short-form intervenƟon. UlƟmately, this exploratory study 
provides a solid raƟonale and framework for larger, mulƟ-insƟtuƟonal longitudinal studies that 
incorporate objecƟve performance metrics to track long-term clinical impacts and paƟent 
outcomes. 
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