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ABSTRACT 
Aim. The aim of this review is to explore and critically assess the current applications of artificial intelligence (AI) 

in medical biostatistical research, encompassing both theoretical perspectives and real-world applications. AI 

techniques, such as deep learning, support vector machines, decision trees or clustering, expands upon traditional 

biostatistics to enable systematic processing of complex and high-dimensional unstructured biomedical datasets. 

AI has revolutionized the research methodologies employed in traditional medical biostatistics, providing new 

tools for data analysis, predictive modeling, and integration of heterogeneous data sources. AI promises to add 

value in many medical domains - disease risk prediction, clinical trial analysis, omics integration, and precision 

medicine, to name a few. Combined with traditional statistical techniques, AI provides more complex and 

comprehensive insights into the structure of medical information, having the potential to respond optimally to the 

expanding medical needs for swift, precise, and personalized treatments. 
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INTRODUCTION 

Background on Biostatistical Research in 

Medicine 

Biostatistical research, a backbone of 

clinical research, provides quantitative tools 

for studies design, data analysis and results 

interpretation in clinical and public health 

settings. Developed from the principles of 

probability theory, biostatistics allows to 

researchers to obtain valid conclusions about 

complex biological or medical data – that is 

why nowadays biostatistics is included in most 

postgraduate medical curricula due to the need 

to foster critical thinking in graduate 

healthcare education for evidence-based 

practice [1-3]. The need to develop 

competences in biostatistics and research 

methodology during medical specialty training 

is recognized as biostatistics represents a 

critical methodological skill for medical 

researchers [4-7]. 

Biostatistics is essential in clinical research 

for multiple purposes: the design of 

randomized controlled trials (RCTs), cohort 

and case-control studies, the setting up of 

working hypotheses, the samples’ size 

calculation and optimal selection, as well as 

the assessment of the appropriate calculation 

procedures that accommodate optimally for 

diversity and confounding variables. In 

biomedical studies, well-conducted statistical 

assessments are critical to guarantee that the 

study findings and conclusions are appropriate 

and trustworthy. Unfortunately, medical 

literature often reveals a certain heterogeneity 

regarding the studies design and the statistical 

methods selected to reach the proposed 

objectives; that is why a major task in research 

is to promote the best practices in statistics, in 

order to elevate the results consistency and 

quality, to streamline the methodology and to 

enhance the findings reporting [8]. 

 

Artificial Intelligence emergence in 

biomedical sciences 

AI in medicine is represented by virtual and 

physical approaches. The virtual approach 

encompasses computerized methods based on 
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deep learning techniques, aiming to improve 

health data management and control. The 

physical approach refers to specific devices, 

such as robots designed to assist the elderly 

patient or the resident surgeon, as well as 

targeted nanorobots [9].   

Artificial intelligence in healthcare is 

mostly applied in clinical trials, preliminary 

diagnosis, automated image diagnosis and 

robot-guided surgery. The typical end-users of 

AI in biomedical sciences are pharmaceutical 

& biotechnology companies, hospital & 

diagnostic centers and academic & research 

laboratories. NVIDIA and Canon Medical 

Equipment are the most active companies in 

AI-based healthcare domain. NVIDIA created 

Clara Holoscan MGXTM in 2022 as a 

platform for the medical device industry to 

develop and deploy real-time AI applications 

at the edge. This platform supplies medical-

grade reference architecture and long-term 

software support that accelerates the creation 

of medical devices. Canon Medical Systems 

Corporation introduced Altivity, a new brand 

dedicated to the development of innovative 

technologies powered by machine and deep-

learning, redefining the role of AI in 

healthcare. Nowadays the most important 

players in the AI-based healthcare market are 

Recursion Pharmaceuticals, Medtronic, 

CloudmedX, Oncora Medical, and Google 

[10].   

The combination of electronic health 

records, high-throughput technologies (e.g., 

genomics, proteomics), and large-scale 

epidemiological databases has enormously 

increased the volume and complexity of 

biomedical data. Thus, the availability of high-

dimensional or unstructured data has led to an 

explosion of data that challenges traditional 

biostatistical approaches, relying on 

assumptions not verified in the case of high 

dimensional or unstructured data. In this 

context, there is an increasing demand for 

incorporating artificial intelligence (AI) into 

biostatistical research. AI can increase speed, 

flexibility and accuracy in processing large 

databases, providing robust techniques for 

pattern recognition, predictive modeling and 

data integration. Integration of AI with 

classical statistical methods enhances the 

analytics capabilities in biomedical research. 

The challenges to address the interface 

between medical statistics and AI concern 

population inference vs. prediction, 

generalizability, reproducibility and evidence 

interpretation, as well as the stability and 

statistical guarantees [9-11].  

 

AIM OF REVIEW 

The aim of this review is to explore and 

critically assess the current applications of 

artificial intelligence (AI) in medical 

biostatistical research, encompassing both 

theoretical perspectives and real-world 

applications. We proposed to achieve the 

following objectives in our analysis: 

- to explore the opportunities for 

integration of AI tools in study design, data 

analysis, and predictive modeling; 

- to give relevant examples of AI 

algorithms used in biostatistical 

workflows; 

- to evaluate AI practical applications in 

clinical trials, population health studies, 

and multi-omics research; 

- to expose the strengths, limitations, and 

ethical issues of AI-assisted medical 

biostatistics. 

 

MATERIALS AND METHOD 

The present review was conducted through 

a comprehensive examination of specialized 

literature aiming to identify the most relevant 

and recent studies concerning AI-based 

applications in medical biostatistics and their 

impact on research quality and clinical utility. 
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Data Sources and Search Strategy 

A systematic literature search was 

performed in three major scientific databases: 

PubMed, Scopus, and Web of Science. The 

search included articles published between 

2014 and 2024, reflecting the rapid evolution 

and increasing implementation of AI 

technologies in medical research. The 

following keywords directed our research: 

“artificial intelligence”, “machine learning in 

medicine”, “AI in biostatistics”, “predictive 

analytics”, “medical data modeling”, “clinical 

decision support”, “neural networks in 

healthcare”, “AI in public health”, “big data in 

medicine”, and “AI in epidemiology”. 

 

Eligibility – Inclusion and Exclusion Criteria 

Studies were included if they: 

- investigated the application of artificial 

intelligence in medical biostatistical 

analysis, such as predictive modeling, data 

classification, regression analysis, or 

outcome prediction; 

- evaluated the accuracy, performance, or 

added value of AI compared to traditional 

statistical approaches; 

- were published in peer-reviewed journals, 

indexed in international scientific 

databases, and were based on a clearly 

described methodology; 

- were focused on human medical research, 

including clinical trials, epidemiological 

studies, or public health applications. 

Studies were excluded if they: 

- were case reports, editorials, conference 

abstracts, or reviews lacking primary data 

or generalizable results; 

- did not clearly define their AI 

methodology or lacked description of 

biostatistical context; 

- focused solely on technical algorithm 

development without medical or 

biostatistical relevance. 

 

Data Selection and Analysis Methodology 

Initial screening of titles and abstracts was 

performed to exclude studies that did not meet 

the inclusion criteria. The remaining articles 

underwent full-text review to ensure relevance 

and methodological rigor. Data were extracted 

and synthesized to assess the role of AI in 

various biostatistical processes.  

 

RESULTS 

AI PRACTICAL APPLICATIONS IN 

MEDICAL BIOSTATISTICS 

AI-based predictive modeling of disease risk 

and prognostic: 

Artificial intelligence (AI), and particularly 

machine learning (ML), are being applied 

across the medical domain to diagnose 

diseases and predict patient outcomes. Using 

large datasets, such as electronic health 

records, genetic profiles and imaging, AI 

models can identify patterns and risk factors 

that may not be captured by traditional 

approaches, specifically in cancer diagnosis 

[12-14]. Such models facilitate disease 

identification at an early stage, tailored 

treatment strategies, and efficient resource 

management. Also, AI-based models can 

predict disease’s progression, drugs’ efficacy, 

and prognosis [15, 16]. The main challenges to 

overcome include data quality, model 

interpretability, and ethical implications, as 

well as safety and efficacy for routine clinical 

usage. 

 

AI-based data analysis in clinical trials and 

observational studies: 

Current multilevel and integrated data sets 

allow new insights into medical research, by 

opening new perspectives and analysis 

directions. However, despite the large amount 

of available data, only a small fraction can be 

curated, integrated, understood, and properly 

analyzed. Considering AI abilities to learn 

from data and emulate human thought 

processes, AI-based data analysis applications 
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magnify learning and decision support system, 

having the potential to revolutionize the future 

of health care [17]. Cognitive programs 

influence both medical practice and 

biomedical research by using Natural 

Language Processing techniques, which allow 

us to identify quickly similar, but disparate 

electronic medical records or to check the 

scientific literature for relevant references. AI-

based data analysis applications may trace out 

the optimal care of chronic disease, 

recommend precision therapies for complex 

diseases, flag medical errors, and enhance 

subjects’ recruitment for clinical trials [18].  

 

AI-based pattern recognition in omics and 

imaging data: 

Deep learning is changing the face of omics 

(genomics, proteomics, metabolomics) and 

medical imaging pattern recognition, since AI-

based algorithms can discover complex 

genomic patterns, biomarkers, and disease 

signatures through high-dimensional data 

analysis that sustains early diagnosis and 

precision medicine [19]. In omics, AI was used 

to detect gene-disease relations or to predict 

protein structures and pathways [20]. In 

medical imaging, AI enhances the 

identification of abnormalities in radiology or 

pathology, sometimes equaling or exceeding 

the specialist's efficiency [21,22]. 

Combination of omics and imaging with 

artificial intelligence provides a strong, 

comprehensive view for understanding the 

mechanisms of disease. The possible 

difficulties are related to data integration and 

models standardization, transparency and 

generalizability through various populations. 

 

AI-based integration of multi-source 

biomedical data:  

AI facilitates the optimal integration of 

various sources of biomedical data (clinical 

records, omics - genomics, proteomics, 

imaging, wearable device data, etc.) to provide 

a holistic depiction of health and disease. It 

harnesses the power of machine learning and 

deep learning to navigate the intricacy and 

diversity of such datasets, identify latent 

associations, and improving disease risk 

prediction, diagnosis, and individualized 

therapeutic approaches. Combining different 

multi-source biomedical data improves the 

quality of clinical decision-making and helps 

to create a holistic patient profile [23, 24].  

Despite this potential, challenges remain; the 

most significant of them are represented by 

data standardization, missing data handling, 

interoperability as well as privacy and 

interpretability of AI models integrated into 

the clinic. 

 

AI ALGORITHMS IN MEDICAL 

BIOSTATISTICAL RESEARCH 

AI algorithms provide robust and advanced 

techniques to maximize data analysis, 

recognize complex data patterns, and improve 

predictive analytics and modeling [25]. While 

biostatistics usually follows a hypothesis-

driven approach, AI and machine learning 

(ML) enables data-driven exploration across 

large and complex datasets. While traditional 

biostatistics usually requires complete 

databases and linear relationships between 

variables, neural networks provide 

optimization algorithms for variable selection, 

being familiar with missing data and nonlinear 

relationships between variables. AI algorithms 

allow prediction of risk for disease, survival 

analysis, modeling of treatment responses, and 

real-time monitoring. Common AI tools used 

in biostats workflows are deep learning, 

random forests as well as support vector 

machines [26]. 

 

Decision Trees: 

Decision tree algorithms are popular in 

medical biostatistics because they are simple 

and easy to interpret, as well as effective for 

complex data. Such AI models work by 
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recursively segmenting the data based on the 

input features, forming a tree structure that 

ultimately reaches a set of predictions [27, 

28]. Decision trees are used in medical 

research for identifying significant risk 

factors, risk stratification, disease outcome 

prediction, and clinical decision-making. 

Random Forests and Gradient Boosted Trees 

are variants that boost performances through 

overfitting reduction and increased predictive 

accuracy. For this class of prediction models 

(exhibiting so-called "bagging" behavior) 

correlations between predictions made by each 

model can reduce the effective number of 

predictions, leading to an increased stability 

[29, 30]. 

 

Support Vector Machines (SVM): 

Support Vector Machines (SVM) is an AI 

technique widely applied in medical 

biostatistics for classification and regression 

problems. SVM is an emerging approach of 

machine learning that can robustly classify 

high-dimensional big data into a small number 

of data points called support vectors, allowing 

well-defined subgroup differentiation in a 

minimal time. They are resilient to overfitting, 

particularly in situations with relatively small 

sample sizes and a large number of variables. 

SVMs are able to represent complex, nonlinear 

relationships, making them very flexible for 

different medical applications, including 

novel drug discovery [31, 32], gastric 

pathologies [33], or neurological 

complications [34]. SVM have important 

clinical and public applications for high-

throughput data analysis and 

contextualization, a relevant example in this 

regard being the diagnostic and treatment 

timetables of most aggressive cancers [35]. 

However, their “black-box” nature and 

parameter tuning sensitivity may lead to low 

interpretability, which can be an undesired 

feature in clinical research. 

 

Clustering/PCA algorithms: 

Clustering and PCA are unsupervised AI 

techniques that are frequently applied in 

medical biostatistics to analyze and visualize 

large and complex biomedical data. 

Combination of clustering and PCA 

techniques enables and facilitates data-driven 

discovery, pattern recognition, and hypothesis 

generation in medical research. Clustering 

algorithms (e.g., k-means, hierarchical 

clustering) categorize similar data according to 

features patterns, thus enabling researchers to 

discover hidden subgroups within samples of 

patients, disease phenotypes, or molecular 

profiles. It aids in patients’ stratification for 

specific therapies or in comprehending disease 

heterogeneity [36-39]. PCA (Principal 

Component Analysis) is a method of 

dimensionality reduction that converts a 

dataset with correlated features into fewer 

uncorrelated features (principal components) 

that preserve data variance. It makes analysis 

easier, filters noise, and facilitates eventually 

the complex data visualization (e.g. gene 

expression or imaging data) [40, 41].  

 

Deep Learning Approaches in Medical 

Biostatistics: 

Machine learning is a subdomain of 

artificial intelligence designed to identify 

complex patterns that can be used to predict or 

classify similarly new unseen data. Machine 

learning techniques can analyze multi-modal 

data from precision medicine; they provide 

broad capability for large scale genomic 

analysis, leading toward increased 

understanding of human health and disease 

[42]. Deep learning approaches, including 

Convolutional Neural Networks (CNNs), 

Recurrent Neural Networks (RNNs), and 

Autoencoders, are also increasingly applied in 

medical biostatistics to analyze complex, high-

dimensional data and uncover intricate 

patterns that traditional methods may miss. 
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CNNs are particularly effective for 

analyzing medical imaging data (e.g., MRI, 

CT, histopathology), from where they 

automatically extract spatial features to 

support diagnosis, classification, and 

segmentation tasks with high accuracy, 

especially in oncological pathology [43, 44]. 

RNNs are designed for sequential data, 

being widely used in analyzing time-series 

medical records, biosignals (e.g., ECG, EEG), 

and longitudinal patient data to predict 

outcomes, monitor disease progression, or 

model treatment effects over time [45, 46]. 

Autoencoders are unsupervised models 

used for data compression, denoising, and 

anomaly detection. In biostatistics, they help to 

reduce dimensionality in large omics datasets 

or to identify subtle data patterns for disease 

classification and patient stratification. A 

research group proposed recently a novel 

framework, MultiSC, for the analysis of 

MULTIomic Single-Cell data, by 

incorporation a single-cell hierarchical 

constraint autoencoder for merging the multi-

omics data while performing clustering and 

matrix factorization based model (scMF) to 

predict transcription factors regulated target 

genes [47]. 

 

CHALLENGES AND LIMITATIONS  

Challenges at the intersection of medical 

statistics with AI include population inference 

vs. prediction, data quality, model 

generalizability, reproducibility and 

interpretability of evidence, stability, as well as 

statistical guarantees [48-49]. Data quality and 

quantity are crucial for AI models. Data in the 

healthcare sector is very fragmented due to 

various reasons such as missing values, coding 

under different schemes, and storage in 

different infrastructures. These may hinder the 

generalizability and applicability of AI-driven 

biostatistical analyses. Many AI models are 

limited by data overfitting, meaning that good 

results are obtained on the training data while 

poor results are obtained on new test data. 

Thus, in medical biostatistics, predictions lose 

validity, limiting their utilization in the clinical 

space. More advanced AI models (deep 

learning networks) tend to be treated as "black 

boxes", which can lead to a lack of 

interpretability. In healthcare, these models do 

not allow explanation of the clinical decision-

making, leading to lack of transparency as well 

as ethical and practical problems. 

Combination between AI-based and classic 

statistical approaches is challenging because 

the two systems arise from different 

methodologic traditions. They must be 

integrated properly through model selection, 

validation and interpretation to not lead to 

biased or misleading results. Other challenges 

related to AI-based application in healthcare 

are as follows [48-49]. 

- Biases: If training data reflect existing 

biases (e.g., certain populations are 

underrepresented), AI models could 

reinforce health disparities.  

- Clinical adoption and trust: Clinicians can 

be reluctant in AI tools adoption due to 

concerns about reliability, usability or 

misalignment with clinical workflows; 

large adoption can be reinforced by 

validation, clear communication of 

limitations as well as demonstration of 

clinical utility. 

- Computational and infrastructure 

demands: Need for cloud solutions, 

scalable computer power, high-

performance data warehouses and 

databases can be challenging for medical 

institutions with limited technical 

capacity or funding. 

 

Ethical, Legal, and Privacy Considerations 

The implementation of AI algorithms in 

healthcare domain requires update of ethics 

issues and regulations due to concerns 

surrounding AI decision-making, data 

ownership and patient privacy. These issues 
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require proactive dialogues among regulators, 

healthcare providers, technologists and 

patients to ensure the considerations of ethical 

guidelines and regulations in patients' health 

data collection, processing and analysis 

healthcare [50]. Privacy and data security are 

critical issues that require the implementation 

of strong encryption and anonymization 

methods to protect patient information, since 

data collection practices based on 

decentralized data sharing can harm the patient 

privacy. Algorithmic bias is also a 

considerable challenge requiring constant 

monitoring for fairness [51].  

To ensure accountability of manufacturers, 

healthcare institutions and professionals, clear 

responsibility frameworks for these 

stakeholders are required. The ethical 

guidelines, regularly updated and accessible to 

all stakeholders, can direct decision-making 

amidst this dynamic landscape.  

While AI-based healthcare applications 

challenge the current codes of ethics and 

regulatory frameworks, most of the AI-

specific ethics frameworks seem to be little 

used and most are not used as stand-alone 

ethics frameworks. Operationalizing them in 

healthcare and biomedical statistics is a 

complex operation involving multiple levels 

(ethics principles, design, technology, 

organizational, regulatory) [52]. A research 

group highlighted the need for a five level 

framework of ethical impacts (individual-

relational, organizational, societal, global and 

historical) for the medical AI-systems ethics. A 

global approach of ethical issues must insert 

the local ethical regulations into a broader 

framework where ethical and legal 

considerations are taken into account to make 

sure AI-systems serve the individual needs of 

everyone, everywhere in the world [53]. Also, 

a more explicit ethical evaluation with 

benchmarks must be integrated into critical 

appraisal frameworks for each AI-based 

healthcare application [54]. 

 

FUTURE PERSPECTIVES 

New AI technologies in medical biostatistics 

New AI technologies in medicine and 

medical biostatistics include federated 

learning, generative AI, and explainable AI 

(XAI). Such technologies allow advanced 

analysis of distributed data without sacrificing 

privacy, facilitating more explainable 

prediction and decision-making models, as 

well as longitudinal biostatistical modeling. 

They address to specific issues such as data 

heterogeneity, high dimensionality and model 

interpretability for advanced biostatistical 

analysis [55]. 

Federated learning is based on machine 

learning algorithms and data collection at a 

centralized storage node to allow fast and 

accurate diagnosis and treatment. It was 

investigated in a healthcare surveillance 

system (Internet of Medical Things- IoMT) 

based on blockchain powered by federated 

learning [56]. 

Models of generative AI such as GANs, 

VAEs, etc., are used to learn the distribution of 

complex datasets and to generate synthetic 

biomedical data that resembles authentic 

samples [57]. Generative AI can generate 

realistic patient records and/or medical 

images which can help to prevent certain 

challenges such as limited sample sizes and 

imbalance of the clinical datasets. Generative 

AI also enables simulation studies, privacy-

preserving data sharing, and hypothesis testing 

through the generation of controlled synthetic 

cohorts. In biostatistical modeling, these tools 

help make models more robust, enhance 

generalizability of predictive models, and 

improve information sharing across models 

with richer, multi-modal data [58]. 

Explainable AI (XAI) aims to provide 

humans with transparent, interpretable, and 

understandable AI models, one of the most 
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important requirements in medical 

biostatistics and clinical decision formulation. 

In biostatistics, XAI approaches such as SHAP 

or LIME explain how individual input 

variables impact model outcomes and 

correlate their effects, allowing researchers 

and clinicians to interpret predictions. 

Although there has been significant 

advancement in these areas, the challenge of 

balancing performance and interpretability in 

machine learning models, particularly in the 

context of high-dimensional or multi-modal 

biomedical data, remains an open question [59, 

60]. 

 

AI-based personalized and precision medicine 

The ability to capture the genetic makeup 

(mutations that drive individual tumors) has 

led to the concept of precision medicine. The 

association between artificial intelligence and 

precision medicine holds promising solutions 

to revolutionize health care. AI-based 

personalized medicine aims to account for 

patient-to-patient and between-population 

differences in disease susceptibilities and 

responses to health interventions such as 

drugs, nutrition, vaccines, and radiation [61]. 

Methods of precision medicine find 

phenotypes of patients who have more-

uncommon responses to treatment or needs 

from health services. AI applies complex 

computation and deduction to provide deeper 

insight, facilitate reasoning and learning in the 

system, and enhance clinician decision making 

through advanced intelligence. Precision 

medicine matches each individual to the best 

treatment in a way that is tailored to his or her 

genetic uniqueness [62]. Translational 

research evaluating this convergence of 

nongenomic and genomic determinants, 

integrated with data on patient symptoms, 

clinical history and lifestyles will enable 

clinicians to address the biggest challenges 

facing precision medicine, through 

personalized diagnosis and prognosis [63].  

An example of AI-based precision 

medicine are physiological genomic readouts 

in disease-related tissues providing an 

effective surrogate for gauging the effect of 

genetic and environmental factors and their 

interactions that shape disease development 

[64]. More than traditional statistical methods, 

AI biostatistical models can stratify patient 

risk, optimize treatment plans, and predict 

therapy response. With the scale-up of 

precision medicine initiatives, the role of AI 

will also be to improve patient phenotyping 

and provide real-time clinical decision support 

on an individual level. 

 

Collaboration between data scientists, 

statisticians, and clinicians 

Interdisciplinary collaboration between 

data scientists, statisticians, and clinicians is 

pivotal in the effective deployment of AI in 

biostatistics research.  The clinicians usually 

do not have the biostatistical competencies to 

analyze large databases, while the data 

scientists and statisticians find difficult to deal 

with the issues regarding patient privacy and 

consent. The only solution to overcome such 

problems is therefore the multidisciplinary 

collaboration among clinicians, data scientists, 

machine-learning experts, biostatisticians and 

epidemiologists [65]. Suboptimal 

collaboration between clinicians and 

biostatisticians frequently leads to low quality 

research. Statisticians offer expertise on study 

design, curve fitting and inference; data 

scientists provide advanced algorithmic and 

computational skill; clinicians guarantee 

interpretability and clinical relevance. To 

bridge these domains, there is a need to 

establish a common language, to identify 

shared goals, and to co-design research 

workflows. Such collaboration is critical for 

translating AI models into practice, preserving 

methodological rigor, and aligning 
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technological innovation with patient-centered 

outcomes [66]. 

 

CONCLUSIONS 

• AI techniques, such as deep learning, 

support vector machines, decision trees or 

clustering, expands upon traditional 

biostatistics to enable systematic 

processing of complex and high-

dimensional unstructured biomedical 

datasets. 

• AI has revolutionized the research 

methodologies employed in traditional 

medical biostatistics, providing new tools 

for data analysis, predictive modeling, and 

integration of heterogeneous data sources.  

• AI promises to add value in many medical 

domains: disease risk prediction, clinical 

trial analysis, omics integration, and 

precision medicine, to name a few.  

• Combined with traditional statistical 

techniques, AI provides more complex and 

comprehensive insights into the structure 

of medical information, having the 

potential to respond optimally to the 

expanding medical needs for swift, 

precise, and personalized treatments. 
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