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Abstract: It has changed the system of personalized medicine, where different treatments for different patients are designed based on 

research statistics. Comprehensively, artificial models study various datasets such as genomics, EHR, and even comprehensive patient 

monitoring to enhance clinical decisions. Machine learning (ML) algorithms help diagnose diseases, predict the prognosis of illnesses, 

and can be instrumental in finding new treatment regimens besides saving costs in the healthcare sector. It has to be said, however, that 

data privacy, algorithms’ bias, and legal concerns are the prominent issues that must be solved to effectively and responsibly utilize the 

given concept. The following paper seeks to study the use of AI in personalized medicine, including its purpose, opportunities, and 

disadvantages in improving treatment.  
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1. Introduction 
 

Personalized medicine is a medical treatment concept that 

particularly applies to a person’s medical history, genealogy, 

surrounding environment, and overall constitution. Because 

standardization rarely works, it is widespread in medicine to 

make no distinction between patients and deliver a treatment 

model that fits all. The application of AI in the healthcare 

system has revolutionized healthcare since it developed the 

concept of precision medicine involving data analysis.  

 

Modern AI technologies, ML and DL, provide the means of 

searching for the proper treatment using patient data at a rate 

that has no equivalent. Machine learning algorithms improve 

disease prognosis models, treatment, and management 

suggestions and adjust therapeutic outcomes based on the 

patients’ or animals’ current physiological and genetic data. 

Moreover, using AI applications in drug discovery makes 

identifying targeted therapies with fewer side effects easier 

while increasing efficiency.  

 

Nevertheless, some barriers relate to the application of AI in 

personalized medicine. Privacy issues, algorithmic 

imbalance, and regulatory issues inhibit technology 

development. Also, there is still the problem of how AI makes 

decisions, and thus, AI models should be transparent or 

explainable. This paper discusses AI's possible implications 

for future developments in personal medicine, the leading 

technologies associated with AI, and the obstacles preventing 

the widespread utilization of the technology in clinics.  

 

The Role of AI in Transforming Personalized Medicine 

through Data - Driven Decision - Making 

AI in personalized medicine is explosive because the 

technology is geared towards utilizing and applying data for 

patients' accurate decision - making. Expansive amounts of 

big data, gene sequencing data, electronic records, imaging 

information, and physiological monitoring data are integrated 

to improve treatment planning and facilitate treatment 

(Schork, 2019; Johnson et al., 2021). By analyzing patients’ 

cross - modality data, AI enhances the disease diagnosis and 

prognosis, as well as the treatment decision - making process, 

and decreases the cases of experimental treatments in 

medicine (Ahmed et al., 2020).  

 

AI’s integration of data from diverse sources in medical 

practice subsequently promotes precise analysis of patient 

conditions and treatment trends, strengthening health service 

administration (Alsuhebany et al., 2023). Another application 

of artificial intelligence in health care is machine learning 

models, where patients’ details are used to advise on 

administering the proper treatment. Deep learning is used to 

enhance the efficiency of images in diagnosing diseases 

(Topol, 2019). In oncology, it adopts the process of 

determining genetic mutations and aspects of the tumor to 

determine the best treatment plan possible while reducing the 

risk of side effects to a large extent and improving the 

effectiveness of treatment (Krzyszczyk et al., 2018). 

Reinforcement learning algorithms constantly change dosage 

levels according to the patient’s response, aiming to provide 

accurate treatment strategies (He et al., 2019).  

 

Implementing AI analytics results in early diagnosis or 

estimation of potential diseases and necessary medical 

interventions (Hamet & Tremblay, 2017). AI models evaluate 

patients’ records with time and offer disease prognoses and 

progression within a given period, especially for 

cardiovascular diseases and neurodegenerative diseases 

(Dilsizian & Siegel, 2014). Such NLP technologies analyze 

text in the clinical documents to enhance the customization of 

the therapy procedures recommended to the patients (Sherani 

et al., 2024). Deep reinforcement learning enhances treatment 

plans by mimicking their therapeutic outcomes and helps the 

clinician identify the most effective actions (Hood & Friend, 

2011).  

 

However, there are concerns about the privacy of patients’ 

information, the potential of algorithms to have 

idiosyncrasies, and legal issues (Noorbakhsh - Sabet et al., 

2019). AI usage in clinical environments implies compliance 

with data protection standards and laws, including HIPAA 

and GDPR, to prevent patient data compromise (Hamburg & 

Collins, 2010). That is why explainable AI models are being 

established to optimize the reliability during decision - 

making support with the help of artificial intelligence and 

dispel the so - called ‘black box’ effect (Ahuja, 2019).  

 

AI is also transforming the approach to patient service by 

providing better diagnosis methods, improving treatment 

outcomes, and using forecasting. New developments in 
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healthcare AI have led to deep learning and machine learning, 

creating accurate and unique healthcare applications. 

Considering the ethical and regulatory issues will 

consequently remain essential in preventing the misuse or non 

- adherence to the legal guards of deploying this technology 

in clinical practice toward attaining a certain level of 

precision in medicine.  

 

Overview of Key AI Techniques Applied in Treatment 

Optimization 

AI applied directly affects treatment plans through machine 

learning algorithms, deep learning algorithms, reinforcement 

learning, and natural language processing. These techniques 

improve the specificity of diagnosis, individualized 

treatment, and clinical decision- making, hence improving 

treatment outcomes since the interventions given address the 

specific needs of the patient (Schork, 2019; Johnson et al., 

2021).  

 

The complex process of gathering multiple patient data and 

then applying algorithms to detect patterns of disease and the 

effectiveness of particular kinds of treatment. Supervised 

learning models predict treatment outcomes from past patient 

data and help identify appropriate drugs and dosages (Ahmed 

et al., 2020). By using unsupervised learning, clinicians can 

locate concealed patient groups with similar response rates to 

treatment so that improved therapeutic strategies can be 

implemented (Alsuhebany et al., 2023).  

 

Such information includes imaging data and genomic 

sequences, as deep learning models improve diagnostic and 

treatment planning methods. CNNs enhance the quality of 

medical diagnosis in radiology by accurately diagnosing 

diseases from markers noted in scans, enabling early 

diagnosis and altering the course of treatment (Topol, 2019). 

RNNs are used to study temporal data like patient health 

records and identify the strategies to be used in treating such 

a patient in the long run (Krzyszczyk et al., 2018).  

 

Another relevant approach is reinforcement learning, which 

adjusts treatment regimens based on patients' responses. This 

technique is especially suitable in reconstructive drug 

therapy, where virtual experiments are conducted to reduce 

the negative impact and determine an optimal treatment plan 

(He et al., 2019). Reinforcement learning is another machine 

learning class employed in oncology to optimize 

chemotherapy dosages based on the patient’s biomarkers to 

achieve the desired treatment outcomes and minimize side 

effects (Dilsizian & Siegel, 2014).  

 

Organizing large amounts of structured note information, 

such as physician notes, pathology reports, and patient 

histories and backgrounds, is possible. Textual analysis 

improves treatment decision - making and supports clinical 

decision - making (Sherani et al., 2024). These models help 

detect drug - drug and drug - food interactions, potential side 

effects, and compliance with clinical protocols (Hood & 

Friend, 2011).  

 

Although AI in treatment plans reinforces key treatment 

results in healthcare, issues regarding biases, interpretability, 

and compliance are still some of the problems embraced in 

healthcare settings. The explainable artificial intelligence is 

crucial for clinicians’ trust and for integrating AI into the 

existing healthcare system (Noorbakhsh - Sabet et al., 2019). 

As of the use of artificial intelligence in clinical practice, legal 

requirements such as HIAPA and GDPR must be followed 

(Hamburg & Collins, 2010).  

 

Applying AI technologies to improve treatment options is 

among the ways AI enhances treatment through accuracy and 

patient - tailored approaches. Combining AI with clinical, 

integrated machine learning, deep learning, reinforcement 

learning, and natural language processing opens the door to 

many more practical, touching, and sustainable solutions.  

 

AI - Driven Treatment Personalization in Precision 

Medicine 

Precision medicine using artificial intelligence can assemble 

multi - omics data, the patient’s medical record, and 

physiological data to provide the best treatment plan. 

Information technologies such as deep neural networks in 

machine learning and reinforcement learning, etc., enhance 

therapy management by identifying the patterns of disease 

progression and the best drugs to use. Integrating high - 

dimensional genomic and metabolic data helps AI develop 

patient - specific recommendations on the kind of treatment 

that should be adopted and changes that should be made based 

on the patient's response. (Dilsizian & Siegel, 2014).  

 

Then, artificial intelligence is used in its models to predict the 

metabolism and effectiveness of drugs based on specific 

genes. Several techniques, namely support vector machines 

and random forests, can predict the patients as responders or 

non - responders using gene expression and single nucleotide 

polymorphisms. It is applied deep learning, including 

Convolutional Neural Network CNN) and Recurrent Neural 

Network RNN architectures to the genomic sequences to 

obtain the relationships between genes and drugs. It uses the 

convolutions, which extract abstract features from gene 

expression matrices, and the recurrent, which captures 

temporal dependencies in pharmacogenomic experiments. 

Reinforcement learning is an improvement on the dose - 

response model where deep Q - networks determine the best 

approach to administering the medication. (Sherani et al., 

2024). Drug efficacy prediction involves using machine 

learning algorithms that integrate genomic, transcriptomic, 

and proteomic data to improve therapy.  

 

As a result of this, the SVR and XGBoost techniques are used 

to model the nonlinear relationship between the genetic 

variants and drug response. (Hood & Friend, 2011). They 

quantize the information about the patients in the latent space 

to categorize patients with similar response to therapy. 

(Alsuhebany et al., 2023). They enhance these outcomes 

using graph neural networks, bioactive compound prediction, 

and gene - drug interactions, then determine potential targets 

given the topological relationships. The mathematical 

statement of drug response prediction arrived at can be 

summarized as Ri = f (Gi, Mi, Ci) + 𝜖i Where 𝑅𝑖 denotes the 

drug response for patient 𝑖, 𝐺𝑖 represents genetic markers, 𝑀𝑖 
accounts for metabolic variables, and 𝐶𝑖 includes clinical 

features. The residual variability is modelled as 𝜖𝑖, ensuring 

robust generalization across diverse patient populations. 

Integrating multi - omics data within this framework enables 

stratification of patients into treatment- responsive subgroups.  
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Adverse drug reactions are detected and analyzed using 

algorithms built through machine learning and natural 

language processing, and they are based solely on 

biosignatures and network analysis. Most machine learning 

techniques, such as transformers and BERT, extract 

pharmacovigilance signals from unorganized health records 

and medicinal literature based on adverse effects. (He et al., 

2019). Considering the risk of ADR depends on patients' 

polypharmacy interactions and genomic characteristics, deep 

belief networks, gradient boosting decision trees, and slack 

variables are applied in multi - label classification models. 

The chemical and toxicological properties of molecules are 

modeled in graph convolutional networks, and the Bayesian 

network quantities describe the relationships between adverse 

outcomes and potential risk factors in patients.  

 

Another level of adverse drug reaction forecasting is based on 

probabilistic modeling. Bayes' rule of inference determines 

the probabilities of an adverse event, resulting in a subject 

having been exposed to the drug and possessing a genetic 

profile. The probability of an ADR, given that a drug has 

taken place, is given by: a𝐷, genetic profile 𝐺, and patient 

history 𝐻, is expressed as 

 

P(𝐴𝐷𝑅|𝐷, 𝐺, 𝐻) =
𝑃(𝐷|𝐴𝐷𝑅, 𝐺, 𝐻)𝑃 (𝐴𝐷𝑅|𝐺,𝐻) 

𝑃 (𝐷|𝐺,𝐻) 
 

 

P (ADR∣D, G, H) denotes the probability of having an adverse 

effect after observing the data. It thus offers real - time risk 

assessment and, hence, real - time decision - making as a 

possible clinical tool. Integrating RL into the ADR prediction 

models improves medication adjustment, enhancing patient 

safety.  

 

The ability to utilize personal information in the direction of 

individualized treatment requires the use of highly efficient 

computational techniques, which process the biological 

information of the human body. Through procedural 

adaptation, reciprocation, and experimental learning, the 

application of Al in each patient, choice of medicines, 

regulation of their impact, and injection of safety and 

efficiency in therapeutics are enhanced.  

 
Area Description Techniques/Models 

Treatment 

Personalization 

AI in precision medicine collects and analyzes various types of 

data—such as genomic information, patient i’s medical record, and 

physiological measurements—to create tailored treatment plans and 

adjust therapies over time based on each individual patient’s needs. 

Deep neural networks, reinforcement 

learning, support vector machines, 

random forests, CNNs, RNNs, deep Q - 

networks 

Drug Efficacy 

Prediction 

AI helps predict how well a drug will work by integrating different 

biological data, grouping patient i’s with similar responses, and 

thereby allowing for more effective therapy selection and 

personalized treatment recommendations. 

Support vector regression, XGBoost, 

autoencoders, graph neural networks, 

bioactive compound prediction 

Adverse Drug 

Reaction 

Detection 

AI identifies potential adverse drug reactions by analyzing signals 

from unstructured health records and literature. It assesses risks by 

examining patterns in drug interactions and toxic properties for 

patient i, helping to flag potential issues early on. 

Transformer models, BERT, deep belief 

networks, gradient boosting decision 

trees, graph convolutional networks, 

Bayesian networks 

ADR 

Forecasting 

AI uses probabilistic methods to estimate the risk of adverse drug 

reactions for patient i by considering factors such as drug exposure, 

genetic profiles, and patient history, thus enabling real - time risk 

assessments to guide clinical decisions. 

Bayesian inference methods 

Computational 

Efficiency 

AI employs advanced computational techniques to process complex 

biological data efficiently. This enhances the ability to customize 

treatment plans for patient i through continuous learning, 

adaptation, and improvement in therapeutic outcomes. 

Techniques involving procedural 

adaptation, reciprocation, and 

experimental learning 

 

The table shows how AI tailors treatment, predicts drug 

efficacy and risks, and processes patient data for 

personalized care.  

 

Performance Benefits of AI in Personalized Medicine 

Advancements made by AI in the development of 

personalized medicine help in improving the diagnostic 

accuracy due to pattern recognition mechanisms. As part of 

deep learning models, convolutional neural networks use the 

data from medical imaging to detect biomarkers of specific 

diseases with high sensitivity and specificity. Self–driving 

vehicles can learn through machine learning of big data sets 

to classify pathologic abnormalities. These predictions are 

advanced further by the Bayesian deep learning frameworks, 

which address issues related to uncertainties to enable sound 

decision - making in practice. Generally, the mathematical 

formula that can be used to improve diagnostic accuracy 

based on AI is as follows:  

 

 
 

Where 𝐴𝑈𝐶 stands for the area under the receiver's operating 

curve of the receiver, 𝑇𝑃 denotes true positives, and 𝐹𝑁 

means false negatives. Artificial intelligence enhances this 

process by helping in better diagnostics and lowering the false 

negativity, enabling early diagnosis of the ailment. The 

reduction of misdiagnosis is made possible by applying the 

Clinical Decision Support System (CDSS) to patient 

information, genetic traits, X - Ray scans, and more. 

Reinforcement learning models adjust their diagnostic 

recommendations according to patients’ responses to be 

adaptive (Alsuhebany et al., 2023). Such techniques in NLP, 

like the transformer models in the clinical information, 

provide accurate differential diagnoses from the unstructured 

medical records. One aim of probabilistic graphical models is 

to incorporate diagnostic uncertainty; the diseases are 

represented as a state transition system in the form of hidden 
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Markov models, so there is less chance of misclassification 

(Hamet & Tremblay, 2017).  

 

Integrating artificial intelligence in accessing and processing 

patient data positively affects economical and efficacious 

treatment plan implementation and organizational 

performance. Machine learning algorithms suggest optimal 

treatment indicators and reject ineffective prescriptions to 

reduce the number of interventions. The following is the 

aggregate cost function for artificial intelligence optimization 

of the utilization of resources in managing healthcare 

facilities formulated as  

 

Copt = arg 
𝑚𝑖𝑛

𝑇
 ∑𝑁

𝑖=1  (Ci +λRi) 

 

Where 𝐶𝑜𝑝𝑡 represents the optimized cost, 𝑇 denotes treatment 

strategies, 𝐶𝑖 refers to individual patient costs, and 𝑅𝑖 
accounts for resource utilization (Schork, 2019). The 

regularization parameter 𝜆 achieves cost control while 

enhancing the patient’s outcome to form an excellent cost 

control model (Shiwlani et al., 2023). AI promotes the 

rational drug design by using molecular modeling techniques 

based on computational algorithms that estimate the affinity 

of drugs to their targets with high probability. (Kothinti, 

2024) GANs and variational autoencoders can create new 

drug - like or drug molecules that are structurally novel and 

potentially have high binding affinity for given biological 

targets. More advanced forms of machine learning are also 

used to improve the molecular dynamics simulations with 

high accuracy in the interactions of biochemical systems. The 

goal of the energy minimization for performing AI - driven 

molecular simulations is denoted by 

 

𝐸𝑚𝑜𝑙  = ∑
𝑞𝑖𝑞𝑗

𝑟𝑖𝑗
𝑖,𝑗 + ∑ 𝑘𝑏𝑏𝑜𝑛𝑑𝑠  (𝑟 − 𝑟0) 2 

 

Where 𝐸𝑚𝑜𝑙 denotes molecular potential energy, 𝑞𝑖, 
represent atomic charges, 𝑟𝑖𝑗 is interatomic distance, and 𝑘 is 

the bond stiffness coefficient. Molecular modeling techniques 

improve the performance of lead identification in 

computational drug discovery, thus cutting down substantial 

costs of lead generation. (Hamburg & Collins, 2010). 

Personalized medicine uses diagnostic and clinical support 

tools based on AI, develops treatment rationing models, and 

conducts molecular modeling. This increases the 

effectiveness of diagnostics, decreases costs, and speeds up 

drug development. Such innovations make it possible for the 

quality of care delivery to improve through the use of AI, 

hence leading to enhanced patient experience and health 

systems management. (Hood & Friend, 2011).  

 

Technical Challenges and Ethical Considerations 

AI - driven personalized medicine has barriers regarding data 

privacy, security, bias, or generalization of the AI model. The 

security of patient data is essential due to the topics discussed, 

which involve medical records and genomic information. 

Homomorphic encryption and differential privacy are two 

techniques that enable the analysis of patient data while still 

preserving the data’s confidentiality (Johnson et al., 2021). 

One of the advantages of federated learning is that it performs 

distributed model updates instead of sharing a lot of data and 

patients’ information while at the same time empowering 

different institutions to contribute to the advancement of 

medical AI (Ahmed et al., 2020). This is done to protect the 

information sent in the process of federated learning and is in 

line with data protection laws such as HIPAA and GDPR 

(Alsuhebany et al., 2023). Thus, the effectiveness of privacy 

- preserving AI models can be defined mathematically as 

 

E [δ(D, 𝐷1)] ≤ 𝜖 

 

Where 𝐸 stands for the expected deviation of models due to 

the datasets, 𝐷, and 𝐷′, and 𝜖 is the privacy parameter, which 

determines the level of privacy in the differential privacy 

applications (He et al., 2019). They are due to a disparity in 

the data set and hence recommendations towards possibly 

discriminating one Section of people against the other. It 

refers to the disproportionate representation of one population 

over the other, thus reducing the accuracy of diagnosis and 

treatment recommendations for the underrepresented 

population (Topol, 2019). When done by another generation 

model, adversarial debiasing allows another model to detect 

the bias of the primary AI system and helps to adapt the 

learned features (Ahuja, 2019). Some techniques in handling 

bias include but are not limited to resampling training samples 

and domain adaptation to improve the generalization of the 

model across different patient populations (Schork, 2019). In 

the case of applying the basic principle of fairness when 

solving AI optimization problems, the following 

mathematical description can be provided 
𝑚𝑖𝑛

𝜃
∑  (𝑁

𝑖=1 𝐿(𝑥𝑖 , 𝑦𝑖 ;  𝜃) +  𝜆𝑅 (𝑥𝑖 , 𝑦𝑖) where 𝐿 (𝑥𝑖, 𝑦𝑖; 𝜃) L (x 

iy i; θ) as the loss function of the AI model 𝑅 (𝑥𝑖, 𝑦𝑖) R (x i, 

yi refers to penalty or cost term added to minimize the 

model’s prejudice or bias. 𝜆 It balances accuracy and fairness 

in a model (Hamet & Tremblay, 2017). Even in the 

personalized medicine case, interpretability issues arise, and 

even though deep learning models offer high performance, 

they are not very interpretable. xF AI and specifically SHAP 

and LIME offer prescription - prescribing recommendations 

to clinicians while providing information on the model - 

driven approach and basis for the same (Kothinti, 2024). 

However, it remains a challenge to achieve full transparency 

to explain deep learning models in predicting health outcomes 

using big medical data because of the high dimensionality of 

the features involved and the complex interactions between 

these features (Ginsburg & Willard, 2009).  

 

Meeting these risks, there is a continued need for innovation 

in methods for private computation, balanced algorithms, and 

post hoc AI reports. It is vital to introduce regulations for AI 

usage and increase collaboration between practicing AI 

researchers, ethicists, and healthcare professionals to make 

appropriate applications of AI in personalized medicine 

(Noorbakhsh - Sabet et al., 2019). Through adequately 

implementing the proper security measures and bias 

elimination procedures and means of making AI as far as 

possible explainable, healthcare technology, and clinical 

decision - making processes can be made ethical and reliable 

while still protecting the patient’s rights.  

 

2. Discussion 
 

The Profession of Artificial intelligence in personalized 

medicine is shifting in many areas of clinical practice, 

management, drug discovery, and development. As discussed 
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in this paper, AI - based methods incorporate large - scale data 

sources from genomics, EHRs, and physiological monitors 

that can improve diagnostic and therapeutic outcomes 

(Schork, 2019; Johnson et al., 2021). This discussion 

concludes the main points and assesses the opportunities and 

possible difficulties that can be met using these technologies 

in personalized medicine.  

 

Another strength connected with using artificial intelligence 

in this field is that it works with multimodal data of patients. 

Professionally, it refers to the capacity of advanced machine 

learning (ML) and deep learning (DL) models to identify 

specific patterns in the complicated dataset that may not be 

visible to humans, specifically clinicians. CNNs and RNNs 

enhance the temporal domains of imaging scientific diagnosis 

and analysis of patient histories, leading to early and accurate 

diagnosis (Topol, 2019; Krzyszczyk et al., 2018). In addition, 

several cutting - edge RL algorithms are used in modern 

practice to personalize the treatment regimens and increase 

the dosages to fit the patient’s response patterns and enhance 

the outcomes (He et al., 2019).  

 

Among them, using artificial intelligence in 

pharmacogenomics has been identified to be incredibly 

beneficial. Computer algorithms aiming at labeling patients 

as responders or non - responders based on their genomics, 

transcriptomics, proteomics, metabolomics, and 

pharmacokinetics information can be achieved with the help 

of AI. Machines, including support vectors, random forests, 

and deep neural networks, have also played a crucial role in 

determining the gene - drug interaction and the best dose of 

the drugs (Alsuhebany et al., 2023). The modeling of drug 

response is contained in the given equation. 𝑅𝑖 =

𝑓(𝐺𝑖,𝑀𝑖 , 𝐶𝑖) +  𝜖𝑖 Where 𝑅𝑖 denotes the drug response, 𝐺𝑖 

represents genetic markers, 𝑀𝑖 accounts for metabolic 

variables, and 𝐶𝑖 including the clinical features, it emphasizes 

the fact that all these applications are predicated on a very 

robust quantitative approach (Hood & Friend, 2011).  

 

However, there are several technical and ethical issues that 

one can still foresee, such as the following: It is crucial to 

ensure that data privacy and security are observed because 

health records are highly sensitive information. Actual 

methods that are applied to preserve the confidentiality of 

patients’ data whilst training AI models inclusively across 

different institutions include homomorphic encryption, 

Differential privacy, and federated learning (Johnson et al., 

2021; Ahmed et al., 2020). Therefore, there is a need to 

balance the datasets in order to avoid biases within the 

algorithms used to generate heathcare predictions by artificial 

intelligence. There are some methods in place that attempt to 

address the mentioned biases including adversarial debiasing, 

reweighting and domain adaptation, though achieving perfect 

fairness with the use of AI has still been a work in progress 

(Ahuja, 2019; Schork, 2019).  

 

Moreover, it has problems of interpretability because many 

deep learning models are known as the ‘a black box’. Such 

methods as SHAP and LIME, the main kinds of XAI, explain 

to clinicians how the models have made their decisions; thus, 

such techniques are fundamental to promoting trust from 

clinicians as well as meeting regulatory requirements 

(Kothinti, 2024; Hamburg & Collins, 2010). However, 

achieving full transparency remains a challenge owe to the 

fact that health related data is generally high - dimensional.  

 

3. Conclusion 
 

The advancement in artificial intelligence is quite a revolution 

in the healthcare field, which holds promise in providing a 

rational approach for patient - centric and individualized 

treatment, diagnosis, and even drug development. These 

systems utilize big data originating from genomics, EHRs, 

and even continuous monitoring to identify patterns that make 

it easy to make the right decisions regarding patient treatment. 

Although artificial intelligence is still one of the best things 

one can imagine, it has its drawbacks that need to be followed, 

such as data privacy, problems with AI bias, and model 

comprehension problems. Regarding these challenges, some 

of them are starting to find solutions to the recent progress in 

encryption and federated learning, as well as the new concept 

of explainable AI. That is why further research and 

collaboration with various fields will be critical to unlocking 

more benefits from AI and dealing with potential risks of 

patient data utilization.  
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