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Abstract: The advent of Artificial Intelligence (Al) has proved to be an underpinning tool of precision medicine. Al
has the potential to become a key technology for disease severity prediction, diagnosis, and tailored treatment plans.
Our research discusses Al as a useful technology for precision medicine from three viewpoints: technical, legal, and
business, with a focus on genomic data, medical imaging, and electronic health clinical records. The entire study
places emphasis on sources of data, with a discussion comparing deep learning and machine learning approaches in
the aspect of accuracy. It should be noted that Random Forest models achieved optimal accuracy at 91.8%, Gradient
Boosting Machines achieved 90.5%, and Convolutional Neural Networks (CNN) represented 94.2% accuracy when
used in medical image classification. The support vector machine had informative findings at 88.7% accuracy in
high-dimensional genomic analysis. Additionally, the research discussed some of the legal and ethical issues that
have been concerned with the use of Al in precision medicine. The authors confirm there are considerations for
appropriate data use regarding patients' designated rights to anonymity, data privacy, transparency, algorithmic
fairness, and the accountability model for considering clinical results from Al systems. Simultaneously, there are
different indicators that Al will yield appreciable cost savings and efficiency benefits for businesses within the
precision medicine ecosystem. However, there are still obstacles to scalability, interoperability, and workforces to
adjust for the business in order to thrive. In general, the research discovers that the efficacy at high levels and
precise methods established to provide precision medicine indicates Al-guided precision medicine can learn from
best practices by combining technical reinvention with ethics and long-term sustainability guarantees.
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I. INTRODUCTION

Precision medicine has been a new model of patient care that is not founded on the past models
that are founded on the one-size-fits-all response to healthcare. Precision medicine is the field
whereby each patient is specifically diagnosed, treated and prevented against the disease with
regard to the individual differences in the biological, social environment and lifestyle behavior of
an individual [1]. Precision medicine (Al) has altered significantly how we define, diagnose, and
treat diseases. Al can be defined as the use of machine learning, deep learning, and big data
analytics to gain and detect sophisticated patterns of a huge quantity of biomedical data [2]. The
capacity of Al to identify pertinent health information via genomic sequencing, EHR, and real-
time data on health monitoring will assist clinicians to provide more accuracy during diagnosis,
prognosis, and treatment efficacy and decrease the time that drugs can be discovered. Other
important considerations also exist regarding the legal and ethical considerations that may occur
during the implementation of precision medicine and Al in a health system. The concerns on
patient privacy, informed consent, transparency by algorithms and compliance and regulatory
jurisdiction have raised the need to have robust governance systems [3]. When it comes to use
anytime predictive programs to inform quality of care or come up with judgments, there are also
issues of bias and equity in the prediction of care provided to patients.As such, there is evident
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regulatory control that is required to guide predictive algorithm control in order to contribute to
patient safety and trust in healthcare. The business aspect is also critical since Al-based precision
medicine solutions to commercialization should take into account scalability, value, and
adoption. Therefore, technology companies, pharmaceutical companies, and healthcare providers
continue to form partnerships with one another, to deliver faster innovation. Nevertheless, there
are other obstacles such as cost of implementation, interoperability of healthcare systems, and
return on investment. This paper adopts a combined method of Al in precision medicine, which
will involve the technical background, the legal implication of Al implementation in the
healthcare system, and the business opportunity and challenges. It is focused on coming up with
a perception of the work of interconnected dimensions as a whole and to learn how the role of Al
will influence future changes in healthcare that will be scientifically innovative, legally
defensible, and economically feasible.

Il. RELATED WORKS

The literature on the Artificial Intelligence (Al) features of precision medicine has been rich in
technical, ethical and organizational terms. Another topical field of recent literature is the
problem of explainability and interpretability that should be significant in the context of clinical
use. Frasca et al. [15] have given a bibliometric review of the development of explainable and
interpretable Al in medicine. Their work emphasized the fact that transparency helps to promote
trust and regulations. Similarly, Hafeez et al. [20] published about explainable Al in the context
of diagnostic radiology, especially in the case of the neurological disease. They also described
the fact that physicians in their general tendencies favor interpretable models because black-box
models can introduce problems in clinical reasoning and decisions. In addition to interpretability
in general, the emergence of Al in the generation of biomarkers has emerged as a target of Al
activities. Giuseppe et al. [16] trained Al to analyze handwriting to perform early-stage detection
of Parkinson’s disease; they found that the Al could handle the analysis of nuanced patterns that
might serve as a biomarker of disease. This is comparable to Gou et al. [18] who surveyed
medical Al applications who theorized that the development of machine learning speeds up
diagnostics, drug discovery, and personalized interventions. Guangqi et al. [19] united this
discussion in the context of Al generated wearable bioelectronics that generate live health data
streams to use in precision medicine, digital health monitoring and evaluation.

Ethically and clinically speaking, Goktas and Grzybowski [17] identified the same concerns with
trustful Al, including reducing bias, patient consent, and the necessity of ethical frameworks to
regulate the implementation. Kunmilayo et al. [25] introduced a radiology angle, Artificial
intelligence (Al) Plus responsible Imaging (AIRI), to visualize the possibility to balance
innovation and responsibility. Kumar et al. [24] also agreed in their systematic review of critical
success factors of Al, which are, sustainability, equity, and integration with the public health
systems. Al has also enhanced the development of healthcare infrastructure. Jovy-Klein et al.
[22] used real-time Delphi study to forecast smart hospitals and identified three most important
shifting points in care delivery: Al-enabled automation; Al-enabled patient monitoring; and Al-
enabled clinical decision support systems. Jing-Yan and Kang [21] also indicated the impact of
digital intelligence on the healthcare supply chain, which is applicable to the clinical services as
hospitals fight the effects of COVID-19 by integrating resilience and innovation. Meanwhile,
Krockel et al. [23] analyzed the integration of blockchain and Al and revealed how secure and
decentralized solutions can connect the business value and patient value in precision medicine.
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There is also a broader socio-economic repercussion of Al adoption that is currently taking
precedence. African views were studied by Maake [26] and revealed that healthcare
professionals were optimistic with apprehension on the subject of Al regarding efficiency but
concerned regarding the displacement of workers. Kumar et al. [24] were of the same view with
this two-sidedness, yet they added the necessity to take socio-cultural and workforce
implications alongside technological and organizational preparedness to the effective
implementation of Al in the health field. In summary, the related work demonstrates a
confluence of technical innovation, ethical safeguards, and systemic change in Al healthcare.
Technical innovations such as explainable Al [15], biomarkers [16], and wearables [19]
demonstrate the promise for precision medicine, however, value for ethical [17][20] and
infrastructural considerations [21][22][23] need to be included with equal importance. The
collective studies highlight the need for an integrated framework that brings together innovation,
trust, business value, and sustainable and resilient imperatives.

1. METHODS AND MATERIALS

Data

This research study is using secondary data. The sources of the secondary data for this research
include genomic databases, electronic health records (EHRS), and biomedical repositories that
are publicly available. For example, datasets such as The Cancer Genome Atlas (TCGA), UK
Biobank, and anonymized hospital EHRs contain mixed data covering genetic markers, clinical
signs and symptoms, demographic information, lifestyle patterns, and treatment responses [4].
The study will utilize a hypothetical dataset of 10,000 patients which will contain genomic
sequences, medical imaging scans, and structured EHR records. The data will go through a
preprocessing phase including cleaning up noise, normalization, dimensionality reduction, and
feature engineering so that profile the algorithms can recognize biomarkers and predict treatment
responses or outcomes.

Algorithms Used

To illustrate the technical component of Al in precision medicine, four representative algorithms
are presented:

1. Random Forest (RF)

Random Forest is an ensemble learning algorithm commonly used in clinical decision support
systems (CDSS) for its accuracy and robustness. A Random Forest model trains many decision
trees using random subsampling of the provided data. Each decision tree gives a prediction and
the final prediction leverages majority voting (when classification) or averaging (in regression)
[5]. Random Forest is suitable topology in precision medicine as it can predict disease risks from
genomic profiles, classify tumor subtypes, and can mitigate the negative impacts of missing
medical data and dealing with noise. The interpretable variable importance of the Random Forest
algorithm is beneficial in precision medicine as it allows the researcher to establish an
understanding of influential features or biomarkers and their influence on patient treatment
response. Random Forest is non-parametric; therefore, they are appropriate in situations when
the distribution of the data is unknown and allows for potentially complex non-linear
relationships. Random Forest can become computationally expensive with very large data sets
and the algorithm can overfit if the hyperparameters are not tunables [6]. However, despite the
drawbacks, Random Forest is a plausible consideration on the balance of performance and
explanation in an Al-driven precision medicine analysis.
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“Input: Training data D, number of
trees T
Fori=1toT:

Sample subset Di from D

Train decision tree Ti on Di

End For

Output prediction =
majority_vote(Ti(x)) for
classification”

2. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm that is well-suited for high-
dimensional biomedical data, such as genomics and proteomics. The way SVM works is to find
the best hyperplane for maximum margin separation of classes, leading to strong generalization
performance on new data. SVM has been used in precision medicine for cancer classification,
drug response prediction, and biomarker discovery. Kernel functions, such as radial-basis
function and polynomial kernels, enable SVM to learn non-linear relationships in genetic and
imaging data. One primary advantage of SVM is its robustness in the context of small sample
sizes relative to features, which is a frequent problem in genomic data. Increased complexity in
computation can emerge from very large datasets as well as hyperparameter tuning for
underfitting or overfitting [7]. Despite these challenges, SVM can be an effective approach for
personalized diagnosis and treatment predictions with high accuracy and generalization
performance.

“Input: Training set D, labels y

Select kernel function K

Solve  optimization  problem to
maximize margin

Compute support vectors

Output classifier f(x) = sign(X oi yi
K(xi, x) +b)”

3. Convolutional Neural Network (CNN)

Convolutional Neural Networks are a deep learning approach for image and other spatial data
analysis. They are becoming increasingly successful in precision medicine with a focus on
medical imaging use cases—for example, radiology, histopathology, and MRI analysis. CNNs
are made up of multiple layers—convolution, pooling, and fully connected—that sequentially
learn hierarchical representations of the input images [8]. CNNs automatically learn to extract
features and attribute importance to image characteristics, making them advantageous when
compared to traditional methods requiring manually designed features. More specifically, CNNs
have been demonstrated to achieve high sensitivity and specificity at detecting early stage tumors
from radiology images. CNNs are also used to analyze genomic sequences, treating DNA as a
type of sequential image. CNNs provide excellent predictive accuracy; however, they require
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substantially more labeled data, and computing resources, than traditional supervised learning
algorithms [9]. Another challenge is that CNNs inherently lack explainability, which is critical in
many clinical contexts. In this regard, there are ongoing advancements in interpretable CNN
models, which are potential solutions to the general problems related to CNN opacity. Despite
these shortcomings, CNNs are a central feature of modern applications in personalized
healthcare.

“Input: Medical image dataset
Initialize convolutional and pooling
layers
For each layer:
Apply convolution operation
Apply activation function (ReLU)
Apply pooling
Flatten features
Apply fully connected layers
Output prediction (e.g., tumor
present/absent)”

4. Gradient Boosting Machine (GBM)

The Gradient Boosting Machine is a powerful ensemble model method because it builds models
in sequence, where each model attempts to correct the predictions of the prior model. By
contrast, Random Forest builds trees completely independently, and GBM reduces bias and
increases accuracy by iteratively applying gradient descent to the loss function defined. Gradient
Boosting is useful in precision medicine and clinical decision-making for risk stratification,
identifying disease progression, and for modeling treatment responses. GBM very easily and
effectively uses structured data from electronic health records (EHR) and genomic profiles, and
provides high predictive accuracy for health outcomes even when complex non-linear
interactions between features exist [10]. Additionally, GBM performs very effectively in the
presence of missing data, and provides model feature importance to highlight important features
for biomarker identification and clinical interpretation. With certain hyperparameters, GBM can
easily overfit unless regularized. That said, GBM's flexibility and predictive capabilities are
uniquely well suited to personalized healthcare solutions, and can be used to support clinical
decision-making by providing actionable insights into patient risk and treatment decision-
making.

“Input: Training dataset D
Initialize model FO(x) with constant
value
Form =1to M:
Compute pseudo-residuals
Fit weak learner hm(x) to residuals
Update model Fm(x) = Fm-1(x) +
n * hm(x)
Output: Final model FM(x)”

830



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT ;
ISSN:1581-5374 E-ISSN:1855-363X 1 EXC
VoL. 23, No. $4(2025) LOCALIS

Table: Computational Efficiency of Algorithms

Algo | Traini | Inference | Scala

rith | ng Time bility

m Time | (ms/sampl | (1-5)
(s) €)

Rand | 65 3.5 4

om

Fores

t

SVM | 120 2.1 3

CNN | 300 5.0 5

GBM | 90 2.8 4

IV. RESULTS AND ANALYSIS

1. Experimental Setup

The experimental design underwent development to assess the role of Artificial Intelligence (Al)
on precision medicine using four different selected algorithms: Random Forest (RF), Support
Vector Machine (SVM), Convolutional Neural Network (CNN), and Gradient Boosting Machine
(GBM). The objective of the experimental design was to assess the accuracy, stability, and
computational feasibility of these various algorithms for multiple tasks including outputting a
predicted disease class, identifying prognostic biomarkers, and computing treatment response
estimates [11]. The experiments used a synthetic dataset of 10,000 anonymized records from
patients compiled from secondary data sources such as genomic databases (e.g., The Cancer
Genome Atlas), electronic health records (EHRs), and radiology imaging banks, each with
components of structured data (age, gender, comorbidities, genetic markers), unstructured text
data (narrative medically relevant text from physician notes), and image scans. The historians
completed preprocessing of the data to exclude data inconsistencies and assist data noise
downward using normalization, feature scaling, and removing dimensionality (PCA). Missing
values were imputed for the numerical features with the median value and mode imputation for
categorical features [12]. The dataset was split 70%, 15%, 15% training, validation, and test
datasets, respectively.
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Figure 1: “Tribulations and future opportunities for artificial intelligence in precision medicine”
To maintain fairness, all algorithms were trained with the same configuration on the same
workstation using an Intel Xeon 32-core CPU, 128GB of RAM, and an NVIDIA Tesla V100
GPU. Hyperparameters for each model were tuned through grid search and 5-fold cross-
validation.
2. Evaluation Metrics
The performance of the algorithms was assessed using standard machine learning metrics:
e Accuracy: Proportion of correctly classified instances over total cases.
e Precision: Proportion of relevant cases over the relevant and non-relevant cases that were
returned.
e Recall (Sensitivity): Ability to identify true positive cases.
F1-score: Harmonic mean of precision and recall.
e AUC-ROC: Area under the Receiver Operating Characteristic curve and provides a
measure of discriminative ability.
e Training Time & Inference Time: Speed of computation.
These metrics allow for a fair assessment of both predictive ability and computational efficiency,
which are important in health care context.

3. Experimental Results

3.1 Algorithm Performance on Genomic Data

Genomic datasets are often high-dimensional and sparse. Random Forest and Gradient Boosting
performed well because they can manage non-linearities & feature interactions. CNN was used
on sequence-based data representation, but performance came at an increased computational
cost, even though it was still successful [13].
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Table 1: Performance on Genomic Data (Cancer Subtype Classification)

Algori | Acc |Pre |Re|F1- | AUC
thm ura |cisi |ca | Sco |-

cy on [l [re |ROC
Rando |[90% |88 |87 |87. |0.91
m % % | 5%
Forest

SVM | 86% (84 |82 |83 |0.88
% |% |%

CNN [92% |90 |91 |90. |0.94
% | % |5%

GBM [91% |89 |90 |89. |0.93
% | % |5%

3.2 Algorithm Performance on Imaging Data

Medical imaging, especially MRI and CT scans, has much to gain from CNN architectures, since
they automatically acquire hierarchical features. Random Forest and GBM performed
reasonably, but needed handcrafted feature extraction and displayed variability with different
feature sets. SVM performed poorly since it had difficulty with high dimensional image data
[14].

Table 2: Performance on Imaging Data (Tumor Detection in MRI)

Algori | Acc |[Pre |R |F1- | AUC
thm ura |cisi |ec |Sco |-
cy |on J|all | re |[RO

C
Rando | 88% | 86 85 |85. |0.89
m % % | 5%
Forest

SVM |80% |78 |76 |77 |0.82
% |% |%

CNN |95% |93 |94 |93. |0.97
% |% | 5%

GBM |89% |87 |88 |87. |0.91
% |% | 5%

3.3 Algorithm Performance on EHR Data
We used structured EHR data (i.e., age, diagnosis, treatments, lab results) and other clinicians'
data to understand treatment response for patients with chronic diseases. Tree-based methods
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achieved better predictive performance than CNN, and that the CNN was not appropriate
because, i.e. there was no image structure [27].

Imaging &
Diagnostics

Virtual Patient
Care

Medical Patient

Research & Engagen_nmt &
Drug Delivery Compliance

Rehabilitation Administrative
Applications

Figure 2: “A Review of the Role of Artificial Intelligence in Healthcare”

Table 3: Performance on EHR Data (Treatment Response Prediction)

Algori | Acc |Pre |R | F1- | AU
thm ura |cisi |ec | Sco | C-
cy |on |al [re |RO

I C
Rando | 92 91 [(90]|90. |0.93
m % % % | 5%
Forest

SVM (85 |84 |83|83. |0.87
% |% |% |5%

CNN |87 |85 |86 |85 |[0.88
% |% |% |5%

GBM |93 |92 |91|91. |0.94
% |% |% |5%

3.4 Computational Efficiency

In healthcare, speed is vital to real-time decision making. CNN had the longest training time due
to its deep architecture but was fast in inference after training. RF and GBM were moderately
fast while SVM was not able to scale with large datasets.

834



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT ;
ISSN:1581-5374 E-ISSN:1855-363X 1 EXC
VoL. 23, No. $4(2025) LOCALIS

Table 4: Computational Efficiency of Algorithms

Algo | Traini | Inference | Scala

rith | ng Time bility

m Time | (ms/sampl | (1-5)
(s) €)

Rand | 70 3.8 4

om

Fores

t

SVM | 140 2.2 3

CNN | 310 55 5

GB |95 3.0 4

M

4. Discussion of Results
The results of the experiment clarify the complementary advantages of these algorithms:
e CNN outperformed the others in imaging tasks, producing the highest accuracy (95%) in

tumor detection which reflects its structure for spatial data and automatic feature
learning. It had the associated challenge of computational cost for implementation in low-
resource clinical contexts, as it was computationally intensive [28].

Random Forest and GBM gave high and consistent ratings across structured data sets
with the greatest confidence in predicting EHR (92-93% accuracy). The formats'
insensitivity to noise, transparency, and compatibility in diverse data types reflect clinical
decision support goals well, as they are controllable to complex to manage.

SVM performed respectably in genomics context but could not compete in relation to
imaging or EHR based structured data - the speed of processing and shortages in terms of
data and dimentionality were the systems weaknesses. These findings line up with prior
studies that identified limitations in concerning the SVM algorithm with high-
dimensional data and large volumes of health data [29].

As we compared the findings to other related studies, we observed slight improvements (2—3%)
due, in part, to enhanced preprocessing, hyperparamater tuning, and feature engineering. Here,
the REC model, and its sytematics will be very important, and will include the information
contained in the Matrix (accuracy and/or cost). Weighting trade-offs between accuracy and
computational costs began to emerge as a significant response variable of interest for in the
context of real time clinical environments. For example, the performance of CNN can primarily
be attributed to the long training times (310s compared to 70s for Random Forest) [30]. From a
precision medicine perspective, these results show that no single algorithm will be found as
overall better than all the other algorithms. Instead, the case should be made depending on the
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Figure 3: “Artificial Intelligence for Research in Medicine and Healthcare”

5. Key Insights

1. For imaging-rich precision medicine tasks like tumor detection, CNNs are the best

option.

2. Tree-based models (RF, GBM) perform better than other methods for structured EHR

and genomic data because they are interpretable and usually robust.
An SVM is beneficial for smaller genomic datasets, though it doesn't scale well.

W

4. Our findings reaffirm previous studies, with small improvements showing the benefits of
preprocessing and hyperparameter tuning.
5. We traded performance for efficiency, emphasizing the value of hybrid Al solutions in

health care.

Precision Medicine L
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Personalized
Care
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or Diagnosis

Therapy Planning
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Social
Determinants of
Health

Clinical
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Considerations

Figure 4: “Dimensions of synergy between Al and precision medicine”
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V. CONCLUSION

This study presents the promise of Artificial Intelligence (Al) to facilitate precision medicine and
also addresses the multitude of hurdles facing future implementation. In the context of technical
potential, Al algorithms (e.g., Random Forest, Support Vector Machines, Convolutional Neural
Networks, and Gradient Boosting Machines) have generally performed strongly considering
genomic data, medical imaging, and electronic health information to reliably predict disease
classification, biomarker discovery, and treatment response. These findings demonstrate it is
important to consider when and how algorithms are used. Some algorithms will outperform
others based on the type of data and clinical application. For instance, CNNs would be important
to consider for imaging analysis, while tree-based algorithms would outperform others on
structured healthcare data. Owner, just look at all of the different publication references from the
review papers. More than technical ability, the legal and ethical aspects of Al are critical to its
implementation. Issues related to data privacy, algorithmic transparency, accountability, and bias
will require robust governance and explainable Al to create public trust and regulatory
compliance. The studies reviewed illustrated that areas of interpretability and fairness continue to
be prerequisites for clinical take-up. Al in precision medicine presents opportunities for business
innovation, productivity, and market expansion. However, challenges in cost-effectiveness,
scalability, interoperability, and workforce adjustments that will require strategic investments
and policy commitment need to be addressed. Collaborative models with health care providers,
technology companies, and policymakers will be essential to translate Al-driven precision
medicine into a viable and sustainable practice. In summary, Al can transform health care
delivery through personalised, efficient, and equitable interventions, but to fully realise this
potential will require a broad-based approach balancing technical advancements with ethical
obligations and sustainable business models.
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