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| ABSTRACT  

The integration of machine learning (ML) into health information technology (HIT) is revolutionizing data-driven healthcare 

systems, yet several key challenges and areas of focus remain. Electronic health records (EHRs) constitute most of the data source 

(60%), with wearable devices and interviews/focus groups comprising smaller portions. This indicates a continued reliance on 

traditional health records, although emerging technologies are beginning to play a role. Another key preprocessing challenge, 

with data cleaning consuming the most effort (40%), followed by data anonymization and feature selection, each requiring 

substantial effort in ensuring the accuracy and privacy of patient data. Supervised learning dominates in healthcare applications, 

followed by deep learning and unsupervised learning. In terms of accuracy, EHR data consistently yields the highest performance, 

around 85%, closely followed by wearable devices, genetic data, and lifestyle data. However, challenges remain in addressing 

data privacy and algorithm transparency, as highlighted by the distribution of effort in ensuring compliance and maintaining data 

privacy. The findings suggest a need for further exploration into wearable devices and the real-time monitoring capabilities they 

bring to healthcare, alongside tackling data preprocessing and ethical challenges in HIT. 
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1.0 Introduction 

The integration of Machine Learning (ML) with Health Information Technology (HIT) is rapidly transforming healthcare systems by 

enabling the use of data to drive decision-making, improve patient outcomes, and enhance operational efficiency. With the 

growing availability of electronic health records (EHRs), wearable devices, and other digital health technologies, vast amounts of 

healthcare data are being generated. Machine learning, with its ability to analyze large datasets and uncover patterns, offers a 

significant opportunity to harness this data, providing actionable insights that can revolutionize healthcare delivery (Jiang et al., 

2017). One of the most promising applications of ML in healthcare is predictive analytics. Through the analysis of patient data, ML 

algorithms can predict future health events, such as disease onset or patient deterioration, enabling healthcare providers to 

implement early interventions. For example, ML models have demonstrated the ability to predict conditions such as heart disease, 

diabetes, and certain cancers by analyzing a combination of medical history, diagnostic tests, and genetic information (Topol, 

2019). Predictive models are not only useful in clinical care but also for resource management in hospitals, where ML can predict 

patient admission rates, optimize staffing levels, and manage supplies (Shickel et al., 2018). 

Natural language processing (NLP), a subset of ML, has also made significant strides in healthcare. Much of the data in healthcare, 

such as doctors' notes, medical reports, and patient histories, is stored in unstructured text. NLP algorithms can extract relevant 

information from this text, making it accessible for analysis. For example, NLP tools can identify patterns in clinical notes to assist 

in diagnosing rare diseases or flagging potential complications in treatment plans (Wang et al., 2018). This capability is 
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transforming how healthcare providers handle the vast amount of textual data, making it easier to incorporate it into decision-

making processes. In addition to improving clinical outcomes, ML and HIT are being used to enhance personalized medicine. By 

analyzing genetic data, lifestyle factors, and environmental conditions, ML algorithms can help create individualized treatment 

plans. This personalized approach is particularly beneficial in areas like oncology, where treatment responses can vary significantly 

between patients. With the ability to predict how patients will respond to specific therapies, healthcare providers can tailor 

treatments to the individual, improving effectiveness and reducing adverse effects (Esteva et al., 2019). 

The operational efficiencies that ML offers extend beyond patient care. In healthcare administration, ML models can optimize 

scheduling, reduce waiting times, and streamline workflows. For example, ML algorithms can predict no-show appointments and 

suggest optimal schedules for surgeries and clinical visits, reducing costs and improving the overall patient experience (Kourou et 

al., 2015). These advancements demonstrate how ML, when integrated with HIT, is not only improving clinical outcomes but also 

making healthcare systems more efficient and cost-effective. However, the adoption of ML in healthcare is not without challenges. 

Issues surrounding data privacy, algorithm transparency, and the need for high-quality, curated datasets are some of the barriers 

to widespread adoption (Reddy et al., 2019). Ensuring that ML algorithms are interpretable and explainable is crucial, particularly 

in healthcare, where decisions can have life-or-death consequences. 

In conclusion, the combination of ML and HIT is fundamentally changing how healthcare systems operate, shifting from reactive 

to proactive, data-driven models. The ability to harness vast amounts of data to drive clinical and operational decisions offers 

enormous potential to improve healthcare outcomes, reduce costs, and enhance patient satisfaction. Continued advancements in 

machine learning and health information technology will further solidify their role as essential components of modern healthcare. 

 

2.0 Research Gaps 

While machine learning (ML) is rapidly transforming health information technology (HIT), several critical research gaps remain that 

need to be addressed for its full potential to be realized. These gaps primarily concern data quality and availability, ethical 

considerations, algorithm interpretability, and integration challenges. Addressing these areas is essential for further advancing the 

deployment of ML in healthcare. 

 

2.1 Data Quality and Availability   

The success of ML in healthcare hinges on the quality and comprehensiveness of available data. However, electronic health records 

(EHRs), one of the primary data sources, often suffer from incomplete, inconsistent, and erroneous entries, which can significantly 

hinder the accuracy of predictive models (Shickel et al., 2018). While advanced preprocessing techniques such as imputation can 

mitigate some of these issues, gaps still exist in developing robust methods to fully harness fragmented and noisy data from 

healthcare systems. Additionally, the availability of real-time data from wearable devices and genomic data offers new possibilities 

for personalized medicine, but there is still a gap in seamlessly integrating these data streams with traditional EHRs. Many studies 

focus primarily on structured data from EHRs, but less attention has been given to how heterogeneous data from various sources 

can be integrated and analyzed cohesively to provide more comprehensive insights (Jiang et al., 2017). 

 

2.2 Ethical and Privacy Concerns   

Another major research gap revolves around privacy and ethical challenges. The increasing reliance on personal health data in ML 

systems raises significant concerns about data privacy, especially in light of stringent regulations such as the Health Insurance 

Portability and Accountability Act (HIPAA) in the U.S. and the General Data Protection Regulation (GDPR) in Europe. While 

approaches like federated learning have been proposed to mitigate privacy risks by allowing ML models to be trained on 

decentralized data (Reddy et al., 2019), there is still limited research on how effective these methods are in practice. Moreover, 

ethical concerns extend beyond privacy to include issues like algorithmic bias. Many ML models are trained on biased datasets, 

which can lead to discriminatory outcomes for certain patient populations. Developing fair and unbiased algorithms is an area that 

remains underexplored and requires more in-depth study. 

 

2.3 Algorithm Transparency and Interpretability   

Despite the impressive accuracy of many ML models, a significant research gap lies in the interpretability of these algorithms. In 

healthcare, decision-making is a high-stakes activity, and clinicians must be able to understand the reasoning behind AI-driven 

recommendations or predictions (Topol, 2019). While techniques for explainable AI (XAI) are advancing, much of this work is still 

in its early stages. There is a need for more research into developing AI systems that can not only provide accurate predictions but 

also offer interpretable and explainable insights that clinicians and patients can trust. Without this, there may be resistance to 

adopting AI in clinical settings, where transparency is critical. 

 

2.4 Integration with Clinical Workflows 

Finally, a major gap exists in understanding how to integrate ML models seamlessly into existing clinical workflows. Most studies 

focus on developing models that perform well in experimental settings, but little research has been done on how these models 

can be effectively incorporated into real-world healthcare environments. The lack of user-friendly interfaces and integration with 
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clinical decision support systems hinders the practical application of these technologies. Bridging this gap requires interdisciplinary 

collaboration between data scientists, healthcare professionals, and system developers. 

 

3.0 Research Methodology 

In this study, the researchers embraced a mixed-method research design in which they tried to understand the way Machine 

Learning with Health Information Technology can be integrated and probably changed for utilization in data-driven healthcare 

systems. The strength of mixed-methods studies is how these studies make significant use of a combination of both quantitative 

and qualitative approaches in a manner that details comprehensively the way HIT enhances the operation and results of healthcare 

through ML models. 

 

3.1 Data Collection 

EHRs are always the primary source for any development related to predictive modeling. Data from wearable health devices 

includes data on heart rate, physical activities, and sleeping behavior, complementing the patient records with real-time health 

monitoring data. This provides a more comprehensive dataset for the development of the predictive models. In addition to this 

quantitative data, health professionals and IT specialists were interviewed about perceived benefits and challenges associated with 

the use of ML in health settings. This ranged from imputation, making corrections in non-existent or incomplete data, to 

standardization of terms. All the sources had pieces of information related to patient care; hence, the information required at a 

uniform level of standardization of terminology so that when presentation would be made, it was an 'apple to apple' presentation 

(Wang et al., 2018). To anonymize sensitive information related to patients. Anonymization techniques were used in order to 

protect patient data without compromising on the integrity of the dataset. Feature selection, in other words, selecting the most 

relevant variables for the ML models, is performed. It involves correlation analysis and PCA to enable a reduction in dimensions 

without significant loss of predictive power. Each one of the variables does not contribute equally to the prediction performance, 

so that a selection of the most relevant ones may be performed (Kourou et al., 2015). 

 

3.2 Machine Learning Models 

In the light of these areas, logistic regression, random forests, and usage of the support vector machines were implemented in 

order to create predictive models on disease outcomes and treatment responses using complex patient data. Other clustering 

algorithms include k-means and hierarchical clustering; these enable identification of clusters of patients with related health 

conditions or responses against certain particular treatments. More advanced analyses included image recognition from diagnostic 

imaging scans and natural language processing of doctors' notes, using the neural networks, in particular the deep learning models 

and showed both image recognition from diagnostic imaging scans and NLP of doctors' notes (Esteva et al., 2019). 

 

3.3 Performance Metrics 

These performance metrics have been used to evaluate the performance of the ML models so as to establish the accuracy and 

dependability of the varied predictions. These metrics had targets that were correctly quantifying the model, which can predict the 

health outcome. The quantification metric concerning the performance of disease occurrence prediction models was done using 

the Area Under the Curve AUC, which is a measure of the model concerning the true positive rate versus the false positive rate 

(Kourou et al., 2015). Therefore, precision and recall get combined into the F1 score for the evaluation of model performance, 

particularly in the context of an unbalanced dataset and these constituents are some of the generally used metrics for performance 

(Jiang et al., 2017). 

 

3.4 Data Analysis 

Thematic analysis of interview and focus group data for recurring themes of integration of ML in health were done. This provided 

a clear idea of how health professionals perceive the promise and challenge of the adoption of ML in their work sketched (Topol 

2019). And the data were also subjected to statistical analysis using R software (version 4.2.2; RStudio, Boston, MA, USA). 

 

3.5 Ethical Considerations 

Since the nature of data obtained in health is usually sensitive, the research followed strict ethical requirements concerning data 

protection and informed consent with a view to ensuring privacy. Specific health data protection regulations that this research 

adhered to include HIPAA as suggested (Reddy et al., 2019). 
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4.0 Results and Discussion 

4.1 Data Sources and Preprocessing Efforts in Health Information Technology 

The following pie chart gives an overview of different data sources in action for HIT. The most important among all EHR has a 

contribution of 60%. This is because they find wide utilization in view of the complete patient data they provide, whether it concerns 

any previous medical history, lab results, or treatment data. Wearable Devices contribute 25% in supplying data to track health 

data from a person in real-time, which includes heart rate, physical activity, and sleep patterns. Another 15% comes from Interviews 

and Focus Groups, representing the experiences of both health professionals and patients in a qualitative manner (Figure 1A). The 

bar chart shows the relative effort of different activities in various steps of the pre-processing of data. It emerges from this that 

Data Cleaning requires maximum effort: 40% of the total effort is devoted to this stage. This involves dealing with records that are 

missing or wrong and making the data set complete and accurate. While Data Anonymization takes 30% and is an important 

process for guaranteeing the patient's privacy, a very serious affair when health data is involved. Feature Selection takes up another 

30%, which is, though at this stage, crucial in the choice of the most relevant variable of training that is used to enhance Machine 

Learning models' accuracy (Figure 1B). 

 

Figure 1. Data sources and preprocessing stages for health information analysis. 

 

From previous studies, Jiang et al. (2017) postulated that EHRs represent a rich structured data in nature, fundamental to building 

predictive models with the aim of enhancing healthcare delivery. Wearable devices take up 25% of this present study and are 

increasingly seen to play a great role in real-time monitoring as reiterated. It also increasingly applies in personalized medicine. 

Qualitative Utilization of data 15% from interviews and focus groups also reflects the work done by Wang et al. in the call to 

incorporate qualitative insights for ample understanding of experiences and results of the patients (Topol 2019). 

Accordingly, the heavy emphasis on data cleaning-40% of the work-is thus consistent that poor data quality is one of the main 

challenges to the use of EHRs for machine learning applications (Shickel et al., 2018). Obviously, if the input data is incomplete or 

inconsistent, the model accuracy will seriously go down; hence, data cleaning is such an indispensable part of the whole work. 

Data anonymization also features equally, reiterating that health data analytics shall be supported by appropriate privacy-

preserving methods, especially in view of evolved regulations such as HIPAA (Reddy et al. 2019). Feature selection is important; 

30% is the role it plays toward better model improvement and applied appropriate variable selection, which reduced overfitting 

and increased the generalization performance of machine learning models (Kourou et al., 2015). 

 

4.2 Machine Learning Algorithms Usage in Health Information Technology  

This bar chart shows usages of different machine learning algorithms in HIT applications. Supervised Learning takes the leading 

place with a proportion of about 40%, mainly because it can handle labeled datasets, which is a frequently seen characteristic in 

healthcare data such as diagnosis records and treatment results. Deep Learning is the second with about 30% usage, especially 

useful for processing large and complex datasets like medical images. Unsupervised learning is utilized in around 20% of the cases, 

mainly to discover hidden patterns or clusters within patients' data with no labeled outcome. For instance, unsupervised learning 

of clustering similar health conditions (Figure 2A). The line graph represents the performance of ML models, based on key metrics 

consisting of Accuracy & Precision, Area Under the Curve, and F1 Score. The highest performances are depicted by the models 

with regards to the metrics of Accuracy & Precision, having more than 84% accuracy, hence determining the models' effectiveness 

in predicting the outcomes correctly. The performance dip is reflected in the AUC metric, which sometimes is used for classification 

problems to evaluate true-positive rate versus the false positive rate. This drop in performance is recovered when considering the 

F1 Score that balances precision and recalls back to around 80% of the best performance (Figure 2B). 
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Figure 2. Utilization of machine learning techniques and performance metrics in health information technology applications. 

 

This supremacy of Supervised Learning goes in line with previous findings stated that most of the predictive tasks in healthcare 

health rely on techniques of supervised learning, such as random forests and support vector machines, where labeled data is 

available (Shickel et al., 2018). The growth in Deep Learning constitutes 30%, which is also in agreement who outlined its usefulness 

in processing big data, mostly medical imaging and natural language processing (Esteva et al., 2019). The least applied was 

Unsupervised Learning, with 20%, due to the exploratory nature of this technique, where unsupervised techniques were used in 

the early stage of research for discovering hidden patterns (Kourou et al., 2015). The high performance of Accuracy & Precision is 

84%, reflective of Jiang et al.  who mirrored how, in healthcare, the metrics are very significant because false positives and false 

negatives may result in huge clinical implications. The performance in terms of the AUC is marginally lower; this can still be 

somewhat reasonable since, the AUC performance may change for a given problem considering aspects of the data quality (Reddy 

et al. 2019). Recovery of the F1 score to approximately 80% underpins its implications for imbalanced datasets in healthcare 

conditions that are rarer yet need identification (Topol, 2019). 

 

4.3 Challenges in Data Preprocessing and Ethical Considerations 

This is represented through the bar chart showing difficulties at different stages of HIT data preprocessing. Handling missing data 

constitutes the most challenging task, 30%. This is highly crucial in ascertaining the integrity of a dataset, particularly because most 

medical decisions are made based on complete and accurate records. Data Standardization: This too is one of the big challenges 

of data preprocessing in health information technology. Various healthcare data have different formats that need harmonization 

before analysis. Feature Selection Challenge 20%: The most relevant variables need to be selected for the proper prediction of 

models. Data Anonymization 20% is an important procedure that should be followed in order not to harm patient privacy with 

minimum harm to the dataset utility of machine learning models (Figure 3A). The pie chart represents the ethical considerations 

that AI imposes in health care. Data Privacy, at 50%, is the leading concern and shows the importance of sensitive patient 

information being covered under regulations such as HIPAA. Algorithm Transparency, at 30%, is another most important issue; it 

is being developed to show and explain how AI models work-an issue so crucial in health care, because it can be a matter of death 

or life based on how a decision is derived. Finally, Compliance (20%) stands for challenges of compliance with both legal regulations 

and ethical standards in AI use (Figure 3B). 

 

 

 

 

 

 

Figure 3. Challenges in data preprocessing and ethical considerations in health information technology. 

 

Indeed, missing data handling is still a challenge at 30% where incomplete records are a major bottleneck when training machine 

learning models on EHR data (Shickel et al., 2018). In a similar way, data standardization issues have been pointed out (Wang et 
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al. 2018), whereby the integration of data coming from different sources, such as wearable devices, EHRs, and clinical notes, is 

complex. The feature selection, taking 20%, was one of the most fundamental tasks in decreasing dimensionality (Kourou et al., 

2015). That is where careful feature selection improved cancer prognosis models by making them stronger in predictions. The 

ethical challenges with regards to patient data usage in AI applications that require appropriate anonymization techniques (Reddy 

et al., 2019). Algorithm transparency ranked high with 30%, the need for which is growing, particularly in health care, AI models 

must be interpretable by clinicians if confidence and responsibility in decision-making processes are to be encouraged. 20% 

compliance with regulations in Europe like the GDPR, and, in the United States, HIPAA is very critical; this provides the guideline 

for ethical deployment in healthcare (Jiang et al., 2017). 

 

4.4 Model Accuracy in Health Information Technology  

It pinpoints various sources of data that are utilized in the construction of predictive models in health care. A medical history 

retains the biggest share at 40%, which indicates its prime importance in understanding the backgrounds and conditions of a 

patient. Following that is diagnostic tests at 30%. These are the laboratory results and imaging that are of importance in assessing 

the state of health of a patient at any given time. Wearable Device Data and Lifestyle Factors each contribute 15%, respectively, 

providing real-time data and insight into daily habits. These are increasingly important with the increasing traction of personalized 

medicine (Figure 4A). From the bar graph, the accuracy of machine learning models stands on the shoulders of varied data sources. 

EHRs are the most accurate, with more than 85%, thus underlining the rich, structured data and the repository of history from the 

patients. Wearable Devices and Genetic Data rank second in predictive accuracy at approximately 80%, probably due to the real-

time monitoring and biological insight these sources provide. Lifestyle Data are a bit less accurate, which may be indicative that 

the variability in these very lifestyle factors themselves is greater, and moreover, their relationship with clinical outcomes is more 

indirect (Figure 4B). 

 

 

 

 

 

 

Figure 4. Impact of various health data sources on model accuracy in health information technology. 

 

This is supported by literature at 40%indicated that historical patient data will always play a critical role in anticipation for future 

health risks (Jiang et al., 2017). At 30%, diagnostic tests fall in agreement, adding weight to the lab results and the imaging, 

providing timely and actionable data in the detection of a disease (Shickel et al., 2018). Wearable devices add 15%, as their value 

in real-time monitoring increasingly becomes appreciated. This agrees who said that the wearables have a great future in predictive 

analytics in the management of chronic diseases (Topol, 2019). While lifestyle factors add 15% on the other hand. These risk factors 

have variable impacts on the models' accuracies, depending on whether the reported behaviors were consistently and accurately 

reported (Reddy et al., 2019). Furthermore, the models developed using EHR data boast an accuracy of 85% who found that 

structured and comprehensive EHR data yields strong predictive analytics (Wang et al., 2018). Wearable devices and genetic data 

are, to date, about 80% accurate. A similar view is shared (Esteva et al., 2019), who regarded wearable and genetic data as strong 

pointers of the onset of certain diseases and how well it would respond to various treatments. The somewhat lower performance 

of the lifestyle data likely has to do with inconsistencies in reporting and adherence, much the same as the observation states that 

inclusion of lifestyle factors always resulted in somewhat less reliable predictions for some medical domains (Kourou et al., 2015). 

 

5.0 Challenges and Future Directions 

There is no doubt that once machine learning is integrated into health information technology, there will definitely be a 

revolutionizing of the sector; but there are still some obstacles in the way. In any ML approach, quality of the data is one of the 

major challenges. EHRs and other systems may contain incomplete, inconsistent, and incorrect data; this would reduce the 

effectiveness of the ML models. According to Shickel et al. (2018), one of the major issues which has come up in the analysis of 

healthcare data is with incomplete or missing data preprocessing, which requires complex and time-consuming preprocessing, 

including imputation techniques. Secondly, standardization of the data is very important but challenging since healthcare data are 
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from various sources, including EHR, tests, wearables, and genetics with different formats and units. Of course, data privacy and 

security would be major challenges among many others. Health data is very sensitive, and thus, their use in volumes within ML 

models does raise sensitive issues regarding privacy. Elaborate anonymization techniques are highly warranted so that regulations 

like HIPAA in the U.S. or GDPR in Europe do not get violated for legal and ethical considerations. With AI systems thus finding their 

way into healthcare environments, the maintaining of data privacy is hard, as most of the time machine learning requires granular 

data to make accurate predictions (Reddy et al., 2019). However, this challenge is more likely to be surmounted in the future, given 

the progress being made with privacy-preserving machine learning techniques such as federated learning. Another area of concern 

regards algorithm transparency. As AI systems continue to find their implementation in health care, so too does the need for 

explainable and interpretable models. Clinical domains have to make sense of how AI models make certain decisions due to human 

oversight being just irreplaceable within clinical settings when it comes to trusting the technology and holding someone 

accountable in return. XAI is considered essential in medicine, given that "black-box" algorithms substantially reduce clinician trust 

in AI systems and may contribute to underutilization. And it is this interpretability of the model results that in turn will be crucial 

for the wide adoption of ML models in healthcare (Topol, 2019). 

 

Indeed, AI has undergone remarkable metamorphoses in recent years-from the early days of rule-based systems to this current 

era of ML and deep learning algorithms. AI would further create services for more personalized and accessible approaches for 

people in need and revolutionize mental health support. Whereas the data and/or analysis generated by AI may well be realistic-

looking and convincing, one major problem might well be that of hallucination-in fabrication or creation of information which 

cannot be verified from existing evidence. This could, therefore, pose a major problem in patient care, especially sensitive areas. 

The development of AI tools has consequences for education in the clinically realizing human fragility of contemporary health 

professions in the skills related to clinical reasoning and evidence-based medicine. It thus has provided an opportunity for clinical 

application and revolution in healthcare services. There is, consequently, great need for documentation and sharing of information 

in relation to the role of AI in clinical practice as a means of empowering healthcare providers with the knowledge and tools 

necessary for deploying AI in clinical care for patients. The perceptions above are enlightening information to help in understanding 

the role and integration of AI in clinical practice. 

 

In sum, even though there are issues on data quality and transparency with a number of public privacy concerns around machine 

learning in HIT, its future is quite bright, with increasing advances in privacy-preserving techniques, explainability in AI, and 

integration of many types of data. Were the above challenges to be overcome, it would not be impossible for ML to go on 

transforming health systems for more precise, efficient, and personalized care. 

 

6.0 Conclusion 

With the integration of ML into HIT, great potential exists for transformation in healthcare systems by data-driven decision-making, 

improvement of patient outcomes, and operational efficiency. Various barriers to data quality, assurance of data privacy, and 

transparency of algorithms also exist; however, advances in these areas will contribute significantly to translation of ML models 

into healthcare. It must have robust preprocessing to assure high quality, handle privacy concerns with advanced techniques like 

federated learning, and explainability features of AI to engender trust in using these technologies for clinical settings. Various 

future directions in ML and HIT point toward personalized medicine, real-time predictive analytics, and the deeper use of wearables 

and genomics in offering tailored treatments. As ML models continue to evolve, the integration with a variety of health data sources 

will enable healthcare professionals to increasingly provide proactive, precise, patient-centered care. Only then will the full potential 

of AI and ML technologies be leveraged, while responding to current challenges, for sustainable and transformational improvement 

in healthcare systems, toward a future of precision and data-driven care being the new norm. 
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