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Abstract: Systematic literature reviews are crucial for understanding the current state of research and identifying gaps or areas for 

improvement. Machine learning methods hold great promise for predicting comorbidities and enhancing precision medicine. Using the 

PRISMA framework for our systematic review is an excellent approach as it provides a standardized method for conducting and reporting 

systematic reviews and meta-analyses, ensuring transparency and reproducibility. Searching multiple databases like Ovid Medline, Web 

of Science, and PubMed also helps ensure comprehensive coverage of relevant literature. Given the broad scope of our search terms, we 

will likely capture a wide range of studies focusing on disease coexisting conditions prediction using various machine learning techniques 

and traditional predictive modeling methods. This inclusivity can provide a comprehensive understanding of the current research landscape 

in this field. The advancement of explainable machine learning in coexisting conditions prediction holds immense potential for identifying 

previously unrecognized health needs. By leveraging sophisticated ML techniques alongside enhanced interpretability and explainability, 

healthcare professionals can gain deeper insights into the complex relationships between diseases and their comorbidities. These predictive 

models not only have the capability to identify known comorbidities but also have the potential to uncover novel associations and patterns 

that might have been overlooked using traditional methods. This means that patient groups previously not recognized as at risk for specific 

comorbidities could be identified, allowing for early intervention and personalized treatment strategies. 
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1. Introduction 

As the population ages and medical advancements extend 

life expectancy, the burden of managing multiple chronic 

conditions is expected to rise substantially. This highlights 

the need for integrated, holistic healthcare approaches that 

consider physical and psychological well-being. Addressing 

coexisting conditions requires effective treatment and 

management strategies, preventive measures, and early 

detection. Predictive modeling techniques can be crucial in 

identifying individuals at risk for multiple conditions and 

guiding proactive interventions to mitigate their impact [1-

2]. Furthermore, public health initiatives aimed at 

promoting healthy lifestyles, preventing chronic diseases, 

and addressing social determinants of health can help reduce 

the burden of coexisting conditions in the long term. 

Collaborative efforts across healthcare disciplines, policy-

making bodies, and community organizations will be 

essential in addressing the multifaceted challenges of 

disease coexisting conditions [3-4]. Moreover, integrating 

explainable ML models into clinical practice can facilitate 

more informed decision-making by healthcare providers.   

The financial burden of treating individuals with multiple 

long-term conditions is significant and projected to escalate 

in the coming years. The estimated cost of over £47 billion 

by 2035 in the UK alone underscores the economic impact 

of disease coexisting conditions on healthcare systems [5]. 

These costs encompass direct healthcare and indirect costs 

related to productivity loss and disability. The complex 

interactions between coexisting illnesses can complicate 

treatment and management, leading to worse health 

outcomes and diminished well-being [4]. By leveraging 

advanced analytics and predictive algorithms, healthcare 

providers can proactively identify individuals at risk for 

multiple conditions, tailor interventions to address their 

specific needs and optimize resource allocation within 

healthcare systems. 

 Additionally, integrating telemedicine, remote 

monitoring technologies, and digital health solutions can 

enhance coordinated care delivery for comorbid patients, 

reducing healthcare costs and improving outcomes. 

Addressing the challenges of disease coexisting conditions 

requires a multifaceted approach encompassing preventive 

strategies, care coordination, patient engagement, and 

ongoing research into effective treatment modalities [6-7]. 

Machine learning offers a powerful tool for addressing the 

challenge of disease coexisting conditions prediction and 

management. By leveraging large datasets, ML models can 

extract valuable insights from patient data [8-9]. One of the 

critical strengths of ML in coexisting conditions prediction 

is its ability to identify complex patterns and relationships. 

ML algorithms can uncover subtle interactions between 

diseases, risk factors, and patient characteristics by 
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analyzing patient data, enabling more accurate predictions 

and personalized interventions. 

Explainable AI (XAI) methods are crucial for ensuring the 

widespread adoption of machine learning (ML) models in 

healthcare, especially in areas like disease coexisting 

conditions prediction. By enhancing the interpretability and 

transparency of ML models, XAI methods provide 

clinicians with insights into why specific predictions are 

made, which is essential for building trust and confidence in 

these predictive models [10-11]. This transparency 

empowers healthcare providers to make informed decisions 

regarding patient care, treatment strategies, and preventive 

interventions [12]. XAI methods encompass a range of 

techniques aimed at elucidating the inner workings of ML 

models, including feature importance analysis, decision tree 

visualization, and model-agnostic approaches. By providing 

clinicians with actionable insights into how ML models 

arrive at their predictions, XAI methods bridge the gap 

between advanced analytics and clinical decision-making, 

facilitating the integration of ML into healthcare workflows. 

Leveraging machine learning methods for predicting 

disease comorbidities holds tremendous potential. By 

accurately identifying individuals at risk for developing 

specific comorbid conditions, healthcare providers can 

tailor treatments and preventive strategies to each patient's 

unique needs, improving health outcomes and cost savings 

[13-14]. One of the critical advantages of ML in precision 

medicine is its ability to analyze large and diverse datasets, 

including clinical and genetic data, to uncover patterns and 

associations that may not be apparent through traditional 

analytical methods. By integrating these data sources and 

applying ML algorithms, healthcare providers can gain 

deeper insights into the underlying mechanisms driving 

disease comorbidities, enabling more personalized and 

effective interventions [15]. Furthermore, by providing 

healthcare providers with explainable ML models, 

clinicians can understand the rationale behind predictions 

and recommendations, fostering trust and confidence in 

these advanced analytical tools. This transparency is 

essential for successfully integrating ML into clinical 

practice and adopting personalized medicine approaches. 

By understanding how these models arrive at their 

predictions, clinicians can tailor interventions and care plans 

to address not only the primary disease but also its 

associated comorbidities, ultimately improving patient 

outcomes and quality of life. 

2. Literature Review: 

Systematic reviews play a crucial role in shaping practice 

guidelines by synthesizing the available evidence on a 

particular topic or intervention. By summarizing findings 

from multiple studies and assessing their quality, systematic 

reviews help identify the most effective and evidence-based 

approaches to patient care. This, in turn, enables clinicians 

to provide high-quality, standardized care grounded in the 

best available evidence. The methodological rigor of 

systematic reviews is paramount to their credibility and 

utility. Adhering to pre-established eligibility criteria and 

following a predefined methodological framework ensure 

the findings' transparency, reproducibility, and reliability. 

Systematic reviews minimize bias and objectively assess the 

available literature by systematically searching, appraising, 

and synthesizing the evidence. 

The development of near real-time automation systems for 

detecting ventilator-associated pneumonia (VAP) 

represents a significant advancement in healthcare 

technology. These expert systems aim to improve the 

efficiency and accuracy of VAP detection, serving as 

valuable quality indicators for healthcare providers [16]. 

While near real-time automation systems have shown 

promise in streamlining the detection process and serving as 

quality indicators, their impact on improving the diagnostic 

accuracy of VAP has been limited. Despite their efficiency, 

these systems have yet to significantly enhance the ability 

to accurately diagnose VAP compared to traditional 

methods. However, it's worth noting that full compliance 

with preventive interventions has been shown to have a 

significant impact on reducing morbidity associated with 

VAP [17]. By implementing preventive measures such as 

strict infection control protocols and ventilator bundle 

strategies, healthcare facilities can reduce the incidence of 

VAP, decrease morbidity rates, and optimize resource 

utilization, including bed occupancy and ventilator use. 

Digital health technologies offer many opportunities for 

personalizing medicine and improving healthcare delivery. 

Wearable biosensors, for instance, provide a convenient and 

non-invasive means of collecting real-time physiological 

data, enabling continuous monitoring of a patient's health 

status outside of traditional clinical settings. This constant 

data stream can offer valuable insights into patients' health 

trajectories, allowing for early detection of abnormalities 

and personalized interventions [18]. Telemedicine is 

another transformative digital health technology that has the 

potential to increase access to healthcare while reducing 

costs. By leveraging telecommunications technology, 

telemedicine enables remote consultations, diagnosis, and 

monitoring of patients, overcoming barriers such as 

geographical distance and limited access to healthcare 

providers. This improves patient convenience and 

healthcare efficiency, leading to cost savings and improved 

patient outcomes [19]. 

Artificial intelligence (AI) applications are crucial in 

leveraging the vast digital health data generated by wearable 

biosensors, telemedicine platforms, electronic health 

records, and other sources. By analyzing these data using 

advanced machine learning algorithms, AI can uncover 

patterns, trends, and correlations that may not be apparent 
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through traditional methods. This enables the 

implementation of personalized treatment strategies tailored 

to individual patient needs, ultimately improving the 

effectiveness and efficiency of healthcare delivery [20]. 

Integrating digital health technologies and artificial 

intelligence can revolutionize healthcare by enabling 

personalized medicine, increasing access to care, and 

optimizing resource allocation. 

The review presented by the authors [21-22] emphasizes the 

role of explainable artificial intelligence in fostering 

transparency, accountability, and trust within the healthcare 

domain. As healthcare increasingly relies on complex 

machine-learning models to inform clinical decision-

making, it is crucial to ensure that these models are 

interpretable and explainable, allowing healthcare providers 

to understand the rationale behind predictions and 

recommendations. This underscores the ongoing challenges 

and opportunities in explainable artificial intelligence, 

particularly in healthcare, where the stakes are high, and the 

need for transparency is paramount. Overall, our review 

contributes valuable insights into the intersection of 

machine learning, digital health data, and precision 

medicine, highlighting both the progress made and the areas 

for future research and development. By fostering 

collaboration between researchers, healthcare providers, 

and technology developers, we can continue to harness the 

power of artificial intelligence to improve healthcare 

outcomes and enhance patient care [23]. 

3. Significance of study: 

The systematic review provides a comprehensive overview 

of current research efforts, identifies gaps in knowledge, and 

lays the groundwork for future investigations. Systematic 

reviews play a vital role in advancing scientific 

understanding by collating and critically appraising the 

available evidence on a specific topic. In the case of disease 

coexisting conditions prediction, synthesizing the literature 

on ML methods allows researchers and healthcare 

practitioners to gain insights into state of the art, assess the 

performance of different ML models, and identify areas for 

improvement. This is particularly important in healthcare, 

where transparency and understanding of model predictions 

are essential for clinical decision-making and trust in AI-

driven interventions. Overall, our systematic review fills a 

necessary gap in the literature and provides a valuable 

resource for researchers, clinicians, and policymakers in 

precision medicine and healthcare informatics. By 

synthesizing and critically appraising the existing evidence, 

our review advances knowledge and develops more 

effective strategies for managing disease coexisting 

conditions. 

 

 

4. Materials and methods: 

A systematic review has adopted a comprehensive approach 

by including papers that cover a broad spectrum of 

comorbidities without restrictions on the type of disease. 

Our review ensures inclusivity across diverse healthcare 

contexts, including rare, genetic, and chronic diseases. 

Focusing on the various machine learning algorithms used 

in the literature for disease coexisting conditions prediction 

allows Our to explore the breadth and depth of predictive 

modeling approaches in this field. ML techniques offer 

powerful tools for analyzing complex healthcare data and 

uncovering patterns and associations that may not be 

apparent through traditional statistical methods. This broad 

definition acknowledges the overlap between traditional 

statistical techniques and ML algorithms in the context of 

predictive modeling for disease coexisting conditions. 

Adopting a flexible approach ensures inclusivity and 

captures the full spectrum of predictive modeling methods 

used in the literature [24-25]. 

4.1: Extraction and analysis: 

Using the PRISMA framework to report the findings of our 

systematic review ensures transparency and 

comprehensiveness in presenting our research methodology 

and results. Adhering to established guidelines like 

PRISMA enhances the credibility and reproducibility of our 

study, allowing readers to understand the process by which 

Our conducted our review and synthesized the available 

evidence. The information extracted from the selected 

articles covers a comprehensive range of factors. This 

detailed approach allows for a comprehensive synthesis of 

the literature and provides readers with a clear 

understanding of the scope and findings of our systematic 

review. Overall, by following the PRISMA framework and 

employing rigorous methods for literature search, study 

selection, and data extraction, our systematic review 

upholds high standards of quality and contributes valuable 

insights to the field of disease coexisting conditions 

prediction using machine learning methods. 

4.2: Risk of bias and quality assessment: 

PROBAST provides a structured framework for evaluating 

critical aspects of prediction model studies, including 

participants, predictors, outcome, and analysis, thereby 

facilitating a comprehensive assessment of study quality and 

applicability. Dividing the assessment into four domains 

(participants, predictors, outcome, and analysis) allows for 

a detailed evaluation of each aspect of the prediction models 

studied. Evaluating the applicability of the selected ML 

models to the target population, predictors, and outcomes 

further enhances the relevance and utility of our review 

findings. Understanding the prediction models' 

generalizability is essential for informing clinical decision-

making and guiding future research directions. 
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5 Results: 

5.1 Main findings: 

The review process has been thorough and 

methodologically sound. The initial search across Ovid 

Medline, Web of Science, and PubMed, supplemented by 

manual searches of reference lists, yielded numerous 

articles for consideration. Removing duplicates and 

assessing eligibility based on predefined inclusion and 

exclusion criteria helped ensure that only relevant studies 

were included in the final review. They are assessing the 

full-text articles for eligibility, which allows for a more 

detailed evaluation of study characteristics and relevance to 

the research question. The identified studies cover a wide 

range of diseases and utilize various machine learning 

algorithms for predicting associated comorbidities, 

indicating the breadth and diversity of research in this field. 

Furthermore, providing details on the publication years and 

geographic distribution of the included studies enhances the 

transparency and comprehensiveness of our review 

findings. This information allows readers to contextualize 

the research landscape and understand potential variations 

in study methodologies and populations across different 

regions and periods. 

5.2 Data sample size and types: 

The variation in sample sizes across the 22 studies reflects 

the diversity of research settings and populations in disease 

coexisting conditions prediction using machine learning 

(ML) methods [26-27]. The use of retrospective cohort and 

case-control study designs, particularly with data sourced 

from electronic health records (EHRs), registries, and 

corporate databases, is consistent with the standard 

approach to conducting research in this area. These data 

sources provide rich and comprehensive information on 

patient demographics, medical history, and clinical 

outcomes, making them valuable resources for studying 

disease comorbidities [28]. The predominance of studies 

utilizing administrative and claim-based datasets, 

particularly those based on International Classification of 

Diseases, Tenth Revision (ICD-10) diagnoses, highlights 

the importance of leveraging existing healthcare data for 

predictive modeling. These datasets offer information on 

healthcare utilization, diagnoses, and procedures, allowing 

researchers to develop and validate ML models for disease 

coexisting conditions prediction [29-30]. 

5.3 ML methods and features: 

The distribution of machine learning algorithms used for 

predicting comorbidities in the reviewed studies reflects the 

diversity of approaches employed in this field. Logistic 

regression and random forest emerge as the most commonly 

utilized algorithms, highlighting their popularity and 

effectiveness in disease coexisting conditions prediction. 

Logistic regression, a classic statistical method, is well-

suited for binary classification tasks and offers 

interpretability, making it a natural choice for predicting 

comorbidities based on patient data. Random forest, a 

versatile ensemble learning technique, excels in handling 

complex datasets and capturing nonlinear relationships, 

making it a popular choice for predictive modeling in 

healthcare. Support vector machines and decision trees are 

also commonly employed ML algorithms for disease 

coexisting conditions prediction, offering different model 

complexity and interpretability strengths. Their inclusion in 

the reviewed studies underscores the importance of 

exploring multiple algorithmic approaches to achieve 

accurate and robust predictions. Their application in disease 

coexisting conditions prediction demonstrates the potential 

of deep learning in extracting meaningful insights from 

complex healthcare datasets. Probabilistic ML algorithms, 

such as Bayesian networks and Naive Bayes, offer a 

probabilistic framework for modeling uncertainty and 

capturing dependencies between variables, enhancing the 

interpretability and robustness of predictive models. This 

network-based approach provides a novel understanding of 

the interplay between different diseases and their 

associations. 

The assessment of applicability is an essential aspect of 

evaluating the relevance and generalizability of studies on 

machine learning (ML) predictions of coexisting conditions. 

Our systematic review highlights that while most studies 

demonstrated a low concern regarding the applicability, a 

notable proportion 48 percent showed a high and unclear 

concern. The variability in data sources and recruitment 

methods used across the included studies can influence 

potential bias and the generalizability of findings. Studies 

that rely on interviews and questionnaires for participant 

recruitment may introduce biases and limitations related to 

self-reporting or recruiting specific population subsets. As a 

result, findings from these studies may have limited 

applicability to the broader population depicted by Fig 1 and 

Fig 2. It's essential to recognize the potential limitations of 

studies utilizing self-reported data and to interpret their 

findings within the context of these limitations.  

 

Fig 1: Results of the Risk of Bias  
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Fig 2: Results of the Applicability 

6. Limitations and future work: 

Sensitivity and Specificity are often paramount in medical 

diagnosis tasks, as they reflect the model's ability to 

correctly identify positive and negative cases. In future 

research, it would be beneficial to include a more 

comprehensive array of evaluation metrics and justify their 

selection based on the specific requirements of the 

predictive task. This approach would enhance the 

robustness and comprehensiveness of model evaluation and 

contribute to advancing best practices in machine learning 

research. The absence of AUC values in some studies can 

hinder the ability to reasonably compare model 

performance, especially when different evaluation metrics 

are used. Furthermore, not investigating whether included 

studies used other relevant metrics for assessing coexisting 

conditions prevalence prediction is another limitation that 

may affect the comprehensiveness of our review. In future 

research, addressing these limitations by ensuring consistent 

reporting of evaluation metrics, exploring the use of 

additional relevant metrics, and conducting comprehensive 

assessments of all developed machine learning models 

could enhance the validity and reliability of systematic 

reviews in this field.  

7. Conclusion 

The conclusion effectively summarizes the essential 

findings and implications of our systematic review on using 

artificial intelligence methods for predicting comorbidities 

in healthcare. By highlighting AI's potential to improve 

healthcare quality and cost-effectiveness, Our underscore 

the transformative impact of predictive modeling on patient 

care. Identifying a wide range of algorithms for coexisting 

conditions prediction reflects the diversity of approaches in 

this field while emphasizing the need for further 

development of explainable AI methods. This recognition 

underscores the importance of transparency and 

interpretability in AI-driven healthcare applications, 

particularly in clinical decision-making settings. There is 

potential for ML algorithms to identify unmet health needs 

and personalize medicine by incorporating them. By 

expanding the scope of predictive modeling to encompass a 

broader range of factors, healthcare providers can enhance 

the accuracy and relevance of coexisting conditions 

predictions, ultimately leading to more effective prevention 

and treatment strategies. Our conclusion emphasizes the 

transformative potential of transparent and explainable AI 

in revolutionizing disease prevention and treatment. By 

leveraging advanced analytical techniques and 

incorporating multidimensional data sources, AI-driven 

approaches have the power to improve patient outcomes and 

enhance healthcare delivery for all individuals. 
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