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Objective: To comprehensively and systematically collect the methods used in the evaluation of patients with multiple chronic diseases both domestically and internationally, summarize and analyze the purpose, characteristics and validity of their initial development, and provide reference for health managers to choose appropriate evaluation methods for multiple chronic diseases.

Methods: Analysis of the literature was based on searches conducted across eight electronic databases, including PubMed, EMBASE, Web of Science Core Collection, Scopus, Cochrane Library, CNKI, Wan Fang Database, and the Chinese Biomedical Literature Database (CBM). The initial search was completed on January 8, 2024, and the most recent update was conducted on December 10, 2024, with no restriction on the date of publication. The search process adhered to the 2020 PRISMA guidelines for systematic review.

Results: 54 literatures meeting the criteria were included, involving 54 evaluation methods of multiple chronic diseases. It can be divided into four categories: (1) assessment based on equal weight of disease count and disease severity; (2) based on physiological and psychological health status assessment; (3) evaluation based on drug use; (4) natural language processing evaluation system.

Conclusion: Attention should be paid to the assessment of patients with multiple chronic diseases, and standardized and unified assessment methods should be developed in the future to expand the coverage of diseases and deepen the depth of assessment, so as to provide more comprehensive and accurate health management for the growing number of patients with multiple chronic diseases.

Without patient or public contribution: This systematic review is primarily based on the comprehensive analysis of published literature and did not involve new data collection or direct participation of patients, hence there was no direct contribution from patients or the public.

Systematic review registration: https://www.crd.york.ac.uk/prospero/, CRD42024530474.
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1 Background

Multiple chronic diseases, as defined by the presence of 2 or more chronic conditions in a single individual, underscore the complexity and variety of health issues faced by individuals. These conditions can significantly impact an individual’s overall health, daily functioning, and quality of life (1). As populations age and the prevalence of chronic diseases rises, the challenge posed by multiple chronic diseases is increasingly becoming a global public health concern. Compared to a single chronic disease, having multiple chronic diseases not only results in more severe health consequences but also increases the complexity of disease treatment and health management. This situation is often linked to functional decline, disability, and premature death (2–4). From a public health perspective, this phenomenon drives total healthcare expenditures while exacerbating health inequities, as vulnerable populations experience earlier multimorbidity onset with poorer outcomes (5). Current clinical practice guidelines, however, remain predominantly single-disease focused, creating implementation barriers in real-world care settings (6).

Therefore, researchers are increasingly focusing on multiple chronic diseases, making related research a prominent topic in the field of health research. However, methodological issues in measuring multiple chronic diseases continue to be a challenge (7). Currently, there exists a range of tools for assessing multiple chronic diseases, however, there is a lack of standardized classification criteria. These tools are typically categorized into four groups: disease counting, organ- or system-based methods, weighted indices, and other assessment methods. While these tools are mainly utilized to gage the prevalence or pattern of multimorbidity, they can also be employed to forecast outcomes or assess interventions (8, 9). Researchers, healthcare providers, and policymakers encounter challenges when choosing the most suitable tool for assessing multiple chronic diseases. Factors such as effectiveness, reliability, feasibility, accessibility, cost, and ease of use of the assessment tool need to be considered.

In addition, the inconsistencies in defining terms related to multiple chronic diseases pose challenges in selecting appropriate assessment methods. The World Health Organization defines multiple chronic diseases as encompassing all conditions impacting an individual’s overall health, rather than focusing on a single disease (1). However, some assessment tools concentrate on comorbidities, which are other diseases co-existing with the primary condition. Different interpretations of ‘health status’ have resulted in various methods for measuring multiple chronic diseases, with debates on whether to incorporate acute illnesses, mental health issues, and so on (10–12). While, the standardization of the measurement of multiple chronic diseases is the basis for quantifying their symptom status, disease burden, treatment effect, etc. Comprehensive measurement studies of multiple chronic diseases are essential to understand their use requirements, advantages, limitations, and applications. This information can help health professionals and researchers to select appropriate measurement tools or develop new methods appropriate for specific health outcomes, thus enhancing the appropriate use of multiple chronic disease assessment tools. This systematic review aims to comprehensively examine the methods used for evaluating patients with multiple chronic diseases, both domestically and internationally. It summarizes and analyzes the objectives, characteristics, and validity of these methods’ initial development, critically assesses and compares their measurement attributes and quality of evidence, and discusses their interpretability and feasibility. The goal is to provide health managers with valuable insights to select appropriate evaluation methods for multiple chronic diseases, while also minimizing implementation barriers.



2 Methods

This review has been registered in the International Prospective Register of Systematic Reviews (PROSPERO registration number: CRD42024530474).


2.1 Eligibility

Inclusion criteria: (1) original research content focused on the development, testing, revision, and validation of multiple chronic disease assessment tools; (2) study types included cross-sectional, longitudinal, cohort, case–control studies and randomized controlled trials (RCTs).

Exclusion criteria: (1) comparative studies of multiple chronic disease assessment tools; (2) duplicate data collection; (3) unpublished or non-peer-reviewed literature, such as conference abstracts, preprints, policy papers, and informal publications; (4) inability to access the full text of the literature; (5) literature not in Chinese or English.



2.2 Search strategy

The methodology employed in this study is a systematic review that adheres to the PRISMA 2020 Guidelines for Systematic Reviews (13). We conducted comprehensive database searches across several platforms, including The Cochrane Library, PubMed, EMBASE, Web of Science Core Collection, Scopus, CNKI, Wan Fang Database, and the Chinese Biomedical Literature Database (CBM). These searches were performed without applying date restrictions. The initial search was completed on January 8, 2024, and the most recent update was conducted on December 10, 2024.

Before the official search, the research team first conducted a pre-search on PubMed and CNKI, then analyzed and discussed the search results, and adjusted the search strategy as needed to determine the official search terms. The retrieval terms used are ‘Multimorbidity,’ ‘Comorbidity,’ ‘Multiple Chronic Diseases,’ ‘Multiple Chronic Illnesses,’ ‘Multiple Chronic Medical Conditions,’ ‘Multiple Chronic Health Conditions,’ along with ‘Tool,’ ‘Instrument,’ and ‘Measure’. The search strategy incorporates a combination of subject words and free words, along with manual retrospective reference of included studies and relevant systematic reviews, reviews, and guides. All database search strategies are presented in Supplementary Boxes 1.



2.3 Selection of studies

The collected references were imported into EndNote 20 for literature management, where duplicates were eliminated. Two researchers, trained in systematic evidence-based methods, independently screened the literature in a structured manner based on predetermined inclusion and exclusion criteria. Initially, titles and abstracts were reviewed for screening, with literature failing to meet the criteria being excluded. Subsequently, full-text articles were reviewed.

In the process, the two reviewers also found 18 and 25 relevant articles from the references, respectively. The two reviewers then independently reviewed the 43 papers to ensure the rigor and objectivity of the selection process.



2.4 Data extraction

Data relevant to the research questions were extracted from the final set of included literature, such as developer, publication date, country/region, basic characteristics of the research subjects, tool name, and tool validity. Any discrepancies in the literature screening and data extraction process were resolved through discussion between the two researchers; if consensus could not be reached, a third researcher made the final decision.



2.5 Literature quality evaluation

Two researchers with evidence-based training conducted a qualitative evaluation of the literature across various types of studies, and cross-validated the evaluation results. Any discrepancies were resolved through consultation with a third researcher. The RCTs were assessed for risk of bias using the recommended tool from the Cochrane Handbook 5.1.0, with each study being evaluated independently. Studies that fully met the evaluation criteria were assigned Grade A, indicating the lowest probability of bias. Studies showing partial compliance were assigned Grade B, suggesting a moderate probability of bias. Studies with incomplete results, indicating the highest probability of bias and low study quality, were assigned Grade C. The quality of the cohort studies were assessed using the Newcastle-Ottawa Scale (NOS), which comprises three parts with a total of 8 items. These items include the selection of research subjects (4 items), between-group comparability (1 item), and exposure or outcome evaluation (3 items). The total score on this scale is 9 points, with studies scoring ≥7 being considered high-quality literature. Cross-sectional studies were assessed using the Australian JBI Evidence-Based Health Care Center (2016) quality evaluation tool, comprising a total of 8 evaluation items. Each item was assessed as “yes”, “no”, “unclear”, or “Not applicable”. The APPRAISE-AI Tool comprises 24 items with a cumulative score of 100. The tool categorizes quality as follows: very low quality (0–19), low quality (20–39), medium quality (40–59), high quality (60–79), and very high quality (80–100).




3 Results


3.1 Study selection

A total of 2,179 literature sources were identified during the initial search, with 1,436 remaining after the removal of duplicates. Following a thorough screening process based on predefined inclusion and exclusion criteria, two researchers independently reviewed the literature and reached a consensus on 54 relevant studies for final inclusion. The detailed process and outcome of literature screening can be seen in Figure 1.
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FIGURE 1
 Flow diagram illustrating the original process of screening and identification of studies.




3.2 Study characteristics

Fifty-four articles were published between 1968 and 2024, across 14 countries. The United States led with 27 articles, followed by Australia with five articles. Among the 54 studies, the development of multiple chronic disease assessment tools aimed to assess patient prognosis, disease status, and their impact and burden. The study participants in the included research encompassed a variety of groups such as community residents, inpatients, outpatients, and patients with specific diseases such as cancer and myeloma. Special groups such as patients with medical insurance, female community residents, and older patients were also included. Outcome indicators examined in the studies comprised mortality, hospitalization costs, medical resource utilization, and functional status. Refer to Table 1 for more details.



TABLE 1 Characteristics of included studies.
[image: Table1]



3.3 Evaluate data source characteristics

Data sources for assessing multiple chronic diseases across the 54 articles included the following categories: (1) Electronic medical records; (2) Insurance database; (3) Self-report; (4) Public health databases; (5) Caregiver report; (6) Administrative database. The majority of studies, 13 in total, utilized data from electronic medical records. Six studies combined data from electronic medical records, self-reports, and other registration databases. Eleven studies relied solely on self-reports, while caregiver reports, including parent reports and medical staff assessments, were used in a total of four studies. Please refer to Table 1 for more specific information.



3.4 Basic characteristics of evaluation tools

A total of 54 multi-chronic diseases assessment tools were included in this study, categorized as follows: (1) assessment based on equal weight of disease count and severity; (2) assessment based on physiological and health status; (3) evaluation based on drug use; (4) natural language processing evaluation system. Among the 54 studies, we summarized the reliability and validity of all the evaluation tools as shown in Supplementary Table 1. Thirty-four studies examined the predictive accuracy of various chronic disease assessment tools on outcome indicators. Among them, eight studies were validated by comparing them with established multi-chronic diseases assessment tools like the Elixhauser index and the Charlson comorbidity index. Fourteen studies utilized methods such as the C-statistic to assess the effectiveness of the model. The 54 assessment tools evaluated in these studies covered a range of 4 to 70 disease/health status categories, with only one paper not specifying any particular disease/health status category. As depicted in Figure 2, 85.2% of the assessment tools addressed over 10 disease/health conditions. Supplementary Table 2 provides a detailed breakdown of the types of illnesses/health conditions included. To gain deeper insights into the disease/health status encompassed by the various multiple chronic disease assessment tools, the researchers utilized Python to generate a word cloud map (Figure 3).

[image: Figure 2]

FIGURE 2
 Overview of the number of types of diseases/health conditions covered by the assessment tools.


[image: Figure 3]

FIGURE 3
 Cloud map of disease/health status words involved in the assessment tool.




3.5 Methodological quality of included studies

This study comprised 3 randomized controlled trials and 15 cross-sectional studies, all of which were rated above grade B in quality assessment. Among the 28 cohort studies, 21 scored ≥7 points on the NOS scale. The quality of the included literature was deemed high, as indicated in Supplementary Tables 3–5. The quality of the remaining 8 studies was evaluated using APPRAISE-AI, with 4 studies (14–17) of them being of medium quality. The quality of the included literature deemed medium, as indicated in Supplementary Table 6. Despite some bias related to subject grouping, follow-up duration, and control for confounding factors, such as the lack of a clear randomization method in the studies, all the research was deemed relevant for this review.




4 Discussion

Currently, research on multiple chronic diseases is extensively conducted worldwide, encompassing diverse populations and exhibiting significant diversity. Additionally, a broad spectrum of assessment tools for multiple chronic diseases exists, utilizing varied data sources. While most tools exhibit satisfactory reliability, validity, and adaptability in the evaluated populations, some tools still have certain limitations in their applicability. Consequently, existing research conclusions offer valuable reference and practical guidance for the assessment and management of multiple chronic diseases. However, further optimization of these tools is necessary to accommodate a broader range of application scenarios.


4.1 Multiple chronic disease assessment tools vary, but a common assessment method is lacking

As the population ages and lifestyles evolve, the prevalence of patients with multiple chronic diseases is on the rise. In order to optimize the management and treatment of these diseases, this study systematically reviewed multiple chronic disease assessment tools from the 1960s to the present, aiming to evaluate their applicability and effectiveness to patient health status and treatment outcomes in different clinical scenarios. These tools encompass weighted scoring systems, exponential classifications, and natural language processing models. With the popularization of electronic health records and the development of information technology, multiple chronic disease assessment tools are no longer limited to conventional assessment methods (such as disease-specific counting scales and functional status assessments). Some researchers began to integrate artificial intelligence and big data analysis technology to develop an intelligent multiple chronic diseases assessment system. However, the interoperability of these classification evaluation systems still needs to be further verified (10, 18–20). The variety of assessment tools for multiple chronic diseases reflects the intricate nature and varied manifestations of such conditions. These tools may vary in their focus on different risk factors, types of diseases, and prediction models to cater to diverse health management needs (1). For instance, certain tools excel in evaluating cardiovascular disease risk (18), while others are better suited for assessing metabolic syndrome, cancer, or other specific diseases (14, 21–27). This diversity allows for tailored and personalized assessments for particular populations, but it also leads to a wider range of assessment outcomes. To enhance the accuracy of assessment, healthcare personnel may utilize a combination of various assessment tools, including subjective assessment indexes and physiological indicators of comorbidity, to achieve more comprehensive and precise assessment outcomes (8, 28, 29). Although, the combination of different assessment tools can improve the accuracy and completeness of the assessment to some extent. But it also brings a series of challenges: first, it not only reduces the efficiency of assessment, but also requires medical staff to spend more time and effort to familiarize themselves with and understand the use of different assessment tools and the interpretation of results. Second, some assessment tools may require additional resources, such as specialized equipment and trained personnel, leading to a potential waste of medical resources and potential delays in diagnosis and treatment. Therefore, the feasibility and economy of the combined use of multiple chronic disease assessment tools need to be further considered (9). In addition, the absence of standardized evaluation methods hinders the advancement of personalized medicine. A generic assessment approach can effectively combine various types of information to precisely evaluate a patient’s risks and requirements, enabling the development of a more tailored treatment plan. Based on this, a universal assessment method needs to be developed to facilitate the comparison and synthesis of multiple chronic disease assessment tools. The evaluation of multiple chronic diseases should prioritize simplicity, standardization, data compatibility, patient friendliness, and interdisciplinary applicability. Tools should be developed based on reliable evidence and extensive data, taking into account the association and interaction between different diseases. It is important to establish a consistent scoring system, standardized risk calculation formulas, and comparable thresholds to ensure the consistency and comparability of assessment results (30).



4.2 The data sources of multiple assessment tools are diverse, and their reliability needs to be further verified

Consistent with previous systematic reviews, this systematic review reveals that data on multiple chronic diseases assessments are derived from diverse sources, including medical records, clinical assessments, patient or caregiver reports, public health databases, and administrative databases like insurance claims and health system records (8, 10, 12). Diverse data sources can help achieve personalized assessment, because different assessment purposes and study populations may tend to require different types of data. For example, if you want to accurately assess patient disease burden, an accurate insurance claims database will be the best choice. However, if you want to gain a deeper understanding of the patient’s disease, physical and psychological conditions and needs, based on the patient’s self-reported symptoms and lifestyle, you may obtain more information that is not recorded or coded in the relevant database (31). Furthermore, there are differences in the completeness and accuracy of different data sources. For example, medical records and clinical evaluations in electronic medical records provide detailed medical information but may be subject to subjective physician judgment and recording errors, and do not include undiagnosed health conditions in the patient or conditions not listed on the diagnostic list. Although public health surveys and patient self-reports may be influenced by recall bias, social expectation bias, and subjective assessment, they are portable and can be collected longitudinally throughout the patient’s life cycle, which helps reduce underreporting. In addition, this approach is highly aligned with the promotion of patient self-management, self-care, and a patient-centered healthcare model. Insurance claims data offer extensive data coverage and the flexibility to create various measurement tools, but they are also susceptible to coding and recording errors. In addition, some researchers argue that insurance claims data may be the most practical method currently available to comprehensively evaluate patients with multiple chronic diseases. This approach can provide the large sample sizes necessary to study populations with specific clinical conditions or rare outcomes (8). The insurance claims database contains codes for patient diagnoses, which can be connected to other databases like electronic health records and research data. For instance, the updated version of the Charlson Comorbidity Index utilizes insurance claims databases that rely on ICD and CPT codes to evaluate patients with multiple chronic diseases (32). In contrast, the Elixhauser Index was created using insurance claims databases as its primary data source (33, 34). Studies have highlighted a lack of consistency between the Charlson comorbidity index derived from patient self-reports and medical records. However, despite this inconsistency, the predictive capabilities of both sources remain similar (35). This underscores the importance of considering data sources when creating and utilizing multiple chronic disease assessment tools. A thorough assessment of the reliability of these data sources is essential for the effective and precise multidimensional evaluation of patients with multiple chronic conditions.

In addition, this study evaluated the reliability and adaptability of multiple multimorbidity indices and other related tools. Supplementary Table 1 summarizes the reliability, validity and applicability of these assessment tools. Overall, these tools demonstrated good reliability and adaptability in predicting health outcomes in older patients with multiple chronic diseases. However, some scales have certain limitations in adaptability. Future research needs to conduct empirical verification in larger samples to further evaluate the reliability and validity of these tools. It is also necessary to consider verification in different populations and regions to assess the wide applicability of these tools.



4.3 The set of multiple chronic disease assessment tools covers a wide range of diseases and health conditions, but its scope and depth need further enhancement

The multi-chronic diseases assessment tool aims to comprehensively evaluate multiple diseases and health states of patients, and provide scientific basis for extensive health assessment and treatment decisions by analyzing their relationships with related outcome indicators such as mortality, medical costs and quality of life. These tools typically include a range of chronic diseases, such as cardiovascular disease, diabetes, chronic obstructive pulmonary disease, etc., as well as physiological indicators, related health factors, and other health conditions, such as blood pressure, weight, lifestyle, and activity function. However, it is noted that many existing measures for managing multiple chronic conditions are more geared toward research rather than practical health management (36). The widely used Charlson comorbidity index or disease count is simple to assess and the data is easy to obtain, but it cannot comprehensively reflect the overall experience of multiple chronic diseases (37). Research suggests that factors beyond disease lists, such as social support, coping mechanisms, personal preferences, living environment, and economic status, should also be taken into account when evaluating patients with multiple chronic conditions (30, 38). These additional factors could play a significant role in the development and management of chronic diseases. Researchers have found that disease severity can be included in assessment tools and the subjective impact of the disease on the patient’s social, mental, and physical health can be incorporated into patient reports, such as the Duke Disease Severity Checklist and the Comorbidity Subjective Assessment Index (29, 39, 40). Some studies have also pointed out that simple disease counts are suitable for estimating the prevalence of multiple chronic diseases and examining their clusters or trajectories to explore multimorbidity patterns in more depth, while weighted measures are more suitable for related risk adjustment and outcome prediction of multiple chronic diseases. Therefore, ensuring the accuracy of disease markers is crucial to determine the number of diseases to include in an assessment tool (38). Looking at the current set of multiple chronic disease assessment tools, the diseases and health conditions they cover are diverse, but their breadth and depth require further research. Specifically, although the existing multiple chronic disease assessment tools include many common chronic diseases, the coverage of other chronic diseases may be lower, such as rare diseases or diseases of more specific groups, and the breadth of the assessment tools may be insufficient. Therefore, further research is needed to expand the breadth of assessment tools to include more comprehensive coverage of various chronic diseases and health states. Second, the depth of an assessment tool refers to the degree of detail in which each disease/health state is assessed. Existing multiple chronic disease assessment tools typically focus on basic factors like disease and health, encompassing basic physiological indicators and symptom evaluation (30). Nonetheless, it may be necessary to incorporate more detailed assessment indicators for each specific disease or health condition. For example, in cardiovascular disease assessment, in addition to basic blood pressure and heart rate measurements, consider including results from tests such as electrocardiograms and cardiac ultrasounds. Therefore, further optimization of multiple chronic disease assessment tools is essential through ongoing scientific research, interdisciplinary collaboration, and the application of technology. This will enable the provision of more comprehensive and accurate health management services to patients.



4.4 Future development of multiple chronic disease assessment tools

The prevalence of multiple chronic diseases is rising due to the aging population and changes in lifestyle. While these patients may have stable health status, disease progression and new health issues can impact their prognosis. Regular comprehensive assessments are essential to promptly detect any changes in the patient’s health status. For the management and treatment of patients with multiple chronic diseases, it is crucial to conduct thorough research on various assessment methods (38, 41). However, this study identified issues with the existing assessment tools for multiple chronic diseases, including the lack of standardized and universally accepted tools, as well as insufficient breadth and depth of assessment content. In order to build a universal, standardized, intelligent, interdisciplinary, concise and efficient multi-chronic disease assessment tool suitable for the disease spectrum of Chinese patients, it is first necessary to clarify the universal definition of multi-morbidity. Currently, the term “multiple chronic diseases” refers to an individual experiencing two or more chronic health conditions simultaneously (42). Nevertheless, there remains ambiguity regarding whether this definition should encompass various factors linked to multiple diseases, including psychosocial factors, physical risk factors, social networks, disease burden, medical resource utilization, and patient coping strategies (11). Therefore, continuing to carry out large-scale multi-morbidity model research will help understand the special status of patients with multiple chronic diseases and lay a theoretical foundation for constructing multiple chronic disease assessment tools with higher structural validity. The establishment of interdisciplinary teams in medicine, information technology, sociology, psychology, and data science, along with the utilization of advanced technologies like artificial intelligence, machine learning, and natural language processing to integrate diverse data sources for developing a comprehensive multi-chronic disease intelligent assessment tool with robust interoperability, is a key research focus for the future.



4.5 Summary of quality

This study analyzed a total of 15 cross-sectional studies and 28 cohort studies. The majority of these studies clearly defined the inclusion and exclusion criteria for their research subjects, which were in line with the criteria used in this study. When evaluated using the NOS standard, the cohort studies scored between 5 to 9 points, with 19 studies scoring 8 to 9 points. The 15 cross-sectional studies included in the analysis all received a grade higher than B, indicating a high overall quality of the studies included. The literature elaborates on the research methods and outcome indicators, which help mitigate recall bias and selection bias to some extent. Bias primarily stems from the grouping of research subjects, follow-up duration, and control of confounding variables. For instance, the study lacks a clear randomization method. In general, the quality of the studies was deemed satisfactory.



4.6 Strengths and limitations

In this study, various methods for assessing multiple chronic diseases were compared, providing valuable references for health managers in selecting appropriate evaluation techniques for multiple chronic conditions. In addition, this study searched 8 relevant databases with reliable and sufficient data sources. Limitations: primarily, only articles in English and Chinese were considered, excluding evidence published in other languages. Furthermore, the integrated tools come from different literature, and although the quality of the literature has been evaluated, the usability and reliability of the tools have yet to be demonstrated. Lastly, the outcome measures in the studies were reported in scale form, lacking objectivity.




5 Conclusion

This study critically examined various existing assessment tools for multiple chronic diseases and identified areas for improvement, including versatility, reliability of data sources, and coverage of disease/health conditions. To effectively meet the needs of the increasing number of patients with multiple chronic diseases, future research should focus on creating a universal, standardized, and interdisciplinary multi-chronic disease assessment method. Meanwhile, the reliability of data sources should be further assessed and the range and depth of assessment tools should be expanded. Interdisciplinary collaboration and the integration of advanced technology will be crucial in developing an effective and intelligent tool for assessing multiple chronic diseases. This tool will serve as a methodological and theoretical foundation for offering patients more comprehensive and precise health management services.
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