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I. INTRODUCTION 

 

 

With the advent of medical technology and new drugs, medical practice and prognosis of 

diseases with high mortality rates have undergone a remarkable transformation (Holmes and 

Wood, 2006). Without the contributions of the medical device and pharmaceutical industries, 

healthcare would be inconceivable, although these two professions are worlds apart (MedTech, 

2015). Drugs are compounds of chemical origin that are designed to interact dynamically in 

some way with the body's metabolic or immune systems (MedTech, 2015). Contrary to drugs, 

the vast majority of devices function mechanically and have no visible effects on the human 

body. Furthermore, some devices improve the information about patients or treatments, without 

direct biological action. According to the Food and Drug Administration (FDA), health 

information technology (IT), wearable devices, mobile health, and telehealth all fall under the 

term "digital health" (FDA, 2020). However, the use of both drugs and technologies in clinical 

practice carries the potential for adverse effects. As with any drug, side effects can range from 

minor inconveniences to potentially fatal reactions. The hazards that drugs pose to the body 

are of a different nature and magnitude than those posed by medical devices (MedTech, 2015).  

While there are altogether less than 4300 approved drug molecules in the world (drugbank, 

2022), the number of digital health solutions is increasing at a breakneck pace; there are already 

over 300,000 health apps accessible, with another 200 being developed every day (IQVIA, 

2017). While the efficacy and safety of medicinal products is demonstrated in well-established 

development regulations, regulations for medical device development are evolving, including 

those of digital health. It is challenge to keep up with the pace and diversity of development in 

the device segment, while patients and health care professionals demand the same quality of 

evidence about their efficacy and safety.   

This thesis focus on a special class of digital medical devices: digital biomarkers. "Digital 

biomarkers are objective, measurable, physiological, and behavioural parameters collected 

using wearable, portable, implantable, or digestible digital devices" (Babrak et al., 2019). For 

instance, implantable cardiac defibrillators (ICDs) (Mahdi Abid et al., 2022) or physical 

activity trackers (Ringeval et al., 2020) can be considered as digital biomarkers. With the 

transition to digitization of healthcare, the term "digital biomarker" is increasingly being used 

to describe a wide range of measures (Vasudevan et al., 2022). Digital biomarkers (DBMs) 
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may assist enhance patient outcomes by boosting diagnostic precision, elevating the quality of 

treatment choices, and decreasing the frequency with which clinical mistakes occur (Insel, 

2017; Lipsmeier et al., 2018; Shin et al., 2018). Patient visits may be reduced while still 

achieving high quality outcomes thanks to digital biomarkers (Guthrie et al., 2019). Digital 

biomarkers may enhance the accuracy of diagnosis and therapy by measuring clinical data 

remotely and continuously (Robb, McInnes and Califf, 2016; Lipsmeier et al., 2018). For 

instance, for people with diabetes, the use of sensors to monitor their blood glucose levels in 

real time has the potential to inform individualized insulin dosing and provide advance warning 

of dangerously low readings (Vettoretti et al., 2020). Demand for DBMs is expected to grow 

at a compound annual growth rate (CAGR) of 40.4% between 2019 and 2025, with global 

revenue reaching $5.64 billion by the end of the forecast period (Meister, Deiters and Becker, 

2016; BisResearch, 2020). Overall, digital biomarkers play an important role in precision 

medicine (Jeong, Bychkov and Searson, 2019), can reduce the occurrence of clinical errors, 

increase the precision of diagnostic techniques, and support patient-specific treatment 

decisions (Insel, 2017). Depending on the interaction of digital biomarkers with the human 

body, we divide these digital instruments into two categories: direct and indirect. For example, 

defibrillators that regulate heart rhythm may be called direct digital biomarkers that directly 

impact physiological parameters without the interference of a physician or the patient. The 

utility of such instruments depends mainly on the technology involved. However, indirect 

digital biomarkers such as activity trackers just capture behavioural data such as heart rhythm 

or step count. To influence health, the information from indirect biomarkers has to be processed 

and acted upon by patients or health care professionals. Therefore, their utility depends on 

additional human factors. The diversity of applied technologies and complexity of the involved 

human-machine interaction poses unique challenges when demonstrating the clinical 

effectiveness and safety of digital biomarkers.  

As a mainstay of evidence synthesis in medicine and the medical industries, systematic reviews 

(SRs) and meta-analyses (MAs) have gained prominence since the 1970s. They provide 

evidence-based information to inform decision making in medicine (Li et al., 2021). Evidence-

based medicine and clinical guideline development require rigorous review (Rabar et al., 2012; 

Goff et al., 2014). SRs and MAs serve as the foundation for clinical decision making 

(Gopalakrishnan and Ganeshkumar, 2013). Clinical decision-making relies heavily on the 

results of systematic reviews and meta-analyses. However, if certain procedures and criteria 

are not adhered to, systematic reviews and meta-analyses will provide poor quality results that 
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may have irreversible adverse repercussions for patients (Yuan and Hunt, 2009). It is highly 

recommended by the Cochrane Handbook (Higgins JPT, Thomas J, Chandler J, Cumpston M, 

Li T, Page MJ, 2022a) for systematic reviews to follow some specific procedures during the 

study stages to avoid biases, and maintain high methodological quality. One of the Cochrane 

Handbook's suggestions is to formulate a complete research question while searching for 

systematic reviews. In this context, the PICO style, which stands for population, intervention, 

comparator, and outcome, has been advocated for clinical research. Formulating a research 

question requires a centralized and integrated system capable of categorizing the PICO of 

individual studies in systematic reviews using approved methodologies. The World Health 

Organization has proposed three proven techniques to classify population, intervention, and 

outcome in clinical research: ICD (International Classification of Diseases) (WHO, 2020a), 

ICHI (International Classification of Health Interventions) (World Health Organization, 2020), 

and ICF (International Classification of Functioning, Disability and Health)  (WHO, 2017a) 

tools.  

AMSTAR-2 (Shea et al., 2017b), is one of the validated tool for researchers to evaluate the 

methodological quality of systematic reviews and meta-analyses. The "effect size" or "effect 

estimate" is a statistical finding that is the pooled result of meta-analyses that integrate the 

findings of individual related studies on a research issue (Sullivan and Feinn, 2012). The vast 

majority of clinical decisions are dependent on the magnitude and direction of effect sizes 

revealed in meta-analyses (Aarts, van den Akker and Winkens, 2014). One of the worldwide 

credible techniques for analysing the validity and quality of the reported effect sizes in meta-

analyses is GRADE (Kumar and Taggarsi, 2021), which assesses the quality of the calculated 

effect sizes, also known as evidence quality. Prior to making any medical decisions, the 

Cochran Handbook recommends assessing the quality of the evidence (Lefebvre et al., 2019). 

In recent years, scientists and funders in the medical sciences have expressed concern about 

what has been called the replication and reliability crisis in clinical research (Barch and 

Yarkoni, 2013). Systematic reviews and meta-analyses, which are regarded as the apex of the 

traditional hierarchy of study quality, are often erroneous (Ioannidis, 2016). Concerns about 

insufficient sample size and lack of statistical power have received much attention in both 

primary studies and meta-analyses (Brok et al., 2008, 2009; Thorlund et al., 2011). Type II 

errors are more likely in randomized controlled trials (RCTs) with small sample sizes, 

emphasizing the need for optimum sample sizes to enhance statistical power (Sjögren and 

Hedström, 2010). If a meta-analysis was unable to incorporate and exclude some relevant 
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studies, the effect estimates of the meta-analysis may not be accurate and may be inflated or 

understated, a phenomenon, which called publication bias. Publication bias may have a 

detrimental impact on the validity of effect size findings from meta-analyses (Kicinski, 

Springate and Kontopantelis, 2015).  

Due to the diversity of technologies, the requirement that all included studies in systematic 

reviews target the same intervention mechanism, disease area, and quantitative outcomes may 

hinder digital health research (Guo et al., 2020). The ability of researchers to provide evidence 

for digital health treatments is severely limited by traditional methods. However, the evaluation 

of digital health solutions has been highlighted as needing improvement and considered a major 

barrier to widespread adoption (Moxey et al., 2010; O’Sullivan et al., 2014; Shaw et al., 2018). 

Despite these challenges, in recent years, an increasing number of systematic reviews and meta-

analyses of digital biomarkers have been published and the relevance of digital biomarkers in 

clinical research is predicted to increase rapidly in the next years.  A search of PubMed on 20 

August 2022 revealed, for instance, that the number of published systematic reviews and meta-

analyses in digital biomarkers had risen from 76 in 2016 to 264 in 2021. Particularly, the fast 

growth of systematic reviews in digital health (Ibrahim et al., 2022) has been attributed, at least 

in part, to the increased output of systematic reviews in digital biomarkers. As previously noted, 

any methodological flaws that occur during the conduct of systematic reviews and meta-

analyses might invalidate the results, resulting in irreversible damage to patients. In terms of 

rules, standards, etc., there are also distinctions between digital and non-digital or 

pharmaceutical products, as described in the first section of the introduction. No research has, 

to our knowledge, evaluated the methodological issues of digital biomarker-based studies and 

compared them to non-digital biomarkers. In this dissertation, we evaluated key 

methodological issues in digital biomarker research and compared them to non-digital 

biomarkers and pharmaceuticals. The results of this thesis will have significant implications 

for researchers and managers in the digital health technologies industry and digital biomarkers. 

Through comprehensive discussions on classification systems and study power within this 

field, the thesis will provide valuable insights. Additionally, by comparing digital biomarkers 

with non-digital biomarkers and pharmaceuticals in terms of evidence generation, the thesis 

will present both positive and negative aspects of evidence creation in the field. These insights 

will assist researchers, health policy makers, and managers in digital health technology and 

pharmaceutical industries in improving the quality of evidence and establishing more effective 

regulations to address existing gaps. 
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This thesis is divided into twelve chapters. The first chapter (Chapter I) is about the general 

introduction to the work. In this chapter, some concepts related to the thesis, the reasons and 

the importance of the subject are presented. In the second chapter (Chapter II), the relevant 

literature is listed. The hypotheses of the thesis are stated in the third chapter (chapter III). From 

the fourth chapter (IV) to the eighth chapter (VIII), the main part of the thesis is to test the 

hypotheses. Each chapter of the thesis includes introduction, methods, results, discussion and 

conclusion. Chapter IV deals with the digital biomarker classification system. In chapter V, the 

statistical power of studies of direct digital biomarkers was compared with that of indirect 

digital biomarkers. Chapter VI compared the methodological quality of systematic reviews of 

digital biomarkers with that of non-digital biomarkers or drugs. In chapter VII, the quality of 

evidence of digital biomarker based-meta-analyses was compared with that of non-digital 

biomarkers or pharmaceuticals. In the final chapter (VIII) evaluating the hypotheses, 

publication bias in meta-analyses of digital biomarkers was compared with that of non-digital 

biomarkers. The conclusions and the expected practical implications are explained in the 

chapter IX. I have listed my own publications in Chapter X. Chapter XI contains the references, 

and finally the appendices are listed at the end of the thesis.  
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II. LITERATURE REVIEW 

 

 

II.1 Classification systems in medical research 

II.1.1 The need for better classification systems of digital health interventions 

The World Health Organization (WHO) defines "digital health" as a catch-all term for a variety 

of solutions that use digital technologies to address health needs, including eHealth, mHealth 

as well as emerging areas such as the use of advanced computer science in "Big Data," 

genomics, and artificial intelligence (WHO Guideline, 1980). Apps, computer programs, and 

web-based services are just a few examples of the many types of digital health technologies 

(DHTs) that may help individuals or the whole health care system. For healthcare systems on 

the lookout for more efficient, cost-effective, patient-cantered methods of providing treatment 

at scale, DHTs bring both potential and problems (Ferretti, Ronchi and Vayena, 2019). Due to 

the relative lack of standardized evaluation by healthcare systems, many digital health products 

are being offered to the market with little proof of their efficacy. Some have claimed that the 

health technology assessment (HTA) of digital health technologies (DHTs) should employ a 

different degree and kind of evidence than other treatments because of the apparent 

contradiction between typical HTA methodologies and the fast pace of DHT development (The 

Lancet, 2018). Therefore, it is necessary to review the relevant literature to determine what 

strategies and standards are introduced to categorize digital and non-digital health domains. 

II.1.2 Categorisation systems for digital health interventions 

II.1.2.1 The Evidence Standards Framework (ESF) of the National Institute for Health and 

Care Excellence (NICE)  

An evidence standards framework (ESF) for digital healthcare technologies (DHTs) was 

developed in 2018 (NICE, 2019) by the National Institute for Health and Care Excellence 

(NICE) of the United Kingdom in partnership with Public Health England, the National Health 

Service (NHS England), and other organizations. The ESF was developed to provide a 

consistent method for developers and commissioners about the levels of evidence that are 

necessary for the clinical and economic evaluation of DHTs by health and care systems. A 

customized taxonomy of ten functional categories was created that encompasses the roles of 

most of the DHTs most commonly commissioned by the UK health and care system. The ten 
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functional categories are grouped into "tiers" based on the potential risk associated with each 

category (figure 1).  

 

 

Figure 1. Ten functional categories describe the functions of the DHTs most frequently 

Commissioned by the health and care system (Unsworth et al., 2021). 

 

II.1.2.2 WHO’s classification of digital health interventions 

A variety of digital and mobile technologies are being employed to meet the demands of the 

health care system, and these applications may be broken down into several categories by 

consulting the taxonomy of digital health interventions (DHIs) (Alexandridis et al., 2016) 

which was Initiated by the World Health Organization. This classification system, also referred 

to as a taxonomy, is based on the concept of a "digital health intervention," which is defined as 

the specific use of digital technology with the goal of improving health outcomes.  

II.1.2.3 Academic research on the classification challenges of digital health interventions 

The advent of eHealth held up the possibility of giving patients more power in their care, which 

would need more collaborative decision making (Eysenbach, 2001). One word inside the 

eHealth umbrella is telemedicine, which is already in use in many countries (Vyas and 
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Bhargava, 2021) to do things like monitor patients at home or link up medical experts and 

patients online to increase accessibility and quality of treatment (Sood et al., 2007). 

Applications for mobile telemedicine enable for the customization of preventative messages 

and interventions (Holmen et al., 2017), making them well suited for behaviour change 

initiatives (DiFilippo et al., 2015). However, a shared and clear understanding of words in the 

field is necessary for the introduction of digital applications in preventative behaviour 

modification and integrated chronic care. 

II.1.2.4 Ontology for telemedicine  

To further understand how telemedicine might be classified, a study was conducted in 2020 

(Otto et al., 2020) to extract relevant ideas using ontologies. The provided ontology contains 

keywords that explain the care delivery process and the geographical context of various 

applications related to health technology. Figure 2 represents ontology for telemedicine and 

related terms. According to this study, numerous related terms were identified such as 

telehealth, mhealth, ehealth, digital health (and care), health IT, ICT, digitization, care models, 

integrated care, health smart home, smart home, and ambient assisted living, as can be seen in 

the figure.  

 

Figure 2. Ontology for telemedicine and related terms (Otto et al., 2020) 
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II.1.2.5 Using the NICE Evidence Standards Framework for mobile health applications 

NICE created a methodology in 2018 to evaluate the degree of evidence for digital health 

technologies (DHTs) based on their clinical function.  

According to the results of one study (Nwe et al., 2020) the existing version of the NICE 

evidence standards framework for DHTs did not allow mHealth researchers to consistently and 

unambiguously identify the mobile digital health apps included in the NHS app library 

according to their functional level. 

II.1.2.6 Classification of digital health interventions from health system research perspective 

A study was conducted to characterize the ideas that inform and explain eHealth deployment 

according to the typology developed by Sovacool and Hess, 2017 for theories of sociotechnical 

transformation. The results of this study showed that there are 36 different causes for eHealth 

deployment tactics. The two models that were used the most often were the Technology 

Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology 

(UTAUT).  

II.1.3 WHO’s general classification systems for health conditions, outcomes and 

interventions 

In addition to the proposed methodologies, frameworks, and research to categorize clinical 

research explained above, three tools, namely ICD, ICF, and ICHI, have recently been 

introduced by the World Health Organization (WHO).  

II.1.3.1 International Classification of Diseases (ICD) 

Since the human condition is hard to standardize and quantify, the International Classification 

of Diseases (ICD) was developed as a tool for categorizing patient data. When compared to its 

predecessor, ICD-10, ICD-11 is a major advance. There are 55,000 separate codes for injuries, 

illnesses, and reasons of death (The Lancet, 2019). 

II.1.3.2 International Classification of Functioning, Disability and Health (ICF) 

The International Classification of Functioning, Disability and Health (ICF) is also widely 

recognized as the standard terminology and framework for defining human functioning on a 

worldwide scale (WHO, 2017b).  

II.1.3.3 International Classification of Health Interventions (ICHI) 

The World Health Organization (WHO) has chosen to incorporate all health treatments in a 

new categorization known as the International Classification of Health Interventions (ICHI) 

(Paviot et al., 2011; Aljunid et al., 2015).  ICHI covers diagnostics, medicine, surgery, mental 
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health, primary care, medical aids, functional support, rehabilitation, traditional medicine, and 

public health (Fung et al., 2021).  

II.1.3.4 Using the ICD system academic research 

Numerous studies have used these tools to categorize populations, interventions, or outcomes, 

most of which fall outside the scope of digital health. For example, some studies used only the 

ICD. For instance, one systematic review in 2017 in alcohol use (Rehm et al., 2017). Another 

systematic review in mental and neuropsychiatric manifestations of SARS, MERS, and 

COVID-19 (Rogers et al., 2020). Another systematic review utilized ICD-10 to identify illness 

regions. The purpose of this research was to assess the effect of SARS-CoV-2 on the mental 

health of hospital-based healthcare personnel. Six categories were identified, including 

depression, anxiety, acute stress reaction, post-traumatic stress syndrome, insomnia, and 

occupational burnout (Sanghera et al., 2020).  

II.1.3.5 Using the ICF system in academic research 

ICF tool also was used in some systematic reviews in physiotherapy treatments on balance in 

multiple sclerosis patients (Paltamaa et al., 2012), parameters related with adult wheelchair 

user engagement in social and community activities (Manuscript, 2017), and the impact of 

functional electrical stimulation of ankle dorsiflexors on walking in children and adolescents 

with spastic cerebral palsy (Moll et al., 2017)   A digital health related systematic review was 

conducted in 2021 (Bonnechère et al., 2021) to compile a list and description of the various 

mHealth options for multiple sclerosis self-assessment and rehabilitation, as well as to define 

the level of evidence supporting these interventions for functioning problems classified within 

the International Classification of Functioning, Disability, and Health (ICF). Using the ICF 

technique, a variety of outcomes were identified: 53% of studies provided cognitive outcomes, 

37% fatigue outcomes, 33% quality of life outcomes, 23% motor function outcomes, and 20% 

activity level outcomes. 

II.1.3.6 Using ICHI in academic research 

The ICHI instrument has also been the subject of some other studies in recent years. For 

instance, one study sought to review the available evidence on treatments that improve the 

satisfaction of persons with cognitive impairments and their caregivers with health care 

services (Fänge et al., 2020). Using the ICHI methodology, numerous interventions were 

discovered. ICF and ICD were used only in one study. In this guideline (Arundale et al., 2018), 

ICD-10 and ICF methods were used to classify illnesses and outcomes in a clinical practice 

guideline for the prevention of knee and anterior cruciate ligament injuries via exercise. 
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II.1.4 Conclusion 

Although WHO tools such as ICD-11, ICHI, and ICF have predominantly been applied in non-

digital health domains and are recognized for their comprehensiveness, a research gap exists 

concerning their adequacy in addressing the efficacy in digital health technologies, particularly 

digital biomarkers. The extent to which these tools can encompass the diverse spectrum of 

digital health technologies, including digital biomarkers, remains unknown. 

II.2 Methodological quality of systematic reviews 

II.2.1 The importance of methodological quality in evidence synthesis 

Keeping up with primary research has become almost difficult for healthcare practitioners and 

policymakers due to the exponential growth of biomedical publication (Bastian, Glasziou and 

Chalmers, 2010a). This is why systematic reviews are such an important resource for those 

making health care decisions (Mulrow, 1994). Systematic reviews provide the opportunity to 

base judgments on accurate, precise, reliable, and exhaustive summaries of the best available 

information on a given topic(Mulrow, 1994). Although the Cochrane Collaboration Handbook 

is an excellent resource for those producing reviews, it lacks a streamlined critical appraisal 

tool for completed reviews (Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page MJ, 

2022b). Several instruments have been created to evaluate individual research for inclusion in 

systematic reviews or to indicate how certain processes should be carried out (Whiting et al., 

2003; Wong, Cheung and Hart, 2008). Nevertheless, there are a paucity of tools that evaluate 

all key review techniques (Whiting et al., 2016). 

II.2.2 AMSTAR-2: A Measurement Tool to Assess Systematic Reviews 

AMSTAR (A Measurement Tool to Assess Systematic Reviews), which was released in 2007, 

is one of the most extensively used instruments (Shea et al., 2009). AMSTAR-2 consists of 16 

questions with the answers "yes" or "no" or, for some questions, with the answer "partially 

yes."  

II.2.3 Quality assessment of systematic reviews in digital health using AMSTAR-2 

Several studies have assessed the methodological quality of systematic reviews in digital health 

research. Studies on methodological quality in digital health research include Dumit et al., 2018 

on eHealth technologies' impact on vaccination practices, with one low and five moderate 

quality reviews. Li et al., 2020 assessed telemonitoring therapies for COPD, finding two high, 

two low, and four critically low quality reviews. Finucane et al., 2021 employed meta-review 

methodology, identifying mostly moderate quality SRs on digital health interventions for 

palliative care. Studies on e-health and m-health interventions for weight-related behaviors in 
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children and adolescents (Jamshidi, Heyvaert and Van den Noortgate, 2017), digital 

interventions for behavioural and health outcomes in non-clinical adult groups (Gold et al., 

2021), synchronous implementation of digital mental health (Villarreal-Zegarra et al., 2022), 

and efficacy of envelopes on Cardiac Implantable Electronic Devices CIED infection 

prevention (Motahari-nezhad, Miribonjar and Sadeghdaghighi, 2022) all noting critically low 

methodological quality in most reviews. An article assessed the attitudes, safety, and 

implementation of telehealth services in surgery, as well as the use of telehealth in Australia 

between 2020 and 2021. Seventeen SRs were included in this study. This study does not report 

the overall methodological quality of the included systematic reviews (SRs); rather, a table 

presents the findings of each AMSTAR-2 questions (Smith et al., 2021). 

II.2.4 Experience with AMSTAR-2 outside the digital health domain 

Reviews on traumatic dental surgery (Magno et al., 2020) and prevention approaches for early 

childhood caries (Soares et al., 2021) mostly had low and critically low methodological quality, 

respectively. Methodological quality assessment of reviews on the efficacy of physiotherapy 

treatments for the management of tendinopathy as a single clinical entity (Girgis and Duarte, 

2020), showed that most studies were of low methodological quality. Analysis of a study 

evaluating the methodological quality of orthodontically induced inflammatory root resorption 

found that most of these studies (67.9%) were classified as of moderate methodological quality 

(Yassir, McIntyre and Bearn, 2021).  

Among the studies that do not address digital health and do not reflect the overall 

methodological quality of the systematic reviews are examples such as septic arthritis and 

osteomyelitis (Gigante et al., 2019), and reducing burnout among physicians and nurses. These 

studies did not reflect the overall methodological quality of the included systematic reviews, 

but a table presents the results of each AMSTAR-2 component. 
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II.2.5 Conclusion 

The existing literature indicates that a majority of systematic reviews in the domains of digital 

health and pharmaceuticals exhibit suboptimal methodological quality, revealing a significant 

gap in this area. Furthermore, the absence of a meta-assessment study that specifically 

examines and compares the methodological quality of systematic reviews between these two 

domains further shows the existence of a research gap. This thesis aims to address this research 

gap by conducting a study to fill this gap and provide insights into the methodological quality 

of systematic reviews in digital health and pharmaceuticals. By doing so, this research seeks to 

contribute to the advancement of evidence synthesis and inform decision-making processes in 

both fields. 

II.3 Quality of evidence 

II.3.1 The importance of high quality evidence in decision-making 

Evidence-based practice is an essential part of today's practice. It is so important that it is 

impossible to imagine contemporary health care if evidence and its quality are neglected 

(Szajewska, 2018a). About 62% of the papers used to develop primary care guidelines and 

recommendations had questionable research methods and unknown relevance to patients, 

according to the National Institute for Clinical Excellence (Steel et al., 2014). It is therefore 

imperative that every effort be made to enhance the quality of evidence, for which good quality 

research is essential. GRADE The Grading of Recommendations Assessment, Development, 

and Evaluation Working Group defines quality of evidence (QOE) as confidence that the 

reported impact estimates are accurate and competent enough to support a specific 

recommendation (Guyatt, 2008). Apart from the quality of evidence, there are some standards 

for reporting different elements in systematic reviews. The PRISMA statement is a minimal 

set of elements for reporting in systematic reviews and meta-analyses that are supported by 

evidence. Although PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-

Analyses) was developed with the publication of reviews evaluating the effectiveness of 

treatments in mind, it can also serve as the basis for conducting systematic reviews that have 

objectives other than evaluating the effectiveness of interventions (e.g., evaluating aetiology, 

prevalence, diagnosis, or prognosis) (Page et al., 2021).  

II.3.2 The GRADE framework 

In recent years, the GRADE approach has become one of the most popular methods for 

evaluating the quality of evidence and providing guidance for systematic reviews. GRADE 

Assesses the quality of evidence of the results reported in meta-analyses in four levels: high, 
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moderate, low, and very low. GRADE approach has been used in a variety of studies, both 

digital and non-digital health research, presented in this section.  

II.3.2.1 Evidence quality in digital health research 

Regarding digital health studies, numerous systematic reviews and meta-analyses have 

assessed their own reported meta-analyses in terms of quality of evidence. A meta-analysis 

published in 2018 summarized the data addressing the efficacy of commercially available 

wearable activity monitors and smartphone apps for raising physical activity levels in stroke 

patients. The stated outcomes for step count in the community and inpatient rehabilitation 

settings were very low evidence quality, while the outcomes for physical activity were of low 

certainty (Lynch et al., 2019). A meta-analysis assessed the effectiveness of e-Health based 

self-management programs for people with chronic low back pain Moderate quality data 

suggested that e-Health based self-management programs had a clinically meaningful impact 

on improving disability at immediate follow-up, while low quality evidence suggested that 

there was no significant difference at short-term follow-ups, although with a positive trend (Du 

et al., 2020). Whereas studies on the risk of infection, device-related mortality, and malfunction 

in patients with reprogrammed pacemakers and implantable cardiac defibrillators (ICDs) 

(Psaltikidis, Costa and Graziano, 2021) and on the effect of using sensors to prevent falls in 

hospitalized patients and the elderly (Cortés et al., 2021) provided moderate-quality evidence, 

meta-analyses on the effects of digital shared decision-making (SDM) measures on patient 

outcomes (Vitger et al., 2021) and on the effects of e-health treatments on disease activity, self-

efficacy, pain, and quality of life in patients with rheumatoid arthritis (L. Zhou et al., 2022) 

had low and critically low methodological quality.  

II.3.2.2 Evidence quality outside the digital health domain 

Despite the meta-analyses on digital health that assessed their own reported outcomes in terms 

of quality of evidence, there are other reviews of systematic reviews that assessed the quality 

of evidence of the outcomes of other studies. The quality of evidence synthesis of meta-

analyses evaluating the effect of envelopes to reduce CIED infections was evaluated and results 

showed that 60% and 40% of the outcomes had low and moderate quality of evidence synthesis, 

respectively (Motahari-nezhad, Miribonjar and Sadeghdaghighi, 2022). According to other 

literature, paracetamol (Abdel Shaheed et al., 2021) and chocolate intake (Veronese et al., 

2019) created high and low quality of evidence, respectively. 

A very low to moderate quality of evidence was also assessed in two other reviews of 

systematic reviews on the revision of the European Association for the Study of Diabetes 
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recommendations (Chiavaroli et al., 2019) and on traditional Chinese nursing treatments 

published in the Chinese journal (Jin et al., 2016). 

II.3.3 Conclusion 

The existing literature consistently reveals a prevalent lack of high-quality evidence across 

various research areas. However, a notable research gap exists as no study has yet undertaken 

a systematic comparison to identify potential differences between these distinct research areas. 

Consequently, there is a compelling need for a comparative analysis to determine whether one 

domain demonstrates superior or inferior evidence quality compared to the other. By 

conducting such an analysis, this study aims to explore the relative strengths and weaknesses 

in evidence generation within these research domains, ultimately contributing to the 

advancement of evidence-based practices and decision-making processes. 

II.4 Statistical power of studies 

II.4.1 Insufficient statistical power is a general concern in medical research 

Statistical power is an essential aspect of research that is most helpful in the design and 

planning stages of the study, but must be evaluated before conclusions are drawn about the 

results of the study. The ability to safely reject a flawed null hypothesis is what we mean when 

we talk about power. Many studies are not conclusive enough (Bezeau and Graves, 2001) so 

their results should be called inconclusive (Keen, Pile and Hill, 2005). Power measures how 

likely it is that a study will lead to the correct conclusions or detect an effect if one exists 

(Gaskin and Happell, 2014). 

Problems with study power, methodological errors, and selective reporting all plague clinical 

research (Munafò et al., 2017). Numerous studies have insufficient sample sizes to identify 

clinically significant improvements, and many have additional important methodological and 

statistical faults (Head et al., 2015). Concerns about insufficient sample size and lack of 

statistical power have received much attention in both primary studies (Higgins, Whitehead 

and Simmonds, 2011). Evidence synthesis methods, such as meta-analysis, are commonly used 

to guide policy decisions, clinical practice, and evidence-based medicine since they are 

considered to provide the strongest available evidence (Gopalakrishnan and Ganeshkumar, 

2013). Given that systematic reviews and meta-analyses serve as primary sources for clinical 

decision-making and increase the power (Cohn and Becker, 2003), it is important to consider 

the potential impact of low statistical power on these analyses. Therefore, exploring the 

statistical power of meta-analyses becomes an intriguing avenue to pursue. 
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II.4.1.1 Assessing statistical power in digital health research 

Regarding digital health research, few studies have assessed the statistical power of studies. 

For example, the statistical power of effect sizes was assessed in two randomized controlled 

trials (RCTs). The aim of one study was to examine the effects of a tablet-based cognitive 

rehabilitation program on cognitive function, cognitive complaints, fatigue, and psychological 

distress in patients with primary brain tumors. A power analysis was conducted to determine 

the minimum sample size required. The analysis revealed that a group size of 50 subjects with 

a total of 100 participants was required, which limited the statistical power of this study (van 

der Linden et al., 2021). A randomized controlled trial (RCT) also tested an Internet-based, 

parent-cantered healthy lifestyle program for preschool-aged children with a body mass index 

(BMI) of at least the fifty-first percentile of their age and gender. Based on their preliminary 

research, they hypothesized that the BMI effect size of the study would be approximately 0.4. 

With a predicted failure rate of 15%, 160 subjects (80 per group) should be enrolled in the 

study (Hammersley et al., 2019).  

II.4.1.2 Assessing statistical power outside the digital domain 

As for non-digital health, more studies have been conducted to assess statistical power. Thirty 

studies assessing the cognitive effects of deep brain stimulation of the subthalamic nucleus in 

Parkinson's disease were reviewed, and their statistical power was calculated in a study 

published in 2006. After surgery, patients' ability to communicate effectively was studied, and 

the average effect size was 0.23, yielding an observed power of 0.16 (Woods et al., 2006). 

Evaluate perioperative factors and unfavourable outcomes for patients receiving laparoscopic 

hepatectomy vs open approach was the purpose of another review published in 2011. The 

power analysis showed that only one research demonstrated statistical power of 80% for all 

four outcomes, whilst four studies lacked adequate statistical power (Mizuguchi et al., 2011). 

In a research, the power of meta-analyses of anesthesiologic therapies was evaluated. This 

research indicated that just 12% of meta-analyses have a power of 80% (Imberger et al., 2015). 

A systematic review investigated the significance of Bowel Preparation Regimen in Patients 

Scheduled for Colonoscopy. The findings indicated that the statistical power of qualifying 

included studies varied from 0.1% to 99.9%. The majority of outcomes in all qualifying trials 

had power below 50% (Song et al., 2016).  

II 4.2 Conclusion 

Sample size estimation and power analysis are crucial considerations in clinical studies, yet 

their comprehensive reporting remains inadequate. Particularly in the realm of digital health 
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research, such as digital biomarkers, evaluating study power is essential from a regulatory 

standpoint. Compliance with regulatory requirements necessitates a thorough assessment of 

study power to ensure robustness and reliability of findings. 

II.5 Publication bias in meta-analyses 

II.5.1 Publication bias is a general threat to the quality of evidence syntheses 

Research with more conclusive results is more likely to be published, leading to publication 

bias in meta-analyses of previously published studies. However, the likelihood of a study being 

published in a journal is usually related to the statistical significance of its results (Sutton and 

Higgins, 2008). Because of the potential for publication bias to influence the results of 

systematic reviews, identifying this issue is crucial (Sutton and Higgins, 2008).  

II.5.1.2  Assessing publication bias in digital health 

Some previously published meta-analyses in digital health have assessed the impact of 

publication bias in reported effect estimates using the trim-and-fill method. While some 

research reported only the change in effect estimate size, other studies also reported the number 

of missing studies in their meta-analyses using the trim-and-fill method. For example, one 

study examined dropout rates from randomized controlled trials (RCTs) of smartphone 

applications for treating depressive symptoms. The overall percentage of dropouts was 26.2%. 

This percentage increased to 47.8% when publication bias was taken into account (Sutton and 

Higgins, 2008). The purpose of another meta-analysis was to evaluate the effectiveness of 

mobile-health (mHealth) treatments in increasing glycemic stability and quality of life in 

people with type 1 diabetes (T1D). Concerning publication bias in research that investigated 

glycemic stability, the trim and fill approach revealed that the corrected effect size was 0.41 by 

including two missing studies. Regarding publication bias in studies measuring life 

satisfaction, the trim-and-fill technique revealed that the corrected impact estimate was 0.25 

following the addition of two missing studies. Regarding publication bias, according to the 

trim-and-fill test, no missing studies should be added to the studies that investigated diabetic 

anxiety (Sutton and Higgins, 2008). The use of cell phone applications to support lifestyle 

modification in different diabetes subtypes was assessed in a meta-analysis. In spite of 

employing the trim and fill strategy to correct for publication bias after imputing four missing 

studies, the impact size remained statistically significant (Sutton and Higgins, 2008).  

II.5.1.3  Assessing publication bias outside the digital health domain 

One study aimed to define aromatherapy and sleep quality and to uncover the quantifiable 

effects of aromatherapy on adult sleep. Using the trim-and-fill technique, the effect size was 
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adjusted from 0.60 to 0.26 (Her and Cho, 2021). In some studies, only the adjusted effect size 

was reported. One meta-analysis examined the association between social support and mental 

health problems during pregnancy. The pooled odds ratio for low social support was 1.18 (95% 

CI: 1.01, 1.41) when the random-effects model was used to adjust for publication bias (Bedaso 

et al., 2021). On the other hand, some other meta-analyses simply stated that no significant 

difference in the magnitude of their effect sizes was found with the trim-and-fill method. 

Studies on the effects of music-based movement therapy on Parkinson's disease patients (Zhou 

et al., 2021) and effects of exercise in older persons (Schuch et al., 2016) concluded that no 

major differences were discovered using the trim and fill approach in the sizes of effect 

estimates.  

On the other hand, some other non-digital health meta-analyses have reported the number of 

missing studies and the change in the size of their effects (adjusted effect size). While a meta-

analysis comparing blood vitamin D levels in patients with systemic lupus erythematosus and 

healthy controls using the trim-and-fill method found no missing (imputed) studies and no 

changes in effect size (Islam et al., 2019), some other meta-analyses found. For example, meta-

analyses on the dose-response association between clinical frailty scale and mortality in 

patients with COVID -19 (Pranata et al., 2021) and thyroid autoimmunity during pregnancy 

and after delivery and on the association with postpartum depression (Minaldi et al., 2020) 

found two missing studies whose effect estimates minimally declined.  

II.5.2 Conclusions 

The assessment of publication bias is a customary component of the systematic literature 

review (SLR) process, and it continues to be a significant concern within both the digital health 

and non-digital health domains. However, there exists a research gap in the comparative 

analysis of publication bias between these two areas, leaving the question unanswered as to 

which domain is more susceptible to its influence. Therefore, it is imperative to conduct an 

investigation to discern and compare the extent of publication bias in these distinct research 

domains, ultimately enhancing our understanding of potential biases and their implications for 

evidence synthesis and decision-making. 
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III. RESEARCH HYPOTHESES 

 

 

The hypotheses of this thesis are listed below. Each hypothesis was tested in the chapters: 

III.1 Hypothesis I.  

Among systematic reviews of digital biomarkers identified in 2019-202 in the PubMed and the 

Cochrane library databases, in at least 95% of cases the population, intervention, outcomes, 

and digital biomarkers could be classified using ICD-11, ICHI, and ICF tools. 

The detailed information regarding this hypothesis is provided in chapter IV. To test H1, we 

calculated the 90% confidence interval for the proportion of “Yes” options. If the upper limit 

of the 90CI < 0.95, we reject H1 with one-tailed p<0.05. Rejection of H1 suggests that the 

WHO classification systems fail to full categorize digital biomarkers. 

III.2 Hypothesis II. 

The statistical power of direct DBMs-based studies is significantly higher than that of indirect 

DBMs. 

The detailed information about this hypothesis can be found in chapter (V). First, the statistical 

power of studies of the two groups were calculated using power analyses. Then, the normal 

distribution of the data was assessed using the Shapiro Wilk test. The independent sample t-

test or Mann Whitney U test were applied to test the hypothesis considering the normality or 

non-normality of the data. 

III.3 Hypothesis III.  

The methodological quality of DBM-based systematic reviews in a matched sample identified 

by PubMed is significantly lower than that of non-DBM or pharmaceuticals.  

The detailed information of this hypothesis can be found in chapter VI. First, the 

methodological quality of systematic reviews of the two groups were determined using the 

AMSTAR-2 tool, which are reported as quantitative variable between 1 and 16. Then, the 

normal distribution of the data was assessed using the Shapiro Wilk test. Considering the 

normality or non-normality of the data, the independent sample t-test or the Mann Whitney U 

test was applied to test the hypothesis.  
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III.4 Hypothesis IV.  

We hypothesized that in a matched sample of systematic reviews identified in the PubMed 

database, the proportion of meta-analyses of DBM-based interventions with low or very low 

quality evidence is higher than that of non-DBMs or drug-based interventions. 

The detailed information regarding this hypothesis is provided in chapter VII. First, the quality 

of evidence from the meta-analyses of the two groups was assessed using the GRADE 

instrument. If the quality of evidence of a meta-analysis is low or very low, a value of "yes" 

was assigned; otherwise, a value of "no" is assigned for the meta-analysis. The Fisher exact 

test was then applied to test the hypothesis. 

III.5 Hypothesis V.  

We hypothesized that in a matched sample of systematic reviews identified in the PubMed 

database, when using the trim and fill test for publication bias, the proportion of meta-analyses 

of digital biomarker-based interventions missing studies is higher than that of non-DBMS or 

drug-based interventions. The detailed information about this hypothesis has been provided in 

chapter VIII. First the number of missing studies in meta-analyses of the two groups were 

calculated using the trim and fill method. Then, the normal distribution of the data were 

assessed using the Shapiro Wilk test. Considering the type of normal distribution, the 

independent sample t-test or the Mann Whitney U test was applied to test the hypothesis. 

III.6 Hypothesis VI.  

We hypothesized that in a matched sample of systematic reviews identified in the PubMed 

database, when using the trim and fill test for publication bias, the difference between the 

calculated effect size and the adjusted effect size in meta-analyses of DBMs is significantly 

higher than that of non-digital biomarkers.  

The detailed information concerning this hypothesis can be found in chapter VIII. First the 

adjusted effect size of each meta-analysis in the two groups was calculated using the trim and 

fill method. Then, the change between the reported effect size in meta-analyses and adjusted 

effect size were measured. Then, the normal distribution of the data was assessed using the 

Shapiro Wilk test. Considering the normal or non-normal distribution of the data, the 

independent sample t-test or the Mann Whitney U test was applied to test the hypothesis. 
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IV. ESTABLISHING A CLASSIFICATION SYSTEM IN DIGITAL 

BIOMARKERS 

 

 

IV.1 Introduction 

 

In the practice of evidence-based medicine (EBM), it is generally recognized that the 

formulation of the research question is the most significant and vital aspect of research integrity 

(Eldawlatly et al., 2018). Most academics adhere to the PICO (population, intervention, 

comparison, and outcome) paradigm when formulating research questions and conducting 

literature reviews (Schardt et al., 2007; Farrugia et al., 2010).  This approach allows researchers 

to better integrate the many components of their research topic into a coherent whole 

(Snowball, Library and Hospital, 1997). It is common knowledge that the creation of a well-

focused research topic that includes well-articulated PICO components is the first step in 

designing a high-quality study (Oxman, 1993).  

As suggested in the literature review, the World Health Organization family of international 

classifications (WHO) is an integrated set of classifications that serve as a global language for 

health information and consists of three reference classifications: the International 

Classification of Diseases (ICD), the International Classification of Functioning, Disability and 

Health (ICF), and the International Classification of Health Interventions (ICHI) (Fung et al., 

2021). The use of ICD to classify illnesses has expanded dramatically in recent years (Harrison 

et al., 2021). ICF is widely recognized as the standard terminology and framework for defining 

human functioning on a worldwide scale (WHO, 2017a). For the purposes of statistics, quality, 

and payment, ICHI is also a standardized method for reporting and assessing health 

interventions among governments, service providers, managers, and researchers (WHO, 

2020b). Therefore, we conducted a review to assess the usability of ICD-11 (the most recent 

version of ICD) for categorizing disease domains, ICHI for categorizing interventions, and ICF 

for categorizing outcomes in systematic reviews of digital biomarker-based studies. As 

explained earlier, digital biomarkers are behavioral or physiological data. Therefore, we 

assessed the usability of the ICF tool for categorizing behavioral and physiological data in 

systematic reviews of digital biomarker-based studies, as this is a tool for the classification of 

functioning, disability and Health.  
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As shown in the literature, these tools are widely used in pharmacological studies and can be 

used to categorize populations, interventions, and outcomes. Therefore, this study hypothesized 

that these tools are capable of categorizing populations, interventions, outcomes, and 

behavioural or physiological data of systematic reviews of digital biomarker-based studies. IF 

the tools can be used in formulating the research questions in the style of PICO and categorizing 

behavioural/physiological data in the field of digital biomarker research, this will lead to 

integration of digital biomarker research and improve the quality of systematic reviews and 

meta-analyses in the field. 

IV.2 Methods 

This section is based on a research paper published at the JMIR mHealth and uHealth journal 

(Motahari-Nezhad et al., 2021). Digital biomarkers are behavioral/physiological data acquired 

by digital devices such as smartwatches (Nam et al., 2019), heart rate, physical activity, and 

number of steps, according to the definition (Babrak et al., 2019). In this research, digital 

biomarkers were defined as behavioral/physiological data and the digital devices used to assess 

them. Digital devices that do not objectively measure physiological or behavioural data were 

omitted from this investigation. For more information regarding the search strategies, inclusion 

and exclusion criteria, and screening, please refer to the published paper (Motahari-Nezhad et 

al., 2021). 

The individual studies that met the inclusion criteria within the identified systematic reviews 

(SRs) were extracted, and subsequent to the removal of duplicate records, the remaining studies 

were deemed eligible for final analysis. The ICD-11, ICHI, and ICF tolls were used to 

categorize populations, interventions, and outcomes, respectively. Digital biomarkers 

(behavioural/physiological data) was also categorized using the ICF tool.  

IV 2.2 Statistical analysis 

As explained, we hypothesized that in at least 95% of the cases populations, interventions, 

outcomes, and digital biomarkers can be categorized using ICD-11, ICHI, and ICF tools. For 

testing the hypothesis, we generate an indicator variable, which takes the value of 1 (“yes”) if  

A: All populations can be categorized using the ICD-11 tool AND  

B: All interventions can be categorized using the ICHI tool AND  

C: All outcomes can be categorized using the ICF tool AND  

E: All DBMs can be categorized using the ICF tool, otherwise 0 (No).  
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To test H1, we calculated the 90% confidence intervals for the proportion of “Yes” options. If 

the upper limit of the 90CI < 0.95, we reject H1 with one-tailed p<0.05. Rejection of H1 

suggests that the WHO classification systems fail to full categorize digital biomarkers.  

IV.3 Results 

IV.3.1 Search and screening results 

After conducting a thorough search on electronic databases, 31 systematic reviews were 

identified that met the inclusion criteria for digital biomarkers. We invite the readers to peruse 

our previously published article for a comprehensive exposition of the final studies that were 

included (Motahari-Nezhad, Fgaier, et al., 2022). Refer to figure 3 for further details regarding 

the search and screening process of the articles. 

 

Figure 3. PRISMA diagram of the selection and screening process for a classification system 

in DBMs 
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From these systematic reviews, a total of 335 single randomized controlled trials (RCTs) were 

extracted. After removing duplicates, 273 RCTs remained for the final analysis.  

IV.3.2 Classification of studies using the WHO tools 

The populations, interventions, and outcomes of these RCTs were examined to determine if 

they could be categorized using the World Health Organization (WHO) tools ICD-11, ICHI, 

and ICF, respectively. In addition, the digital biomarkers, which consist of both behavioral and 

physiological data, were also classified using the ICF tool. 

Out of the total 273 RCTs analysed, 35 studies had populations that could not be classified 

using the ICD tool, as these studies included non-clinical populations or healthy individuals 

without any specific clinical conditions (Jakicic et al., 2016; Rote, 2017). Additionally, two 

RCTs, their interventions including electronic health record (Ryu et al., 2017) and blood 

cholesterol monitoring (Thorndike et al., 2014; Lim et al., 2016), could not be categorized 

using the ICHI tool. 

Regarding outcomes, seven specific outcomes in thirteen RCTs, including motivation and 

adherence rate (Griauzde et al., 2019), number of ICD shocks (Lüthje et al., 2015), 

defibrillation energy requirements (Stevens et al., 1996), number of visits (Landolina et al., 

2012), depression and anxiety (Blough and Loprinzi, 2018), stroke and bleeding (Martin et al., 

2015), and rates of hospital admissions (Abraham et al., 2016), could not be coded using the 

ICF tool. 

However, all digital biomarkers, including both behavioral and physiological data, were able 

to be classified and coded using the ICF tool. Figure 4 shows the applicability of the WHO 

tools in categorizing population, intervention, outcome and digital biomarkers of the studies. 
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Figure 4. The applicability of WHO tools in categorizing the populations, interventions, 

outcomes, and digital biomarkers of the included RCTs. 

 

In accordance with the methodology, the confidence intervals of the variables were calculated 

at a 90% significance level. As presented in the tabulated data in table 1 and figure 5, the 

computed confidence intervals were determined to be higher than 0.95 for interventions, 

outcomes, and digital biomarkers. It is therefore evident from the outcomes that since the upper 

limits exceed 0.95, it may be reasonably inferred that the WHO tools including ICHI, and ICF 

are valid instruments for characterizing interventions, outcomes, and digital biomarkers 

separately  

Based on the findings of our analysis, it is determined that the upper confidence interval for 

populations does not exceed the threshold of 0.95. Consequently, this leads to the conclusion 

that the utilization of ICD-11 for the purpose of categorizing populations in studies is not 

feasible. Furthermore, when accounting for factors population, intervention, outcome, and 

digital biomarkers together in the analysis, the upper confidence interval is computed to be 

0.85, indicating a value lower than the established threshold of 0.95. As a result, it can be 

inferred that the tools provided by the World Health Organization lack the capacity to 

adequately address the formulation of populations, interventions, outcomes, and digital 

biomarkers together in studies related to digital biomarkers. Accordingly, based on the result 

we cannot accept the hypothesis that among systematic reviews of digital biomarkers identified 

in 2019-2020 in the PubMed and the Cochrane library databases, in at least 95% of cases the 
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population, and intervention, and outcomes, and digital biomarkers could be classified using 

ICD-11, ICHI, and ICF tools. 

 

Table 1. Usability of ICD-11, ICHI, and ICF Tools for Categorizing Populations, Interventions, 

Outcomes, and Digital Biomarkers 

 

Variable Observations Proportion Standard error 90% confidence 

intervals 

Population 273 0.87 0.02 0.84 – 0.9 

Intervention 273 0.99 0.005 0.98 - 1 

Outcome 273 0.95 0.013 0.93 – 0.97 

Digital biomarkers 273 1 0 1 - 1 

Overall 273 0.82 0.023 0.78 – 0.85 

 

 

 

Figure 5. Proportions and 90% confidence intervals for population, intervention, outcome, and 

digital biomarkers in terms of WHO usability in categorizing studies 
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IV.3.3 Additional analysis 

In light of the fact that 35 studies encompassed general populations without any disease or 

illnesses, we excluded such studies to ascertain the suitability of WHO tools in categorizing 

studies within the context of patients with specific illnesses. As a result, an upper limit was 

computed for the revised dataset, yielding a measurement of 0.96. Consequently, it can be 

deduced that the WHO tools possess the efficacy to classify populations, and interventions, and 

outcomes, and digital biomarkers within the subset of populations with specific illnesses, but 

WHO tools are not applicable in digital biomarkers including healthy people. 

IV.4 Discussion 

Based on the eligibility criteria, 273 RCTs met the inclusion criteria. The findings of this study 

demonstrated that the utilization of WHO tools for the formulation of digital biomarker studies 

is not applicable. Conversely, the analysis revealed that the WHO tools exhibit efficacy in 

categorizing the components of digital biomarker studies when conducted on populations with 

specific diseases (non-general populations). Given the rapid proliferation of digital biomarker 

health technologies (Coravos, Khozin and Mandl, 2019), which are predominantly utilized by 

the general public for preventative purposes (Park et al., 2019), it is noteworthy that the existing 

WHO tool, namely ICD-11, is not applicable to effectively categorize and account for such 

general populations. Consequently, there is a potential for enhancing the utility of WHO tools 

in formulating the components of DBM studies by developing a dedicated code within ICD-11 

specifically designed to address the general populations. 

Otherwise, this difficulty can result in incomplete syntheses of evidence. The swift introduction 

of digital health technologies creates the challenges associated with defining such technologies. 

Consequently, there is a pressing need to revise existing definitions and establish explicit 

evidentiary requirements to facilitate widespread adoption of these novel and innovative tools 

(Izmailova, Demanuele and McCarthy, 2023). Failure to address this issue can ultimately 

impede the generation of comprehensive evidence by these emerging technologies.  

The study found that all digital biomarkers, including behavioral and physiological data, could 

be classified and coded using the ICF tool. The ability to classify digital biomarkers using the 

ICF tool enables researchers and clinicians to document and analyse the relationship between 

digital biomarkers and health outcomes in a standardized and comprehensive manner, leading 

to the standardizations of the clinical research and can help to systematize the identification 

and use of different types of digital biomarkers in diagnosing, predicting and changing the 

health status of a wide range of populations with different clinical settings. The ubiquity of 
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digital biomarker technologies, including their rapid proliferation and broad adoption among 

various segments of the population, such as students (H-Jennings et al., 2016), office workers 

(Parry et al., 2013), and healthy adults (Croteau et al., 2007), highlights the rationale for this 

phenomenon. Furthermore, it should be noted that two interventions, including electronic 

health record and blood cholesterol monitoring, could not be categorized using the ICHI tool. 

In terms of outcomes, the ICF tool was unable to code seven specific outcomes, highlighting 

notable gaps in the existing tools. Accordingly, the developers of such tools should take into 

account these gaps and make necessary adjustments. 

These findings highlight the limitations and challenges of using standardized classification 

tools in clinical research and practice, especially in fast pacing clinical research field digital 

biomarkers (Coravos, Khozin and Mandl, 2019). As delineated in the literature review, 

alternative classification systems exist, such as the National Institute for Health and Care 

Excellence's (NICE) Evidence Standards Framework (ESF) (NICE, 2019) and the Ontology 

for telemedicine (Otto et al., 2020). Nevertheless, the WHO tools enjoy widespread use and 

global recognition for health classification and research, whereas the ESF and the Ontology for 

telemedicine have a narrower scope and are primarily employed in specific contexts.  

The adoption of a standardized terminology, such as the utilization of World Health 

Organization (WHO) tools, within the realm of digital biomarker research, can facilitate the 

application of deep learning methodologies for categorizing studies based on their Population, 

Intervention, Comparison, and Outcome (PICO) elements (Kang, Zou and Weng, 2019). This 

harmonization of language and frameworks enhances the compatibility between digital 

biomarker research and advanced computational techniques, enabling more efficient and 

accurate classification and analysis of studies. 

IV.4.1 Strengths and limitations 

The process of selecting systematic reviews (SRs) pertaining to digital biomarkers involved 

two independent reviewers, while a singular reviewer conducted a unified classification of 

individual studies within the selected SRs. Although the study has provided some insights into 

the utility of the WHO tools for categorizing digital biomarkers, there are some limitations that 

should be acknowledged. First, the study only focused on systematic reviews of digital 

biomarkers published in two years 2019 and 2020. Moreover, double coding using the WHO 

tools could improve the robustness.  
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IV.4.2 Conclusion 

Digital biomarkers are predominantly employed in populations without pre-existing health 

conditions, and existing classification systems often lack coverage for healthy populations, 

particularly those at risk. Conversely, the World Health Organization (WHO) tools 

demonstrated effective classification of PICO (Population, Intervention, Comparison, and 

Outcome) statements for studies involving individuals with illnesses. In the rapidly evolving 

digital landscape, the establishment of a standardized classification system holds significant 

importance for medical decision-makers and payers. 
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V. COMPARING THE STATISTICAL POWER OF DIRECT AND INDIRECT 

DBMs  

 

 

V.1 Introduction 

Inadequate statistical power indicates that the study lacks the requisite power to detect 

significant effects (Pigott and Polanin, 2020). This deficiency can lead to a study that yields 

findings that do not accurately reflect the true magnitude of the impact, resulting in 

questionable outcomes (Nord et al., 2017). Moreover, a low statistical power increases the risk 

of type II errors, which arise when a study erroneously accepts a false null hypothesis (Pigott 

and Polanin, 2020). This situation can lead to wastage of resources and missed opportunities 

for identifying genuine effects that could be of use. Furthermore, a low statistical power may 

affect the generalizability of the results by producing a sample size that does not represent the 

population under investigation. Hence, researchers, organizations, and healthcare service 

providers intending to assess the efficacy of a digital device, whether utilizing direct or indirect 

digital biomarkers, should consider the requisite sample size before conducting the study 

(Ebrahim Valojerdi, Tanha and Janani, 2017), to ensure the production of valid and robust 

outcomes (Martínez-Mesa et al., 2016). On the other side, enrolling participants and patients 

beyond the optimal threshold in a study leads to a squandering of valuable time and resources 

(Button et al., 2013). 

There are two types of data that are measured using digital devices: physiological data and 

behavioral data, which can be considered as direct and indirect interventions, respectively. 

Direct interventions are interventions that directly affect the physiological characteristics of a 

patient population, whereas indirect interventions affect the behavioral characteristics of a 

population (Meerwijk et al., 2016). For example, in the field of digital biomarkers, implantable 

cardiac defibrillators (ICDs) (Mahdi Abid et al., 2022), which directly set patients' heart 

rhythms as physiological characteristics, are referred to as direct interventions, whereas 

physical activity trackers such as Fitbit (Ringeval et al., 2020), which only measure 

physiological parameters such as heart rate and step count, are categorized as indirect 

interventions because they only measure behavioral human parameters. Indirect digital 

biomarkers introduce several layers of uncertainty, encompassing factors such as individuals' 

comprehension and response to the generated signal. Conversely, direct digital biomarkers 

circumvent the need for additional human factors. Furthermore, direct digital biomarkers 
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assume a higher-risk category due to interventions carried out by machines rather than 

healthcare professionals. Therefore, studies involving direct digital biomarkers may exhibit 

more meticulous planning and stringent methodologies and we hypothesised that direct digital 

biomarkers would possess greater statistical power compared to their indirect counterparts. 

Because of the importance of DBM studies for medical decision making and the importance of 

assessing the power of these studies, we conducted a study to evaluate the statistical power of 

studies of digital biomarkers and to compare the statistical power between direct and indirect 

digital biomarkers to determine which type of digital biomarkers has more power and which 

type of digital biomarkers has too little power.  Determining and comparing the power of direct 

and indirect digital biomarkers will inform clinical researchers and health policy makers about 

how statistically powerful these studies are and how direct and indirect digital biomarkers differ 

in terms of statistical power.  

V.2 Methods 

This research is based our article published in the Journal of Medical Internet Research. For 

further details regarding the search strategies, screening, inclusion and exclusion criteria refer 

to the published paper (Hossein Motahari-Nezhad, Al-Abdulkarim, et al. 2022). The individual 

studies included in the meta-analyses identified through systematic reviews (SRs) were 

extracted, and subsequent to the removal of duplicate records, were divided into two categories 

direct and indirect DBMs and their statistical power was calculated. 

V.2.1 Power calculations 

For continuous outcomes, the pooled standard deviation was calculated using Formula 1 in 

Appendix I when the means for the two groups were presented initially. Subsequently, 

employing Formula 2 in Appendix I (Cohen's d formula), the effect size was computed. 

Furthermore, employing Formula 3 in Appendix I and utilizing the pwr package in the R 

programming language, the statistical power was calculated. In cases where only Cohen's d 

was reported in a study, Formula 4 was employed to estimate the power. As for dichotomous 

outcomes, the STATA package Power formula 5 was utilized. All power calculations were 

performed considering a 95% confidence levels and an alpha value of 0.05. 

V.2.2 Statistical analysis 

To test the hypothesis, the average of statistical power of the direct and indirect DBMs was 

calculated and compared. In this section, we hypothesized that the statistical power of direct 

DBMs is significantly higher than that of indirect DBMs. To test the hypothesis, we first test 
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the normal distribution of the data between the two groups using the Shapiro Wilk test with 

95% confidence intervals. In case of the normal distribution of the data in the two groups, a 

parametric two independent sample t-test was employed. Otherwise, a non-parametric Mann 

Whitney U test with 95% confidence intervals was used. 

V.3 Results 

V.3.1 Search and screening results 

All in all, 25 SRs met the inclusion criteria. In the subsequent phase, the individual specific 

studies comprising a total of 273 DBM- based articles were extracted from the eligible SRs. 

Figure 6 shows the search and screening process of the articles. 

 

Figure 6. PRISMA diagram for selecting/screening process of direct and indirect DBMs 

 

V.3.2 Power analysis 

The identified digital biomarker based studies were categorized as direct or indirect 

interventions. Direct digital biomarkers-based interventions represented 16.5% or 45 of the 
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total studies, while indirect digital biomarkers accounted for 83.5% or 228 studies. The 

statistical power of each study was calculated and reported as a measure between 0 and 1. 

The mean power of the direct and indirect digital biomarker-based studies were estimated as 

shown in table 2. For the direct digital biomarkers, the mean power was calculated to be 0.47 

(SD=0.34).  For the indirect digital biomarkers, the mean power was reported to be 0.44 

(SD=0.34). 

 

Table 2. Mean power of studies of direct and indirect digital biomarkers 

 

Type of study Frequency Mean Standard 

deviation 

Ranges 

Direct digital biomarkers 45 0.47 0.34 0.05 - 1 

Indirect digital biomarkers 228 0.44 0.34 0.05 - 1 

 

V.3.3 Normal distribution 

The present study employed the Shapiro-Wilk W test to assess the normality of the power 

variable within two categories of digital biomarkers, direct and indirect. For the direct digital 

biomarkers, a sample of 45 observations was examined, resulting in a W value of 0.94, a 

corresponding z-score of 2.02, and a probability of 0.022. This outcome indicates a significant 

deviation from normality within the power variable for the direct digital biomarkers. Similarly, 

the indirect digital biomarkers were investigated using the same methodology, with 228 

observations being subjected to the Shapiro-Wilk W test. The obtained W value of 0.91, 

accompanied by a z-score of 6.15 and a probability of 0.000, corroborated significant non-

normality within the power variable for this subgroup of digital biomarkers. Therefore, the 

findings unequivocally indicate that the power variable does not conform to a normal 

distribution for either the direct or indirect digital biomarkers. See table 3 for further details. 

Figure 7 also visualizes the histogram graph of power of direct and indirect digital biomarkers. 
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Figure 7. Histogram of power variable in studies of direct and indirect digital biomarkers 
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Table 3. Normal distribution testing of power variable in the studies of direct and indirect 

DBMs 

 

Type of studies Observations W Z-score P-value 

Direct digital 

biomarkers 

45 0.94 2.02 0.022 

Indirect digital 

biomarkers 

228 0.91 6.15 0.000 

Total 273  

 

V.3.4 Statistical analysis 

According to the non-normal distribution of power variable, a Wilcoxon rank-sum (Mann-

Whitney) test was employed to compare the power between two categories of digital 

biomarkers, namely direct and indirect.  

The null hypothesis that the power in the direct digital biomarkers is equal to that in the indirect 

digital biomarkers was tested. The probability of the test was reported as 0.61, suggesting a 

lack of statistical significance in the difference between the two groups (table 4). Therefore, 

the Wilcoxon rank-sum test demonstrated no significant differences in the power between the 

direct and indirect categories of digital biomarkers and we reject this hypothesis at significance 

level 95% and conclude that there is no significant difference in statistical power between direct 

and indirect digital biomarker-based studies. Therefore, we reject the hypothesis that the 

statistical power of direct digital biomarker-based studies is significantly higher than that of 

indirect digital biomarkers in a sample of systematic reviews identified using PubMed and the 

Cochrane library in 2019-2020. 

 

Table 4. The results of Rank sum test to determine the difference between the powers of the 

two groups 

 

Type of studies Ranks sum Expected Adjusted 

variance 

Z-score P-value 

Direct digital 

biomarkers 

6411.5 6165 233527.75 0.51 0.61 

Indirect digital 

biomarkers 

30989.5 31236 
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V.3.5 Additional analyses 

V.3.5.1 Grouping studies according to their power level 

Given that a power level of 0.8 is conventionally considered the minimum threshold for an 

optimal study power (Serdar et al., 2021), we classified the studies into three distinct 

categories. The first group, denoted as "underpowered studies," comprises those studies whose 

power falls below 0.8. The second group encompasses studies with power values ranging 

between 0.8 and 0.9, representing the range considered as the optimal power level. We refer to 

this category as the "optimum power" group. Lastly, the third group encompasses studies 

exhibiting power levels exceeding 0.9, which we designate as the "excess-powered studies" 

group. As observed in figure 8, the distribution of power levels in both the direct and indirect 

digital biomarker groups exhibits an equivalent pattern. In both groups, a substantial proportion 

of studies, accounting for approximately 75%, demonstrate an underpowered nature. 

Furthermore, a relatively small percentage of studies in both groups display an optimal power 

level. Additionally, the occurrence of studies with excess power is comparable, comprising 

22.22% (10/45) for direct digital biomarkers and 17.98% (41/228) for indirect digital 

biomarkers. 

 

Figure 8. The distribution of power types in direct and indirect DBMs  

 

V.3.5.2 Statistical power of meta-analyses 

As an additional analytical step, we also conducted an evaluation of the statistical power of 

meta-analyses to investigate potential distinctions between the two groups. Initially, we 



 51 

extracted 95 meta-analyses from the eligible systematic reviews, which were subsequently 

categorized into direct and indirect groups. Subsequently, the statistical power of each meta-

analysis was computed using R programming language. Refer to appendix I for further details 

regarding statistical power calculations of meta-analyses. The outcomes revealed that the 

reported statistical power of meta-analyses for direct and indirect digital biomarkers was 0.87 

(SE=0.064) and 0.81 (SE=0.036), respectively. Subsequently, we examined the normality of 

the power distribution for both direct and indirect digital biomarker groups using the Shapiro-

Wilk test. The results indicated that neither group followed a normal distribution (p-values < 

0.05). Consequently, the Wilcoxon rank-sum test was employed to explore potential significant 

differences between the statistical power of meta-analyses for direct and indirect digital 

biomarkers. The findings further supported the absence of any significant difference between 

the statistical power of meta-analyses for direct and indirect digital biomarkers (p-value > 

0.05).  

V.4 Discussion 

The results of this investigation indicate that there exists no statistically significant distinction 

in the magnitude of statistical power between studies conducted on direct and indirect digital 

biomarkers. Consequently, our examination did not yield evidence to support the hypothesis 

hypothesizing a markedly superior statistical power for studies focusing on direct digital 

biomarkers when compared to those on indirect digital biomarkers.  

The present study demonstrated comparable statistical power between direct digital biomarker 

studies, mainly focused on implantable cardiac defibrillators, and indirect digital biomarker 

studies, primarily utilizing wearable activity trackers. The findings further revealed that the 

mean power values of both direct and indirect digital biomarkers were 0.47 and 0.44, 

respectively, indicating a relatively low power for both types of biomarkers on average. The 

further data analysis also indicated that the majority of studies focusing on both direct and 

indirect digital biomarkers were categorized as underpowered investigations. This situation can 

lead to wastage of resources and missed opportunities for identifying genuine effects that could 

be of use. Insufficient statistical power can also exacerbate the issue of publication bias, as 

underpowered studies are more prone to yielding non-significant results. Consequently, these 

studies face a higher likelihood of remaining unpublished (Nair, 2019). However, in cases 

where study results are statistically significant, smaller studies tend to be published, thereby 

introducing the potential for the small-study effect to manifest in subsequent meta-analyses. 
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Hence, researchers, organizations, and healthcare service providers intending to assess the 

efficacy of a digital device, whether utilizing direct or indirect digital biomarkers, should 

consider the requisite sample size before conducting the study (Ebrahim Valojerdi, Tanha and 

Janani, 2017), to ensure the production of valid and robust outcomes (Martínez-Mesa et al., 

2016). Failure to do so not only results in the inefficient allocation of time and resources but 

also undermines the ability to adequately establish the efficacy of the service, potentially 

leading to adverse implications for healthcare systems (Button et al., 2013). Based on the 

results, a mere fraction of direct and indirect digital biomarkers demonstrated optimal power, 

while one-fifth of studies utilizing both types of biomarkers exhibit excessive power. Enrolling 

participants and patients beyond the optimal threshold in a study leads to a squandering of 

valuable time and resources. Hence, researchers and managers in the digital biomarker 

industries should adhere to an optimal power range of 0.8-0.9, while avoiding power levels 

exceeding 0.9, to effectively allocate time and resources (Button et al., 2013). 

In the context of digital biomarkers, it is therefore crucial to implement adequate sample sizes 

and rigorous study designs that ensure the research findings possess sufficient statistical power 

to detect meaningful effects. This will enhance the quality of evidence pertaining to digital 

biomarkers, empowering physicians to make more confident and evidence-based decisions in 

the best interest of their patients. In the latter section of this chapter, an examination was 

conducted to evaluate the statistical power of meta-analyses in light of the low power observed 

in both direct and indirect digital biomarker studies, alongside the absence of a significant 

difference between them. The findings revealed that, on average, the statistical power of meta-

analyses for both direct and indirect digital biomarkers reached an optimal level. Moreover, 

there was no substantial disparity between the two types. Adequate meta-analyses have the 

potential to mitigate the issue of low statistical power inherent in individual studies. However, 

the attainment of reliable and robust conclusions necessitates several key factors: robust PICO 

(Population, Intervention, Comparison, and Outcome) classification for comparable 

technologies, stringent methodological quality, and crucially, the absence of publication bias 

within the field of investigation. 

There is a research gap regarding the assessment of statistical power in meta-analyses in digital 

health, with limited studies conducted in this area. For example, one study aimed to investigate 

the effects of a tablet-based cognitive rehabilitation program on cognitive function, cognitive 

complaints, fatigue, and psychological distress in primary brain tumor patients. A power 

analysis was conducted to determine the minimum required sample size, revealing limitations 
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in the statistical power of the study (van der Linden et al., 2021). While individual studies on 

direct and indirect digital biomarkers exhibited, on average, low power, the synthesis of these 

studies in meta-analyses effectively bolstered statistical power.  

V.4.1 Strengths and limitations 

The present study represents the initial attempt to evaluate the statistical power of the two 

primary categories of digital health intervention. To date, there has been no clear understanding 

of the contrast in statistical power between the two groups, and this study serves to bridge this 

research gap. 

The present study also has some limitations that need to be considered. The study sample was 

restricted to systematic reviews published in PubMed and the Cochrane library in 2019-2020. 

Hence, the generalizability of the findings to other databases and time periods may be limited.  

V.4.2 Conclusion 

In light of their divergent mechanisms of action, it is recommended that researchers and 

healthcare industries adopt a new classification for digital biomarker technologies, 

distinguishing between direct and indirect types and they were regulated differently. When 

commencing clinical investigations to assess the efficacy of these technologies as 

interventions, it is imperative for researchers and healthcare industries to ensure an optimal 

power ranging from 0.8 to 0.9. While straying below 0.8 devastates the validity of the findings, 

exceeding 0.9 unnecessarily squanders time and budgetary resources. Recognizing the 

underpowered nature of individual clinical studies pertaining to digital biomarkers, physicians 

should not rely solely on such investigations. Instead, our evaluation accentuates the 

significance of consulting meta-analytic results, as these evidence syntheses enhance the 

statistical power of the study, which applied to both direct and indirect digital biomarkers. 
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VI. METHODOLOGICAL QUALITY OF SYSTEMATIC REVIEWS OF 

DIGITAL BIOMARKERS COMPARED WITH SYSTEMATIC REVIEWS 

OF NON-DIGITAL BIOMARKERS OR PHARMACEUTICALS 

 

 

VI.1 Introduction 

Optimal systematic review establishment, using best practices to reduce bias in data collection, 

assessment, and summarization, is essential for researchers to understand whether or not they 

can trust the results (Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page MJ, 2022c).  

The development of systematic reviews over the past decades has raised concerns that the 

exponential growth in the number of published systematic reviews may have contributed to an 

increase in the amount of information that needs to be processed (Bastian, Glasziou and 

Chalmers, 2010b; Fuhr and Hellmich, 2015; Tebala, 2015; Ioannidis, 2016). Due to the rapid 

expansion in the field, we assumed that methodological quality of digital biomarker systematic 

reviews may be compromised.  

According to our recently published article, most systematic reviews of digital biomarkers 

relate to cardiovascular diseases and physical activity (Motahari-Nezhad et al., 2021). The 

mostly used digital biomarker for cardiac diseases was implantable cardiac defibrillators 

(ICDs) and mostly used digital biomarkers for physical activity was wearable activity trackers. 

On the other hand, there are some other interventions (non-digital biomarkers) for 

cardiovascular diseases and physical activity. However, the quality of systematic reviews of 

digital biomarkers compared with those of non-digital biomarkers is unclear. To our 

knowledge, there have been no published studies that systematically compared the quality of 

systematic reviews of digital biomarker-based interventions with that of non-digital 

biomarkers. Therefore, with this study, we aimed to determine the difference between the 

methodological quality of systematic reviews of digital biomarker-based interventions and 

non-digital biomarkers. In the absence of official standards and definitions for digital 

biomarkers, this study assumed that the methodological quality of systematic reviews of non-

digital biomarkers is higher than that of digital biomarkers. The results of this research will 

inform researchers in the field of digital biomarkers and highlight the weaknesses and positive 

points of systematic reviews of digital biomarker-based interventions compared to non-digital 
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biomarkers in terms of methodological quality, leading to better medical decision making 

utilizing digital biomarkers. 

VI.2 Methods 

VI.2.1 Search strategy for finding ICD-based systematic reviews 

To find systematic reviews of ICD-based interventions for heart failure reporting mortality 

outcomes, a comprehensive search of the PubMed electronic database was performed  

VI.2.1.1 Screening and selection of studies 

The titles/abstracts of the retrieved documents were screened according to the following 

criteria: 

1. English language 2. Human studies 3. Systematic review. 

The full texts of the remaining studies were then screened to identify the final eligible 

systematic reviews based on the following factors: 

1. Study design: systematic review of randomized controlled trials (RCTs) with meta-analysis. 

2. Population: all patients with heart failure with all other clinical conditions. 

3. Intervention: implantable cardiac defibrillator 4. Comparison group: all type of comparators 

(non-ICDs) 5. Outcomes: Mortality in patients with heart failure. 

6. Human study of any age group and gender. 

VI.2.2 Search strategy for finding non-DBMS or drug-based systematic reviews 

After doing full-text screening and determining the exact number of eligible studies, a similar 

search was conducted to find non-DBMs or drug-based interventions in heart failure patients 

with the same number of included studies. 

To identify non-DBMs or drug therapies in patients with heart failure, another PubMed search 

was conducted and time of the search was unrestricted: 

VI.2.2.1 Screening and selection of studies 

The retrieved results were sorted by best match and their titles/abstracts and full texts were 

screened from the beginning one by one to find eligible studies that met the following inclusion 

criteria: 

1. English language 2. Human studies 3. Systematic review 4. Study design: systematic review 

of randomized controlled trials (RCTs) with meta-analysis. 

5. Population: all patients with heart failure. 
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6. Intervention: all non-DBMS or drugs for patients with heart failure 4. Comparison group: 

all kinds of comparators 5. Outcomes: Mortality in patients with heart failure. 

6. Human study for any age group and gender. 

VI.2.3 Search strategy for finding activity tracker-based systematic reviews 

To find systematic reviews of activity tracker-based interventions, a search in PubMed was 

performed. 

VI.2.3.1 Screening and selection of studies 

The inclusion criteria:  

1. English language 2. Human studies 3. Systematic review 4. Study design: systematic review 

of randomized controlled trials (RCTs) with meta-analysis. 

5. Population: all patients with any clinical condition. 

6. Intervention: wearable activity trackers 7. Comparison group: all types of comparators 5. 

Outcome: weight. 

8. Human study of any age group and sex. 

VI.2.4 Search strategy for finding non-activity tracker-based systematic reviews 

After doing full-text screening and determining the exact number of eligible studies, a similar 

search was conducted to find non-digital biomarker-based interventions in patients with the 

same number of included studies. To be able to find their non-DBMs or pharmaceutical 

matches, weight outcomes was considered as the comparable outcome.  

VI.2.4.1 Screening and selection of studies 

The following factors were considered as the inclusion criteria: 

1. English language 2. Human studies 3. Systematic review 4. Study design: systematic review 

of randomized controlled trials (RCTs) with meta-analysis. 

5. Population: all patients with any clinical condition. 

6. Intervention: non-activity trackers or drugs 7. Comparison group: all types of comparators 

5. Outcome: weight. 

8. Human study of any age group and sex. 

For detailed information regarding the search strategies please, refer to appendix II.  
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VI.2.5 Statistical analysis 

The methodological quality of the included systematic reviews was assessed using the 

AMSTAR-2 tool (Shea et al., 2017b). AMSTAR-2 is a recognized and reliable 16-question 

tool for evaluating the methodological quality of systematic reviews of health care treatments 

(Shea et al., 2017b; Lorenz et al., 2019).  

After assessing the methodological quality of the included systematic reviews using the sixteen 

AMSTAR-2 questions, the methodological quality rating of each study was determined by 

calculating the number of "yes" answers to the sixteen AMSTAR-2 questions, as this strategy 

has been used in numerous related studies (Pieper et al., 2018). To test the hypothesis, we first 

test the normal distribution of the data between the two groups using the Shapiro Wilk test with 

a 95% confidence intervals and the P-value was used to decide if the data follows a normal 

distribution. 

After checking the normal distribution of the data between the two groups, a two sample t-test 

was used to test the hypothesis. 

VI.3 Results  

VI.3.1 Search and screening results 

The search identified 67 documents, which resulted in 20 eligible systematic reviews that 

provided a meta-analysis of the effect of ICD on mortality in heart failure patients. 

Subsequently, a search was conducted to identify non-DBMS or drug-based interventions that 

shared the same populations and outcomes as the ICD studies. Please refer to appendix II for 

further details.  

Following screening and checking based on the inclusion criteria, 14 systematic reviews were 

also selected as wearable activity trackers out of 44 identified studies. For more information, 

refer to appendix II. Ultimately, 20 ICD-based and 14 wearable activity tracker-based 

systematic reviews with their drug-based peers were included in the final data analysis and 

their methodological quality was assessed. 

VI.3.2 Methodological quality 

The mean overall grade of methodological quality for digital biomarkers was 9.80 (SE = 0.41, 

95% CI = 8.95-10.63), while the mean overall grade of methodological quality for drug-based 

systematic reviews was 9.76 (SE = 0.33, 95% CI = 9.1-10.43). Refer to table 5 for more 

information. 
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Table 5. Mean methodological quality of digital biomarker-based and non-digital biomarker or 

pharmaceutical intervention systematic reviews 

 

Type of systematic review Mean Standard error 95% confidence intervals 

Digital biomarkers 9.80 0.41 8.95 --  10.63 

Pharmaceuticals or non-digital 

biomarkers 

9.76 0.33 9.1 – 10.43 

 

VI.3.3 Normal distribution 

To assess the normality of the digital biomarkers and non-digital biomarkers or drug-based 

systematic reviews' methodological quality, the Shapiro-Wilk W test was performed. For the 

digital biomarkers group, the test revealed a W value of 0.98 (p = 0.80), indicating that the 

distribution of overall grades in this group does not significantly depart from normality. 

Similarly, for the other group, the W value was 0.95 (p = 0.13), confirming that the distribution 

of overall grades in this group is also not significantly non-normal. For further information, 

refer to the following table. 
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Figure 9. Normal distribution of methodological quality in digital biomarkers and non-digital 

biomarkers or pharmaceuticals systematic reviews 

 

VI.3.4 Statistical analysis 

According to the normal distribution testing results, a two-sample t-test was conducted to 

compare the mean methodological quality of the two groups. The results revealed that the 

difference between the means was 0.15, showing that the digital biomarkers had a slightly 

higher mean methodological quality than the non-digital biomarker group. The test statistic, t 

= 0.29 with 66 degrees of freedom, was calculated, along with the p-value of 0.61. This 

suggests that there is no statistically significant difference between the mean methodological 

qualities of the two groups at the 0.05 significance level. Therefore, the null hypothesis that the 
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mean methodological quality for the digital biomarkers and non-digital biomarkers or drug-

based systematic reviews groups are the same cannot be rejected. According to the results, we 

cannot accept the hypothesis that the methodological quality of digital biomarker-based 

systematic reviews is significantly lower than that of non-digital biomarker or pharmaceuticals. 

VI.3.5 Additional analyses 

In order to conduct further analysis, the AMTAR website was employed to evaluate the overall 

methodological quality of the systematic reviews. Based on the aforementioned analyses, no 

statistically significant disparity in methodological quality was observed between systematic 

reviews focused on digital biomarkers compared to those cantered on non-digital biomarkers 

or drug interventions. Subsequent assessments also revealed that the majority of included 

systematic reviews in both groups exhibited critically low levels of methodological quality, as 

depicted in figure 10. For additional details pertaining to the methodological quality of the 

included systematic reviews, please refer to Appendix III. 

 

MQ: Methodological quality, CL: Critically low methodological quality, L: Low methodological quality, M: 

Moderate methodological quality, H: High methodological quality. 

 

Figure 10. The methodological quality of the included SRs using the AMSTAR-2 tool 

 

VI.4 Discussion 

The purpose of this chapter was to investigate whether the methodological quality of digital 

biomarker-based systematic reviews, identified through PubMed, is significantly inferior to 
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non-digital biomarker or pharmaceuticals. The study examined thirty-four digital-biomarker-

based systematic reviews alongside thirty-four non-digital biomarker or drug-based systematic 

reviews for comparative analysis. The results indicated that there was no statistically significant 

difference between the mean methodological qualities of the two groups.  

The findings of this study provide confirmatory evidence that the methodological quality of 

systematic reviews of digital biomarkers does not differ significantly from that of non-digital 

biomarkers or pharmaceuticals. The field of pharmaceutical research boasts a longstanding 

historical foundation and a well-regulated framework that governs the conduct of clinical trials 

and the evaluation of drug efficacy and safety. Stringent regulatory processes, overseen by 

regulatory bodies such as the Food and Drug Administration (FDA) (FDA, 2022) and the 

European Medicines Agency (EMA) (EMA, 2020), contribute to the establishment of high-

quality standards in systematic reviews pertaining to drug-related research. Conversely, digital 

health technologies, including the relatively new domain of digital biomarkers, have gained 

considerable prominence in recent years, promising innovative prospects for healthcare 

delivery. Given its nascent status, research within this domain is characterized by rapid 

advancements, diverse study designs, and varying degrees of regulatory oversight. 

Furthermore, the findings also indicate that researchers and reviewers in both domains operate 

in a comparable manner, highlighting the absence of significant differences between them. 

Besides, the findings revealed that although there was no discernible distinction in the 

methodological quality of systematic reviews of digital biomarkers and non-digital biomarkers 

or pharmaceuticals, a prevailing observation across both groups was the prevalence of critically 

low methodological quality. This suggests that caution should be exercised when relying on 

these systematic reviews to furnish an accurate and comprehensive evidence synthesis of the 

existing body of literature (Shea et al., 2017a). Furthermore, the findings from our preceding 

chapter have revealed a deficiency in statistical power among digital biomarker studies. 

Consequently, the significance of high-quality systematic literature reviews (SLRs) becomes 

even more crucial. However, these studies suffer from inherent limitations in methodological 

quality as was discovered in this chapter. In the presence of smaller-scale studies characterized 

by high methodological quality, there exists an opportunity for collaboration among smaller 

companies to generate robust evidence supporting the integration of their technologies into 

clinical settings. Conversely, when systematic literature reviews (SLRs) exhibit critically low 

methodological quality, the prospects of such collaborative efforts and subsequent market 

acceptance are diminished, thereby impeding the timely adoption of these technologies in 
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medical practice. Several influential factors contribute to the critically low methodological 

quality observed in systematic reviews encompassing both digital biomarkers and non-digital 

biomarkers, necessitating consideration from researchers, reviewers, and regulators within both 

domains. An imperative aspect entails conducting a comprehensive search across multiple 

electronic databases to ensure the inclusion of all available literature, as only a limited number 

of systematic reviews in both groups met the criteria for fulfilling this particular requirement 

outlined in the AMSTAR-2 tool. Inadequate search strategies may introduce bias, as 

incomplete searches may overlook numerous relevant studies, consequently depreciating the 

validity of the results and may lead to publication bias (Murad et al., 2018). This importance 

is accentuated within the realm of digital biomarkers, where the absence of a unified and well-

established definition necessitates careful consideration of search strategies (Zrubka et al., 

2021).  

A notable AMSTAR-2 criterion that a majority of the systematic reviews included in both the 

digital biomarkers and non-digital biomarkers domains failed to satisfy is the consideration of 

the impact of risk of bias in the included studies and its influence on the review's findings (Shea 

et al., 2017a). The inclusion of studies with a high risk of bias can potentially undermine the 

validity of the results obtained in these reviews (Frampton et al., 2022). Addressing this 

concern is of paramount importance within the context of systematic reviews, yet a substantial 

portion of the systematic reviews examined in this study did not meet this criterion. In the 

existing literature, several studies have assessed the methodological quality of systematic 

reviews in various areas of digital health. However, to date, no study has directly compared the 

methodological quality of systematic reviews of digital health interventions with that of 

pharmaceuticals. For example, several published articles have reported low or critically low 

methodological quality in various areas of digital health, including the effect of telemonitoring 

therapies in patients with chronic obstructive pulmonary disease (COPD) (Li et al., 2020), 

digital health interventions (DHIs) in palliative care (Finucane et al., 2021), e-health and m-

health interventions aimed at changing weight, physical activity, alcohol consumption, and 

smiling behavior (Jamshidi, Heyvaert and Van den Noortgate, 2017; Gold et al., 2021), as well 

as digital mental health (Villarreal-Zegarra et al., 2022) and implantable cardiac defibrillator-

related infection (Motahari-nezhad, Miribonjar and Sadeghdaghighi, 2022). A limited number 

of studies have reported on the methodological quality of systematic reviews in digital health 

interventions. These studies have revealed that most of the systematic reviews exhibit moderate 

or high methodological quality, which is inconsistent with the results of our research. For 
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example, a systematic review assessing the methodological quality of systematic reviews on e-

health technologies for vaccination practices found that a majority of the reviews exhibited 

moderate methodological quality (Dumit et al., 2018). The assessment of methodological 

quality of systematic reviews of pharmaceuticals has been carried out in several studies, which 

have reported similar findings. These studies have shown that a significant proportion of 

systematic reviews of pharmaceuticals have low and critically low methodological quality, as 

demonstrated by studies on traumatic dental surgery (Magno et al., 2020), childhood caries 

(Soares et al., 2021), and chronic pain relief (Bussadori et al., 2020). 

VI.4.1 Strengths and limitations 

The study has several limitations that need to be acknowledged. Firstly, the study only focused 

on two types of digital biomarkers (i.e., implantable cardiac defibrillators and wearable activity 

trackers) and their methodological quality compared to non-digital biomarkers or drug-based 

interventions. The results may not be generalizable to other types of digital biomarkers or 

medical interventions. Secondly, the study only included systematic reviews identified through 

PubMed, which may not be representative of all available systematic reviews on the topics. 

The present study boasts several strengths. To our knowledge, this is the first study to examine 

the methodological quality of systematic reviews cantered on digital biomarkers in comparison 

with their non-digital or pharmaceutical counterparts.  

VI.4.2 Conclusion 

The development of rigorous standards in pharmaceutical development (FDA, 2023) has likely 

influenced the creation of guidelines for systematic reviews of digital health. These guidelines 

commonly incorporate stringent criteria for study design, participant selection, outcome 

measures, and statistical analysis, ensuring that systematic reviews of pharmaceuticals are 

executed using meticulous methodology. Conversely, the field of digital biomarkers is still in 

its early stages and is rapidly evolving, leading to potential variations in the methodological 

quality of systematic reviews (Iqbal and Biller-Andorno, 2022). Unlike pharmaceuticals, which 

possess well-established standards for study design and reporting (FDA, 2023), the field of 

digital biomarkers is still establishing best practices for conducting studies and synthesizing 

evidence, while the findings of this study demonstrate that there is no significant difference in 

the methodological quality of systematic reviews between pharmaceuticals and digital 

biomarkers. Secondly, the distinct characteristics of digital biomarkers may pose unique 

challenges for conducting systematic reviews. Digital biomarkers can be derived from a 

multitude of sources, such as wearables (Ferguson et al., 2022), implantables (Anantha 
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Narayanan et al., 2017), portable devices, mobile applications, and other digital platforms 

(Motahari-Nezhad, Fgaier, et al., 2022). These sources may differ in their data quality, 

accuracy, and reliability, which can make it challenging to synthesize the evidence in a 

meaningful and comprehensive manner (Mukherjee et al., 2022). Furthermore, the nature of 

digital health interventions and biomarkers makes blinding in clinical studies difficult or 

impossible to achieve (Monaghan et al., 2021). As a result, there may be inconsistencies in the 

quality of studies and data sources, which can affect the overall methodological quality of 

systematic reviews of digital biomarkers. Nonetheless, our study found no significant 

difference in the methodological quality of systematic reviews between digital biomarkers and 

pharmaceuticals. 

While methodological quality is an essential component of systematic reviews, it is not the 

only factor that needs to be considered when evaluating the potential clinical utility of digital 

biomarkers or pharmaceuticals. Assessing the quality of evidence and the cost-effectiveness of 

these interventions are critical next steps to inform clinical decision-making. In addition to the 

quality of evidence, cost-effectiveness is also a crucial consideration when evaluating the 

potential clinical utility of digital biomarkers and pharmaceuticals. While both interventions 

may show promising results in terms of clinical efficacy, the cost of implementing these 

interventions may also need to be considered. In some cases, the cost of implementing a digital 

biomarker or pharmaceutical may be prohibitive, particularly in resource-limited settings. 

Therefore, it is important to consider the quality of evidence and the cost-effectiveness of 

digital biomarkers and pharmaceuticals in addition to methodological quality when making 

clinical decisions. This comprehensive approach to evaluation can help ensure that medical 

professionals make informed and effective decisions that optimize patient outcomes while 

minimizing costs. 
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VII. ASSESSING AND COMPARING THE QUALITY OF EVIDENCE OF 

DIGITAL BIOMARKER-BASED META-ANALYSES WITH THAT OF 

NON-DIGITAL BIOMARKERS OR PHARMACEUTICALS 

 

 

VII.1 Introduction 

Evidence-based medicine is an essential part of today's practice. It is so important that it is 

impossible to imagine contemporary health care if evidence and its quality are neglected 

(Szajewska, 2018b). SRs and meta-analyses give a less biased, more exact estimate on a clinical 

problem, making them the gold standard in evidence-based medicine (Oxman, 1993).  

In addition to the many advantages of meta-analyses for medical research, some disadvantages 

should also be noted. For example, when the studies included in a meta-analysis are so 

heterogeneous, not enough studies and equal sizes in a meta-analysis, the exclusion of some 

other related studies from a meta-analysis, the inclusion of studies with different research 

questions, all these are reasons that affect the validity of a meta-analysis (Lee, 2018). In this 

regard, there is a validated tool, namely GRADE (Grading of Recommendations Assessment, 

Development, and Evaluation Working Group), to assess the validity of the results of a meta-

analysis (quality of evidence). As discussed in previous chapters, the number of digital 

biomarker-based systematic reviews is increasing. Therefore, we aim to compare the quality of 

evidence from meta-analyses based on digital biomarkers with the quality of evidence from 

non-digital biomarkers (e.g., drug therapies) to determine which of them provide high quality 

evidence. Assessing the quality of evidence from digital biomarker-based meta-analyses 

compared with non-digital biomarkers (e.g., pharmaceuticals) will help physicians and health 

policy makers select the best treatment strategies. 

VII.2 Methods 

VII.2.1 Search strategies and inclusion criteria 

We utilized the identical set of studies employed in the previous hypothesis to investigate the 

current research question. 

VII.2.2 The assessment of the quality of evidence 

We assessed the quality of evidence for each outcome using the GRADE system (Guyatt et al., 

2008; Schünemann et al., 2013). By default, GRADE classifies evidence from randomized 

controlled trials as high quality. However, this rating can be downgraded based on the 
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assessment of the following five quality domains: 1) risk of bias (Guyatt, Oxman, Vist, et al., 

2011), 2) inconsistency (Guyatt, Oxman, Kunz, Woodcock, Brozek, Helfand, Alonso-Coello, 

Glasziou, et al., 2011), 3) imprecision (Guyatt, Oxman, Kunz, Brozek, et al., 2011), 4) 

publication bias (Guyatt, Oxman, Montori, et al., 2011), and 5) indirectness (Guyatt, Oxman, 

Kunz, Woodcock, Brozek, Helfand, Alonso-Coello, Falck-Ytter, et al., 2011). Depending on 

the severity of the quality concerns, a downgrade of 0, 1, or 2 can be proposed for each domain.  

VII.2.2.1 The risk of bias 

Risk of bias is the problems with the design and execution of individual studies of healthcare 

interventions (Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page MJ, 2022a). The 

risk of bias was be evaluated based on the following criteria: if 75% or more of the included 

studies had a low risk of bias for a particular outcome, no downgrading was imposed. If less 

than seventy-five percent of the included studies had a low risk of bias, or if the risk of bias 

was not stated, one downgrade was applied. (Pollock et al., 2016).  

VII.2.2.2 Inconsistency 

Inevitably, differences exist across the research included in a systematic review. In a systematic 

review, heterogeneity refers to any kind of variation between researches. It might be useful to 

differentiate between several forms of heterogeneity (Higgins JPT, Thomas J, Chandler J, 

Cumpston M, Li T, Page MJ, 2022a). The stated heterogeneity for each outcome was used to 

evaluate inconsistency. If the I2 statistic was less than or equal to 75%, there would be no 

downgrade. If the I2 statistic exceeded 75%, a downgrading was awarded. If just one research 

was considered for the outcome, there was no downgrading. A downgrading was issued if 

heterogeneity was not noted. (Pollock et al., 2016).  

VII.2.2.3 Imprecision  

In general, results are imprecise when studies include a small number of patients and events, 

resulting in a wide confidence interval (CI) around the estimate of effects. As a result of the 

ambiguity of the results, the quality of the evidence may be judged to be worse than it otherwise 

would have been (Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page MJ, 2022a). 

We assessed Imprecision by evaluating the sample size (Zhang et al., 2019). If the total sample 

size exceeds 2,000, the evidence was lowered.(Schünemann et al., 2013). If the total sample 

size was less than 200, we degraded the rating by one point. Using STATA 16 and power 

analysis, we determined the optimum information size (OIS) for a pooled sample size between 

200 and 2000 as follows: (Schünemann et al., 2013): assuming a weak effect size (Cohen, 

1988), We computed the sample size for a randomized controlled trial assuming a balanced 
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sample, 0.8 power, and 0.05 significance level. When the computed sample size was bigger 

than the pooled sample size, one downgrade was applied. (Schünemann et al., 2013; Zhang et 

al., 2019). For the small effect size, the following technique was utilized: a Cohen's d of 0.2 

for continuous measurements and 1.68 for the odds ratio. A small effect size of 1.68 was also 

predicted for the risk ratio and hazard ratio, assuming a prevalence of 0% in the unexposed 

population. (Cohen, 1988; Higgins et al., 2019a).  

VII.2.2.4 Publication bias 

Publication bias is the failure to publish research results based on the direction or significance 

of the study's findings (DeVito and Goldacre, 2019). Using the trim-and-fill approach provided 

by Duval and Tweedie, the possible influence of publication bias on effect size estimations was 

evaluated for each outcome. (Duval and Tweedie, 2000). Potentially missing studies were 

imputed, and the impact size of the whole data set was reassessed. If the imputation affected 

the findings of the analysis (for example, a significant effect size became non-significant or the 

magnitude of the effect size changed), we would degrade the study owing to publication bias. 

(Duval and Tweedie, 2000). Due to the low power of risk of bias tests when applied to fewer 

studies, we examined publication bias only in meta-analyses comprising at least 10 studies, per 

Cochrane Handbook guidelines. (Higgins JPT, Thomas J, Chandler J, Cumpston M, Li T, Page 

MJ, 2022a).  

VII.2.2.5 Indirectness 

In a systematic review, when a meta-analysis compares the effect of two different types of 

interventions on the same outcome or evaluates the effect of one intervention on two different 

outcomes, there is immediacy in a meta-analysis (Higgins JPT, Thomas J, Chandler J, 

Cumpston M, Li T, Page MJ, 2022a). When evaluating indirectness for each outcome, we took 

into account differences between the included studies and the meta-research analysis's 

question. (Terrin, Schmid and Lau, 2005). If the population, treatments, or comparators of the 

studies did not align with the primary goals of the meta-analysis, a downgrading of 1 or 2 was 

considered, depending on the degree of this misalignment. 

VII.2.2.6 The overall quality of evidence 

The overall assessment of the quality of evidence for each outcome was based on the 

recommendations of Pollock et al. (Pollock et al., 2016). Evidence was rated as high quality if 

it was extremely unlikely that further research would affect our confidence in the effect 

estimate (0 downgrades); as moderate quality if further research was likely to have a significant 

effect on our confidence in the effect estimate and could change the estimate (1-2 downgrades); 
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as low value if further research would likely have a significant impact on our confidence in the 

effect estimate and could change the estimate (three to four downgrades); and as very low value 

if an effect estimate was very unclear. (5-6 downgrades) (Guyatt et al., 2008; Pollock et al., 

2016). 

VII.2.3 Statistical analysis 

Meta-analyses were divided into two groups: digital biomarkers and non-digital biomarkers or 

pharmaceuticals, whose quality of evidence was assessed using the above strategies. If the 

quality of evidence of a meta-analysis was low or very low, we selected "yes". Otherwise (if 

the quality of evidence of a meta-analysis was high or moderate), the quality of evidence was 

considered as "no". Consequently, the Fisher exact test using 95% confidence intervals was 

applied to test the hypothesis. 

VII.3 Results 

VII.3.1 Search and screening results 

A total of 34 meta-analyses focusing on DBMs and 34 meta-analyses pertaining to non-DBMs 

or pharmaceuticals were included in the final analysis. For further details about the 

characteristics of the included and excluded systematic reviews, refer to appendix II. 

VII.3.2 Quality of evidence 

Appendix IV shows the quality of evidence assessment results. Figure 11 also shows the level 

of evidence of each type of intervention. The present analysis incorporated 34 digital 

biomarker-based meta-analyses and 34 non-digital or drug-based meta-analyses, as indicated 

by the table. The results of the investigation revealed an equal distribution of evidence between 

the two interventions, with each modality exhibiting three instances of high-quality evidence, 

thirty instances of moderate-quality evidence, and a low-quality evidence. Moreover, no 

evidence of very low quality was observed for either digital biomarkers or pharmaceuticals. 

The majority of the meta-analyses included in both groups were of moderate quality of 

evidence, with a substantial proportion of 30 out of 34. Conversely, the number of high-quality 

evidence meta-analyses was limited to 3 out of 34, whereas only 1 out of 34 was rated as low-

quality in both groups. 
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QoE: Quality of evidence, H: High quality of evidence, M: Moderate quality of evidence, L: Low quality of 

evidence, VL: Very low quality of evidence. 

 

Figure 11. Quality of evidence of MAs according to their intervention type 

 

VII.3.3 Statistical analysis 

In order to evaluate the hypothesis that the ratio of digital biomarker-based meta-analyses 

exhibiting low or critically low quality of evidence surpasses that of drug or non-digital 

biomarker-based meta-analyses, the Fisher exact test was implemented. The results show that 

the Fisher's exact test has a value of 1.000, which indicates no evidence of an association 

between the quality of evidence of digital biomarkers and drug-based meta-analyses. The 

Fisher's exact test, which tests the hypothesis that one group has higher proportion than the 

other group, has a p-value of 0.97, which also indicates no evidence of an association. 

Therefore, based on the observed data, we can conclude that there is no significant difference 

between these two groups and we can reject the hypothesis that the proportion of meta-analyses 

of digital biomarker-based interventions with low or very low quality evidence is higher than 

that of non-digital biomarkers or drug-based interventions.  

VII.3.4 Additional analyses 

VII.3.4.1 Heterogeneity, sample size, number of included studies, and risk of bias 

Supplementary analyses were conducted to compare heterogeneity, sample size, the number of 

included studies, and the percentage of studies with a low risk of bias between the two groups. 
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The Shapiro-Wilk test results indicated a non-normal distribution for all the aforementioned 

variables in both groups (p-values < 0.05). Consequently, a rank sum test was employed to 

assess the differences, and the findings ultimately demonstrated no statistically significant 

distinction between the two groups regarding heterogeneity, the number of included studies, 

sample size, and risk of bias (p-values > 0.05). Table 6 shows the descriptive statistics of the 

variables in both groups’ digital biomarkers and non-digital biomarkers or drug-based meta-

analyses. 

 

Table 6. The descriptive statistics of variables affecting quality of evidence in the two groups 

 

Variable Type of meta-

analysis 

Mean Standard error 95% confidence 

intervals 

 

Heterogeneity 

DBMs 29.3  5.72 17.68 – 40.94 

Non-DBMs or 

pharmaceuticals 

26.79  6 14.58 - 39 

 

Sample size 

DBMs 3497 925.92 1613.11 – 5380.71 

Non-DBMs or 

pharmaceuticals 

3229.68 614.77 1978.91 – 4480.44 

 

Number of included 

studies 

DBMs 8.29 0.94 6.38 – 10.2 

Non-DBMs or 

pharmaceuticals 

7.29 0.92 5.43 – 9.16 

 

The percentage of 

included studies 

with low risk of bias 

DBMs 22.35 5.64 10.87 – 33.83 

Non-DBMs or 

pharmaceuticals 

30.43 6.06 18.11 – 42.76 

 

VII.3.4.2 Effect size magnitude 

The distribution of effect sizes' magnitudes within both groups is illustrated in Figure 12. A 

substantial proportion of effect sizes within both groups exhibited a small magnitude of effect. 

Conversely, while no effect size of digital biomarkers exhibited a big effect, a limited number 

of non-digital biomarkers or pharmaceuticals yielded big magnitude of effects. For further 

information, please see Figure 12. 
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Figure 12. The distribution of effect size magnitude in DBMs and non-DBMs or drug-based 

MAs 

 

VII.4 Discussion 

Based on the observed data, it was concluded that there is no significant difference between 

these two groups. Upon analysis, the present study has identified that the majority of outcomes 

and meta-analyses in both groups including digital biomarkers and pharmaceuticals exhibit a 

moderate quality of evidence. This observation is in line with numerous similar studies 

published in the domain of digital health technologies, which have consistently reported 

comparable findings. For instance, Du et al. 2020 reported moderate quality of evidence for e-

health interventions in chronic low back pain, while previous studies investigating the efficacy 

of pacemakers (Psaltikidis, Costa and Graziano, 2021) and the use of sensors to prevent falls 

in hospitalized patients (Cortés et al., 2021) have also documented moderate quality of 

evidence. In a recently published article, the quality of evidence of digital biomarkers was 

evaluated and the researchers found that most digital biomarkers have moderate quality of 

evidence (Motahari-Nezhad, Al-Abdulkarim, et al., 2022b).  On the contrary, there exist non-

digital biomarker studies that yield somewhat comparable results, such as investigations into 

the impact of envelope on cardiac infections (Motahari-nezhad, Miribonjar and 

Sadeghdaghighi, 2022). Furthermore, several studies have reported varying degrees of 

evidence quality in both digital and non-digital health domains. For instance, Lynch et al. 2019 

documented that wearable activity monitors and smartphone apps generate evidence of low 
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and very low quality in measuring step count and physical activity in the digital biomarker 

domain. Similarly, Stevenson et al. 2019 rated the evidence quality of e-health interventions in 

death, weight, and sodium intake in chronic kidney disease as low. Based on the literature, e-

health interventions produce low-quality evidence in the disability of chronic low back pain 

(Du et al., 2020). Additionally, studies examining the effectiveness of e-health treatments in 

weight loss (Lau et al., 2020), digital shared decision-making (Vitger et al., 2021) and e-health 

interventions for rheumatoid arthritis patients (L. Zhou et al., 2022) all found the evidence to 

be of low or very low quality. 

There was no statistically significant differences between the two groups concerning 

heterogeneity, sample size, the number of included studies, and the risk of bias associated with 

the included studies. These findings suggest that key factors such as study design, participant 

characteristics, and intervention characteristics do not significantly differ between the two 

intervention types (Sedgwick, 2015). It is noteworthy that despite non-digital biomarkers or 

pharmaceuticals having a more robust regulatory framework in clinical research (Hoebert, 

2015), no substantial difference in heterogeneity was observed, indicating a research gap in 

this specific domain. Additionally, it is important to highlight that the mean heterogeneity for 

both groups was below the critical value of 50%. This is of particular importance, as 

heterogeneity exceeding 50% can potentially undermine the validity of the results (Sedgwick, 

2015). Another noteworthy aspect pertains to the risk of bias present in the studies included in 

the meta-analyses of both groups, which demonstrated a non-significant difference. Although 

the observed difference did not reach statistical significance, the findings indicate that, on 

average, a limited number of studies with low risk of bias were included in the meta-analyses 

for both groups. These results suggest that the majority of included studies may possess certain 

degrees of bias. While the lack of statistical significance implies that the difference in bias 

between the two groups may not be substantial, it is crucial to acknowledge the presence of 

studies with a potentially suboptimal methodological rigor across both groups. These findings 

emphasize three key considerations that merit careful attention. Firstly, the results imply a 

pressing need for more robust clinical studies conducted with rigorous methodologies, devoid 

of any potential biases. Such studies are essential to facilitate the aggregation of reliable and 

validated results in the form of meta-analyses. Addressing this need would contribute to 

enhancing the quality and validity of synthesized evidence. Secondly, there is a clear 

requirement for the establishment of more concrete regulations governing clinical studies. 

Strengthening the regulatory framework would play a pivotal role in improving the overall 
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status of bias in clinical research. By implementing comprehensive guidelines and standards, 

the aim is to minimize potential sources of bias, thereby elevating the credibility and integrity 

of study outcomes. Furthermore, it is noteworthy that during the assessments conducted, a 

small number of meta-analyses within both the digital biomarkers and non-digital biomarkers 

(with only one instance in each group), as well as pharmaceuticals, failed to evaluate and 

adequately report the risk of bias associated with the included studies. This observation 

highlights a research gap and emphasizes the necessity for reviewers and clinical research 

regulators to be vigilant in recognizing and addressing this shortcoming. These considerations 

emphasize the significance of conducting high-quality, unbiased clinical studies, implementing 

robust regulatory measures, and promoting rigorous reporting standards within meta-analyses. 

By addressing these aspects, we can enhance the quality and credibility of synthesized evidence 

in the field of clinical research. 

Digital biomarkers and pharmaceuticals had similar levels of evidence supporting their use in 

clinical practice, as the results indicated. The results showed that both groups digital 

biomarkers and pharmaceuticals have moderate quality of evidence, meaning that the true 

effect is probably close to the estimated effect (Schünemann et al., 2013). As outlined in the 

preceding chapter, there is no discernible difference in methodological quality between the two 

treatment groups, digital biomarkers and pharmaceuticals, which confirms that they generate 

equivalent levels of evidence. Moreover, the data analysis confirmed that both intervention 

groups produce generally small effect. However, it is important to note that while 

pharmaceuticals adhere to a well-established framework and regulations to be incorporated into 

the healthcare system, digital biomarkers are a relatively new area that is expanding and 

penetrating rapidly, but their managerial frameworks and regulations have not yet been fully 

established. Consequently, due to the inherent differences between these two treatment options, 

managers should consider implementing well-established rules when selecting between them. 

When clinicians are deciding between digital biomarkers and pharmaceuticals, since both 

create the same level of evidence and effect, neither should be prioritized over the other. 

Instead, the cost-effectiveness of these treatments should be considered, and future studies 

should focus on exploring this aspect. 

VII.4.1 Strengths and limitations 

The use of the GRADE tool to assess the quality of evidence added a transparent approach to 

the evaluation process. However, the study was limited to a single database (PubMed) and may 

not represent the entire landscape of digital biomarker-based and drug-based interventions. The 
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analysis was limited to two types of digital biomarkers, and the results may not be generalizable 

to other types of digital biomarkers. Finally, the study did not explore the potential benefits or 

harms of the interventions, but solely focused on the quality of evidence, which may not 

provide a comprehensive picture of the effectiveness and safety of the interventions. 

VII.4.2 Conclusion 

Both digital health technologies and pharmaceutical interventions contribute equally to the 

body of evidence. Furthermore, it is crucial to address the issue of risk of bias as a significant 

factor affecting the reliability of research outcomes. To overcome this limitation, it is essential 

to conduct more clinical studies with a low risk of bias. By ensuring that bias is minimized or 

eliminated, researchers can generate unbiased outcomes that can be utilized in meta-analyses. 
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VIII. PUBLICATION BIAS IN DIGITAL BIOMARKER-BASED META-

ANALYSES AND NON-DIGITAL BIOMARKER-BASED OR 

PHARMACEUTICAL META-ANALYSES. 

 

 

VIII.1 Introduction 

Publication bias may have a detrimental impact on the validity of effect size findings from 

meta-analyses. Publication bias may lead to an incorrect pooled estimate of a treatment effect 

in a meta-analysis (Almalik, Zhan and van den Heuvel, 2021). For this reason, the results of a 

meta-analysis are only as reliable as the data that support them; for example, including only 

published studies could lead to an exaggeration of the effectiveness of digital biomarker 

interventions, whereas including unpublished studies with insignificant results could lead to a 

shift in the mean effect estimate. Therefore, we performed a systematic review of systematic 

reviews to evaluate publication bias in digital biomarker meta-analyses. Due to the fact that 

digital health technologies and digital biomarkers lack unified definitions and names compared 

to pharmaceuticals, a comparative study was also conducted to compare the publication bias in 

digital biomarkers and non-digital biomarkers. It was hypothesized that publication bias is 

more prevalent in digital biomarker-based meta-analyses than in non-digital biomarker-based 

meta-analyses. This study assessed the publication bias difference between meta-analyses of 

digital biomarker-based interventions and non-digital biomarker-based interventions. 

VIII.2 Methods 

This section is based in part on an our article published in the Journal of Medical Internet 

Research (Hossein Motahari-Nezhad, Al-Abdulkarim, et al. 2022). According to the results of 

this article, 22 systematic reviews with 95 meta-analyses (outcomes) were included. According 

to the Cochrane Handbook, the assessment of publication bias should be performed in meta-

analyses with at least ten studies. Therefore, meta-analyses with at least ten studies were 

considered for the assessment of publication bias. 

VIII.2.1 Inclusion criteria, search strategy, and screening of digital biomarker-based 

meta-analyses 

The methods explained in hypothesis II were used to identify digital biomarker-based meta-

analyses.  
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VIII.2.2 Inclusion criteria, search strategy, and screening to identify non-digital 

biomarker-based meta-analyses 

To compare the publication bias of digital biomarker-based meta-analyses with that of non-

digital biomarkers or pharmaceuticals, each identified digital biomarker meta-analysis was 

considered and the population and outcome were taken into account. Consequently, in the same 

year, a similar search with population and outcome was conducted to find a meta-analysis with 

similar population and outcome but with a non-digital biomarker intervention. If we did not 

find a similar meta-analysis with non-digital biomarkers in the same year, we expanded the 

search to other years. Within the realm of meta-analyses based on wearable activity trackers, 

the reported outcomes primarily encompassed physical activity, moderate to vigorous physical 

activity or step count. In order to identify corresponding meta-analyses pertaining to non-

DBM-based interventions or pharmaceutical interventions, an exploration was conducted to 

identify analogous outcomes, such as weight. 

VIII.2.3 The assessment of Publication bias  

Twenty meta-analyses including at least 10 studies of interventions based on digital biomarkers 

were identified, and similar searches were conducted to find other similar meta-analyses with 

the same population and outcomes but a non-digital biomarker or pharmaceutical intervention. 

After another 20 meta-analyses on non-digital biomarkers were found, the trim-and-fill method 

was used to: 

1- Identify the number of missing studies in meta-analyses 

2- Determine the change in effect size of each meta-analysis, called adjusted effect size, 

using the trim-and-fill method, and finally the meta-analyses of the two groups were 

compared in terms of the number of missing studies and adjusted effect sizes. 

The 'trim and fill' technique seeks to detect and adjust for publication-biased funnel plot 

asymmetry (Duval and Tweedie, 2000). The basic idea is to (1) "trim" (eliminate) the smaller 

studies responsible for the asymmetry in the funnel plot, (2) use the trimmed plot to estimate 

the real "center" of the funnel, and (3) reinstate the missing studies and their "counterparts" 

around the estimated center (filling). An adjusted intervention effect is produced through a 

meta-analysis that includes the missing studies, and an estimate of the number of missing 

studies is also provided (Duval and Tweedie, 2000). The trim and fill technique estimates the 

number of missing studies and the intervention impact "adjusted" for publication bias (Duval 

and Tweedie, 2000). 
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VIII.2.4 Statistical analysis 

In this study, we tested two following hypotheses: 

1. As the first hypothesis, it was hypothesised that the proportion of missing studies in meta-

analyses based on digital biomarkers would be significantly higher compared with that of non-

digital biomarkers or pharmaceuticals. 

2. As a second hypothesis, it was hypothesised that the difference between the reported effect 

size and the adjusted effect size in meta-analyses of digital biomarkers would be significantly 

higher than that of non-digital biomarkers or pharmaceuticals. 

After finding the final meta-analyses that meet the eligibility requirements, we conducted meta-

analyses for each outcome using Stata 16 software. To rerun the meta-analysis, the effect sizes 

and confidence intervals of each research included in the meta-analyses were utilized. The trim-

and-fill approach determined the number of missing studies and the adjusted effect size. In 

order to establish the level of publication bias, the reported effect sizes and the effect sizes 

recalculated using the trim-and-fill approach (adjusted effect size) were compared. The same 

effect model was utilized as in the original meta-analyses (fixed effect and random effect). We 

conducted a random-effects meta-analysis using the DerSimonian and Laird model. 

The assessment of the normal distribution for both the number of missing studies and the 

discrepancy between the reported and adjusted effect sizes was conducted using the Shapiro-

Wilk test. Subsequently, a non-parametric Mann-Whitney U test was utilized to investigate 

potential significant differences between the two groups concerning the number of missing 

studies and the magnitude of the effect size change. Regarding the second hypothesis of this 

chapter (the magnitude of the change in effect sizes between the two groups), the trim-and-fill 

method was first used to calculate the adjusted effect size by importing missing studies into the 

meta-analyses. Then, the relative change between the reported and adjusted effect sizes was 

measured using the following formula: 

𝑅𝐶𝐸𝑆 =  
𝐸𝑆𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝐸𝑆𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑

|𝐸𝑆𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑|
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ESreported presents the effect size calculated in the meta-analysis.  ESadjusted denotes the adjusted 

effect size calculated using the trim and fill method.  

VIII.3 Results 

Hypotheses 5 and 6 aimed to evaluate and compare the meta-analyses of digital biomarkers 

with those of non-digital biomarkers or pharmaceuticals in relation to publication bias.  

VIII.3.1 Search and screening results 

Based on the predetermined inclusion and exclusion criteria, a total of 25 systematic reviews 

consisting of 95 meta-analyses focusing on digital biomarkers were identified and finally 20 

meta-analyses from 13 SRs which includes at least 10 studies were deemed eligible for the 

final examination. Figure 6 shows the selection process of studies. Furthermore, supplementary 

searches were conducted to identify all peer studies related to non-DBMs or drug-based meta-

analyses from the aforementioned twenty meta-analyses. Detailed information regarding the 

characteristics of the included studies and the search strategies employed to identify non-DBMs 

or drug-based meta-analyses can be found in appendix V. 

VIII.3.2 Publication bias 

The number of missing studies identified and the change in effect size magnitude for each of 

the included meta-analyses in percentage are presented in appendix V. 

Based on the results of data analysis, the mean number of missing studies in meta-analyses of 

digital biomarkers and non-DBMs or pharmaceuticals was found to be 2.3 and 2.35, 

respectively. Furthermore, the range of missing studies varied between 0 to 7 for DBMs and 0 

to 9 for pharmaceuticals as can be seen in table 7. 

 

Table 7. Descriptive statistics of the number of missing studies imputed in the meta-analyses 

 

Type of the 

intervention 

Observation Mean Standard 

deviation 

Min Max 

DBMs 20 2.3 2.1 0 7 

Non-DBMs or 

Pharmaceuticals 

20 2.35 2.43 0 9 

 

Table 8 presents the alterations in effect sizes in both groups as a consequence of imputed 

studies. Specifically, the relative change in effect size of digital biomarkers exhibited an 
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average of 0.14, whereas for pharmaceuticals, this alteration was calculated as 0.08. Despite 

the minimum of relative change being identical for both groups (zero), the maximum of relatice 

change in effect sizes was higher in digital biomarkers, being approximately twice that of 

pharmaceuticals (0.72 compared to 0.32). 

 

Table 8. Descriptive statistics of the relative change in the effect sizes in percentage by 

considering the imputed studies in meta-analyses 

 

Type of the 

intervention 

Observation Mean Standard 

deviation 

Min Max 

Digital 

biomarkers 

20 0.14 0.21 0 0.72 

Pharmaceuticals 20 0.05 0.08 0 0.32 

 

VIII.3.3 Normal distribution 

To determine any significant distinctions between the number of missing studies and alterations 

in recalculated effect sizes using imputed studies, an initial step was to assess the normal 

distribution of the dataset. The Shapiro-Wilk test indicated that the number of missing studies 

in digital biomarkers was normally distributed (p-value>0.05), whereas the missing studies in 

pharmaceuticals did not follow a normal distribution (p-value<0.05). Additionally, normality 

testing of changes in effect sizes of meta-analyses confirmed that both groups exhibited a non-

normal distribution (p-value<0.05). Figure 13 shows the distribution of the variables in the two 

groups. 
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Figure 13. The distribution of the number of missing studies and the change in the effect sizes 

 

VIII.3.4 Data analysis 

To examine any significant differences between the two groups concerning the number of 

missing studies and the alterations in recalculated effect sizes incorporating imputed studies, a 

non-parametric Mann-Whitney U test was employed. The outcomes of the test failed to reveal 

any significant disparities between the two groups in terms of either the number of missing 

studies or the changes in effect sizes (p-value >0.05). Thus, based on the results, we reject the 

two hypotheses proposing that the proportion of missing studies and the changes in effect size 

of digital biomarker-based meta-analyses is considerably higher than that of non-DBMs or 

pharmaceuticals. Therefore, we conclude that no significant distinctions exist between the two 

groups concerning the number of missing studies and alterations in effect sizes. Further 

information is provided in Table 9. 
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Table 9. The results of Mann-Whitney U for testing a difference in missing studies and the 

change in effect sizes between the two groups 

 

Variable Type of 

intervention 

Observations Rank sum Adjusted 

variance 

P-value 

Missing studies Digital 

biomarkers 

20 414 1312.05 0.91 

Drugs 20 406 

The change in 

the effect sizes 

Digital 

biomarkers 

20 450 1330 0.27 

Drugs 20 370 

 

VIII.3.5 Additional analysis 

Considering the lack of significant difference in the change of adjusted effect sizes between 

two groups, namely DBMs and non-DBMs or pharmaceutical interventions, an examination 

was conducted to assess whether publication bias influenced the outcome of the meta-analyses. 

This assessment involved comparing the reported effect size in the meta-analysis to the 

adjusted effect size obtained through the trim and fill method. Any alterations in effect size 

magnitude or the significance of the meta-analysis result were considered indicative of 

publication bias significantly affecting the meta-analysis result. The findings revealed that 

publication bias affected the results of meta-analyses involving DBMs in only two instances. 

Firstly, in a study evaluating the impact of wearable activity trackers on moderate to vigorous 

physical activity, the initially reported effect size was significant; however, after imputing 

seven additional studies, the effect size became non-significant (Kirk et al., 2019). Secondly, 

in another study investigating the effect of Fitbit on weight (Ringeval et al., 2020), the 

previously significant effect size transformed into a non-significant one. Nonetheless, the 

outcomes of meta-analyses concerning non-DBMs or pharmaceutical interventions remained 

unaffected by the presence of publication bias. 

VIII.4 Discussions 

The findings indicate that the average count of missing studies was equivalent in both the 

DBMs and non-DBMs or pharmaceuticals meta-analyses groups. Moreover, a mere six out of 

a total of 20 meta-analyses had no missing studies in both digital biomarkers (Hodkinson et al., 

2019; Hsin‐Yen Yen Yen and Chiu, 2019; Franssen et al., 2020; Ringeval et al., 2020; Wang 

et al., 2020) and pharmaceuticals (Min et al., 2017; De Menezes et al., 2019; Abdollahi et al., 
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2020; Hansen et al., 2020; Talenezhad et al., 2020; Janani et al., 2021). Based on the results of 

the trim and fill method, it can be inferred that the reported effect sizes in these analysed studies 

are not affected by publication bias, and that overestimation is not present in the corresponding 

meta-analyses (Yang et al., 2023). The largest count of missing studies in a meta-analysis, 

amounting to nine studies, was estimated and observed in a pharmaceutical meta-analysis 

examining the metabolic impact of the dual SGLT 1/2 inhibitor sotagliflozin on body weight 

(Wu et al., 2022). The meta-analytic analysis of digital biomarkers revealed that the most 

substantial count of missing studies pertained to a meta-analysis investigating the impact of 

wearable activity trackers on moderate to vigorous physical activity in individuals with chronic 

cardiometabolic disorders (Kirk et al., 2019).  

The results show that on average, the relative change in effect size was 14% and 5% for DBMs 

and non-DBMs or pharmaceuticals meta-analyses, respectively. The change in effect size of 

digital biomarkers was approximately three times that of pharmaceuticals. The most 

considerable change in digital biomarkers was observed in a meta-analysis involving seven 

missing studies, where the recalculated effect size altered by 72%. This analysis evaluated the 

influence of wearable activity trackers on physical activity in patients with cardiometabolic 

diseases (Kirk et al., 2019). Among the meta-analyses focused on non-DBMs or 

pharmaceuticals, the greatest change in the recalculated effect sizes was observed in a study 

investigating the impact of L-carnitine supplementation on weight loss and body composition. 

Specifically, after the inclusion of six missing studies, the recalculated effect size changed by 

32% (Talenezhad et al., 2020). However, in the meta-analysis containing the highest number 

of missing studies (nine missing studies), the change in effect size was only 12% (Wu et al., 

2022). 

Based on the findings of this chapter, there was no discernible discrepancy in terms of the 

number of missing studies and the inconsistency between adjusted and reported effect sizes 

between digital biomarkers and pharmaceuticals-based meta-analyses and publication bias 

resulted in change only in the results of two DBMs meta-analyses. The results suggest that 

while there may be a perception that digital biomarker-based meta-analyses are more 

susceptible to missing data due to the rapidly evolving nature of digital technology (Cuff, 2023) 

and the associated challenges in study design (Duffy, Christie and Moreno, 2022), and 

regulatory gaps (Iqbal and Biller-Andorno, 2022), this does not appear to be the case when 

compared to pharmaceutical-based meta-analyses. The presence of publication bias in meta-

analyses can be attributed to a myriad of factors. However, the quality of the search conducted 
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during systematic reviews, as delineated in the Cochrane handbook (Higgins JPT, Thomas J, 

Chandler J, Cumpston M, Li T, Page MJ, 2022b), appears to be the foremost and crucial 

determinant among these various factors (Motahari-Nezhad, 2023). To mitigate the likelihood 

of publication bias, it is recommended that multiple databases and sources be searched, a 

diversity of search terms and strategies be employed, and unpublished studies and grey 

literature be included in the analysis (Paez, 2017). This is especially important in digital health, 

where there is still a research gap in the definition of digital health and challenges in grey 

literature search that can result in publication bias (Zrubka et al., 2021). When appraising the 

methodological quality of a systematic review, one of the foremost considerations is the rigor 

of the search process, as accentuated by the AMSTAR-2 tool (Shea et al., 2017a). In the third 

hypothesis of this thesis, we evaluated the methodological quality of systematic reviews 

encompassing digital biomarkers and pharmaceuticals. The findings indicated that a limited 

proportion of both digital biomarkers and pharmaceuticals fulfilled this criterion of the 

AMSTAR-2 tool, denoting a significant gap not only in digital biomarkers as a nascent and 

developing field of research (Cuff, 2023) but also in domain of pharmaceuticals. This result 

highlights the need for greater attention and emphasis on the search process within systematic 

reviews, particularly given its vital role in ensuring the completeness and reliability of meta-

analyses. Henceforth, both digital biomarkers and pharmaceutical systematic reviews, in their 

pursuit to manage their study and establish a comprehensive search, must take into account 

various factors. These factors include conducting searches across multiple electronic databases, 

exploring the grey literature and different trial registries, performing advanced search queries 

employing diverse operators, and ultimately, scrutinizing the reference lists of the included 

studies to elevate the quality of their systematic reviews and mitigate the possibility of 

publication bias (Motahari-Nezhad, 2023). 

VIII.4.1 Strengths and limitations 

Before interpreting the results of this chapter, it is important to acknowledge its limitations. 

Firstly, the search conducted to identify digital biomarker-based meta-analyses was restricted 

to the years 2019 and 2020, and a separate search was carried out to identify meta-analyses 

related to pharmaceutical interventions. However, due to differences in outcome reporting, it 

was not always possible to identify a pharmaceutical intervention with an exact match to the 

digital biomarker-based outcome. In such cases, an outcome that was similar in nature, such as 

weight for an outcome of physical activity or number of steps, was selected for pharmaceutical 



 84 

based meta-analyses. Furthermore, the limited number of included meta-analyses (20 digital 

biomarker-based and 20 pharmaceutical-based) can also be considered a limitation. 

VIII.4.2 Conclusion 

Despite the fact that non-digital health or pharmaceutical interventions adhering to more well-

established regulations and clinical research practices, including precise definitions and 

standardized nomenclature, no significant disparities were observed when compared to digital 

biomarkers. The absence of noteworthy distinctions between the two groups regarding the 

number of missing studies and relative changes in effect sizes suggests a comparable level of 

search quality. To ensure comprehensive inclusion of all relevant studies in a meta-analysis, it 

is essential to conduct a more comprehensive search in both groups, thereby minimizing the 

occurrence of missing studies across all meta-analyses. Achieving this objective necessitates 

the establishment of robust guidelines and the formulation of specific definitions and 

terminologies for digital health technologies within the clinical study domain. Furthermore, 

considering the limitations inherent in existing publication bias detection methods, it is 

recommended to leverage advancements in clinical evidence research and construct a model 

that can more effectively detect and correct publication bias. However, it is worth noting that 

presently there is no AI/ML-based method available for this purpose. 
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IX. CONCLUSIONS AND PRACTICAL IMPLICATIONS 

 

 

This thesis examines six hypotheses concerning the systematic reviews and evidence syntheses 

of digital biomarkers in comparison to non-digital biomarkers or pharmaceuticals. Hypothesis 

I focuses on the classification system and reveals that while the World Health Organization 

(WHO) tools, including ICD-11, ICHI, and ICF, are not suitable for categorizing population, 

intervention, outcome, and digital biomarkers in studies, they can effectively be used in studies 

involving individuals with specific clinical conditions. However, are not applicable for 

categorizing studies including healthy populations. 

Hypothesis II investigates the power of direct and indirect digital biomarker studies and 

concludes that there is no significant difference. Furthermore, the analysis demonstrates that a 

majority of studies lack sufficient statistical power. 

Hypotheses III and IV address the methodological quality and quality of evidence in systematic 

reviews of DBMs compared to non-DBMs or pharmaceuticals. The findings indicate that there 

is no significant difference in terms of methodological quality and quality of evidence between 

these two groups. Additionally, both groups exhibit low methodological quality and quality of 

evidence. 

Hypotheses V and VI focus on comparing MAs of DBMs with those of non-DBMs or 

pharmaceuticals. The results suggest that there is no significant difference in terms of 

publication bias between these groups. 

IX.1 Classification of DBM studies using WHO tools 

The field of digital health is characterized by rapid development, driven by the continuous 

evolution of technology. Within this realm, it is noteworthy that diverse technological solutions 

may coexist to address a given health problem, while a singular solution may be customized to 

suit specific subgroups. Ascertaining the optimal digital intervention poses a challenge for 

medical and financial decision-makers, surpassing the complexities encountered in 

familiarizing oneself with thousands of drugs. To tackle clinical queries and facilitate decision-

making, the formulation of PICO (Patient, Intervention, Comparison, Outcome) statements 

aids in structuring clinical questions (Huang, Lin and Demner-Fushman, 2006). Our 

observation on the coverage of populations by WHO systems, revealing an emphasis on 

populations with illness while offering limited coverage for healthy populations. 
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IX.1.1 Healthy populations are not covered 

The prevention of disease during periods of population health is a significant objective pursued 

by governmental bodies, health systems, and related stakeholders (Haslam, 2014). Maintaining 

individuals in a state of wellness is likely to be a more financially prudent approach than 

providing treatment after the onset of illness (Adepoju, Preston and Gonzales, 2015). The 

utilization of traditional medical technologies primarily occurs in response to illness, whereas 

the advent of digital technologies has opened up vast possibilities for preventive interventions, 

which is known as the evolution from treatment to prevention by digital healthcare (Park et al., 

2019). The World Health Organization (WHO) suggests that the adoption of digital health 

technologies, such as wearables, can facilitate lifestyle modifications aimed at promoting 

preventive measures (N. Khan et al., 2017). This is a huge and unique market opportunity for 

digital developers, corresponding to the modern definition of health by WHO, as health 

encompasses “a comprehensive state of physical, mental, and social well-being, extending 

beyond the mere absence of disease or infirmity”. 

Nonetheless, the absence of official classification codes for categorizing digital interventions 

targeting healthy or at-risk populations presents challenges in terms of their adoption, 

utilization, and financing within existing healthcare systems. Governments, health systems, 

and other relevant stakeholders should acknowledge and appreciate the substantial potential of 

digital tools in disease prevention, and accordingly modify their administrative frameworks to 

effectively incorporate and harness the capabilities of these tools. 

IX.1.2 Sick populations are well covered 

The rapidly evolving technological landscape, coupled with the proliferation of diverse brand 

names (e.g., Fitbit, Garmin, Jawbone), presents challenges in market characterization, 

identification, and the development of new digital tools. Furthermore, clinicians and 

researchers may encounter difficulties in comprehending the breadth of evidence pertaining to 

these technologies (Cuff, 2023). Therefore, the establishment of a comprehensive coding 

system could significantly facilitate the identification and analysis of clinical evidence. The 

consistent utilization of World Health Organization (WHO) tools in coding Patient, 

Intervention, Comparison, and Outcome (PICO) statements would streamline the execution of 

systematic literature reviews (SLRs) and evidence syntheses. While the coding of clinical 

outcomes was less onerous with a limited number of drugs, the advent of digital transformation 

necessitates the coding of clinical results to ensure efficient evaluation and integration of digital 

interventions into healthcare practice. 
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IX.2 Statistical power of direct – indirect biomarkers 

IX.2.1 No difference in power of direct and indirect DBM stusdies 

Regulatory and reimbursement agencies commonly distinguish digital technologies and 

medical devices based on their level of risk, a differentiation that impacts the authorization and 

reimbursement processes. Devices categorized as high risk, known as direct DBMs, are those 

that execute interventions without requiring human interaction. On the other hand, devices 

involving human interaction are considered lower risk, termed indirect DBMs. The 

authorization and reimbursement of high-risk devices necessitate a greater volume of clinical 

evidence (Zah et al., 2022; NICE, 2023). These requirements encompass key aspects, including 

sample size planning, which are integral to the regulatory framework. Consequently, one would 

anticipate better planned studies when dealing with direct DBMs. The absence of discernible 

disparities in the statistical power of clinical studies across technologies that potentially belong 

to disparate risk groups raises concerns regarding the efficacy of various regulatory policies. 

In fact, the implementation of the new European Medical Device Regulation (MDR) has 

recently been delayed due to firms struggling to meet the elevated regulatory standards 

(Mezher, 2023). The proposed MDR aims to enhance patient safety and ensure improved 

quality standards, emphasizing the need for firms to invest additional efforts in meeting these 

standards, particularly when developing high-risk devices. 

IX.2.2 Low powered studies in both direct and indirect DBMs 

Inadequate statistical power poses a significant concern as it leads to resource wastage in the 

context of digital intervention development. Insufficient power undermines the efficacy 

evaluation of interventions, devastating the considerable investments made in technical and 

clinical development, as well as regulatory efforts, vulnerable to loss if negative trial outcomes 

emerge (Ellis, 2010). While digital developers, often smaller firms compared to pharmaceutical 

counterparts, may encounter limitations in conducting well-powered trials due to resource 

constraints, this jeopardizes the viability of their investments. Investors, owners, CEOs, and 

other stakeholders should consider this issue, emphasizing the imperative for robust clinical 

studies. 

The overestimation of the effect size of an intervention contributes to the issue of 

underpowered studies. Particularly in the case of indirect DBMs, where low effect sizes are 

expected, accounting for the complex human factors becomes challenging. This raises 

questions about the extent to which developers of direct DBMs possess a comprehensive 

understanding of their technology and the ability to appropriately plan effect sizes for their 
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studies. Consequently, an overall enhancement in expertise pertaining to the development and 

execution of clinical studies within the device industry is warranted. Investors, in turn, can 

utilize the statistical power of clinical studies as an indicator of potential returns on investment, 

highlighting the importance of robust study designs and sample sizes. 

Low statistical power can also introduce publication bias, commonly known as the "small study 

effect," which can distort the findings of meta-analyses by favoring studies with larger effect 

sizes. If selective publication occurs, only small studies with substantial effect sizes are likely 

to be published, potentially inflating the overall effect observed in a meta-analysis. 

Consequently, this bias can contribute to overestimated expectations regarding the efficacy of 

medical technologies. To counteract this, the collection of real-world evidence assumes 

particular significance, prompting a shift towards the improved utilization of real-world data 

even among regulatory agencies. Companies thus should design their devices and systems to 

facilitate the collection of real-world data and foster integration within digital health data 

ecosystems, including considerations of interoperability. This emerging trend represents a 

significant development in the field. 

IX.3 Digital vs non-digital: quality or SLR methods, quality of evidence, publication bias 

IX.3.1 No difference between the two groups 

Irrespective of variations in industry structure, technology, and regulatory standards (Iqbal and 

Biller-Andorno, 2022), stakeholders such as clinicians, payers, and patients hold a common 

expectation for robust supporting evidence when it comes to the utilization of technologies 

within healthcare systems (Greaves et al., 2018). Developers of digital technologies must 

recognize and acknowledge this fundamental requirement, as they will eventually face the 

necessity of meeting evidence standards akin to those imposed on pharmaceuticals. This 

realization poses a considerable management and investment challenge for smaller, more 

innovative firms, highlighting the need for careful strategic planning and resource allocation. 

IX.3.2 Low overall quality 

The matter is of lesser significance when considering the reporting quality of systematic 

literature reviews (SLRs), as it primarily depends on the expertise and capabilities of 

researchers rather than the nature of the evidence itself. However, concerns arise regarding the 

adequacy of the available evidence due to the presence of non-high GRADE studies and a 

notable number of missing studies, which can potentially introduce publication bias. Moreover, 

the diminishing productivity of pharmaceutical innovation exacerbates the already high and 

escalating costs associated with novel advancements. While the attainment of better evidence 
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appears to correlate with increased costs, the absence of sufficient evidence may impede the 

adoption of technologies in treatment guidelines and public financing initiatives, ultimately 

hindering the widespread implementation of innovative solutions. Hence, the generation of 

non-high quality evidence may ultimately contribute to a wasteful utilization of resources 

during the development process. 

The presence of numerous missing studies serves as an indicator of potential publication bias, 

a notion further supported by the substantial prevalence of underpowered studies. Although a 

marginal percentage shift in overall effect sizes may not appear substantial or statistically 

significant at first glance, its implications can be amplified when integrated into health 

economic evaluations and models. Ultimately, even a relatively modest level of publication 

bias can contribute to an inefficient allocation of resources, resulting in wastage within public 

expenditure. Such misallocation has the potential to undermine public welfare and compromise 

the optimal utilization of available resources. 

IX.4 Conclusion 

In recent years, the regulatory standards for medical devices in Europe, specifically through 

the introduction of the Medical Device Regulation (MDR), have undergone substantial 

enhancements aimed at addressing the aforementioned concerns and elevating the quality of 

clinical evidence associated with medical devices. Despite encountering significant 

implementation challenges and delays surrounding the MDR, the requirements for evidence 

within the realm of digital health technologies are progressively escalating. Companies that 

successfully adhere to these heightened clinical standards will not only endure but also gain 

access to expansive interconnected markets, while those unable to meet these standards may 

risk losing their market authorization. Therefore, the ability to strategically plan and execute 

comprehensive clinical studies to generate high-quality clinical evidence is likely to arise as a 

key source of competitive advantage for firms operating in the medical technology industry. 

The development of these indispensable abilities requires immediate attention and investment. 

Investors active in the digital health sector should closely monitor the quality of evidence and 

clinical trial competencies exhibited by industry participants, as these factors can considerably 

contribute to the sector's overall business risk. 
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Appendix I.  Statistical power calculations 

 

Statistical power of single studies 

Formula 1 Pooled SD= √ ((n1-1)SD1
2+(n2-1)SD2

2)/(n1+n2-2) (Higgins et al., 

2019b) 

Formula 2 Cohen’s d = m1-m2/Pooled SD 

Formula 3 pwr.t2n.test(n1 =, n2=, d =, sig.level = 0.05) 

Formula 4 pwr.t.test(n = , d =, sig.level = 0.05) 

Formula 5 power twoproportions p1 p2, n() alpha (0.05) 

 

Formula 1: n1 and n2 are the sample sizes in treatment and control groups. SD1 and SD2 denote 

the standard deviation in treatment and control group. 

Formula 2: m1 and m2 represent the mean in treatment and control groups.  

Formula 3: n1 and n2 are the sample sizes in treatment and control groups. d represents the 

calculated Cohen’s d using the formula 2. 

Formula 4: n denotes the total sample size. 

Formula 5: p1 and p2 represent the proportion of events in treatment and control group and n 

denotes the total samples.  

Statistical power of meta-analyses 

Formula number Type of effect size Formula used 

Formula 6 Odds ratio power.analysis(OR=,k=,n1=,n1=,p=0.05,heterogeneity= ) 

Formula 7 Risk ratio First the risk ratio converted to Odds ratio and then formula 6 

was used to calculate the power. 

Formula 8 Hazard ratio es <- # summary effect size 

as <-   # Average per number per group 

mk <-   # Number of included studies 

hg <-    # Heterogeniety (".33" for small, "1" for moderate, & 

"3" for large) 

eq1 <- ((as+as)/((as)*(as))) + ((es^2)/(2*(as+as))) 

eq2 <- hg*(eq1) 

eq3 <- eq2+eq1 

eq4 <- eq3/mk 

eq5 <- (es/sqrt(eq4)) 

Power <- (1-pnorm(1.96-eq5)) # Two-tailed 

Power 
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Formula 9 Continuous  power.analysis(d=,k=,n1=,n2=,p=0.05,heterogeneity=) 

 

 

Formula 6: OR: odds ratio, K: number of included studies, n1: number of samples in treatment 

group, n2: number of samples in control group, heterogeneity: “small”, or “moderate”, or 

“high” (Higgins, 2003). 

Formula 9: d: Cohen’s d effect size, k: number of included studies, n1: number of samples in 

treatment group, n2: number of samples in control group, heterogeneity: “small”, or 

“moderate”, or “high” (Higgins, 2003). 
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Appendix II. Search strategies, the characteristics of the included and excluded 

systematic reviews and their matched non-DBMs or drug-based peers 

 

Search strategy for finding implantable cardiac defibrillator-based meta-analyses in heart 

failure patients for mortality 

Search strategy Number of identified 

studies 

(("implantable cardiac defibrillator"[Title/Abstract] OR "defibrillators, 

implantable"[MeSH Terms]) AND ("heart failure"[Title/Abstract] OR "heart 

failure"[MeSH Terms]) AND ("all-cause mortality"[Title/Abstract] OR 

"mortality"[MeSH Terms]) AND "meta analysis"[Publication Type]) 

67 

 

 

The list of included ICD-based systematic reviews. 

Study Title 

(Alba, 

Foroutan, et 

al., 2018) 

Implantable cardiac defibrillator and mortality in nonischaemic cardiomyopathy: an updated 

meta-analysis 

(Huang et 

al., 2010) 

All cause mortality of cardiac resynchronization therapy with implantable cardioverter 

defibrillator: A meta-analysis of randomized controlled trials 

(Bertoldi et 

al., 2011) 

Mortality Reduction of Cardiac Resynchronization and Implantable Cardioverter-

Defibrillator Therapy in Heart Failure: An Updated Meta-Analysis. Does Recent Evidence 

Change the Standard of Care? 

(Kang et al., 

2015) 

Cardiac Resynchronization Therapy and QRS Duration: Systematic Review, Meta-analysis, 

and Meta-regression 

(Shah et al., 

2014) 

Cardiac-resynchronization therapyinpatientswith systolic heart failure andQRS interval 

≤130ms: insights from ameta-analysis 

(Shaojie 

Chen et al., 

2013) 

The efficacy and safety of cardiac resynchronization therapy combined with implantable 

cardioverter defibrillator for heart failure: a meta-analysis of 5674 patients 

(Xing et al., 

2017) 

Effectiveness of Implantation of Cardioverter- Defibrillators Therapy in Patients with Non-

Ischemic Heart Failure: an Updated Systematic Review and Meta-Analysis 

(Sun et al., 

2016) 

Long-term efficacy of implantable cardiac resynchronization therapy plus defibrillator for 

primary prevention of sudden cardiac death in patients with mild heart failure: an updated 

meta-analysis 

(Shun-Shin 

et al., 2017) 

Implantable cardioverter defibrillators for primary prevention of death in left ventricular 

dysfunction with and without ischaemic heart disease: ameta-analysis of 8567 patients in the 

11 trials 

(Gama et al., 

2020) 

Implantable Cardioverter–Defibrillators in Trials of Drug Therapy for Heart Failure: A 

Systematic Review and Meta-Analysis 

(Akel and 

Lafferty, 

2017) 

Implantable cardioverter defibrillators for primary prevention in patients with nonischemic 

cardiomyopathy: A systematic review and meta-analysis 
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(Barakat et 

al., 2017) 

Primary prevention implantable cardioverter defibrillator in patients with non-ischaemic 

cardiomyopathy: a meta-analysis of randomized controlled trials 

(Alotaibi et 

al., 2020) 

Remote monitoring of implantable cardiac devices in heart failure patients: a systematic 

review and meta-analysis of randomized controlled trials 

(Al-Khatib et 

al., 2017) 

Primary Prevention Implantable Cardioverter Defibillators in Patients With Nonischemic 

Cardiomyopathy A Meta analysis 

(Miller et al., 

2015) 

Baseline Functional Class and Therapeutic Efficacy of Common Heart Failure Interventions: 

A Systematic Review and Meta-analysis 

(Siddiqui et 

al., 2018) 

Prophylactic use of the implantable cardioverter-defibrillator and its effect on the long-term 

survival, cardiovascular and sudden cardiac death in nonischemic cardiomyopathy patients—

a systematic review and meta-analysis 

(Wolff et al., 

2017) 

Implantable cardioverter/defibrillators for primary prevention in dilated cardiomyopathy 

post-DANISH: an updated meta analysis and systematic review of randomized controlled 

trials 

(El Moheb et 

al., 2018) 

Implantable cardiac defibrillators for people with non-ischaemic cardiomyopathy (Review) 

(Ghanbari, 

2009) 

Effectiveness of Implantable Cardioverter- Defibrillators for the Primary Prevention of 

Sudden Cardiac Death in Women With Advanced Heart Failure 

(Abdulla, 

Haarbo, et 

al., 2006) 

Impact of Implantable Defi brillators and Resynchronization Therapy on Outcome in Patients 

with Left Ventricular Dysfunction – A Meta-Analysis 

 

 

The list of excluded ICD-based systematic reviews 

Study Title 

(Liu et al., 2021) Association between CRT(D)/ICD and renal insufficiency: A systematic review and 

meta-analysis 

(AlTurki et al., 

2019) 

Implantable cardioverter-defibrillator use in elderly patients receiving cardiac 

resynchronization: A meta-analysi 

(Bazoukis et al., 

2019) 

Impact of Implantable Cardioverter-Defibrillator Interventions on All-Cause Mortality 

in Heart Failure Patients: A Meta-Analysis 

(Woods et al., 

2015) 

Individual patient data network meta-analysis of mortality effects of implantable cardiac 

devices 

(Rattanawong et 

al., 2018) 

Atrial fibrillation is associated with sudden cardiac death: a systematic review and meta-

analysis 

(Daubert, Martins 

and Leclercq, 2015) 

Why We Have to Use Cardiac Resynchronization Therapy-Pacemaker More 

(Engstrom et al., 

2022) 

Fragmented QRS is associated with ventricular arrhythmias in heart failure patients: A 

systematic review and meta-analysis 

(Alba, Walter, et 

al., 2018) 

Predicting Survival in Patients With Heart Failure With an Implantable Cardioverter 

Defibrillator: The Heart Failure Meta-Score 

(Long et al., 2021) The benefits of defibrillator in heart failure patients with cardiac resynchronization 

therapy: A meta-analysis 

(Vakil et al., 2016) Implantable Cardioverter-Defibrillator Use in Patients With Left Ventricular Assist 

Devices: A Systematic Review and Meta-Analysis 
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(Rorris et al., 2021) Implantable cardioverter defibrillators in left ventricular assist device patients: Α 

systematic review and meta-analysis 

(Carmo et al., 2018) Implantable cardioverter-defibrillator in Chagas heart disease: A systematic review and 

meta-analysis of observational studies 

(Shurrab et al., 

2018) 

Outcomes of ICDs and CRTs in patients with chronic kidney disease: a meta-analysis of 

21,000 patients 

(Sze and Daubert, 

2015) 

Why the Authors Use Cardiac Resynchronization Therapy with Defibrillators 

(Barra et al., 2015) Importance of Implantable Cardioverter-Defibrillator Back-Up in Cardiac 

Resynchronization Therapy Recipients: A Systematic Review and Meta-Analysis 

(Zhang, Zhou and 

Yu, 2015) 

Incidence, definition, diagnosis, and management of the cardiac resynchronization 

therapy nonresponder 

(Cleland et al., 

2022) 

The effect of cardiac resynchronization without a defibrillator on morbidity and 

mortality: an individual patient data meta-analysis of COMPANION and CARE-HF 

(Friedman et al., 

2017) 

New York Heart Association class and the survival benefit from primary prevention 

implantable cardioverter defibrillators: A pooled analysis of 4 randomized controlled 

trials 

(Yuyun et al., 2021) Risk of ventricular arrhythmia in cardiac resynchronization therapy responders and 

super-responders: a systematic review and meta-analysis 

(Sipahi et al., 2015) Impact of QRS duration on survival benefit with prophylactic implantable cardioverter-

defibrillators: a meta-analysis of randomized controlled trials 

(Kanitsoraphan et 

al., 2019) 

Baseline fragmented QRS is associated with increased all-cause mortality in heart failure 

with reduced ejection fraction: A systematic review and meta-analysis 

(Wasiak et al., 

2023) 

An implantable cardioverter-defibrillator for primary prevention in non-ischemic 

cardiomyopathy: A systematic review and meta-analysis 

(Hindricks et al., 

2017) 

Daily remote monitoring of implantable cardioverter-defibrillators: insights from the 

pooled patient-level data from three randomized controlled trials (IN-TIME, ECOST, 

TRUST) 

(Tseng et al., 2019) Efficacy of Pharmacologic and Cardiac Implantable Electronic Device Therapies in 

Patients With Heart Failure and Reduced Ejection Fraction: A Systematic Review and 

Network Meta-Analysis 

(Elkaryoni et al., 

2019) 

Implantable cardioverter-defibrillators and survival in advanced heart failure patients 

with continuous-flow left ventricular assist devices: a systematic review and meta-

analysis 

(Naka et al., 2019) Association between atrial fibrillation and patient-important outcomes in heart failure 

patients with implantable cardioverter-defibrillators: a systematic review and meta-

analysis 

(Mustafa et al., 

2018) 

Atrial Fibrillation Is Associated With Higher Overall Mortality in Patients With 

Implantable Cardioverter-Defibrillator: A Systematic Review and Meta-Analysis 

(Yue et al., 2020) Prognostic Value of Late Gadolinium Enhancement in Predicting Life-Threatening 

Arrhythmias in Heart Failure Patients With Implantable Cardioverter-Defibrillators: A 

Systematic Review and Meta-Analysis 

(Batchelor et al., 

2023) 

Meta-Analysis on Drug and Device Therapy of New York Heart Association Functional 

Class IV Heart Failure With Reduced Ejection Fraction 

(Barra et al., 2018) Cause-of-death analysis in patients with cardiac resynchronization therapy with or 

without a defibrillator: a systematic review and proportional meta-analysis 

(Nikolaidou et al., 

2018) 

Postmortem ICD interrogation in mode of death classification 
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(Agrawal et al., 

2016) 

The role of implantable cardioverter-defibrillators in patients with continuous flow left 

ventricular assist devices - A meta-analysis 

(Kang et al., 2015) Cardiac resynchronization therapy and QRS duration: systematic review, meta-analysis, 

and meta-regression 

(Bergau, Seegers 

and Zabel, 2014) 

Sex differences in ICD benefit 

(Israel and 

Manegold, 2014) 

[Electrical storm: definition, prevalence, causes and prognostic implications] 

(Earley et al., 2014) Effectiveness of implantable cardioverter defibrillators for primary prevention of sudden 

cardiac death in subgroups a systematic review 

(Alba et al., 2013) Predictors of mortality in patients with an implantable cardiac defibrillator: a systematic 

review and meta-analysis 

(Cleland et al., 

2013) 

An individual patient meta-analysis of five randomized trials assessing the effects of 

cardiac resynchronization therapy on morbidity and mortality in patients with 

symptomatic heart failure 

(STAVRAKIS, 

PATEL and 

REYNOLDS, 

2013) 

Defibrillation threshold testing does not predict clinical outcomes during long-term 

follow-up: a meta-analysis 

(Tu et al., 2013) [A systematic review and meta-analysis on efficacy and safety of cardiac 

resynchronization therapy alone or in combination with implantable cardioversion 

defibrillation in patients with mild to severe heart failure] 

(S. Chen et al., 

2013) 

The efficacy and safety of cardiac resynchronization therapy combined with implantable 

cardioverter defibrillator for heart failure: a meta-analysis of 5674 patients 

(Hess et al., 2013) Survival benefit of primary prevention implantable cardioverter-defibrillator therapy 

after myocardial infarction: does time to implant matter? A meta-analysis using patient-

level data from 4 clinical trials 

(Betts et al., 2013) Absolute risk reduction in total mortality with implantable cardioverter defibrillators: 

analysis of primary and secondary prevention trial data to aid risk/benefit analysis 

(CHATTERJEE et 

al., 2013) 

Pharmacologic rate versus rhythm-control strategies in atrial fibrillation: an updated 

comprehensive review and meta-analysis 

(Korantzopoulos et 

al., 2009) 

Implantable cardioverter defibrillator therapy in chronic kidney disease: a meta-analysis 

(Rossi et al., 2008) The current role of cardiac resynchronization therapy in reducing mortality and 

hospitalization in heart failure patients: a meta-analysis from clinical trials 

(Bradley et al., 

2003) 

Cardiac resynchronization and death from progressive heart failure: a meta-analysis of 

randomized controlled trials 

 

Search strategy for finding drug or non-digital biomarker-based meta-analyses in heart failure 

patients for mortality 

Search strategy 

(((("heart failure"[Title/Abstract] OR "heart failure"[MeSH Terms]) AND ("all-cause 

mortality"[Title/Abstract] OR "mortality"[MeSH Terms])) NOT "defibrillators, 

implantable"[MeSH Terms]) AND ("randomized controlled trial"[Publication Type] OR 

"controlled clinical trial"[Publication Type] OR "randomized"[Title/Abstract] OR 

"randomised"[Title/Abstract] OR "placebo"[Title/Abstract] OR "drug therapy"[MeSH 
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Subheading] OR "randomly"[Title/Abstract] OR "trial"[Title/Abstract] OR 

"groups"[Title/Abstract])) AND (meta-analysis[Filter]) 

 

 

The list of included drug or non-digital biomarker-based systematic reviews in heart failure 

patients in mortality 

Study Title 

(Dinicolantonio et 

al., 2013) 

Meta-Analysis of Carvedilol Versus Beta 1 Selective Beta-Blockers (Atenolol, 

Bisoprolol, Metoprolol, and Nebivolol) 

(Ng and Yap, 

2018) 

Continuous infusion vs. intermittent bolus injection of furosemide in acute 

decompensated heart failure: systematic review and meta-analysis of randomised 

controlled trials 

(Butler et al., 

2020) 

Efficacy and safety of SGLT2 inhibitors in heart failure: systematic review and meta-

analysis 

(Nielsen et al., 

2020) 

Beneficial and harmful effects of sacubitril/valsartan in patients with heart failure: a 

systematic review of randomized clinical trials with meta-analysis and trial sequential 

analysis 

(Anker et al., 

2018) 

Effects of ferric carboxymaltose on hospitalisations and mortality rates in iron-deficient 

heart failure patients: an individual patient data meta-analysis 

(Alskaf, Tridente 

and Al-

Mohammad, 

2016) 

Tolvaptan for Heart Failure, Systematic Review and Meta-Analysis of Trials 

(Berbenetz and 

Mrkobrada, 2016) 

Mineralocorticoid receptor antagonists for heart failure: systematic review and meta-

analysis 

(Abdulla, Køber, 

et al., 2006) 

Effect of beta-blocker therapy on functional status in patients with heart failure — A 

meta-analysis 

(Jin et al., 2010) A meta-analysis of erythropoiesis-stimulating agents in anaemic patients with chronic 

heart failure 

(Gao et al., 2011) Trimetazidine: a meta-analysis of randomized controlled trials in heart failure 

(De Vecchis et al., 

2015) 

Hypertonic saline plus i.v. furosemide improve renal safety profile and clinical outcomes 

in acute decompensated heart failure 

(Xiong et al., 

2015) 

The short-term and long-term effects of tolvaptan in patients with heart failure: a meta-

analysis of randomized controlled trials 

(Qian et al., 2016) The Efficacy and Safety of Iron Supplementation in Patients With Heart Failure and Iron 

Deficiency: A Systematic Review and Meta-analysis 

(Nistor et al., 

2015) 

Vasopressin receptor antagonists for the treatment of heart failure: a systematic review 

and meta-analysis of randomized 

controlled trials 

(Zheng et al., 

2018) 

Drug treatment effects on outcomes in heart failure with preserved ejection fraction: a 

systematic review and meta-analysis 

(Martin et al., 

2018) 

Beta-blockers and inhibitors of the renin-angiotensin aldosterone system for chronic heart 

failure with preserved ejection fraction (Review) 
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(Wang, Xiong and 

Cai, 2017) 

Effects of Tolvaptan in patients with acute heart failure: a systematic review and meta-

analysis 

(Song et al., 2017) Efficacy and Safety of L-Carnitine Treatment for Chronic Heart Failure: A Meta-Analysis 

of Randomized Controlled Trials 

(Huang et al., 

2018) 

Use of tolvaptan vs. furosemide in older patients with heart failure Meta-analysis of 

randomized controlled trials 

(M. S. Khan et al., 

2017) 

Dose of Angiotensin-Converting Enzyme Inhibitors and Angiotensin Receptor Blockers 

and Outcomes in Heart Failure A Meta-Analysis 

 

 

Search strategy for finding wearable activity tracker-based meta-analyses  

Search strategy Number of identified studies 

("activity tracker"[Title/Abstract] OR "fitness trackers"[MeSH Terms] OR 

"fitbit"[Title/Abstract] OR "Garmin"[Title/Abstract] OR "Apple 

Watch"[Title/Abstract] OR "Jawbone"[Title/Abstract] OR 

"pedometer"[Title/Abstract] OR "Accelerometer"[Title/Abstract] OR 

"wearable"[Title/Abstract] OR "step count"[Title/Abstract] OR 

"wristband"[Title/Abstract] OR "app"[Title/Abstract]) AND 

("weight"[Title/Abstract] OR "Body Weight"[MeSH Terms]) AND "meta 

analysis"[Publication Type] 

44 

 

 

The list of included wearable activity tracker-based systematic reviews in changing weight 

Study Title 

(Wong et al., 

2022) 

Wearable technology-delivered lifestyle intervention amongst adults with overweight and 

obese: A systematic review and meta-regression 

(Yen, Jin and 

Chiu, 2023) 

Smartphone app-based interventions targeting physical activity for weight management: A 

meta-analysis of randomized controlled trials 

(Fakih El 

Khoury et al., 

2019) 

The Effects of Dietary Mobile Apps on Nutritional Outcomes in Adults with Chronic 

Diseases: A Systematic Review and Meta-Analysis 

(Dehghan 

Ghahfarokhi et 

al., 2022) 

The Effect of Wearable and Smartphone Applications on Physical Activity, Quality of Life, 

and Cardiovascular Health Outcomes in Overweight/Obese Adults: A Systematic Review 

and Meta-analysis of Randomized 

Controlled Trials 

(Baskerville et 

al., 2017) 

Impact of accelerometer and pedometer use on physical activity and glycaemic control in 

people with Type 2 diabetes: a systematic review and meta-analysis 

(Cai et al., 

2016) 

Systematic Review or Meta-analysis Pedometer intervention and weight loss in overweight 

and obese adults with Type 2 diabetes: a meta-analysis 

(Hsin Yen Yen 

and Chiu, 2019) 

The effectiveness of wearable technologies as physical activity interventions in weight 

control: A systematic review and meta-analysis of randomized controlled trials 

(Cai et al., 

2020) 

Mobile Application Interventions and Weight Loss in Type 2 Diabetes: A Meta-Analysis 
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(Ringeval et al., 

2020) 

Fitbit-Based Interventions for Healthy Lifestyle Outcomes: Systematic Review and Meta-

Analysis 

(W. Wang et al., 

2022) 

The Effectiveness of Wearable Devices as Physical Activity Interventions for Preventing 

and Treating Obesity in Children and Adolescents: Systematic Review and Meta-analysis 

(Tang et al., 

2020) 

Effectiveness of Wearable Trackers on Physical Activity in Healthy Adults: Systematic 

Review and Meta-Analysis of Randomized Controlled Trials 

(Chew et al., 

2022) 

Sustainability of Weight Loss Through Smartphone Apps: Systematic Review and Meta-

analysis on Anthropometric, Metabolic, and Dietary Outcomes 

(Antoun et al., 

2022) 

The Effectiveness of Combining Nonmobile Interventions With the Use of Smartphone 

Apps With Various Features for Weight Loss: Systematic Review and Meta-analysis 

(Cui et al., 

2016) 

T2DM Self-Management via Smartphone Applications: A Systematic Review and Meta- 

Analysis 

 

 

The list of excluded wearable activity tracker-based systematic reviews 

Study Title 

(Bourke et al., 

2023) 

Adherence to the World Health Organization's physical activity recommendation in 

preschool-aged children: a systematic review and meta-analysis of accelerometer studies 

(Musgrave et al., 

2023) 

Addressing Preconception Behavior Change Through Mobile Phone Apps: Systematic 

Review and Meta-analysis 

(Chew et al., 

2023) 

Effectiveness of Combined Health Coaching and Self-Monitoring Apps on Weight-Related 

Outcomes in People With Overweight and Obesity: Systematic Review and Meta-analysis 

(Peng et al., 

2023) 

Effectiveness of Wearable Activity Monitors on Metabolic Outcomes in Patients With Type 

2 Diabetes: A Systematic Review and Meta-Analysis 

(Mamalaki et 

al., 2022) 

The effectiveness of technology-based interventions for weight loss maintenance: A 

systematic review of randomized controlled trials with meta-analysis 

(Ang et al., 

2021) 

Efficacy of Interventions That Incorporate Mobile Apps in Facilitating Weight Loss and 

Health Behavior Change in the Asian Population: Systematic Review and Meta-analysis 

(Petkovic et al., 

2021) 

Behavioural interventions delivered through interactive social media for health behaviour 

change, health outcomes, and health equity in the adult population 

(McDonough, 

Su and Gao, 

2021) 

Health wearable devices for weight and BMI reduction in individuals with 

overweight/obesity and chronic comorbidities: systematic review and network meta-

analysis 

(Saeteaw et al., 

2021) 

Efficacy and safety of pharmacological cachexia interventions: systematic review and 

network meta-analysis 

(Kamei et al., 

2022) 

The use of wearable devices in chronic disease management to enhance adherence and 

improve telehealth outcomes: A systematic review and meta-analysis 

(Islam et al., 

2020) 

Use of Mobile Phone App Interventions to Promote Weight Loss: Meta-Analysis 

(Wiersma et al., 

2020) 

Unravelling the association between accelerometer-derived physical activity and adiposity 

among preschool children: A systematic review and meta-analyses 

(Farooq et al., 

2020) 

Longitudinal changes in moderate-to-vigorous-intensity physical activity in children and 

adolescents: A systematic review and meta-analysis 
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(Mahajan et al., 

2020) 

Complex interaction of obesity, intentional weight loss and heart failure: a systematic 

review and meta-analysis 

(Georgarakis, 

Wolf and 

Riener, 2019) 

Simplifying Exosuits: Kinematic Couplings in the Upper Extremity during Daily Living 

Tasks 

(Villinger et al., 

2019) 

The effectiveness of app-based mobile interventions on nutrition behaviours and nutrition-

related health outcomes: A systematic review and meta-analysis 

(Matsui et al., 

2019) 

Switching to antipsychotic monotherapy vs. staying on antipsychotic polypharmacy in 

schizophrenia: A systematic review and meta-analysis 

(Chan and Chen, 

2019) 

Effects of Social Media and Mobile Health Apps on Pregnancy Care: Meta-Analysis 

(Love, Adams 

and Sluijs, 2019) 

Are school-based physical activity interventions effective and equitable? A meta-analysis 

of cluster randomized controlled trials with accelerometer-assessed activity 

(Dunn, White 

and Green, 

2018) 

A model to estimate seabird field metabolic rates 

(Silva et al., 

2018) 

What is the effect of diet and/or exercise interventions on behavioural compensation in non-

exercise physical activity and related energy expenditure of free-living adults? A systematic 

review 

(Lunde et al., 

2018) 

The Effectiveness of Smartphone Apps for Lifestyle Improvement in Noncommunicable 

Diseases: Systematic Review and Meta-Analyses 

(Schock, Neher 

and Safranek, 

2017) 

Clinical Inquiry: Do pedometers increase activity and improve health outcomes? 

(Borde et al., 

2017) 

Methodological considerations and impact of school-based interventions on objectively 

measured physical activity in adolescents: a systematic review and meta-analysis 

(Herring et al., 

2016) 

Changes in physical activity behaviour and physical function after bariatric surgery: a 

systematic review and meta-analysis 

(Flores Mateo et 

al., 2015) 

Mobile Phone Apps to Promote Weight Loss and Increase Physical Activity: A Systematic 

Review and Meta-Analysis 

(Jeon and Park, 

2015) 

Nursing Intervention using smartphone technologies; a systematic review and meta-

analysis 

(Nascimento et 

al., 2014) 

The effect of physical exercise strategies on weight loss in postpartum women: a systematic 

review and meta-analysis 

(Metcalf, 

Henley and 

Wilkin, 2012) 

Effectiveness of intervention on physical activity of children: systematic review and meta-

analysis of controlled trials with objectively measured outcomes (EarlyBird 54) 

(Richardson et 

al., 2008) 

A meta-analysis of pedometer-based walking interventions and weight loss 

 

 

The list of the included drug or non-wearable activity trackers systematic reviews in changing 

weight 

Study Title  
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(Maharlouei et 

al., 2019) 

The effects of ginger intake on weight loss and metabolic profiles among overweight and 

obese subjects: A systematic review and meta-analysis of randomized controlled trials 

(Payab et al., 

2020) 

Effect of the herbal medicines in obesity and metabolic syndrome: A systematic review and 

meta‐analysis of clinical trials 

(Yang et al., 

2022) 

The effects of low-fat, high-carbohydrate diets vs. low-carbohydrate, high-fat diets on 

weight, blood pressure, serum liquids and blood glucose: a systematic review and meta-

analysis 

(De Menezes et 

al., 2019) 

Influence of Paleolithic diet on anthropometric markers in chronic diseases: systematic 

review and meta-analysis 

(Min et al., 

2017) 

Comparison between SGLT2 inhibitors and DPP4 inhibitors added to insulin therapy in type 

2 diabetes: a systematic review with indirect comparison meta-analysis 

(Paravattil, 

Wilby and 

Turgeon, 2016) 

Topiramate monotherapy for weight reduction in patients with type 2 diabetes mellitus: A 

systematic review and meta-analysis 

(Meng et al., 

2017) 

Efficacy of low carbohydrate diet for type 2 diabetes mellitus management: A systematic 

review and meta-analysis of randomized controlled trials 

(Avgerinos et 

al., 2020) 

Oral semaglutide for type 2 diabetes: A systematic review and meta-analysis 

(Duan et al., 

2020) 

Effects of Vitamin D Supplementation on General and Central Obesity: Results from 20 

Randomized Controlled Trials Involving Apparently Healthy Populations 

(C. Zhou et al., 

2022) 

Ketogenic Diet Benefits to Weight Loss, Glycemic Control, and Lipid Profiles in Overweight 

Patients with Type 2 Diabetes Mellitus: A Meta-Analysis of Randomized Controlled Trails 

(Guo et al., 

2022) 

The Antiobesity Effect and Safety of GLP-1 Receptor Agonist in Overweight/Obese Patients 

Without Diabetes: A Systematic 

Review and Meta-Analysis 

(Zhong et al., 

2022) 

Efficacy and safety of once-weekly semaglutide in adults with overweight or obesity: a meta-

analysis 
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Appendix III. The methodological quality assessment of included SRs 

 

The methodological quality assessment of digital biomarkers-based systematic reviews using 

AMSTAR-2 tool 

 

Studies 

 Q

1 

Q

2 

Q

3 

Q

4 

Q

5 

Q

6 

Q

7 

Q

8 

Q

9 

Q

10 

Q

11 

Q

12 

Q

13 

Q

14 

 Q

15 

Q

16 

Over

all 

poin

t 

AMST

AR 

grade 

(Wong 

et al., 

2022)                                 
13 L 

(Yen, 

Jin and 

Chiu, 

2023)                                 
10 CL 

(Fakih 

El 

Khoury 

et al., 

2019)                                 
11 L 

(Dehgha

n 

Ghahfar

okhi et 

al., 

2022)                                 
10 CL 

(Basker

ville et 

al., 

2017)                                 
12 CL 

(Cai et 

al., 

2016)                                 
10 L 

(Hsin 

Yen 

Yen and 

Chiu, 

2019)                                 
10 CL 

(Cai et 

al., 

2020)                                 
8 CL 

(Ringev

al et al., 

2020)                                 
12 CL 

(W. 

Wang et 

al., 

2022)                                 
9 CL 

(Tang et 

al., 

2020)                                 
10 CL 

(Chew 

et al., 

2022)                                 
12 L 
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(Antoun 

et al., 

2022)                                 
10 CL 

(Cui et 

al., 

2016)                                 
11 CL 

(Alba, 

Forouta

n, et al., 

2018)                                 
12 CL 

(Huang 

et al., 

2010)                                 
7 CL 

(Bertold

i et al., 

2011)                                 
7 CL 

(Kang et 

al., 

2015)                                 
11 CL 

(Shah et 

al., 

2014)                                 
10 CL 

(Shaojie 

Chen et 

al., 

2013)                                 
6 CL 

(Xing et 

al., 

2017)                                 
10 CL 

(Sun et 

al., 

2016)                                 
7 CL 

(Shun-

Shin et 

al., 

2017)                                 
11 CL 

(Gama 

et al., 

2020)                                 
9 CL 

(Akel 

and 

Lafferty

, 2017)                                 
6 CL 

(Barakat 

et al., 

2017)                                 
12 M 

(Alotaib

i et al., 

2020)                                 
12 L 

(Al-

Khatib 

et al., 

2017)                                 
4 CL 

(Miller 

et al., 

2015)                                 
8 CL 

(Siddiqu

i et al., 

2018)                                 
11 CL 
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(Wolff 

et al., 

2017)                                 
8 CL 

(El 

Moheb 

et al., 

2018)                                 
16 H 

(Ghanba

ri, 2009)                                 
11 CL 

(Abdull

a, 

Haarbo, 

et al., 

2006)                                 
7 CL 

 

Q1: PICO, Q2: Protocol, Q3: Selection of study design, Q4: Comprehensive literature search, Q5: Study selection 

in duplicate, Q6: Data extraction in duplicate, Q7: List of excluded studies, Q8: Describe the included studies in 

adequate detail, Q9: A satisfactory technique for assessing the risk of bias, Q10: Sources of funding for the studies 

included, Q11: Appropriate methods for statistical combination of results, Q12: Potential impact of RoB in 

individual studies on the results of the meta-analysis, Q13: RoB in individual studies when interpreting/ discussing 

the results of the review, Q14: A satisfactory explanation for, and discussion of, any heterogeneity observed in 

the results of the review, Q15: An adequate investigation of publication bias, Q16: Potential sources of conflict 

of interest, ROB: Risk of bias, H: High methodological quality, M: Moderate methodological quality, L: Low 

methodological quality, CL: Critically low methodological quality, Green color: Yes, Red color: No, Yellow 

color: Partially yes.  

 

 

The methodological quality assessment of non-digital biomarkers or drug-based systematic 

reviews using AMSTAR-2 tool 

 

Studies 

Q

1 

Q

2 

Q

3 

Q

4 

Q

5 

Q

6 

Q

7 

Q

8 

Q

9 

Q

10 

Q

11 

Q

12 

Q

13 

Q

14 

Q

15 

Q

16 

Over

all 

poin

t 

AMST

AR 

grade 

(Maharlou

ei et al., 

2019)                                 
9 CL 

(Payab et 

al., 2020)                                 
10 L 

(Yang et 

al., 2022)                                 
10 CL 

(De 

Menezes 

et al., 

2019)                                 
6 CL 

(Min et 

al., 2017)                                 
9 CL 

(Paravattil

, Wilby 

and 

Turgeon, 

2016)                                 
9 CL 

(Meng et 

al., 2017)                                 
9 CL 
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(Avgerino

s et al., 

2020)                                 
10 CL 

(Duan et 

al., 2020)                                 
11 L 

(C. Zhou 

et al., 

2022)                                 
8 CL 

(Guo et 

al., 2022)                                 
11 L 

(Zhong et 

al., 2022)                                 
11 M 

(Arastu et 

al., 2022)                                 
10 CL 

(Toledo et 

al., 2023)                                 
12 L 

(Dinicola

ntonio et 

al., 2013)                                 
8 CL 

(Ng and 

Yap, 

2018)                                 
11 L 

(Butler et 

al., 2020)                                 
11 CL 

(Nielsen 

et al., 

2020)                                 
12 CL 

(Anker et 

al., 2018)                                 
10 CL 

(Alskaf, 

Tridente 

and Al-

Mohamm

ad, 2016)                                 
11 L 

(Berbenet

z and 

Mrkobrad

a, 2016)                                 
9 CL 

(Abdulla, 

Køber, et 

al., 2006)                                 
9 CL 

(Jin et al., 

2010)                                 
8 CL 

(Gao et 

al., 2011)                                 
12 CL 

(De 

Vecchis et 

al., 2015)                                 
9 CL 

(Xiong et 

al., 2015)                                 
9 CL 

(Qian et 

al., 2016)                                 
6 CL 

(Nistor et 

al., 2015)                                 
12 CL 

(Zheng et 

al., 2018)                                 
8 CL 

(Martin et 

al., 2018)                                 
16 H 
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(Wang, 

Xiong and 

Cai, 2017)                                 
8 CL 

(Song et 

al., 2017)                                 
9 CL 

(Huang et 

al., 2018)                                 
11 L 

(M. S. 

Khan et 

al., 2017)                                 
8 CL 

 

Q1: PICO, Q2: Protocol, Q3: Selection of study design, Q4: Comprehensive literature search, Q5: Study selection 

in duplicate, Q6: Data extraction in duplicate, Q7: List of excluded studies, Q8: Describe the included studies in 

adequate detail, Q9: A satisfactory technique for assessing the risk of bias, Q10: Sources of funding for the studies 

included, Q11: Appropriate methods for statistical combination of results, Q12: Potential impact of RoB in 

individual studies on the results of the meta-analysis, Q13: RoB in individual studies when interpreting/ discussing 

the results of the review, Q14: A satisfactory explanation for, and discussion of, any heterogeneity observed in 

the results of the review, Q15: An adequate investigation of publication bias, Q16: Potential sources of conflict 

of interest, ROB: Risk of bias, H: High methodological quality, M: Moderate methodological quality, L: Low 

methodological quality, CL: Critically low methodological quality, Green color: Yes, Red color: No, Yellow 

color: Partially yes.  
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Appendix IV. The quality evidence assessment results 

 

The quality evidence assessment results of digital biomarker-based meta-analyses using the 

GRADE tool. 
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(Alba, 

Foroutan, et 

al., 2018) 

All-cause 

mortality 

0.84 

(0.73, 

0.96)/ RR 

0 0 0 0 0 High  

(Huang et 

al., 2010) 

All-cause 

mortality 

0.55 (0.4, 

0.76)/ OR 

0 0 -1 0 0 Moderate 43% of the 

included studies 

have low risk of 

bias 

(Bertoldi et 

al., 2011) 

All-cause 

mortality 

0.83 

(0.72, 

0.96) /RR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(Kang et al., 

2015) 

All-cause 

mortality 

0.81 

(0.68, 

0.97)/ OR 

0 0 -1 0 0 Moderate 26% of the 

included studies 

have low risk of 

bias 

(Shah et al., 

2014) 

All-cause 

mortality 

1.66 

(1.096, 

1.515)/RR 

-1 -1 0 0 0 Moderate Heterogeneity not 

reported 

The optimum 

information size is 

1858 

(Shaojie 

Chen et al., 

2013) 

Mortality 0.8 (0.67, 

0.95)/ OR 

0 0 -1 0 0 Moderate 50% of the 

included studies 

have low risk of 

bias 

(Xing et al., 

2017) 

All-cause 

mortality 

0.83 

(0.71, 

0.97)/ RR 

0 0 -1 0 0 Moderate 40% of the 

included studies 

have low risk of 

bias 

(Sun et al., 

2016) 

All-cause 

mortality 

0.78 

(0.63, 

0.96)/ OR 

0 0 0 0 0 High  

(Shun-Shin 

et al., 2017) 

All-cause 

mortality 

0.76 

(0.64, 

0.9)/ HR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(Gama et al., 

2020) 

All-cause 

mortality 

0.85 

(0.78, 

0.94)/ RR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 
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(Akel and 

Lafferty, 

2017) 

All-cause 

mortality 

0.8 (0.76, 

0.96)/ HR 

0 0 -1 0 0 Moderate Risk of bias of the 

included studies is 

not reported 

(Barakat et 

al., 2017) 

All-cause 

mortality 

0.79 

(0.64, 

0.93)/ HR 

0 0 0 0 0 High  

(Alotaibi et 

al., 2020) 

All-cause 

mortality 

0.88 

(0.69, 

1.11 )RR 

0 0 -1 0 0 Moderate 43% of the 

included studies 

have low risk of 

bias 

(Al-Khatib 

et al., 2017) 

All-cause 

mortality 

0.75 

(0.61, 

0.93)/ HR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(Miller et 

al., 2015) 

Mortality 0.63 

(0.52, 

0.75)/ RR 

-1 0 -1 0 0 Moderate Heterogeneity not 

reported 

None of the 

included studies 

has low risk of bias 

  

(Siddiqui et 

al., 2018) 

All-cause 

mortality 

0.74 

(0.62, 

0.9)/ OR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(Wolff et al., 

2017) 

All-cause 

mortality 

0.77 

(0.64, 

0.93)/ OR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(El Moheb 

et al., 2018) 

All-cause 

mortality 

0.78 

(0.66, 

0.92)/ HR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(Ghanbari, 

2009) 

Mortality 0.78 (0.7, 

0.87)/ HR 

0 0 -1 0 0 Moderate None of the 

included studies 

has low risk of bias 

(Abdulla, 

Haarbo, et 

al., 2006) 

All-cause 

mortality 

0.75 

(0.59, 

0.96)/ OR 

-1 0 -1 0 0 Moderate Heterogeneity not 

reported  

None of the 

included studies 

has low risk of bias 

(Wong et 

al., 2022) 

Weight -0.95 (-

3.08, 

1.18)/ MD   

0 -1 -1 0 0 Moderate The optimum 

sample size is 

27480 

38% of the 

included studies 

have low risk of 

bias 

(Yen, Jin 

and Chiu, 

2023) 

Weight -0.434 (-

0.684, -

0.184)/ 

Hg 

-1 0 -1 0 0 Moderate Heterogeneity is 

78.04% 

30% of the 

included studies 

have low risk of 

bias 
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(Fakih El 

Khoury et 

al., 2019) 

Weight -2.45 (-

3.33, -

1.58)/ 

WMD 

-1 0 -1 0 0 Moderate Heterogeneity is 

96.2% 

9% of the included 

studies have low 

risk of bias 

 

(Dehghan 

Ghahfarokhi 

et al., 2022) 

Weight -1.61 (-

2.82, -

0.39)/ MD 

0 -1 -1 0 0 Moderate The optimal 

sample size is 2476 

23% of the 

included studies 

have low risk of 

bias 

(Baskerville 

et al., 2017) 

Body 

mass 

index 

0.06 (-

0.19, 

0.32)/ 

SMD 

0 -1 -1 0 0 Moderate The optimal 

sample size is 6872 

None of the 

included studies 

has low risk of bias 

(Cai et al., 

2016) 

Weight -0.65 (-

1.12, -

0.17)/ 

WMD 

0 -1 -1 0 0 Moderate The optimal 

information size is 

1466 

28% of the 

included studies 

have low risk of 

bias 

(Hsin Yen 

Yen and 

Chiu, 2019) 

Weight -0.594 (-

0.842, -

0.346)/ 

Hg 

-1 0 -1 0 0 Moderate Heterogeneity is 

86.07% 

None of the 

included studies 

has low risk of bias 

(Cai et al., 

2020) 

Weight -0.84 (-

1.151, -

0.17)/ 

WMD 

0 -1 -1 0 0 Moderate The optimal 

information is 

1720 

11% of the 

included studies 

have low risk of 

bias 

(Ringeval et 

al., 2020) 

Weight -1.48 (-

2.81, -

0.14)/ MD 

0 -1 -1 0 0 Moderate The optimal 

information size is 

5050 

None of the 

included studies 

has low risk of bias 

(W. Wang et 

al., 2022) 

Weight -1.08 (-

2.16, 0)/ 

MD 

0 -1 -1 0 0 Moderate The optimal 

information size is 

3056 

None of the 

included studies 

has low risk of bias 
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(Tang et al., 

2020) 

Weight 0.133 (-

0.336, 

0.603)/ 

SMD 

0 -1 -1 0 0 Moderate The optimal 

information size is 

1400 

None of the 

included studies 

has low risk of bias 

(Chew et al., 

2022) 

Weight -1.15 (-

3.02, 

0.72)/ MD 

-1 -1 -1 0 0 Low Heterogeneity is 

91% 

The optimal 

information size is 

15458 

None of the 

included studies 

has low risk of bias 

(Antoun et 

al., 2022) 

Weight -1.95 (-

2.09, -

1.81)/ MD 

-1 0 -1 0 0 Moderate Heterogeneity is 

81% 

17% of the 

included studies 

have low risk of 

bias 

(Cui et al., 

2016) 

Weight -0.84 (-

2.04, 

0.36)/ MD 

0 -1 -1 0 0 Moderate The optimal 

information size is 

5050 

 

None of the 

included studies 

has low risk of bias 

CIs: Confidence intervals, ROB: risk of bias, PB: publication bias, RR: Risk ratio, OR: Odds ratio, HR: Hazard 

ratio, MD: Mean difference, Hg: Hedges’ g, WMD: Weighted mean difference. 
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(Dinicolantonio 

et al., 2013) 

All-cause 

mortality 

0.85 

(0.78, 

0.93)/ 

RR 

0 0 -1 0 0 Moderate 12.5% of the 

included 

studies have 

low risk of bias 

(Ng and Yap, 

2018) 

All-cause 

mortality 

1.65 

(0.93, 

2.91)/ 

OR 

0 -1 -1 0 0 Moderate The optimal 

information 

size is 1132 
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25% of the 

included 

studies have 

low risk of bias 

(Butler et al., 

2020) 

All-cause 

mortality 

1.02 

(0.79, 

1.3)/ 

HR 

0 0 0 0 0 High  

(Nielsen et al., 

2020) 

All-cause 

mortality 

0.86 

(0.79, 

0.94)/ 

RR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

(Anker et al., 

2018) 

Cardiovascular 

mortality 

0.59 

(0.4, 

0.88)/ 

Rate 

ratio 

0 0 -1 0 0 Moderate Risk of bias of 

the included 

studies is not 

reported 

(Alskaf, 

Tridente and 

Al-

Mohammad, 

2016) 

Mortality 0.81 

(0.51, 

1.3)/ 

OR 

0 0 -1 0 0 Moderate 66% of the 

included 

studies have 

low risk of bias 

(Berbenetz and 

Mrkobrada, 

2016) 

All-cause 

mortality 

0.83 

(0.77, 

0.88)/ 

RR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

(Abdulla, 

Køber, et al., 

2006) 

All-cause 

mortality 

0.69 

(0.59, 

0.82)/ 

OR 

0 0 -1 0 0 Moderate 56% of the 

included 

studies have 

low risk of bias 

(Jin et al., 

2010) 

All-cause 

mortality 

0.71 

(0.41, 

1.24)/ 

RR 

0 -1 -1 0 0 Moderate The optimal 

information 

size is 2496 

16% of the 

included 

studies have 

low risk of bias 

(Gao et al., 

2011) 

All-cause 

mortality 

0.29 

(0.17, 

0.49)/ 

RR 

0 -1 -1 0 0 Moderate The optimal 

information 

size is 572 

66% of the 

included 

studies have 

low risk of bias 

(De Vecchis et 

al., 2015) 

All-cause 

mortality 

0.57 

(0.44, 

0.74)/ 

RR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

(Xiong et al., 

2015) 

All-cause 

mortality 

0.96 

(0.87, 

1.06)/ 

RR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 
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(Qian et al., 

2016) 

All-cause 

mortality 

0.81 

(0.42, 

1.57)/ 

OR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

(Nistor et al., 

2015) 

All-cause 

mortality 

0.98 

(0.88, 

1.08)/ 

RR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

(Zheng et al., 

2018) 

All-cause 

mortality 

0.96 

(0.9, 

1.03)/ 

RR 

0 0 -1 0 0 Moderate 37% of the 

included 

studies have 

low risk of bias 

(Martin et al., 

2018) 

All-cause 

mortality 

0.99 

(0.71, 

1.38) 

RR 

0 0 -1 0 0 Moderate 40% of the 

included 

studies has low 

risk of bias 

(Wang, Xiong 

and Cai, 2017) 

All-cause 

mortality 

0.98 

(0.68, 

1.43)/ 

RR 

0 -1 -1 0 0 Moderate The optimal 

information 

size is 2140 

None of the 

included 

studies has low 

risk of bias 

(Song et al., 

2017) 

All-cause 

mortality 

0.48 

(0.21, 

1.06)/ 

OR 

0 -1 -1 0 0 Moderate The optimal 

information 

size is 1118 

None of the 

included 

studies has low 

risk of bias 

 

(Huang et al., 

2018) 

All-cause 

mortality 

0.73 

(0.36, 

1.47)/ 

RR 

0 -1 -1 0 0 Moderate The optimal 

information 

size is 2874 

50% of the 

included 

studies have 

low risk of bias 

(M. S. Khan et 

al., 2017) 

All-cause 

mortality 

0.94 

(0.89, 

1)/ RR 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

(Maharlouei et 

al., 2019) 

Weight -0.66 

(-1.33, 

-0.01)/ 

SMD 

-1 -1 -1 0 0 Low Heterogeneity 

is 76.9% 

None of the 

included 

studies has low 

risk of bias 

 

(Payab et al., 

2020) 

Weight -0.75 

(-1.19, 

-1 0 -1 0 0 Moderate Heterogeneity 

is 94.3% 
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-0.32)/ 

SMD 

18% of the 

included 

studies have 

low risk of bias 

(Yang et al., 

2022) 

Weight -1.01 

(-1.96, 

-0.77)/ 

SMD 

-1 0 -1 0 0 Moderate Heterogeneity 

is 95% 

42% of the 

included 

studies have 

low risk of bias 

(De Menezes et 

al., 2019) 

Weight -3.52 

(-5.26, 

-1.79)/ 

MD 

0 -1 -1 0 0 Moderate The optimum 

information 

size 652 

None of the 

included 

studies has low 

risk of bias 

 

(Min et al., 

2017) 

Weight -0.04 

(-0.25, 

0.16)/ 

WMD 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

 

(Paravattil, 

Wilby and 

Turgeon, 2016) 

Weight -3.41 

(-3.79, 

-3.04)/ 

MD 

0 0 -1 0 0 Moderate None of the 

included 

studies has low 

risk of bias 

 

(Meng et al., 

2017) 

Weight -0.94 

(-1.92, 

-0.05)/ 

WMD 

0 -1 -1 0 0 Moderate The optimum 

information 

size 3878 

62.5% of the 

included 

studies have 

low risk of bias 

(Avgerinos et 

al., 2020) 

Weight -2.99 

(-3.69, 

-2.3)/ 

MD 

-1 0 0 0 0 Moderate Heterogeneity 

is 78% 

 

(Duan et al., 

2020) 

Body mass 

index 

-0.09 

(-0.19, 

0.01)/ 

WMD 

0 0 -1 0 0 Moderate 50% of the 

included 

studies have 

low risk of bias 

(C. Zhou et al., 

2022) 

Weight -5.62 

(-9.73, 

-1.51)/ 

MD 

0 -1 -1 0 0 Moderate The optimum 

information 

size 1860 

None of the 

included 

studies has low 

risk of bias 
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(Guo et al., 

2022) 

Weight -5.39 

(-6.82, 

-3.96)/ 

WMD 

-1 0 -1 0 0 Moderate Heterogeneity 

is 99.2% 

17% of the 

included 

studies have 

low risk of bias 

(Zhong et al., 

2022) 

Weight -11.9 

(-

13.24, 

-

10.56)/ 

MD 

0 0 0 0 0 High  

(Arastu et al., 

2022) 

Weight -11.62 

(-

13.03, 

-

10.21)/ 

MD 

0 0 0 0 0 High  

(Toledo et al., 

2023) 

Body mass 

index 

-0.1 (-

0.27, 

0.07)/ 

SMD 

0 -1 -1 0 0 Moderate Optimum 

information 

size is 3142 

71% of the 

included 

studies have 

low risk of bias 

CIs: Confidence intervals, ROB: risk of bias, PB: publication bias, RR: Risk ratio, OR: Odds ratio, HR: Hazard 

ratio, MD: Mean difference, Hg: Hedges’ g, WMD: Weighted mean difference. 
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Appendix V. The characteristics of the included DBMs studies and the searches conducted to find non-DBMS or drug-based 

studies 

 

DBM-based studies  Non-DBM or drug-based studies 

Study Population Interventio

n 

Outcome Number 

of 

missing 

studies 

(change 

in the 

magnitu

de of 

effect 

size %) 

Search strategy to find 

drug-based meta-analyses 

Study Population Intervention Outcome Number 

of 

missing 

studies 

(change 

in the 

magnitu

de of 

effect 

size %) 
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(Ringeval 

et al., 2020) 

Overweight, 

Sedentary, 

Arthritis, 

Cardiovascu

lar risks, 

Diabetes, 

Cardiometab

olic 

diseases, 

Chronic low 

back pain, 

Chronic 

obstructive 

pulmonary 

disease, 

Prediabetes, 

With low 

ankle 

brachial 

index, 

healthy 

subjects Fitbit steps 

0 (0%) ((Overweight[Title/Abstrac

t] OR 

Sedentary[Title/Abstract] 

OR 

Arthritis[Title/Abstract] 

OR 

Cardiovascular[Title/Abstr

act] OR 

Diabetes[Title/Abstract] 

OR 

Cardiometabolic[Title/Abst

ract] OR "Chronic low back 

pain"[Title/Abstract] OR 

"Chronic obstructive 

pulmonary 

disease"[Title/Abstract] OR 

"Prediabetes"[Title/Abstrac

t] OR "low ankle brachial 

index"[Title/Abstract] OR 

"healthy 

subjects"[Title/Abstract]) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"activity 

tracker"[title/abstract])) 

AND ("Body 

Weight"[Mesh] OR 

"Weight Loss"[Mesh] OR 

"Body Weight 

Changes"[Mesh]) limited to 

2020 

 

(Talenezh

ad et al., 

2020) 

Numerous 

kind of 

populations 

L-carnitine 

supplementatio

n 

BMI 0 (0%) 

(Ringeval 

et al., 2020) 

Overweight, 

Sedentary, 

Arthritis, 

Cardiovascu

lar risks, 

Diabetes, 

Cardiometab
Fitbit 

MVPA 0 (0%) ((Overweight[Title/Abstrac

t] OR 

Sedentary[Title/Abstract] 

OR 

Arthritis[Title/Abstract] 

OR 

Cardiovascular[Title/Abstr

(Talenezh

ad et al., 

2020) 

Numerous 

kind of 

populations 

L-carnitine 

supplementatio

n 

Weight 6 (32%) 
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olic 

diseases, 

Chronic low 

back pain, 

Chronic 

obstructive 

pulmonary 

disease, 

Prediabetes, 

With low 

ankle 

brachial 

index, 

healthy 

subjects 

act] OR 

Diabetes[Title/Abstract] 

OR 

Cardiometabolic[Title/Abst

ract] OR "Chronic low back 

pain"[Title/Abstract] OR 

"Chronic obstructive 

pulmonary 

disease"[Title/Abstract] OR 

"Prediabetes"[Title/Abstrac

t] OR "low ankle brachial 

index"[Title/Abstract] OR 

"healthy 

subjects"[Title/Abstract]) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"activity 

tracker"[title/abstract])) 

AND ("Body 

Weight"[Mesh] OR 

"Weight Loss"[Mesh] OR 

"Body Weight 

Changes"[Mesh]) limited to 

2020 

 

(Ringeval 

et al., 2020) 

Overweight, 

Sedentary, 

Arthritis, 

Cardiovascu

lar risks, 

Diabetes, 

Cardiometab

olic 

diseases, 

Chronic low 

back pain, 

Chronic 

obstructive 

pulmonary 
Fitbit 

Weight 2 (14%) ((Overweight[Title/Abstrac

t] OR 

Sedentary[Title/Abstract] 

OR 

Arthritis[Title/Abstract] 

OR 

Cardiovascular[Title/Abstr

act] OR 

Diabetes[Title/Abstract] 

OR 

Cardiometabolic[Title/Abst

ract] OR "Chronic low back 

pain"[Title/Abstract] OR 

"Chronic obstructive 

(Yuan et 

al., 2020) 

Patients 

with T2DM 

ketogenic diet Weight 2 

(12.6%) 
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disease, 

Prediabetes, 

With low 

ankle 

brachial 

index, 

healthy 

subjects 

pulmonary 

disease"[Title/Abstract] OR 

"Prediabetes"[Title/Abstrac

t] OR "low ankle brachial 

index"[Title/Abstract] OR 

"healthy 

subjects"[Title/Abstract]) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"activity 

tracker"[title/abstract])) 

AND ("Body 

Weight"[Mesh] OR 

"Weight Loss"[Mesh] OR 

"Body Weight 

Changes"[Mesh]) limited to 

2021 

 

(Jang et al., 

2020) 

Heart failure 

 

Remote 

monitoring 

using 

digital 

devices 

Detectio of 

atrial 

arrhythmia 

4 

(1.6%) 

(("Heart Failure"[Mesh]) 

NOT ("Defibrillators, 

Implantable"[Mesh])) AND 

("Arrhythmias, 

Cardiac"[Mesh]) 

 

(R. Wang 

et al., 

2022) 

Heart failure Sacubitril/Vals

artan 

Arrhythmia

s 

1 

(0.6%) 

(Wang et 

al., 2020) 

cardiac 

arrest 

Feedback 

device ROSC 

0 (0%) (("cardiac arrest"[Title]) 

NOT 

(device[Title/Abstract])) 

AND (circulation[Title]) 

 

(An et al., 

2022) 

Cardiopulmo

nary arrest 

cumulative 

dose of 

adrenaline 

ROSC 2 

(1.2%) 

(Tang et al., 

2020) 

Healthy 

adults 

Wearable 

Trackers 

Physical 

activity 

4 (68%) (("healthy"[Title/abstract]) 

AND (weight[Title])) NOT 

("Fitness Trackers"[Mesh] 

OR "activity 

tracker"[Title/Abstract]) 

 

(Abdollah

i et al., 

2020) 

General Zinc 

Supplementati

on 

Weight 0 (0%) 
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(Franssen et 

al., 2020) 

Type 2 

diabetes 

mellitus 

wearable 

activity 

tracker 

Physical 

activity 

0 (0%) (("Diabetes Mellitus, Type 

2"[Mesh] OR "type 2 

diabetes"[Title]) NOT 

("Fitness Trackers"[Mesh] 

OR "activity 

tracker"[Title/Abstract])) 

AND (weight[Title]) 

 

(Janani et 

al., 2021) 

Type 2 

diabetes 

mellitus 

Sitagliptin as 

Monotherapy 

and Add-On to 

Metformin 

Weight 0 (0%) 

(Alotaibi et 

al., 2020) 

Heart failure 

Remote 

monitoring 

Hospitaliza

tion 

3 

(10.8%) 

(("Heart Failure"[Mesh] 

OR "heart 

failure"[Title/abstract]) 

NOT 

(monitoring[title/abstract] 

OR 

defibrillator[title/abstract])) 

AND 

(Hospitalization[Title/Abst

ract]) 

 

(Bamforth 

et al., 

2021) 

Heart 

Failure, 

chronic 

obstructive 

pulmonary 

disease, and 

chronic 

kidney 

disease 

Post-discharge 

interventions 

Hospitaliza

tion 

4 

(4.7%) 

(Hodkinson 

et al., 2019) 

Cardiometab

olic 

Conditions 

Accelerom

eter 

Physical 

activity 

5 

(16.18

%) 

((("Non-alcoholic Fatty 

Liver Disease"[Mesh] OR 

"non-alcoholic fatty 

liver"[title] OR "heart 

attack"[title/abstract] OR 

"Stroke"[Mesh] OR 

Stroke[title] OR "Diabetes 

Mellitus"[Mesh] OR 

Diabetes[Title] OR "Insulin 

Resistance"[Mesh] OR 

"Metabolic 

syndrome"[title]) AND 

("Body Weight"[Mesh] OR 

weight[title])) AND ("meta 

analysis"[Publication 

Type])) AND (effect[title]) 

 

(Wu et al., 

2022) 

People with 

diabetes 

dual SGLT 1/2 

inhibitor 

sotagliflozin 

Weight 9 

(12.65

%) 
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(Hodkinson 

et al., 2019) 

Cardiometab

olic 

Conditions Pedometer 

Physical 

activity 

0 (0%) ((("Non-alcoholic Fatty 

Liver Disease"[Mesh] OR 

"non-alcoholic fatty 

liver"[title] OR "heart 

attack"[title/abstract] OR 

"Stroke"[Mesh] OR 

Stroke[title] OR "Diabetes 

Mellitus"[Mesh] OR 

Diabetes[Title] OR "Insulin 

Resistance"[Mesh] OR 

"Metabolic 

syndrome"[title]) AND 

("Body Weight"[Mesh] OR 

weight[title])) AND ("meta 

analysis"[Publication 

Type])) AND (effect[title]) 

 

(Wang, 

Zheng and 

Jin, 2021) 

Acute 

decompensat

ed heart 

failure 

Ultrafiltration Weight 1 

(6.41%) 

(Halawa, 

Enezate and 

Flaker, 

2019) 

Heart failure 

Device 

monitoring 

HF related 

readmissio

n rate 

2 

(0.5%) 

(Heart 

failure[Title/Abstract] 

AND 

"readmission"[Title/Abstra

ct]) AND ("meta-

analysis"[Publication 

Type]) 

(Campo et 

al., 2017) 

Myocardial 

infarction 

Drugs targeting 

mitochondrial 

function 

Hospital 

readmissio

n 

5 

(16.36

%) 

(Halawa, 

Enezate and 

Flaker, 

2019) 

Heart failure 

Device 

monitoring 

All-cause 

mortality 

1 

(0.52%) 

((Heart 

failure[Title/Abstract]) 

AND ("Mortality"[Mesh] 

OR 

mortality[Title/Abstract])) 

AND ("meta-

analysis"[Publication 

Type]) 

(McLellan 

et al., 

2020) 

Heart failure Natriuretic 

peptide-guided 

Treatment 

All-cause 

mortality 

2 

(0.64%) 

(Hsin Yen 

Yen and 

Chiu, 2019) 

overweight 

wearable 

technologi

es Weight 

2 

(13.64

%) 

((("Overweight"[Mesh] OR 

overweight[Title/Abstract]) 

OR ("Body Weight"[Mesh] 

OR 

weight[Title/Abstract])) 

NOT ("Fitness 

(Moon et 

al., 2021) 

overweight 

Liraglutide Weight 1 

(1.5%) 
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Trackers"[Mesh] OR 

"Activity 

tracker"[Title/Abstract])) 

AND ("meta-

analysis"[Publication 

Type]) 

(Hsin Yen 

Yen and 

Chiu, 2019) 

overweight 

wearable 

technologi

es BMI 

0 (0%) ((("Overweight"[Mesh] OR 

overweight[Title/Abstract]) 

OR ("Body Weight"[Mesh] 

OR 

weight[Title/Abstract])) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"Activity 

tracker"[Title/Abstract])) 

AND ("meta-

analysis"[Publication 

Type]) 

(Moon et 

al., 2021) 

overweight 

Liraglutide BMI 4 

(8.5%) 

(Braakhuis, 

Berger and 

Bussmann, 

2019) 

All patients 

wearable 

devices 

Physical 

activity 

1 

(4.1%) 

(("Body Weight"[Mesh] 

OR weight[Title/Abstract]) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"Activity 

tracker"[Title/Abstract])) 

NOT ("meta-

analysis"[Publication 

Type]) 

(De 

Menezes 

et al., 

2019) 

Chronic 

diseases 

Paleolithic diet Weight 0 (0%) 

(Kirk et al., 

2019) 

Chronic 

Cardiometab

olic Disease 

Wearable 

Technolog

y steps 

4 

(26.77

%) 

(((Cardiometabolic[Title/A

bstract]) AND ("Body 

Weight"[Mesh] OR 

Weight[Title/Abstract])) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"Activity 

tracker"[title/Abstract])) 

AND ("meta-

analysis"[Publication 

Type]) 

(Min et 

al., 2017) 

type 2 

diabetes 

SGLT2 

inhibitors and 

DPP4 

Inhibitors 

Weight 0 (0%) 
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(Kirk et al., 

2019) 

Chronic 

Cardiometab

olic Disease 

Wearable 

Technolog

y MVPA 

7 (72%) (((Cardiometabolic[Title/A

bstract]) AND ("Body 

Weight"[Mesh] OR 

Weight[Title/Abstract])) 

NOT ("Fitness 

Trackers"[Mesh] OR 

"Activity 

tracker"[title/Abstract])) 

AND ("meta-

analysis"[Publication 

Type]) 

(Pan et al., 

2022) 

type 2 

diabetes 

SGLT-2 

inhibitors 

Weight 3 

(7.7%) 

(Armstrong 

et al., 2019) 

Chronic 

obstructive 

pulmonary 

disease 

pedometer

s 

Physical 

activity 

2 

(13.3%) 

((("Lung Diseases"[Mesh] 

OR "lung diseases, 

obstructive"[MeSH Terms] 

OR "Chronic obstructive 

pulmonary 

disease"[Title/Abstract]) 

NOT ("Fitness 

Trackers"[MeSH Terms] 

OR "activity 

tracker"[Title/Abstract] OR 

"wearable"[Title/Abstract] 

OR 

"Pedometer"[Title/Abstract

])) AND ("Body 

Weight"[MeSH Terms] OR 

weight[title/abstract]) AND 

"meta analysis"[Publication 

Type] 

 

(Shen et 

al., 2018) 

chronic 

obstructive 

pulmonary 

disease 

Roflumilast Weight 4 

(1.5%) 

(Kanitsorap

han et al., 

2019) 

Heart failure 

fragmented 

QRS 

Major 

arrhythmic 

events 

4 (16%) (("heart failure"[MeSH 

Terms] OR "heart 

failure"[Title/Abstract]) 

AND "Arrhythmias, 

Cardiac"[Mesh]) AND 

(meta-analysis[Filter]) 

 

(Sfairopo

ulos et al., 

2022) 
Type 2 

diabetes, 

heart failure, 

chronic 

kidney 

disease 

sodium–

glucose 

cotransporter-2 

inhibitors 

Ventricular 

arrhythmia

s 

3 

(0.14%) 
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(Kanitsorap

han et al., 

2019) 

Heart failure 

fragmented 

QRS 

All-cause 

mortality 

5 

(27.9%) 

(("heart failure"[MeSH 

Terms] OR "heart 

failure"[Title/Abstract]) 

AND "Mortality"[Mesh]) 

AND (meta-

analysis[Filter]) 

 

(Hansen et 

al., 2020) 

Heart failure 

Pharmacologic

al Heart 

Failure 

Treatment 

All-cause 

mortality 

0 (0%) 

ROSC: Return of spontaneous circulation, BMI: Body mass index, T2DM: Type 2 diabetes mellitus, MVPA: Moderate to vigorous physical activity, HF: Heart 

failure.  

 

 


