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Mild Cognitive Impairment (MCI) poses a challenge for a growing population worldwide. Early identification of risk for and diagnosis of MCI is critical to providing the right interventions at the right time. The paucity of reliable, valid, and scalable methods for predicting, diagnosing, and monitoring MCI with traditional biomarkers is noteworthy. Digital biomarkers hold new promise in understanding MCI. Identifying digital biomarkers specifically for MCI, however, is complex. The biomarker profile for MCI is expected to be multidimensional with multiple phenotypes based on different etiologies. Advanced methodological approaches, such as high-dimensional statistics and deep machine learning, will be needed to build these multidimensional digital biomarker profiles for MCI. Comparing patients to these MCI phenotypes in clinical practice can assist clinicians in better determining etiologies, some of which may be reversible, and developing more precise care plans. Key considerations in developing reliable multidimensional digital biomarker profiles specific to an MCI population are also explored.
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1 Introduction

Mild Cognitive Impairment (MCI) poses a challenge for a growing population worldwide. Early identification of MCI is critical to providing the right interventions at the right time to maximize an individual's quality of life. Unlike conditions such as a bone fracture for which a definitive diagnosis can be made using imaging, it is more complex to determine whether decline in an individual's cognitive function is indicative of MCI. Predictive factors of increased future risk of experiencing MCI can also be difficult to isolate. Yet no gold standard currently exists to predict or identify MCI and traditional biomarkers such as imaging, genes or blood work have been used with mixed results (1, 2). A more reliable, valid, scalable and clinically useful method for predicting, diagnosing, and monitoring MCI is yet needed. Digital biomarkers captured through smart device technology widely used within the general population holds new promise.

MCI, while not a definitive diagnosis, represents an “in-between” condition between normal aging and early dementia (3, 4). A 2018 Alzheimer's Disease Facts and Figures, authored by the American Alzheimer's Association, anticipated that MCI will be diagnosed in 15%–20% of people older than 65 presenting an urgent need for earlier and more accurate identification (2, 5). MCI significantly lowers quality of life and, if it advances to dementia, eventually requires intense caregiving and support. The lifetime cost per individual with dementia is estimated to be USD$341,000. Earlier diagnosis can facilitate reversal or slowing of decline and improve or sustain quality of life longer. From a cost benefit perspective per individual, every year a person is diagnosed earlier translates to an estimated USD$30,000 savings, providing incentive to healthcare payers to invest in early identification and interventions (5).

MCI is currently diagnosed based on (a) an impairment in one or more cognitive domains, (b) the individual or their informant reporting decline, (c) preservation of daily functioning and (d) the criteria for dementia having not been met (3). Early recognition is important for identifying potentially reversible causes of MCI (4, 6), such as dehydration, vitamin deficiency, uncontrolled or underlying chronic disease like diabetes and cardiovascular disease, certain temporary and treatable infections, depression, chronic pain and more (7). Early recognition of MCI may involve different profiles related to various potential etiologies.

A wide range of risk factors are associated with MCI. In addition to cognition, these can include age, gender, education, diabetes or hypertension, genotypes, vitamin D deficiency, sleep-disordered breathing, sepsis, depression, and anxiety (8, 9). As such, when trying to identify early indications of MCI that reflect its multidimensional nature, genetic, medical history, demographic and psychosocial, physical and functional data must also be considered (4). Multiple features may need to be present together to create unique risk or diagnostic profiles. Without analysis of a comprehensive and multidimensional data set, key markers may be missed that can identify specific etiologies, provide precise diagnosis, or recommend the most effective treatment path (6, 7). A multidimensional approach to MCI that can stratify into different types is therefore needed. This may be beneficial to multidisciplinary clinical teams as they each formulate intervention recommendations.



2 Traditional approaches in MCI diagnosis

Traditional approaches for MCI diagnosis have included imaging and neuropsychological testing. Several challenges and limitations, however, are associated with this approach. Imaging has not been definitive, can be costly and is less accessible (10). There is no gold standard to follow in neuropsychological testing for MCI (2, 4, 10), and many people do not have access to or funding for such testing. Potentially long wait times can also obfuscate the benefits of early identification and the testing process itself can be long and arduous for the individual (10). Additionally, ceiling effects limit the effectiveness of traditional paper and pencil neuropsychological tests. As a result, milder cognitive dysfunction that may be present earlier can be missed by traditional tests. These tests also have difficulty predicting real world performance and are susceptible to reliability issues such as differences in test batteries and administration between assessors (6, 10, 11). While traditional paper and pencil neuropsychological tests can effectively compare individual to group performance on the same test, it becomes problematic when an individual's characteristics do not match those of the comparison group (e.g., due to comorbidities or use of certain medications) (4). These tests can also be less sensitive to assessing clinically significant changes in performance over time (10). Adding further complexity to diagnosis of MCI are potentially overlooked psychosocial or physical dimensions that can present in addition to cognitive changes (4).

The Montreal Cognitive Assessment (MOCA) is an example of a screening tool often used to make a diagnosis of MCI. A score below 26 (or in some settings below 23) of a possible 30 points suggests MCI (4). An individual scoring below this cut-off would demonstrate an inability to complete tasks like counting or spelling backwards, copying a cube, or immediately repeating a set of words. This level of cognitive performance is already an indication of more severe cognitive dysfunction, such that the individual was likely already demonstrating milder cognitive dysfunction in complex thinking activities (e.g., prospective memory, executive function) that were not identified earlier because they are not well-assessed using traditional tests (4).

In response to these challenges, clinicians have needed to take a more eclectic approach to formulating a differential clinical diagnosis and intervention strategy. This can include a combination of history taking, patient and family interviews, neuropsychological testing, and functional observation (8). Initial assessment results may not reveal the etiology of the MCI without additional testing or longitudinal monitoring, which makes the process more clinically and time intensive. Additional training, experience and skill are often required, reducing accessibility to care by limiting the number of clinicians who can assess and treat for MCI (8, 9).



3 The promise of digital biomarkers

Digital biomarkers have the potential to assist in the early identification of MCI and improve the accuracy and efficiency of the initial clinical assessment. Collected and measured by means of digital devices, digital biomarkers are objective, quantifiable, physiological and behavioral data (12). While traditional biomarkers for MCI can be based on genes, molecules, cells, or neural data, digital biomarkers can be derived from these as well as from physiological factors (e.g., heart rate, speech), cognitive factors (e.g., memory, divided attention, information processing speed), behavioral factors (e.g., geolocation data, screen use, typing), social factors (e.g., event attendance, call logs, app engagement), digital footprint analysis (e.g., electronic health records) and patient and family reports (e.g., daily function, sleep, nutrition) (13). This broad definition of digital biomarkers that is not limited to only correlated digital versions of traditional biomarkers has been criticized for diverging too far from a measurement taken directly in the body (14). Others, however, have advocated for collaboration with regulatory bodies to define different types (e.g., actively/passively acquired, point-in-time/continuous) or classes (e.g., direct/indirect, existing/novel) of digital biomarkers that could enable corresponding validation pathways (15). We prefer the broader definition of digital biomarkers. It can better represent the multidimensional nature of MCI and improve clinical utility by highlighting possible areas for intervention that a narrower definition may exclude.

Digital biomarkers for MCI can have several purposes. These can include: (a) risk evaluation, (b) prediction, (c) diagnosis, (d) prognostics, and (e) monitoring (16–18). Taking a composite approach that can combine traditional and digital biomarkers can assist with all purposes (4, 6, 19). Given the multiple MCI etiologies, each often with different presenting features, it is probable that there will be different digital biomarker profiles or phenotypes that represent various etiologies. For example, for MCI related specifically to dementia, different types can include Alzheimer's, Vascular, Frontotemporal Dementia, Parkinson's Disease Dementia and more, each with their own distinguishing presenting features. This is similar to psychiatry where the creation of digital phenotypes gathered from behavior, cognition and mood has been highlighted as promising for a measurement-based approach to patient care (20). Applying such an approach to MCI also holds much promise.



4 Validating multidimensional phenotypes for MCI

Validating biomarkers for MCI, whether traditional or digital, is a significant undertaking and more complex with novel biomarkers or biomarker phenotypes. To define a common nomenclature for biomarkers and biomarker validation, the Food and Drug Administration and the National Institutes of Health formed a joint task committee to develop an online, dynamic resource called the BEST (Biomarkers, EndpointS, and other Tools) (16). This resource outlines the process in selecting a biomarker for validation from evidentiary assessment, to utilizing it to collect data, analyzing it to determine if it is linked to the condition of interest and purpose, and verifying its algorithm.

Algorithmic gold standards for identifying MCI or predicting the transition between MCI and dementia are to date lacking (4). As a result, potential new digital biomarkers do not have existing traditional reference biomarkers against which they can be validated (17). Digital biomarkers currently showing promise include geolocation, keyboard interaction, and voice and speech analysis (20). The approach in these studies, which is an approach outlined in the BEST (14), is to develop a hypothesis on a biomarker to select for validation based on review of the evidence correlating it to MCI. A study that correlated human-computer interactions to traditional neuropsychological constructs is an example (21). This approach, however, can risk missing the identification of promising biomarkers as the study of digital biomarkers for MCI is relatively new and the evidence limited (8). Correlating to measures that have been found to lack sensitivity for MCI detection is another risk. This approach also does not lend itself to creating the multidimensional phenotypes likely needed for more sensitive and reliable detection and clinical utility. In clinical practice, assessment informs treatment planning. Assessments that rely on a limited number of biomarkers of MCI may not produce sufficient information to the clinician to determine etiologies (20) or understand what to modify or treat to reduce an individual's risk of MCI, reverse the MCI, or slow decline (8). More advanced approaches such as high-dimensional statistics and machine learning will be required to identify and validate multidimensional phenotypes.

The multidimensional nature of MCI itself poses unique challenges to biomarker validation. Thousands of potential digital biomarkers can be collected about one individual related to their cognition, behavior, physical health, psychosocial functioning and/or activities; this becomes exponential when collected longitudinally (6, 22). Further, because it is unlikely that one digital biomarker alone will predict risk, diagnosis, outcome, prognosis, or signify clinical change (2), diverse, rich, and large data sets will need to be analyzed. Advanced analytical approaches such as high-dimensional statistics and machine learning offer alternate approaches to the single variable hypothesis-based limitations described above and are essential for analyzing large, longitudinal data sets that can derive a constellation of digital biomarkers that serve as a phenotype for different types of MCI (6, 22, 23). This approach can be used to evaluate larger sets of potential digital biomarkers for associations with MCI to select the digital biomarkers with the most potential for validation.

When used with high-dimensional data, machine learning typically requires very large data sets that can be difficult to obtain or take significant time and cost to build (6, 24). This is particularly true of deep learning approaches with large models, which have demonstrated recent successes in other areas (e.g., ChatGPT). Limitations in the size of previously available datasets have imposed limitations on previous analyses using advanced statistics or machine learning. There are now, however, several large longitudinal brain health studies collecting more multi-dimensional data. The Canadian Longitudinal Study on Aging, for example, is collecting interviews, neuropsychological, questionnaires and physical data on 50,000 people for 20 years (25), Other examples include the UCSF Brain Health Registry (26), Ontario Brain Institute's BRAIN-CODE (27), the Alzheimer's Disease Neuroimaging Initiative (28) and more. Multi-modal studies leveraging deep machine learning are examples of research trending towards this multi-dimensional phenotype approach for MCI; some with several types of brain imaging and others combining demographic, neuropsychological and genetic data (29–33). These studies and datasets offer opportunities to employ machine learning, including deep learning, and aggregate existing datasets from multiple sources to create a rich, diverse, and comprehensive data set that can better represent the variety of types of biomarkers that should be considered for MCI. Collecting more digital footprint or mobile sensing type data could enrich the dataset for phenotype analysis.

Once digital biomarkers are successfully selected, the next challenge is to determine whether the selected biomarker validates for its intended purpose (e.g., risk, diagnosis, prediction) or if the biomarker might be a confounding variable that is moderating or modifying another more direct relationship (18, 19). With digital biomarkers for the purpose of monitoring, there is an additional challenge in identifying what thresholds, “cut-offs” or degree of change in a digital biomarker is required to support changes in care pathways or clinical decision making. The level of significance for digital biomarker change can be difficult to ascertain, especially at the level of the individual (11, 17). Teams with multi-disciplinary expertise, such as researchers, clinicians, statisticians, data scientists, computational neuroscientists, and technology manufacturers, will be needed to address the complexities and maximize the potential for success in identifying MCI digital biomarker phenotypes (18).



5 Additional considerations

Identifying multidimensional digital biomarker phenotypes for MCI, regardless of the purpose of the digital biomarker being pursued, poses unique measurement and validation challenges. In addition to the usual biases, confounding variables and other common measurement issues in study design, the research team attempting to validate digital biomarkers for MCI must also consider several factors. These include: (1) data standardization, integrity and verifiability, (2) ethics and consent, and (3) generalizability and accessibility specific to an MCI population.


5.1 Data standardization, integrity and verifiability

A biomarker's ability to collect data reliably and accurately is foundational to its validation (18, 34). The data must be collected in a standardized manner each time and include a process to verify that the data belongs to the person to whom it is attributed. This can be particularly challenging when the data is gathered remotely or passively or if the digital device itself, the method of collection or the software algorithm changes over time (19). It is important to understand whether the context in which the data was collected is impacting its reliability or accuracy, such as environmental distractions or individual factors such as the person's effort and how they were feeling at the time of collection (e.g., pain, fatigue, anxiety) (11, 35, 36). In addition, because individuals with MCI can experience memory issues, they may be poor historians in self-reported data (35). Collateral verification may be needed (i.e., from health records, health providers, or family/friends) to ensure data integrity (11). Another consideration relates to verifiability of the collection of digital biomarkers that use proprietary software and whether the algorithms or collection methods can be disclosed to the research team for verification or any restrictions or conditions from the intellectual property holder(s) will limit publications (18, 19). Flaws in these areas can lead to unreliable or inaccurate data that when analyzed can lead to flawed conclusions.



5.2 Ethics and consent

Ethical use of personal health data including its de-identification process and compliance with relevant privacy and security regulations must be verified (6, 18–20). When data collection is occurring passively through programs that monitor app use or how someone is using a digital device, it is important to ascertain whether explicit individual consent has been given for the purpose of health research (18, 20). Whether a person who in fact does have MCI can make a fully informed decision and provide consent to use of their data is a further consideration (6).



5.3 Generalizability and accessibility

Those who use digital devices are a subset of the MCI population and therefore generalizability of the digital biomarker MCI phenotypes to those who do not use technology can be limited (13). Even within this subset, some will not want to participate in research (13) or others may not want to be assessed for MCI for a variety of reasons (7). This introduces sampling bias and limits generalizability (5, 13). Some health providers may be reluctant to promote study participation if they believe early identification of MCI can cause more anxiety and distress to patients than the benefits of early intervention (7, 12). An individual's accessibility to MCI assessment can also be limited by the type of technology required (18), internet access, insurance reimbursement or payment coverage, or access to healthcare or research (6, 36).




6 Discussion

Most individuals have a digital health footprint that they create through their interactions with the healthcare system, digital applications, and digital devices in general. The analysis of this comprehensive digital health footprint to identify multidimensional digital biomarker phenotypes for MCI offers new promise and opportunities for MCI identification and clinical decision support tools.

Validation, however, is complex and challenging. There are no gold standard biomarkers that can serve as reference biomarkers for validating new biomarkers for MCI. A review of the validation process corresponding to different types of digital biomarkers is needed. Advanced methods, such as high-dimensional statistics and deep machine learning methods will be required. Large, longitudinal datasets can be further enriched by including more multi-dimensional data sources (e.g., electronic medical records, digital footprint, mobile sensing). A multidisciplinary approach is best positioned to achieve successful outcomes. Complementary perspectives can help capture a broad range of factors that need to be considered when analyzing digital biomarkers across multiple domains. A methodical approach to study design and analysis would need to be taken by any research team to evaluate data source comprehensiveness, integrity and generalizability, and consider issues specific to the MCI population. The team would also need to document how challenges were addressed and acknowledge limitations on study conclusions for challenges that could not be anticipated or managed.

Early identification of MCI and timely initiation of therapies and treatments can positively impact the increasing number of people experiencing cognitive decline. There is a need for MCI assessment and clinical decision support tools that are sensitive, reliable, efficient, standardized, accessible to more health providers, and that provide sufficient information from which to develop personalized and precise treatment plans. Comparing an individual's health profile to validated multidimensional MCI digital biomarker phenotypes can directly assist health providers to identify their patient's risk factors, monitor their profile over time for changes, diagnose MCI with etiology stratification, predict the likelihood of progression into dementia or another condition, and recommend the interventions to which their patient may best respond. Early recognition of factors that are reversible or modifiable to reduce risk or slow progression can produce optimal health outcomes.

The possibility of developing multidimensional phenotypes of digital biomarkers capable of reliably identifying MCI is compelling, despite associated challenges, and offers emerging opportunities. The potential to contribute to enhanced quality of life for those experiencing MCI, as well as health system and socioeconomic benefits, is significant. The use of digital biomarkers for early identification of MCI is poised to help make everyday life better for a growing number of people experiencing MCI and those who support them.
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