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From battlefield to home: a mobile platform for assessing brain
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Abstract: Cognitive testing batteries have been used for decades to diagnose deficits associated with

conditions such as head injury, age-related cognitive decline, and stroke, and they have also been used

extensively for educational evaluation and planning. Cognitive testing is generally office-based, administered

by professionals, uses paper and pencil testing modalities, reports results as summary scores, and is a “one

shot deal” whose primary objective is to identify the presence and severity of cognitive deficit. This paper

explores innovative departures from historical cognitive testing strategies and paradigms. The report explores

(D) a shift from disease diagnosis in the office setting to mobile tracking of cognitive health and wellness in

any setting; (II) the strength of computer-based cognitive measures and their role in facilitating development

of new computational methods; and (III) using cognitive testing to inform on individual-level outcomes over

time rather than dichotomous metrics at a single point in time.
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Introduction and overview

In addition to regulating breathing, heart rate, and
blood pressure, the brain receives information from the
environment, interprets this information, and guides
appropriate responses to these stimuli. From an evolutionary
point of view, an organism’s ability to effectively process
external information is advantageous because it facilitates
survival (1). In prehistoric times, the ability to react quickly
to visual stimuli could make the difference between a
successful hunt and starvation. In the modern era, efficient
processing of external information has implications for
tasks as diverse as identifying the best moment to swing a
baseball bat, being able to distinguish friend from foe on
the battlefield, and being able to recognize and respond to
traffic signals. Cognitive efficiency refers to how quickly
and accurately one can process information, and this aspect
of brain function has far-reaching implications for well-
being throughout the life span and into old age (2-4). The
importance of assessing and maintaining cognitive efficiency
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has led to development of tools to measure various aspects
of brain health and function (5).

Historically, cognitive testing has been conducted in
office-based settings by specially-trained professionals
such as neuropsychologists. Cognitive batteries that are
administered in these settings include intelligence tests,
finger tapping tests, trail making tests, coding tests, letter-
number sequencing tests, verbal learning tasks, and block
design tests. These tests evaluate different aspects of brain
function, including cognitive efficiency or processing
speed, spatial processing, visual scanning and attention,
immediate recall, short-term memory, working memory,
language, attention/concentration, executive function,
and visual-spatial discrimination (6). The variety and
complexity of brain functions that are assessed by cognitive
testing batteries hint at the many ways that deficits in
these functions can unfavorably impact daily function. For
example, an injured student athlete’s grades may decline, a
cognitively impaired older adult may lose keys or leave the
stove on, and an injured soldier may put himself and his
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unit at risk.

The emergence of mHealth offers an opportunity for
radical changes in how we assess cognitive or brain health,
and this report explores four considerations related to this
paradigm shift: (I) limitations of traditional approaches to
cognitive testing; (II) opportunities for mobile assessment
of brain health; (IIT) mobile platforms for patient-centered
cognitive assessment; and (IV) re-thinking data and
outcomes. These considerations reveal three broad themes
related to the evolution of cognitive efficiency testing: A
shift from disease diagnosis in the office setting to mobile
tracking of health and wellness in any setting; the strength
of computer-based measures and their role in facilitating
development of new computational methods, and the use
of cognitive testing to inform on individual-level outcomes
over time rather than dichotomous metrics at a single point
in time.

Limitations of traditional approaches to
cognitive testing

By definition, identification of a cognitive deficit is required
before appropriate interventions can be implemented. For
this purpose, traditional paper and pencil testing is reliable,
valid, and has diagnostic value—all important features for
clinical application. However, traditional approaches to
assessment of brain health also come with a number of
important limitations. These tests are time-intensive for
both testers and patients; special training and testing areas
are needed; they are expensive; it can be difficult to get
short-term evaluations because access to neuropsychological
services is limited; there are learning effects that can’t be
mitigated by alternate forms of the tests, and the tests were
not designed to be patient-centered tools or to assess how
people function in community-based settings (7,8).

In addition to these issues, there are important
limitations related to the nature of the data, how they
are collected, and how these factors interact to impact
usability (9). For example, because paper and pencil
tests are not computerized, factors related to how these
tests are administered can impact scoring across testing
environments. The tests do not permit export of raw or
summary data in a manner that facilitates data analysis or
integration with patients’ electronic health records. Test
batteries frequently yield simple summary scores on various
sub-tests, a system that does not offer insight into complex
response patterns that may provide important insight
on the presence or origin of various aspects of cognitive
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deficit. Finally, these testing modalities focus heavily on
data collection at a single point in time, and comparisons of
these cross-sectional measures to population-based norms.
Thus, they are not designed to track individuals’ cognitive
efficiency over time, nor are they designed to put patient
data in patients’ hands where this information can be acted
upon when a meaningful change in performance occurs.

Opportunities for mobile assessment of brain
health

In recent years there has been a call for development and
broad implementation of computerized cognitive testing.
This need has been highlighted by stakeholders including
drug developers, federal agencies that sponsor research
focused on cognitive outcomes, and from clinicians who
wish to move toward testing strategies that provide greater
access to cognitive data in a manner that offers faster,
more detailed information without sacrificing quality or
increasing patient burden (10,11). In addition to these
stakeholders, patients and caregivers are also developing
higher expectations concerning the quality of, and access
to their own health-related data (12,13). Mobile cognitive
testing responds to stakeholder demands, offering a
number of advantages over traditional methods, including
considerations related to ease of administration and access
to data.

Beyond these obvious advantages, mobile cognitive
testing is patient-centered, allowing patients unprecedented
access and insight into their own cognitive efficiency at a
single point in time as well as understanding of patterns
of change over time. The value of this information is not
limited to patients. The vast majority of care for people
with chronic disease comes from informal caregivers—
most often from adult children and elderly spouses (14).
The availability of a mobile platform that caregivers can
use to assess a care recipient’s cognitive efficiency may
offer new opportunities for caregivers to reliably track
cognitive change over time, thereby enabling them to be
more effective caregivers. Meeting these needs is consistent
with federal priorities concerning the need to help “family
caregivers to continue to provide care while maintaining
their own health and well-being.” (15).

The variety of settings in which cognitive deficits can
impact day to day function—the baseball field, the battle
field, nursing homes, and community-based residences—
reflect the value of having mobile cognitive assessment
tools that can be used effectively in diverse settings. These
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technologies can also be used repeatedly over time in a
manner that informs on clinically meaningful trends, and
that puts actionable information directly in the hands of
consumers.

Finally, the limitations of traditional cognitive testing
highlight the ways in which a new generation of mobile
cognitive efficiency testing strategies can meet evolving
patient needs. For example, assessment of cognitive
efficiency at during primary care visits would establish
individual baseline, allowing highly sensitive assessments of
changes that might occur due to a sports injury, depression,
or age-related dementia. Mobile tracking could also enable
measurement-based care. Underscoring the desire to base
healthcare on objectives measures, the Kennedy Forum
recently issued a national call to expand the practice of
measurement-based care from medical and surgical fields to

behavioral health (16).

Mobile platforms for patient-centered cognitive
assessment

Advances in technology, improved health literacy, and
the independence that has been fostered by mobile
technologies have all contributed to a shift in patients’
expectations of their interactions with the healthcare
system and their own health information. Patients—
particularly younger patients—expect to access their
health data and health care providers in ways that were
unthinkable 15 years ago. Many primary care practices
offer portals that allow patients to make appointments
online, to access their laboratory results, and to request
prescriptions refills. Policy-driven incentives encouraging
primary care providers to adopt electronic health records,
combined with ongoing efforts to enhance patient access
with mobile technology reflect broader trends that
recognize the importance of technology-enhanced patient-
centered care (17). Patients have developed a new set of
expectations concerning access to their own health data,
and there is a new sense of autonomy among patients that
reflects the desire to have a greater degree of data-driven
control over their health and wellness (18).

It is against this backdrop that traditional strategies to
assess cognitive performance should be re-evaluated. If
cognitive testing can be conducted reliably outside of an
office setting, it is reasonable to expect that these testing
strategies should be taken into the field—taken to patients—
rather than continuing to expect patients to come to the
office. A key principle of “patient centered care” is the idea
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that patients are the best source of information about how
well their health care providers are meeting their needs, and
those patient perceptions about their healthcare delivery
correlate with both health outcomes and satisfaction with
care (19).

Although age-related cognitive decline is not the only
setting in which mobile brain health technologies provide
benefit to patients and families, this setting provides a useful
framework to think about the value of these strategies.
Among older adults, there are numerous non-office settings
where cognitive testing could provide useful information
to both formal and informal caregivers. These have direct
application to patient-centered care because it is well-
established, for example, that older adults have a strong
preference to remain independent in their homes as long as
possible. Such preferences, along with the recognized cost
advantages of providing community-based—as opposed
to institutional—care for frail seniors, is at the root of
a shift toward development of systems for community-
based provision of long term care supports and services.
A key element of care plans that are implemented in the
community is a clear understanding of care recipients’
cognitive status. The frailty of this population, along with
a focus on home-based care reflect the value of mobile
assessment tools that can provide integrated care teams with
information on cognitive status over extended periods of
time in a manner that informs on diverse aspects of care for
growing numbers of seniors.

The value of this information can be interpreted in the
context of the diversity of settings in which older adults
reside, and in which tracking of their cognitive efficiency
would be useful not only to them, but also to both formal
and informal caregivers. For older adults who use nursing
home services, ongoing assessment of cognitive efficiency
could inform directly on various aspects of institutional
care, and this information could be readily collected in
this care setting using mobile platforms, and it would be
available not only clinicians, but also to patients and family
members. Intermediate between community/home-based
residential settings and institutional care are assisted living
settings in which seniors receive a limited set of health
services. Like nursing home settings, care teams in these
residential settings could benefit from easy access to reliable
data on seniors’ cognitive efficiency. The ability of mobile
technologies to dovetail with electronic health records
would further enhance continuity of care for frail older
adults who receive care from numerous specialists who
practice in these diverse care settings.
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Re-thinking data and outcomes

In recent years, there has been a tremendous increase
in awareness of the role that “big data” can play in
clinical decision-making, including how it can be used
to personalize cognitive health (20,21). There is parallel
interest in the idea that objective data should be at the
foundation of individualized decisions about health, and
that generation of, and access to clinical data should
extend beyond the doctor’s office; it should be tailored to
the needs of individual patients, it should provide insight
on patients’ longitudinal health trends, the information
should available to patients and their families on demand,
and data should be available using technologies that are
chosen by consumers (22).

Among the drivers of the increased emphasis on
collection of individualized data for cognitive assessment
in particular is the aging of the U.S. population, sometimes
called “the graying of America” or the “silver tsunami”.
Growing numbers of older adults have resulted in a marked
increase in the burden of Alzheimer’s disease and other
dementias. These burdens not only impact patients, but
they also have unfavorable effects on informal caregivers as
well as the formal healthcare system.

New mobile technologies capture, export, and
facilitate analysis of computerized cognitive data in a
manner that enables use of all data that are collected by
these technologies, not just summary scores. Why is this
important for cognitive testing? Unlike many biological
determinations (e.g., blood glucose or cholesterol) where
a single threshold measure can unambiguously define the
presence or absence of a disease or risk state, cognitive
deficits can be subtle, and they can occur in multiple areas
of brain function. Assessment of the presence or absence of
a cognitive health condition that requires intervention may
require many tests that evaluate multiple brain functions,
often using a single summary score that is supposed to
capture a multitude of complex patterns and functions.

Historically, cognitive testing scores are collapsed so
that cognitive status is presented as binary (impaired/not
impaired) or ordinal (normal/mild impairment/moderate
impairment/severe impairment). This framework has
important limitations. It is constrained by the maxim values
that are dictated by the sum of scores on component tests.
Pooling of sub-scores can obscure profound cognitive
impairment on one subtest while still showing a favorable
overall score. A third limitation involves the assumption
that a single overall score offers the greatest clinical utility
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and that patterns of fluctuation over the course of many
trials are of little or no value to cognitive assessment or care
planning (23).

We believe that efforts to optimize the richness of
computerized cognitive testing data must fully utilize all
trial-by-trial data that are offered by these technologies
because of the tremendous insight that this highly granular
information can provide. These strategies offer an
opportunity to depart from a traditional framework that
relies on a single set of summary scores to one in which new
computational methods can capitalize on many thousands of
data points to provide insight on subtle changes in cognitive
efficiency over time. The growing use of mobile cognitive
assessment technologies will only enhance the impact of
these efforts because of their ability to facilitate access to
this information on the part of patients and families.

It is helpful to use a specific example to illustrate some
of these concepts. Simple reaction time (SRT) assesses
psychomotor speed—often in response to a visual stimulus,
and the test often involves between 20 and 50 trials
depending on the tool or instrument. Historically, SRT
summary scores have been used as a means to describe an
individual’s global performance on this subtest at a single
point in time without regard to quantifying the shape of
the curve that is generated by performance on each trial,
and without appreciable attention to how response patterns
may change over time. We propose a new focus that uses all
the data that are available from newer mobile technologies
to provide both a more granular view of an individual’s
cognitive efficiency at a given point in time, and to help
quantify meaningful changes over time.

This new focus can potentially unlock new applications of
cognitive testing data in a quantitative and clinically relevant
framework that is consistent with evolving expectations
of patient-centered care. These methods could reveal
previously-unidentified deficits and perhaps the etiology
of some forms of cognitive dysfunction. An example of this
strategy is presented in Figure 1. This figure shows SRT
data from young adults at sea level, and the same adults
at extreme altitude where their cognitive efficiency was
greatly diminished due to hypoxia. These data, which were
collected with a hand-held mobile cognitive assessment
instrument, reveal significant differences in data patterns
between the two groups, with hypoxic individuals’ SRT
data being significantly more unstable than their uninjured
counterparts. Examination of simple means and standard
deviations do very little to fully utilize the richness of
these data. We continue to develop these and other new
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Figure 1 Trial-by-trial analysis of simple reaction time testing among subjects at sea level and at extreme altitude.

computational methods to meet the growing expectations
of patients and caregivers who are coming to expect more
than a simple “yes or no” concerning questions about their
health status.

Conclusions

Mobile platforms for computerized cognitive testing offer
new opportunities to put actionable health information in
the hands of consumers, to develop novel computational
strategies that fully leverage large amounts of highly
detailed cognitive efficiency data, and to meet the needs of
diverse populations in a fully patient-centered framework.
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