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Current digital mental healthcare solutions conventionally take on a reactive
approach, requiring individuals to self-monitor and document existing
symptoms. These solutions are unable to provide comprehensive, wrap-around,
customized treatments that capture an individual’s holistic mental health model
as it unfolds over time. Recognizing that each individual requires personally
tailored mental health treatment, we introduce the notion of Personalized
Mental Health Navigation (MHN): a cybernetic goal-based system that deploys
a continuous loop of monitoring, estimation, and guidance to steer the
individual towards mental flourishing. We present the core components of
MHN that are premised on the importance of addressing an individual’s
personal mental health state. Moreover, we provide an overview of the existing
physical health navigation systems and highlight the requirements and
challenges of deploying the navigational approach to the mental health domain.

KEYWORDS

mental health, wearable internet-of-things, health cybernetics, personal health models,

personal chronicle

1. Introduction

Mental health is an important factor in determining an individual’s quality of life.

The current mental healthcare system typically deploys an acute, symptom-focused,

reactive approach to address patient well-being as opposed to adopting a preventative

approach that seeks to prevent illness from developing. One major drawback of this

system is its passive approach to mental health. Furthermore, the traditional

psychotherapy model of treatment is often premised on the notion that the individual

is expected to be an accurate reporter of their symptoms and health. In many cases,

individuals only become conscious of their issues once their conditions become severe

or reach a point where they perceive a need for the issue to be addressed (1, 2). The
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field of mental health has increasingly recognized the inherent

flaws in this methodology, where psychological states are not

only subjective and culturally constrained (3–5), but that there

are also reasons to be concerned about this method of

reporting, such as the fact that clients often have poor

memory and insight into the cause of their behavior (6, 7).

Recent shifts in health models—such as the inclusion of

mental health providers within primary care settings (8, 9)—

and improvements in technology offer complementary

approaches to addressing these limitations focused on acute

and symptom-focused approaches, by incorporating

consideration of an individual’s unique lifestyle and exposome

in the service of offering personalized interventions. The field

of medicine has also long adopted the biopsychosocial model

as a holistic approach towards understanding health and care.

The biopsychosocial model considers both external (i.e.,

sociocultural) and internal factors (i.e., biology and

psychology) that may impact health (10–13). External factors

encompass a wide-range of contexts, including but not limited

to family, community, environment, and larger societal

structures. Dynamic interactions across these factors may

relate to fluctuations in health across a continuum of well-

being and quality of life.

Furthermore, with advances in ubiquitous and wearable

sensing, it is possible to more objectively monitor such

fluctuations in an individual’s position on the mental health

continuum, offering tremendous opportunities and greater insight

to better understand an individual’s needs outside their own self-

reported experiences (14, 15) and help navigate them towards a

healthy state of mind through personalized estimations and

intervention. Depending on the severity and type of intervention,

such services can be provided through a therapist-in-a-loop

model or autonomously using smart guidance systems.

In this perspective paper, we propose the notion of

Personalized Mental Health Navigation (MHN) as a goal-

based closed-loop guidance system with the potential to

contribute to a more continuous, preventative, navigational

paradigm of mental health care that leverages a holistic,

personalized model of the individual. We first present our

vision of a MHN system and provide a high-level overview of

its core components. We then provide an overview of the

existing physical health navigation systems and highlight the

requirements and challenges of deploying the navigational

approach to the mental health domain. We also briefly

discuss the existing monitoring and guidance methods that

can be leveraged to realized the notion of MNH.
2. The personalized mental health
navigator model

A navigational approach to health (16) can best be

illustrated with a simple metaphor: imagine using a route
Frontiers in Digital Health 02
navigator software (e.g., Google Maps) to navigate you from

your current location to your desired destination. The route

navigator software constantly monitors your location using

GPS to estimate your current state on the map. The navigator

then identifies the most efficient route (in part, based on your

preference) and gives you step-by-step guidance on how to

reach your destination. If you make a wrong turn, decide to

make a stop, or encounter traffic, the navigator will promptly

re-calibrate based on your decision or the external

environment and adjust accordingly. The route navigator is an

operational example of a cybernetic feedback control system

(17).

Inspired by such route navigators, we propose a

personalized MHN system to plan and direct the route from

the user’s current mental health state to the desired state. The

MHN system adopts a cybernetics approach that allows for a

continuous loop of measurement, monitoring, estimation,

guidance (enabled by personal models), and influence to

maintain and support a person’s mental health. The science

of cybernetics is centered around setting Goals and devising

action sequences to accomplish and maintain those goals in

the presence of disturbances: e.g., an individual’s life

challenges. In this perspective article, we propose a reference

architecture for such systems that includes five major modules

integrated in a cybernetics structure: (i) Goals and the desired

mental state, (ii) Monitor, (iii) Mental Health Estimation, (iv)

Personal Models, and (v) Guidance. A view of the system—

including the modules and their interactions—is illustrated in

Figure 1. In the sections that follow, we describe the modules

in detail.
2.1. Goals and the desired mental state

Goals and desired mental state are the core of the MHN

system. A personalized MHN system aims to capture, store,

and keep track of the desired mental states and goals, which

interact with the other modules. Mental state is a high-

dimensional space referring to cognitions (thoughts and

beliefs) and emotions (feelings and moods) that can comprise

an individual’s experience. Individuals are motivated by

conscious and unconscious goals that are then reflected in

changes within their physical and mental states (18). The

goals and desired mental states can consist of basic needs

(e.g., sleep) or more complex goals (e.g., running for

government to enact change) that altogether may play a role

in the individual’s health and well-being. Events elicit a

response within the individual that then leads to behaviors

based on how the individual appraises the events (19). More

broadly, individuals are motivated to seek enjoyable hedonic

states through pursuing certain activities (e.g., by spending

time with loved ones) or engage in behaviors that expose the

individual to challenge or stress (e.g., studying for an
frontiersin.org
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FIGURE 1

The personalized Mental Health Navigator (MHN) system enabled by a goal-based closed-loop guidance.
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important exam) if they recognize that it will benefit their long-

term goals. In the context of mental health, life challenges or

barriers to goal attainment can be considered as disturbances.

Goal setting is not a fixed state but can include a

collaborative process between an individual and a healthcare

provider that progresses in order to reach a goal consensus.

An individual often seeks mental health services to address a

specific mental health concern or self-improvement need (e.g.,

identified by the self). This goal might be nonspecific or ill-

defined (e.g., “I want to feel better about myself or my life”),

so the provider seeks to understand this need or goal better

through an information gathering process. This process often

includes understanding more about the context and timing in

which the individual experiences the undesired or opposite

state of the goal state. Doing so requires a holistic and

comprehensive data acquisition procedure (i.e., the Monitor

module). Through the MHN system, the same individual can

monitor their own physical and psychological profiles through

available tools that allow them to better understand, reflect,

and initiate intervention. Seeking intervention and guidance

from a provider can also help the individual work through the

current states in order to attain desired states.

In addition, the MHN system could be used in the absence

of the individual being involved in ongoing therapy. We

propose that the MHN can be used as a model of mental

health prevention, so that the MHN system is continuously
Frontiers in Digital Health 03
monitoring the mental state of the individual in order to

assess whether they need just-in-time brief interventions from

the healthcare provider or the MHN system (e.g., app-based

interventions) in order to prevent the need for more intensive

interventions, such as ongoing psychotherapy. This type of

model for the MHN mimics a prevention model of mental

health care that is integrated into daily living in much the

same way as mental health professionals are now integrated

into primary care settings (they are integrated into routine

health care check ups and can provide on-the-spot

interventions, typically lasting 5–10 min within an office visit,

if needed, e.g., (20)).
2.2. Monitor

Monitor is the main data acquisition module in the

MHN model and serves as the gateway of subjective and

objective information flow from the individual (see

Figure 2). With the development of the Internet of Things

(IoT) technology to capture experiences in real-time,

researchers can monitor an individual’s subjective

experiences, their behavioral and physiological experiences

(21, 22), and contextual situation. In addition, this

information can be exploited to further understand human

phenomena that are difficult to capture (i.e., latent
frontiersin.org
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FIGURE 2

Monitor as the main subjective and objective data collection module.

Rahmani et al. 10.3389/fdgth.2022.933587
constructs such as loneliness or depression that involve

subjective feelings as well as bodily and physiological

sensations). This module can support multiple flows of

information, described in the following.

2.2.1. Ecological momentary assessments (EMA)
Ecological Momentary Assessments (EMA) is a longitudinal

data collection technique, developed to capture in-the-moment

subjective experiences as they occur (23). EMAs can offer a

more thorough account of daily life and experiences at the

individual-level through long-term monitoring. Recent

literature calls for a more person-centered (i.e., within-person)

approach, in which individualized modeling not only helps us

understand variability in human behavior but also how

psychopathology uniquely manifests for some individuals and

ultimately improve interventions (24). EMA methodologies
Frontiers in Digital Health 04
that include brief self-reported assessments provide subjective

individual experiences that go hand-in-hand with objective

experiences collected by technology.

2.2.2. Personicle
The Personicle component (i.e., personal chronicle of daily

events) objectively and automatically measures one’s life events

to help the MHN system incrementally model the person based

on multi-modal life logging measurements (see Figure 2).

Contemporary lifelogging (i.e., capturing data of one’s daily

events) and life event recognition technologies in the literature

include situation specific recognition (e.g., smart home),

computer vision-based recognition (e.g., surveillance), and

sensor-based recognition (e.g., accelerometer). Such

technologies enable capturing of low-level activities (e.g., step

counts) but critically lack the ability to capture or infer
frontiersin.org
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important contextual and higher cognitive factors that enable

assessment and prediction of a person’s lifestyle. In our

preliminary work on building Personicle (Personal Chronicle)

(25), we attempted to lay the foundation for a multi-modal life

logging framework that i) integrates heterogeneous Body Area

Network sensory data (e.g., activity, phone oriented context,

and social interactions), ii) synchronizes these data streams, iii)

recognizes high-level daily activity, and iv) builds a personal

chronicle (Personicle) of daily activity for the individual (25).

The Personicle model is intended to evolve using machine

learning techniques applied to daily activities in the chronicle

and relate them to biomedical or behavioral signals. The model

enriches the other subjective and objective mental health

related data of an individual by including context around them

to be used later to build personalized models.

2.2.3. Psychophysiological assessment
Along with lifelogging, the Monitor module collects users’

physiological data using ubiquitous devices, such as smart

watches and rings. These devices are generally equipped to

objectively monitor cardiac and autonomic nervous system

activity through photoplethysmography (PPG) and

electrodermal activity (EDA) methods. From PPG, one can

extract HR (heart rate), respiration rate, and HRV (heart rate

variability), i.e., a raw signal of sympathetic nervous system

activity. Different signal processing methods could be applied

on these extracted metrics, such as time difference of two

consecutive peaks, frequency spectrum analysis, and non-

linear assessments. In addition, EDA is a powerful method

frequently used in smart wearable devices to measure skin

conductance. Changes in gland activity cause abrupt

variations in sweat level of the skin that affect the skin

conductance. This metric is often used as an objective

indicator of stress (26, 27).

Ample research links activation of physiological reactivity

with mental health outcomes (28). For instance, elevations in

sympathetic nervous system (SNS) activation, such as

increases in heart rate (HR), pre-ejection period, or EDA

have all been linked with mental health outcomes (21, 29).

Moreover, greater decreases in parasympathetic nervous

system (PNS) activation (HRV) have also been meaningfully

associated with anxiety and depression (30). Similarly,

objective bio-signal analysis to detect stress has been shown

to be expandable to detect other psychological disorders,

such as bipolar disorder that can significantly affect

physiology (31). Sleep is another essential parameter that can

be conveniently monitored using IoT devices (e.g., smart

rings and watches).

2.2.4. Modeling latent psychological constructs
using multiple sources of data

Many human experiences and phenomena are often multi-

dimensional, incorporating a person’s own perception and
Frontiers in Digital Health 05
internal experiences as well as external factors. For these

reasons, the Monitor module performs methods to fuse multi-

modal assessments to capture latent psychological constructs.

The module synthesizes several objective assessments to

model, detect, and estimate larger psychological latent

constructs that cannot be measured by a single parameter.

This may include aspects, such as depression and loneliness.

It should be noted that some of these constructs can be

captured episodically using EMAs, however, it is not feasible

to objectively and continuously measure such high-level latent

constructs. Existing work in the field of Affective Computing

have attempted to address this problem by building multi-

modal predictive machine learning models to estimate

individual’s high-level mental health (32–35). One example is

calculating stress level using machine learning models by

fusing several parameters extracted from biosignals, such

Electrocardiogram, PPG, and EDA (36). Similarly, predictive

models have been built to detect loneliness by fusing tens of

physiological and behavioral metrics from HRV to location,

phone engagement, and usage patterns (37)
2.3. Mental health estimation

The Mental Health Estimation module leverages the holistic

high-dimensional data collected via Monitor to identify and

estimate a person’s mental health. The module could help

indicate clinical symptomatology and potential risk for a

mental health disorder (33, 34). In the context of mental

health estimation, different dimensions need to be considered

to model and estimate, including emotional factors, behavioral

traits, social factors, cultural factors, linguistic factors,

cognitive state, biological markers (38), interpersonal relations,

and, neurological state. While a large body of literature has

investigated each of these dimensions often in isolation (38),

the field could expand to estimate an individual’s mental

health state in a holistic way, considering a multitude of

factors and life experiences beyond passive physiological

sensing. The objective of this module is to process different

modalities to properly estimate mental health variables in

different dimensions.
2.4. Personal models

The Personal Models module is conceptualized as building

models of physiological, psychological, and behavioral patterns

for each individual to personalize the monitoring, estimation,

and guidance provided within the system. Such

personalization services have already been developed for

platforms, such as Netflix, YouTube, and Amazon wherein

individualized algorithms are used and created for each client
frontiersin.org
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to deliver advertisements and services that cater to their

interests and preferences.

In the case of the MHN system, a wide variety of data is

collected for an individual through monitoring. Longitudinal

data are leveraged to extract the relations among all

measurements related to mental health. In addition to

continuous data collection, a set of historical and demographic

information of a patient’s mental and medical conditions are

gathered through surveys and other medical documents.

Demographic and medical history can be used, by the MHN

system, as context to determine a more accurate mental state of

the individual. Besides the data generated by different modules

in MHN (i.e., Monitor, Mental Health Estimation, and

Guidance), this module is ideally most effective when

leveraging a range of other personal data, including prior

mental/medical conditions experienced by the individual.
2.5. Guidance

The Guidancemodule in MHN represents the stage, in which

users (i.e., individuals and healthcare providers) can synthesize

information from the monitoring and estimation stages and

determine whether they align with their goals and mental

states. Individuals can reflect on their goals and progress and

consider adjustments to their own behaviors. They can also

seek the recommendations of the AI-based recommendation

systems or a healthcare provider. The individual at this stage

can opt to intervene to maintain, add, or revise goals in order

to attain their desired mental states. Furthermore, individuals

can increase their own self-efficacy by engaging in self-

management behaviors to maintain their health.

Based on the level of detailed information that encompasses

the monitoring stage (e.g., subjective, contextual information,

and physiological fluctuations), a provider can offer

professional recommendations or assist the individual in

processing this information. The provider can support the

individual in developing self-efficacy in the engagement of

health behavior changes, and prescribe treatment when

necessary. Once a plan of action or intervention is initiated

from either with the AI-recommender system or from the

help of a provider, the Guidance module then returns to the

Monitor to continually observe the individual’s experiences in

the process of treatment and changes in behavior.
3. State-of-the-art navigation
systems for physical health

The goal-oriented navigation approach has recently entered

the field of healthcare to provide iterative feedback and

guidance with respect to the user’s current health status. It has

been shown that such navigational systems can provide
Frontiers in Digital Health 06
preventive intervention resulting in individuals’ lifestyle change

and proactive care. For example, Nag et al. (39) propose a

cardiovascular physical health navigation system in which the

users are guided to improve their cardiac health state. Their

proposed system—enabled by wearable and mobile sensing—

continuously monitors individuals’ cardiovascular health status

by collecting parameters, such as heart rate, VO2max, and sleep

level. Then, the system calculates the risk of Atherosclerotic

Cardiovascular Decease (ASCVD) and subsequently provides

daily guidance to help the individuals reach their health goal.

Navigation systems have been also introduced for diabetic

patients. For instance, DiaNavi (i.e., Diabetes Navigator) (40,

41) is a lifestyle guidance system proposed for patients with

Type II diabetes with the aim of continuously monitoring blood

sugar and mitigating drug dependency. The system captures

nutritional parameters, calories out, blood glucose level, etc. at a

periodic interval. It, then, builds health models to estimate the

variations in the health parameters and generate step-by-step

recommendations. In another study, Pandey et al. (42) present a

food preference modelling approach to generate food

recommendations based on aspects of nutritional information,

taste preferences, and contextual and social information.

These recently developed navigation systems for physical

health are promising in their attempts to shift the healthcare

paradigm. We believe the field of digital mental health can also

embrace this paradigm shift. However, the deployment of this

model in the mental health domain is not a trivial task.

Challenges such as the following remain: (i) subjectivity of

many mental health measurements, (ii) quantification of the

current mental health state, (iii) high-dimensionality of the

mental health space, (iv) the need for the receipt of step-by-step

guidance for behavior change, and (v) the overwhelming

confounding variables in everyday settings. These questions

need to be further investigated to realize the full potential of the

MHN model. However, as can be seen in the next section, there

exist several efforts aiming to address some of these challenges

(even though in isolation), for example, to objectively monitor

mental health and provide guidance in everyday settings.
4. Ongoing efforts towards mental
health monitoring and guidance

The majority of ongoing efforts in the digital mental health

domain fall under (i) monitoring (i.e., assessment) or (ii)

guidance (i.e., intervention/recommendation). Some of the

works under the guidance follow the idea of just-in-time

adaptive intervention (JITAI) (43) which often comes with

near real-time assessments. In this section, we present some

examples of the ongoing efforts in these spaces. It should be

noted that this is not an extensive review of known efforts.

A plethora of monitoring systems have been proposed to

track users’ mental health through self-report questionnaire or
frontiersin.org
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sensors. Smartphones and smart wearables allow individuals to

self-monitor or track their own health and lifestyle behaviors

remotely (44). For instance, Mozos et al. (45) propose a

wearable-based approach for automatic stress detection, using

EDA, PPG, speech, body movement, and proximity to other

people. In another study, the correlation between late-life

depression and physical activity has been assessed using an

activity monitor (46). These monitoring systems mostly

investigate relationships between different mental health-

related factors or detect mental conditions including stress

and anxiety (47, 48). However, they do not close the loop by

providing feedback or recommendations for the users.

In contrast, guidance or recommendation systems have been

introduced to provide interventions for individuals. For example,

Purple Robot (49) is a comprehensive modular framework that

uses both self-report and photo sensor data to assess and

deploy behavioral intervention technologies. As part of Purple

Robot, Mobilyze (50) was proposed as an extension intended to

leverage mobile context sensing for depression intervention.

Another example is the product, Ilumivu (51), which offers

smart wearable integration and an advanced ruled-based

intervention triggering system connecting patients and

clinicians. Many of the existing implementations of such

frameworks have yet to fully incorporate smart wearable

technologies (i.e., watches/rings). While the current state of the

field showcases evidence of progress in properly collecting and

modeling user data, they lack a concrete notion of mental

health state and navigation as an iterative (step-by-step)

process. In the conventional guidance approaches,

understanding individual differences is a major barrier to

achieving a comprehensive mental health navigation service.
5. Conclusions and future work

In this paper, we proposed the notion of Personalized

Mental Health Navigation (MHN) as a goal-based cybernetics

system allowing for a continuous loop of monitor, estimation,

guidance, and influence to monitor and support an

individual’s desired mental health. The MHN system included

multiple modules to incorporate a personalized model

towards addressing mental health. The MHN offered one
Frontiers in Digital Health 07
vision of how technology supports mental health, wherein

providers could have a round-the-clock inside view into their

clients’ lives, rendering it so that in-session interactions and

recommendations can be supported by knowledge gleaned

from out-of-session data points. We further discussed the

state-of-the-art navigation systems proposed for physical

health. As a further next step, extensive research is required to

also assess non-technical aspects of MHN, such as preventing

the system from potentially directing the user toward less

adaptive health behaviors or legal/ethical concerns arising

regarding privacy and security of data.
Author contributions

All the authors have contributed to designing and running

the pilot study, conceptualization, and writing the article. All

authors contributed to the article and approved the submitted

version.
Acknowledgments

This work was supported in part by a Susan Samueli

Integrative Health Institute Pilot Program Award.
Conflicts of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.
Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their

affiliated organizations, or those of the publisher, the editors

and the reviewers. Any product that may be evaluated in this

article, or claim that may be made by its manufacturer, is not

guaranteed or endorsed by the publisher.
References
1. Elhai JD, Voorhees S, Ford JD, Min KS, Frueh BC. Sociodemographic,
perceived, objective need indicators of mental health treatment use, treatment-
seeking intentions among primary care medical patients. Psychiatry Res. (2009)
165(1–2):145–53. doi: 10.1016/j.psychres.2007.12.001

2. Nour BML, Elhai JD, Ford JD, Frueh BC. The role of physical health
functioning, mental health, and sociodemographic factors in determining the
intensity of mental health care use among primary care medical patients.
Psychol. Serv. (2009) 6(4):243. doi: 10.1037/a0017375
3. Betancourt JR, Green AR, Carrillo JM, Park ER. Cultural competence and
health care disparities: key perspectives and trends. Health Aff. (2005) 24
(2):499–505.doi: 10.1377/hlthaff.24.2.499

4. Koehn PH, Swick HM. Medical education for a changing world: moving
beyond cultural competence into transnational competence. Acad. Med. (2006)
81(6):548–56. doi: 10.1097/01.ACM.0000225217.15207.d4

5. Schouten BC, Meeuwesen L. Cultural differences in medical communication:
a review of the literature. Patient Educ. Couns. (2006) 64(1–3):21–34. doi: 10.1016/
j.pec.2005.11.014
frontiersin.org

https://doi.org/10.1016/j.psychres.2007.12.001
https://doi.org/10.1037/a0017375
https://doi.org/10.1377/hlthaff.24.2.499
https://doi.org/10.1097/01.ACM.0000225217.15207.d4
https://doi.org/10.1016/j.pec.2005.11.014
https://doi.org/10.1016/j.pec.2005.11.014
https://doi.org/10.3389/fdgth.2022.933587
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/


Rahmani et al. 10.3389/fdgth.2022.933587
6. Schmier JK, Halpern MT. Patient recall, recall bias of health state, health
status. Expert Rev Pharmacoecon Outcomes Res (2004) 4(2):159–63. doi: 10.
1586/14737167.4.2.159

7. Stull D, Leidy NK, Parasuraman B, Chassany O. Optimal recall periods for
patient-reported outcomes: challenges and potential solutions. Curr. Med. Res.
Opin. (2009) 25(4):929–42. doi: 10.1185/03007990902774765

8. Stancin T, Perrin EC. Psychologists and pediatricians: opportunities for
collaboration in primary care. Am. Psychol. (2014) 69(4):332. doi: 10.1037/
a0036046

9. James LC. Integrating clinical psychology into primary care settings. J. Clin.
Psychol. (2006) 62(10):1207–12. doi: 10.1002/jclp.20306

10. Borrell-Carrió F, Suchman AL, Epstein RM. The biopsychosocial model 25
years later: principles, practice, and scientific inquiry. Ann. Fam. Med. (2004) 2
(6):576–82. doi: 10.1370/afm.245

11. Purpura S, Schwanda V, Williams K, Stubler W, Sengers P. Fit4life: the
design of a persuasive technology promoting healthy behavior and ideal weight.
In Proceedings of the SIGCHI Conference on Human Factors in Computing
Systems Vancouver, BC, Canada: Association for Computing Machinery. (2011)
p. 423-32.

12. Engel GL. The clinical application of the biopsychosocial model. J. Med.
Philos. (1981) 6(2):101–24. doi: 10.1093/jmp/6.2.101

13. Wade DT, Halligan PW. The biopsychosocial model of illness: a model
whose time has come. Clin Rehabil. (2017) 31(8):995–1004. PMID: 28730890

14. Hardeman KG. Teenagers, texting: use of a youth ecological momentary
assessment system in trajectory health research with latina adolescents. JMIR
Mhealth, Uhealth (2014) 2(1):e2576. doi: 10.2196/mhealth.2576

15. Nielsen 305 Wire. US teen mobile report: calling yesterday, texting today,
using apps tomorrow. Nielsen Wire, 2010.

16. Nag N, Jain R. A navigational approach to health: actionable guidance for
improved quality of life. Computer (2019) 52(4):12–20. doi: 10.1109/MC.2018.
2883280

17. Marinescu DC. Complex systems, clouds: a self-organization, self-
management perspective. Orlando, FL, USA: Morgan Kaufmann (2016).

18. Maslow AH, A dynamic theory of human motivation. Washington, DC,
USA: Howard Allen Publishers (1958).

19. Scherer KR, Appraisal theory. Washington, DC, USA: John Wiley & Sons
Ltd (1999).

20. Romero-Sanchiz P, Nogueira-Arjona R, García-Ruiz A, Luciano JV,
Campayo JG, Gili M, et al. Economic evaluation of a guided, unguided
internet-based CBT intervention for major depression: results from a multi-
center, three-armed randomized controlled trial conducted in primary care.
PLoS ONE (2017) 12(2):e0172741. doi: 10.1371/journal.pone.0172741

21. Borelli JL, Burkhart ML, Rasmussen HF, Smiley PA, Hellemann G.
Children’s, mothers’ cardiovascular reactivity to a standardized laboratory
stressor: unique relations with maternal anxiety and overcontrol. Emotion
(2018) 18(3):369. doi: 10.1037/emo0000320

22. Zahn TP, Nurnberger JI, Berrettini WH. Electrodermal activity in young
adults at genetic risk for affective disorder. Archives of General Psychiatry
(1989) 46:1120–4. doi: 10.1001/archpsyc.1989.01810120062010

23. Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu.
Rev. Clin. Psychol. (2008) 4:1–32. doi: 10.1146/annurev.clinpsy.3.022806.091415

24. Wright AGC, Woods WC. Personalized models of psychopathology. Annu.
Rev. Clin. Psychol. (2020) 16:49–74. doi: 10.1146/annurev-clinpsy-102419-125032

25. Oh H, Jain R. From multimedia logs to personal chronicles. In Proceedings of
the 25th ACM International Conference on Multimedia. Mountain View,
California, USA: Association for Computing Machinery. (2017). p. 881–9.

26. Mendes WB. Assessing autonomic nervous system activity. Methods Soc.
Neurosci. (2009) 118(147):21. ISBN: 1462506275

27. Lazarus RS, Speisman JC, Mordkoff AM. The relationship between
autonomic indicators of psychological stress: heart rate, skin conductance.
Psychosom. Med. (1963) 25(1):19–30. doi: 10.1097/00006842-196301000-00004

28. Sano A, Taylor S, McHill AW, Phillips AJK, Barger LK, Klerman E, Picard R,
et al. Identifying objective physiological markers, modifiable behaviors for self-
reported stress, mental health status using wearable sensors and mobile phones:
observational study. J. Med. Internet Res. (2018) 20(6):e9410. doi: 10.2196/jmir.
9410

29. Thayer JF, Åhs F, Fredrikson M, Sollers JJ III, Wager TD. A meta-analysis of
heart rate variability and neuroimaging studies: implications for heart rate
variability as a marker of stress and health. Neurosci. Biobehav. Rev. (2012) 36
(2):747–56. doi: 10.1016/j.neubiorev.2011.11.009
Frontiers in Digital Health 08
30. Borelli JL, Hilt LM, West JL, Weekes NY, Gonzalez MC. School-aged
children’s depressive rumination is associated with their reactivity to sadness
but not fear. J Clin Child Adolesc Psychol. (2014) 43(5):799–812. doi: 10.1080/
15374416.2013.814542

31. Hirsch T, Merced K, Narayanan S, Imel ZE, Atkins DC. Designing
contestability: interaction design, machine learning, mental health. In
Proceedings of the 2017 Conference on Designing Interactive Systems Edinburgh,
United Kingdom: Association for Computing Machinery. (2017) p. 95-9.

32. Kumar D, Jeuris S, Bardram JE, Dragoni N. Mobile, wearable sensing
frameworks for mhealth studies, applications: a systematic review. ACM Trans.
Comput. Healthcare (2020) 2(1):1–28. doi: 10.1145/3422158

33. Jacobson NC, Chung YJ. Passive sensing of prediction of moment-to-moment
depressed mood among undergraduates with clinical levels of depression sample
using smartphones. Sensors (2020) 20(12):3572. doi: 10.3390/s20123572

34. Narziev N, Goh H, Toshnazarov K, Lee SA, Chung K-M, Noh Y. STDD:
short-term depression detection with passive sensing. Sensors (2020) 20(5):1396.
doi: 10.3390/s20051396

35. Hickey BA, Chalmers T, Newton P, Lin C-T, Sibbritt D, McLachlan CS, et al.
Smart devices and wearable technologies to detect and monitor mental health
conditions and stress: a systematic review. Sensors (2021) 21(10):3461. doi: 10.
3390/s21103461

36. Han HJ, Labbaf S, Borelli JL, Dutt N, Rahmani AM. Objective stress
monitoring based on wearable sensors in everyday settings. J. Med. Eng.
Technol. (2020). 44(4):177–89. doi: 10.1080/03091902.2020.1759707

37. Lee S, Tam Cl, Chie QT. Mobile phone usage preferences: the contributing
factors of personality, social anxiety and loneliness. Soc. Indic. Res. (2014) 118(3):
1205–28. doi: 10.1007/s11205-013-0460-2

38. Liang Y, Zheng X, Zeng DD. A survey on big data-driven digital
phenotyping of mental health. Inf. Fusion (2019) 52:290–307. doi: 10.1016/j.
inffus.2019.04.001

39. Nag N, Oh H, Tang M, Shi M, Jain R. Towards integrative multi-modal
personal health navigation systems: framework and application [Preprint]
(2021). Available at arXiv:2111.10403.

40. DIANAVI.Available at https://www.dianavihealth.com/ (AccessedAugust 2022).

41. Nag N, Pandey V, Jain R. Health multimedia: lifestyle recommendations
based on diverse observations. In Proceedings of the 2017 ACM on International
Conference on Multimedia Retrieval. Bucharest, Romania: Association for
Computing Machinery. (2017). p. 99–106.

42. Pandey V, Rostami A, Nag N, Jain R. Event mining driven context-aware
personal food preference modelling. In International Conference on Pattern
Recognition. Virtual Event: Springer (2021). p. 660–76.

43. Nahum-Shani I, Smith SN, Spring BJ, Collins LM, Witkiewitz K, Tewari A,
et al. Just-in-time adaptive interventions (JITAIs) in mobile health: key
components, design principles for ongoing health behavior support. Ann.
Behav. Med. (2018) 52(6):446–62. doi: 10.1007/s12160-016-9830-8

44. Garcia-Ceja E, Riegler M, Nordgreen T, Jakobsen P, Oedegaard KJ, Tørresen
J. Mental health monitoring with multimodal sensing, machine learning: a survey.
Pervasive Mob. Comput. (2018) 51:1–26. doi: 10.1016/j.pmcj.2018.09.003

45. Mozos OM, Sandulescu V, Andrews S, Ellis D, Bellotto N, Dobrescu R, et al.
Stress detection using wearable physiological and sociometric sensors.
Int. J. Neural Syst. (2017) 27(02):1650041. doi: 10.1142/S0129065716500416

46. O’Brien JT, Gallagher P, Stow D, Hammerla N, Ploetz T, Firbank M, et al. A
study of wrist-worn activity measurement as a potential real-world biomarker for
late-life depression. Psychol. Med. (2017) 47(1):93–102. doi: 10.1017/
S0033291716002166

47. Carneiro D, Castillo JC, Novais P, Fernández-Caballero A, Neves J.
Multimodal behavioral analysis for non-invasive stress detection. Expert Syst.
Appl. (2012) 39(18):13376–89. doi: 10.1016/j.eswa.2012.05.065

48. Miranda D, Calderón M, Favela J. Anxiety detection using wearable
monitoring. In Proceedings of the 5th Mexican Conference on Human-computer
Interaction. Oaxaca, Mexico, Mexico: Association for Computing Machinery.
(2014). p. 34–41.

49. Schueller SM, Begale M, Penedo FJ, Mohr DC. Purple: a modular system for
developing and deploying behavioral intervention technologies. J. Med. Internet.
Res. (2014) 16(7):e3376. doi: 10.2196/jmir.3376

50. Burns MN, Begale M, Duffecy J, Gergle D, Karr CJ, Giangrande E, et al.
Harnessing context sensing to develop a mobile intervention for depression.
J. Med. Internet Res. (2011) 13(3):e1838. doi: 10.2196/jmir.1838

51. Ilumivu: Changing the way care is delivered with predictive and personalized
precision interventions (2009). Available at https://ilumivu.com/ (Accessed June
15, 2022).
frontiersin.org

https://doi.org/10.1586/14737167.4.2.159
https://doi.org/10.1586/14737167.4.2.159
https://doi.org/10.1185/03007990902774765
https://doi.org/10.1037/a0036046
https://doi.org/10.1037/a0036046
https://doi.org/10.1002/jclp.20306
https://doi.org/10.1370/afm.245
https://doi.org/10.1093/jmp/6.2.101
https://pubmed.ncbi.nlm.nih.gov/28730890
https://doi.org/10.2196/mhealth.2576
https://doi.org/10.1109/MC.2018.2883280
https://doi.org/10.1109/MC.2018.2883280
https://doi.org/10.1371/journal.pone.0172741
https://doi.org/10.1037/emo0000320
https://doi.org/10.1001/archpsyc.1989.01810120062010
https://doi.org/10.1146/annurev.clinpsy.3.022806.091415
https://doi.org/10.1146/annurev-clinpsy-102419-125032
https://doi.org/10.1097/00006842-196301000-00004
https://doi.org/10.2196/jmir.9410
https://doi.org/10.2196/jmir.9410
https://doi.org/10.1016/j.neubiorev.2011.11.009
https://doi.org/10.1080/15374416.2013.814542
https://doi.org/10.1080/15374416.2013.814542
https://doi.org/10.1145/3422158
https://doi.org/10.3390/s20123572
https://doi.org/10.3390/s20051396
https://doi.org/10.3390/s21103461
https://doi.org/10.3390/s21103461
https://doi.org/10.1080/03091902.2020.1759707
https://doi.org/10.1007/s11205-013-0460-2
https://doi.org/10.1016/j.inffus.2019.04.001
https://doi.org/10.1016/j.inffus.2019.04.001
https://www.dianavihealth.com/
https://doi.org/10.1007/s12160-016-9830-8
https://doi.org/10.1016/j.pmcj.2018.09.003
https://doi.org/10.1142/S0129065716500416
https://doi.org/10.1017/S0033291716002166
https://doi.org/10.1017/S0033291716002166
https://doi.org/10.1016/j.eswa.2012.05.065
https://doi.org/10.2196/jmir.3376
https://doi.org/10.2196/jmir.1838
https://ilumivu.com/
https://doi.org/10.3389/fdgth.2022.933587
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/

	Personal mental health navigator: Harnessing the power of data, personal models, and health cybernetics to promote psychological well-being
	Introduction
	The personalized mental health navigator model
	Goals and the desired mental state
	Monitor
	Ecological momentary assessments (EMA)
	Personicle
	Psychophysiological assessment
	Modeling latent psychological constructs using multiple sources of data

	Mental health estimation
	Personal models
	Guidance

	State-of-the-art navigation systems for physical health
	Ongoing efforts towards mental health monitoring and guidance
	Conclusions and future work
	Author contributions
	Acknowledgments
	Conflicts of interest
	Publisher's note
	References




