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Chapter 6
Mental Health Informatics

Piper A. Ranallo and Jessica D. Tenenbaum

Abstract  Mental health informatics (MHI) is a relatively new specialty within the field 
of biomedical informatics. MHI seeks to develop, enhance, and apply informatics theo-
ries, paradigms, and technologies to optimize the mental health of individuals and com-
munities. In this chapter we define the scope of the field and discuss its relationship not 
only to the larger field of biomedical and health informatics, but also to work occurring 
natively within the field of mental health. We introduce the three primary fields of sci-
ence within which our basic scientific knowledge of mental health and illness is pro-
duced: the biological sciences, the behavioral sciences, and the social sciences. We 
describe the opportunities and challenges inherent in developing and using informatics 
technologies in a field in which knowledge is acquired in the context of three different 
fields in two different branches of science, each with its own unique epistemology, or 
way of knowing. We describe some of the unique features of the behavioral and social 
sciences that call for novel informatics paradigms and that highlight the need for signifi-
cant enhancements in existing informatics technologies.

Keywords  Mental health · Informatics · Behavioral health · Psychiatry · Psychology

6.1  �Mental Health Informatics 
as an Informatics Subdiscipline

Mental Health Informatics (MHI)  is a subdiscipline within the field of informatics. 
As described briefly in Chaps. 1 and 2, and exhaustively in Shortliffe and Cimino’s 
textbook on Biomedical Informatics [1], the science of informatics is concerned 
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with developing and applying theories, methods, and paradigms for transforming 
data into actionable knowledge to improve human health [1–3]. Informatics is 
inherently interdisciplinary, drawing upon theories and methods from many fields, 
including computer science, statistics, cognitive science, and information technol-
ogy. Informatics integrates theories of human knowledge acquisition and the para-
digms and technologies developed organically with the field of informatics with the 
theories, paradigms and technologies natively developed within the scientific 
domain to which it is applied. Just as bioinformatics builds on technologies devel-
oped natively within the field of molecular biology for detecting, defining, and mea-
suring molecular entities and processes, MHI builds on technologies developed 
natively within the behavioral and social sciences for detecting, defining, and mea-
suring mental and behavioral phenomena.

Mental health informatics is unique among health informatics specialties in that 
it seeks to acquire and integrate knowledge across all levels of the biopsychosocial 
model of health [4] (Fig. 6.1) with the goal of elucidating the complex interconnec-
tions between biological, mental, interpersonal, and socio-environmental phenom-
ena. In other words, mental health informatics addresses the entire spectrum of 
functional systems, from physiological systems, such as the nervous system, 
immune system, digestive system, to those functional systems studied primarily by 
behavioral and social scientists such as the mind (emotion, cognition), behavior, and 
human communities. The entities and phenomena of interest and a few examples, 
are enumerated in Table 6.1.
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Fig. 6.1  Engel’s 
biopsychosocial model of 
health. Adapted from [4]
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6.2  �Contrasting Mental Health Informatics 
with Related Disciplines

The field of MHI overlaps significantly both with mainstream informatics special-
ties and with work being done in several mental health specialties. In this section we 
focus on the ways in which MHI is similar to, and differs from, mainstream bio-
medical and health informatics. We go on to describe how MHI aligns with, and 
builds upon, informatics paradigms being developed and use natively within mental 
health disciplines, as well as how it differs. We end this section by providing a brief 
overview the ways in which mainstream biomedical and health informatics has 
addressed mental, behavioral and social phenomena.

6.2.1  �How Mental Health Informatics Differs 
from Mainstream Biomedical and Health Informatics

While there is significant overlap between MHI and other informatics specialties, 
there are several things that make MHI unique. First, MHI deals with phenomena 
not typically encountered by informaticians working in other domains of health. 
Second, because the phenomena of interest in mental health are fundamentally dif-
ferent from those of interest in medicine, the paradigms used to isolate, define, and 
quantify them are also different. Consequently, there are important differences in 
how we approach the core informatics knowledge acquisition cycle in MHI com-
pared to mainstream health informatics.

6.2.1.1  �Differences in the Phenomena of Interest

Mental and psychological phenomena (the “mind” and “self”) as well as interper-
sonal, social, and cultural phenomena, all play a central role not only in theories of 
mental health and illness, but also in interventions designed to optimize health and 
treat illness. This is not to say that these phenomena are not relevant in mainstream 
theories of physical health. Rather, they are generally not part of the core epistemol-
ogy (see definition in Table 6.2) of the biological sciences upon which knowledge 
of physical health and illness is based.

Because the phenomena of interest in mental health are fundamentally different 
kinds of things from the phenomena of interest in physical healthcare, there are 
fundamental differences in the way these phenomena are named, defined, and quan-
tified. Compared to physiologic phenomena, such as temperature, blood pressure, or 
weight, “psychological” phenomena such as level of introversion, depth of sadness, 
ability to detect social cues, and cognitive capacities are much more difficult to 
clearly define, isolate, sample, and quantify. Interpersonal phenomena, such as 
quality of attachment, manifestations of racial contempt, or level of interpersonal 
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Table 6.2  Key terms defined

Brain The physical organ inside the skull that controls and coordinates physical, 
mental and behavioral functions.

Mind The conceptual entity used to describe entities, functions, processes, and states 
underlying observable physical and phenomena being attributed to something 
occurring in the brain. For example, memory is typically described in terms of 
things that happen in the mind (v. the brain), such as ‘storing’, ‘retrieving’, and 
‘representing’ information. Phenomena that cannot be fully and explicitly 
defined in terms of biological entities or processes in the brain are typically 
defined in terms of entities or processes attributed to the mind.

Biological 
sciences

The science concerned with the study of living organisms.

Behavioral 
sciences

The science concerned with the study of human and animal behavior.

Social sciences The science concerned with the study of groups and social relationships.
Epistemology The field of philosophy concerned with the study of human knowledge.

In the context of a specific scientific discipline, the field’s “epistemology” is 
the set of theories, paradigms, and methodologies the field uses to determine 
what constitutes valid knowledge (sometimes defined as “justified, true belief”) 
[141–145].

Construct A real-world thing that has no tangible manifestation in the physical world, but 
rather, is inferred on the basis of other observations. For example, ‘memory’ is 
a construct, because we can’t directly observe memory, we can only infer its 
existence based on observations (i.e., we can recall the name of a person we 
met last week) along with theories about observations (there is some ‘thing’ 
called memory within the brain that captures and saves information about 
people we meet, when we see the person again, we can pull information back 
out of this ‘thing’). The existence of—and accuracy of any definition of—the 
construct can only be assessed in the context of both the observations and the 
associated theory [146].

Mental 
phenomena

Functions, processes, and states that can be fully defined only by referring to 
entities or processes attributed to the mind, rather than to entities or processes 
attributes to the body (brain). Examples include one’s visual perception of an 
image or auditory perception of a song; a thought, a belief, or an attitude; an 
emotion, a memory, or an intuition; reasoning, planning, comprehending, and 
calculating.

Psychological 
phenomena

A commonly used, but poorly defined term. The American Psychological 
Association (APA) defines psychological phenomena as including “all aspects 
of the human experience—from the functions of the brain to the actions of 
nations” [147]. To the APA, psychological phenomena are the superset of 
functions, processes, and states that comprise human existence—biological, 
mental, behavioral, interpersonal, social, and cultural.
Many behavioral scientists and clinicians, including psychologists, use the 
term “psychological” more narrowly to refer to the things that occur within an 
person’s mind.

Behavior We defined behavior here as observable physical activities ranging from simple 
physical and motor behavior to complex interpersonal and social behavior. The 
term is sometimes used to more broadly to refer to any function, process, or 
state that can be objectively observed or measured [147].

(continued)
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respect between members of a family, team, or community are equally difficult to 
clearly define, isolate, sample, and quantify. Consequently, in mental health, there is 
less consistency in the naming of major clinical concepts, and less consensus about 
their explicit definitions and relationships to other concepts. For example, the terms 
“mental model” [149], “schema” [150], and “working model” [151] are used by 
various researchers and clinicians to describe the mental representation a person has 
of some person, situation, or event. While there is some overlap in the definition of 
these terms, the theoretical model in which each construct is defined posits nuanced 
differences between the construct and its relationships to other constructs. There are 
also different paradigms and methods (including instruments) used to measure this 
construct in both research and practice, with different paradigms and methods 
developed and used by those belonging to each theoretical camp in which the con-
struct is articulated.

This is different from physical health where major concepts such as blood pres-
sure, inflammation, and platelet count are named and defined the same way across 
the entire field. There is general consensus among health professionals not only 
about the definitions of, but also about optimal methods for measuring, each of 
these things. In contrast to mental health, the definitions and methods do not vary 
based on the school the healthcare professional attended, the institution where she 
or he trained, or whether she or he specialized in oncology, cardiology, or pediatrics. 
Moreover, there is widespread consensus about the relationship each of these enti-
ties or processes has to other biomedical entities and processes.

In traditional biomedicine, then, the instruments and methods used to measure 
most biomedical phenomena are universal and readily available, and the same kinds 
of instruments used in research are used in routine healthcare. This is not the case in 
mental healthcare. In mental healthcare, while formal methods and instruments for 
measuring clinical phenomena are used in research paradigms, these instruments 
are rarely used in routine clinical practice. For example, with the exception of a few 
instruments, such as the PHQ-9, the standardized assessment and imaging technolo-
gies used in research are rarely used in practice. Moreover, while increasingly 
sophisticated and reliable technologies that allow researchers and clinicians to visu-
alize, measure, and quantify biological entities and processes are continuously 
developed and widely disseminated, most of the instruments and methods currently 
in use in physical healthcare have been vetted over a long period of time. The data 
generated using these instruments and methods are assumed to be valid and reliable 

Social 
phenomena

The entities (e.g., dyads, groups, organization structures, social norms, laws, 
etc.) and processes that emerge when two or more people co-exist or interact in 
the same place and time [148].

Psychometrics The field of study concerned with measurement of psychological phenomena 
(defined in the broad sense of the term). It includes the set of theories, paradigms, 
instruments, and quantitative methods used to identify and define latent 
(underlying, unobservable) constructs based on samples of observable behavior 
[147].

Table 6.2  (continued)
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representations of the phenomena of interest. A neutrophil count generated by a 
CBC machine in one part of the world in 1980 is assumed to be comparable to a 
neutrophil count generated by a CBC machined in another part of the world in 2020. 
A measure of the existence or severity of depression generated by the available ver-
sion of the Beck Depression Inventory (BDI) in 1980 (the BDI-I [152]) however, 
may not be comparable to a measure of the existence or severity of depression gen-
erated based on a clinical interview, another depression assessment, or even based 
on the version of the Beck Depression Inventory available in 2020 (BDI-II [153]).

This consistency in terminology, operational definitions, and instrumentation 
makes it possible to perform meta-analyzes of research findings and to pool and 
analyze clinical data across researchers and clinicians. In mental health, on the other 
hand, the inconsistency in terminology, the variation in operational definitions of 
core constructs, and the variety of instrumentation makes it difficult to pool data or 
perform meta-analyzes across theoretical and philosophical boundaries.

6.2.1.2  �Differences in the Knowledge Acquisition Cycle

The aspiring mental health informatician will need to be aware that the unique types 
of phenomena of interest in mental health—and the many challenges inherent in 
unambiguously defining and quantifying them—create a different kind of relation-
ship between the data an informatician has to work with and the underlying real-
world “thing” the data represents. Despite the widespread existence of empirically 
validated methods and instruments for measuring the behaviors, internal experi-
ences, and interpersonal and social phenomena relevant to mental health, not all 
instruments that purport to measure the same underlying construct, e.g., impulsivity, 
introversion, racism, etc., are actually measuring precisely the same thing [154]. 
Unlike in physical healthcare, where we can be relatively confident that two tests 
claiming to measure some biological entity—say, antibodies to COVID19—are fact 
measuring the same thing, i.e., one test is not measuring, for example, a mix of 
COVID19 and Flu antibodies, we cannot always be certain that two validated instru-
ments claiming to measure the same psychological construct—say, impulsivity—
are in fact measuring the same thing. Observations (“data”) about the phenomena of 
interest in mental health are much more sensitive to the paradigms and instruments 
used to sample and measure them than are the biological phenomena commonly 
measured in physical health. Moreover, each paradigm and instrument may actually 
be measuring different aspects of the same construct, or completely different con-
structs altogether [154–156]. Consequently, data about mental, social, and behav-
ioral phenomena must be accompanied by much more data about the context of 
measurement in order to be useful in knowledge acquisition paradigms. Moreover, 
in routine mental healthcare, the method used as the basis for a clinical observation 
is often not explicitly captured with the data, and in those cases, it is important for 
the informatician to understand that gaps in context may imply a method was “clini-
cal impression’ and the instrument used was “none”. This distinction between 
observation and context of observation that is not typically made in medical 
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informatics paradigms—probably because it is tacitly accepted as “redundant”—
must be explicitly acknowledged in mental health informatics paradigms.

As described in Chap. 2, data are the primary inputs to the data to information to 
knowledge to action cycle (the “DIKA Cycle”) that defines informatics. Implied in 
the data acquisition step is a “signal to data” step, where the observable signals 
generated by the real-world phenomena are captured, quantified, and represented as 
“data” (Fig. 6.2) from which information can be generated and knowledge subse-
quently acquired.

This “signal to data” step (Fig. 6.3) presents a challenge to many informaticians 
working in mental health because the paradigms, methods and instruments used to iso-
late, acquire, and quantify these mental, behavioral, and social “signals” differ 

Apply
Knowledge

Disseminate
Knowledge

Generate
Information

Generate
Knowledge

Acquire
Data

Practice to Data (P2)

Signal to Data (S2D)

Data to Knowledge
(D2K)

Knowledge to Performance
(K2P)

Detect Signal

Fig. 6.2  The core data to information to knowledge to action (DIKA) cycle with an emphasis on 
the prerequisite process of detecting and quantifying observable signals of the phenomena of 
interest

Fig. 6.3  Data as representations of the observable signals used to infer the existence of some real-
world phenomenon

The real-world
phenomenon of interest

Example Example 

The observable signals used to
infer the existence and attributes

of the phenomenon

The existence of a data element
for concept “memory 

disturbance” in a database or
clinical note

Real World Phenomenon Observable Signal Data

Memory disturbance 

Example 

Performance on a validated
memory task

Spouse’s report of frequent
lapses in memory

Direct observation of a
person’s inability to recall the
name of her spouse

A medication on a person’s
med list in an EHR that is used
only in people with memory
disturbance

A test score in a data set

A symtom, sign, or diagnosis
documented in an EHR
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significantly from those used to acquire basic knowledge about physiological phenom-
ena (see Chap. 9). Similarly, the instruments and methods used in clinical practice to 
detect, diagnose, prevent, and treat mental health conditions differ in important ways 
from those used in traditional medical practice. While they may not provide the same 
certainty of insight into, and comparability of results about, the phenomena they mea-
sure as the medical instruments we, as informaticians, have come to know and trust, they 
are, nonetheless, developed using robust scientific methods that have been empirically 
demonstrated to produce high quality representations of the phenomena they seek to 
measure. In fact, there is an entire subspecialty in the behavioral and social sciences 
dedicated to developing these measurement technologies. This is the science of psycho-
metrics, described in detail in Chap. 9. Here, we simply point out that there is a funda-
mental difference between mental and physical health in how the raw “signals” 
underlying the phenomena of interest are detected and measured, and how these signals 
become “data” in the knowledge acquisition (DIKA) lifecycle. Because most experi-
enced informaticians tend to have far less knowledge about, and experience with, psy-
chometric theory and methods than they do with the biological theories and methods, 
this is an important domain of study for any aspiring mental health informatician.

While many of the methods and paradigms used to derive meaningful informa-
tion and knowledge from physiologic observations can be applied to mental, behav-
ioral, and social observations and data, many methods are specific to the phenomena 
being observed. Chapters 10, 13, and 14 describe informatics methods that can be 
applied universally across virtually all types of observable phenomena, given that 
the phenomena in question are accurately represented and quantified. These meth-
ods include computational and analytic methods (Chap. 10), natural language pro-
cessing (NLP) methods (Chap. 13), and data visualization methods (Chap. 14). 
Chapters 9 and 12 describe methods used to derive actionable knowledge from data 
points representing signals derived from fundamentally different types of phenom-
ena. While Chaps. 8 and 11 describe methods for knowledge acquisition given data 
points representing physiologic signals, Chap. 12 describes methods for knowledge 
acquisition given data points representing mental, behavioral, and social signals.

In addition to differences between the scientific paradigms used to derive knowl-
edge about mental versus physical health, there are also significant differences in the 
overall landscape of theories of pathology and approaches to treatment used in mental 
versus physical health. As described in Chaps. 3, 9, and 12, there are many widely 
accepted—sometimes contradictory—theories of the mechanism underlying not only 
mental illness but also normative psychological development. This plethora of etio-
logical theories of psychopathology, combined with the number of different clinical 
treatment models (even for a single, shared etiological conceptualization of one disor-
der) is common in mental healthcare, yet far less frequently seen in biomedical health-
care. This creates an added layer of complexity to the information and knowledge 
acquisition process. Specifically, the aspiring mental health informatician will need to 
build multiple models—each one incorporating assumptions from each of the multi-
ple theoretical models of pathology—into the paradigms and methods used in the 
initial processing of the data, and find a way to integrate these models as she or he 
applies analytic methods to derive information and knowledge from raw data.
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6.2.1.3  �How Mental Health Informatics Differs from Other Informatics 
Work in Mental Health

Mental health informatics differs not only from traditional health informatics, but 
also from other informatics subdisciplines working to explicitly address mental 
health and illness, such as computational psychiatry, neuroinformatics, and behav-
ioral health informatics. In the past several years, an increasing body of work [157–
163] has begun to emerge describing informatics efforts applied to mental health. 
These works demonstrate how researchers in the basic behavioral sciences are 
applying informatics methods to better understand phenomena related to the brain, 
mind, and behavior. They also demonstrate how clinicians and healthcare adminis-
trators are addressing the use of informatics technologies to improve care delivery 
and accelerate the rate of knowledge acquisition based on data captured during the 
routine delivery of care. These efforts—and the similarities and differences between 
them—are described in Table 6.3.

Table 6.3  Informatics applied to mental and behavioral health

Terms Primary phenomena of interesta Objective

Neuroinformatics The structure and function of 
nervous system molecules, cells 
and tissue, and neural circuits.

Improve physical and mental health by 
building a robust informatics 
infrastructure to support the 
acquisition and dissemination of 
knowledge required to optimize the 
structure and function of the nervous 
system [157, 160, 162].

Computational 
psychiatry

Mental functions, processes, 
and states and their 
relationships the brain 
functions, processes, and states.

Improve mental health by building an 
integrated scientific and clinical 
infrastructure capable of acquiring and 
applying knowledge required to 
optimize mental and behavioral 
functions and processes [163, 164].

Behavioral health 
informatics, mental 
health informatics

The development and 
application and development of 
computer-based technologies to 
support knowledge acquisition 
and delivery of mental 
healthcare.

Improve mental health by optimizing 
the scientific and clinical workflows 
used to prevent and treat mental, 
behavioral, interpersonal, and social 
dysfunction [165, 166]

Mental health 
informatics (as 
defined in this text)

The complex interactions 
between mental, behavioral, 
interpersonal, social, and 
environmental entities, 
functions, processes, and states, 
and the informatics paradigms

Improve mental health by building a 
robust LHS capable of acquiring, 
disseminating, and skillfully applying 
precision knowledge to prevent and 
treat mental, behavioral, interpersonal, 
and social dysfunction.

aPrimary phenomena are those that appear to be the focus of research and implementation para-
digms; that is, while other phenomena may be studied in relation to one or more of the primary 
phenomena of interest, it appears to be primarily with the goal of understanding their relationship 
to the primary phenomena
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6.2.2  �Mental, Behavioral, and Social Phenomena 
in Mainstream Health Informatics

While mainstream medicine has traditionally focused primarily on physiological 
phenomena, it is increasingly recognizing the intricate relationships between mind 
and body, as well as the significant role that social and physical environments play 
in overall health. Moreover, both researchers and clinicians are increasingly empha-
sizing the role of non-physiological variables in physiologic health and illness. This 
shift in emphasis to an integrated, whole-person approach to health is clearly 
reflected in developments in the field of informatics. In the past several years, there 
have been many studies describing the application of informatics technologies not 
only to research on mental health conditions [165, 167, 168], but also more gener-
ally to the mental, behavioral, social, cultural, and environmental aspects of human 
health [169–171].

Researchers in bioinformatics have performed genome-wide association studies 
(GWAS) for many mental health conditions in an effort to learn more about the 
genetic basis of these conditions [172–175]. They have studied the genetic basis of 
various anatomic and physiologic phenotypes associated with mental health condi-
tions [176–178] and to a lesser extent, the genetic basis of behavioral phenotypes 
associated with the same [179]. Researchers in pharmacogenomics have moved this 
basic bioinformatics research down the translational spectrum by performing clini-
cal research to address the problem of predicting which psychiatric pharmacothera-
pies are most likely to work for which people [180]. Applied clinical informaticians 
have moved this knowledge even further down the translational spectrum by imple-
menting clinical guidelines for pharmacogenomics testing as clinical decision sup-
port for prescribing behavior by front-line clinicians [181, 182]. These and many 
other examples of the use of bioinformatics research paradigms for knowledge dis-
covery in mental health are described in Chap. 11. Researchers in neuroinformatics 
have made similar strides in understanding not only the structural and biochemical 
underpinnings of behavioral phenomena and common mental health syndromes, but 
also the neurocircuitry [157, 160, 162] underlying the same. Examples of the appli-
cation neuroinformatics paradigms for knowledge discovery in mental health are 
described in Chap. 8.

There has also been progress in the development of an important, foundation set 
of informatics technologies: technologies for concept and knowledge representation 
which underpin all other informatics technologies (Chap. 7). As the use of elec-
tronic health records (EHRs) and other clinical information systems in mental 
health has increased, there has been increasing demand for robust clinical termi-
nologies that can be used to unambiguously represent clinical observations in men-
tal health research and care. In 2010, for example, the Logical Observations 
Indentifiers Names and Codes (LOINC) [183] terminology created a way to define 
and code structured assessment instruments to support the explicit representation of 
data captured using psychological assessment instruments [184, 185]. Similarly, in 
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2018, under the auspices of SNOMED International, the Mental and Behavioural 
Health Clinical Reference Group (MABH-CRG) was established to evaluate and 
address gaps in SNOMED-CT (the Systematized Nomenclature of Medicine—
Clinical Terms [186]) relative to mental health. These activities reflect an urgency to 
address gaps in frameworks and standard terminologies relative to mental health 
[187–189] in an era of increasing policy pressure for interoperability of health data 
[190–192].

Informaticians in collaboration with mental health researchers and practitioners 
have addressed the need for more robust informatics technologies for mental health 
at virtually all points in the research and care delivery process (Chap. 5). For exam-
ple, many technologies have been developed for signal detection at a physiologic 
(e.g., heart rate and oxygen uptake) [193, 194], mental (e.g. detection of depressive 
symptoms) [195–197], phenomenological (e.g., sleep) [198], and behavioral level 
(e.g., Ecological Momentary Assessment, promotion of physical activity and weight 
loss) [199–201]. These technologies are discussed in detail in Chap. 9. The research 
framework constructs and subconstructs put forth by the National Institute of Mental 
Health’s (NIMH) Research Domain Criteria (RDoC) [5, 6], including mental, 
behavioral, and social constructs have also become the focus of much informatics 
activity [202, 203] (Chaps. 7, 12, and 23).

Biomedical informatics has also addressed mental and behavioral phenomena in 
work on important topics such as computer-human interaction (HCI) and imple-
mentation science. In these cases, the mental and behavioral phenomena of interest 
are as like to be those occurring within the healthcare practitioner as those occurring 
within the healthcare recipient (e.g., how a healthcare practitioner processes infor-
mation presented in various ways in a clinical information system). Electronic 
health record systems (EHRs) have been one particular area of interest in HCI [204]. 
A significant body of work takes HCI one step further into the mental/cognitive 
domain in an interdisciplinary subdomain known as cognitive informatics, which 
focuses on human information processing [205]. In addition, health information 
technologies may be deployed at home after patient discharge, emphasizing an 
entirely different area of study in human factors [206].

6.3  �Mental Health Informatics: Bridging the Biological, 
Behavioral, and Social Sciences

Our current scientific knowledge about mental health and illness comes from two 
distinct branches of science: the social and behavioral sciences on the one hand, and 
the biological sciences on the other. In the social and behavioral sciences, in fields 
such as sociology, psychology, and cognitive science, a diverse range of mental, 
interpersonal, social, and cultural phenomena play a central role in theories of men-
tal and behavioral functioning. In the biological sciences, in fields such as psychia-
try and neuroscience, physiological systems such as the nervous system, endocrine 
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system, and immune system take center stage in theories of mental and behavioral 
functioning.

Consequently, MHI must be able to accommodate the theories, paradigms, and 
methods of multiple, distinct branches of science. This is challenging for a number 
reasons. The first is that traditional biomedical informatics is ill-equipped to handle 
the kinds of mental, behavioral and social phenomena that dominate theories and 
clinical models in mental health. The second is that profound differences in episte-
mology, or “ways of knowing” between the behavioral and biological sciences cre-
ate obstacles to collaboration between informaticians and behavioral and social 
scientists. Lastly, the vast number of competing, and often contradictory theories 
within the behavioral and social sciences [189] places unique demands on informa-
ticians (or indeed any reseachers) working in the domain.

6.3.1  �Mainstream Health Informatics Has Not Fully 
Embraced Social and Behavioral Phenomena

Because health informatics has its historical roots in the biological sciences, many 
of the informatics technologies required to address social and behavioral phenom-
ena are not part of the standard informatician’s toolkit. Moreover, the informatics 
technologies developed over the first several decades of the field’s existence have 
been developed and optimized for acquiring and applying knowledge about physi-
ological, rather than mental, behavioral, or social phenomena. Consequently, many 
of these technologies are not well suited for use in mental health informatics para-
digms. Let’s take a look at how these historical blinders impact the work of the 
mental health informatician at each stage in the knowledge acquision process.

As previously discussed, all informatics paradigms consist of the same core goal 
of acquiring actionable knowledge from data about some underlying health-related 
entity or process. The same core steps occur in all informatics paradigms. First, the 
relevant underying real-world entities and processes of interest are identifed. Next, 
the observable signals produced by these entities and processes are captured and 
quantified (measured). Third, these observed signals are described in the form of 
“data” that can be manipulated both by the human brain and computer based sys-
tem. Fourth, these data are transformed into information. Next, the information is 
transformed into actionable knowledge. Finally, as the ultimate goal, actions are 
taken to implement the aquired knowledge into research and clinical workflows to 
improve human health (Fig. 6.4).

Real-World 
Phenomena

Signal Data Info Knowledge Action

Fig. 6.4  Informatics technologies are developed and applied for each of several core steps in the 
knowledge acquision process
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Differences between paradigms for signal detection and data catpure in the bio-
medical versus the social and behavioral sciences were discussed in the previous 
section, and are described in more detail in Chap. 9. The process by which both the 
real world phenomena of interest in healthcare and the observable signals used to 
isolate, identify and measure them are transformed into data is described in infor-
matics as “concept and knowledge representation” [89, 187, 188] and is discussed 
in detail in Chap. 7. Because data is the foundational input to all informatics para-
digms and methods, there is arguably no area of informatics that is most critical to 
enabling an LHS for mental health than ensuring that technologies for concept and 
knowledge reqpresentation are both adequate for representing mental health con-
tent, and fully cover the domain.

Two clinical terminologies essential to a building an LHS in mental health 
health—Logical Observation Identifiers Names and Codes (LOINC) and the 
Systematized Nomenclature of Medicine-Clinical Terms (SNOMED CT)—not 
only have significant gaps in content relative to mental and behavioral health [187, 
188], but are also designed in such a way that they cannot capture the meaning of 
concepts relevant to mental health as completely as they represent the meaning of 
concepts relevant to biomedical health. This is because the terminologies them-
selves have been designed based on assumptions inherent in the biological sciences. 
An unpublished evaluation of the attributes used to define clinical finding concepts 
in SNOMED-CT, for example, revealed an implicit assumption that the universe of 
health findings and diseases can be fully defined in terms of physical, biological, 
and morphological entities. This is evidenced by a conceptual world view that 
defines clinical findings in terms of the functional systems, body structures, mor-
phological alterations, and processes involved, and that restricts the range of func-
tional systems and processes to those outside of mental, interpersonal, or social 
systems (See Chap. 7). Similarly, MeSH (Medical Subject Headings), the terminol-
ogy used to index publications in PubMed, contains far fewer, and far less detailed, 
index terms for retrieving research about mental, behavioral, and social phenomena, 
diseases, and treatments, than for retrieving research about biological phenomena, 
diseases, and treatments [188]. Where terminologies do exist with a detailed and 
accurate representation of mental, behavioral, and social phenomena, they tend to 
have been developed natively within the behavioral sciences, without the benefit of 
informatics best practices for terminology development [87]. Moreover, these ter-
minology products are less likely to be included in systems that manage and publish 
inventories of national industry standards (see Chap. 7).

Knowledge dissemination is another part of the process not well addressed by 
traditional informatics technologies in the context of mental health. Knowledge dis-
semination is a critical step in moving from knowledge to action. Methods for bio-
medical knowledge dissemination include those commonly used in medical schools 
and medical healthcare settings, as well as those used by medical boards and medi-
cal professional societies. Examples include publishing clinical guidelines, imple-
menting those guidelines through order sets in EHRs, ongoing continuing education 
and maintenance of certification requirements, and other forms of education includ-
ing journal articles and professional conferences. Knowledge dissemination in 
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mental health is more complex, primarily because of the number and variety of 
educational programs and settings, as well as professional boards and societies.

As discussed in Chap. 4, there are several times as many psychologists as psy-
chiatrists in the United States, in addition to the ranks of case workers, social work-
ers, etc. As a result, primary dissemination is not through a small, relatively 
homogenous group of medical schools, settings, boards, and societies, but rather 
through a complex system of training and licensure programs. Moreover, complete 
knowledge about mental health is often shared across scientific and disciplinary 
boundaries. Physicians and advanced practice nurses typically do not have the same 
depth of psychological, behavioral, and social science training that mental health 
professionals trained in the behavioral and social sciences do. Similarly, mental 
health practitioners trained in the behavioral sciences typically do not have the same 
depth of biomedical training that physicians and advanced practice nurses do. Each 
group has limited insight into not only the complete knowledge base, but also the 
theoretical models and knowledge discovery paradigms of the other. Consequently, 
neither group is fully equipped to integrate relevant knowledge from the discipline 
in which they were not trained.

In addition, mental healthcare is often delivered in a small or solo practice setting 
rather than in a hospital or large clinic setting. These smaller settings are less likely 
to have deployed EHRs than hospitals and clinical settings providing biomedical 
healthcare services (see Chap. 16). While there has been a significant uptick in EHR 
adoption since the HITECH Act in 2009 due to financial incentives for demonstrat-
ing “meaningful use” of electronic systems [207], due to the initial exclusion of 
mental health providers from these incentive programs, EHR adoption in mental 
health has lagged behind [208]. Thus, knowledge dissemination through EHR-
enabled clinical decision support is not feasible in many common mental health care 
settings.

6.3.2  �Epistemological Differences Between the Behavioral 
and Biological Sciences

Arguably the biggest challenge facing informaticians working in mental health 
informatics is that the biological, behavioral, and social sciences are based on pro-
foundly different assumptions about the nature and relevance of mental, behavioral, 
social, and biological phenomena in health and illness. In addition, the biological 
and behavioral sciences differ in the scope of phenomena about which they believe 
knowledge can be legitimately acquired. In the biological sciences, the scope is 
physical phenomena that can—at least theoretically—be directly observed. The 
behavioral and social sciences, on the other hand, focus on phenomena that cannot 
be directly observed, such as thoughts, emotion, and social norms. As a result of 
differences in objects of study, the biological and behavioral sciences have different 
ideas about the methods by which they believe the objects of scientific study can be 
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legitimately known. In other words, the behavioral and biological sciences have 
fundamentally different epistemologies (Fig. 6.5).

The term epistemology, from the Greek words for ‘knowledge’ and ‘discourse’, 
refers to the study of the nature of human knowledge [49, 209]. As a field of study, 
epistemology is concerned with answering the question: “How we can legitimately 
claim to know something?”. That is, how can we make the leap from believing 
something to be true, to “knowing” something to be true? When used in the context 
of a field of science, epistemology refers to the criteria a scientific field uses to deter-
mine that sufficiently valid evidence has been produced to say that a hypothesis (a 
belief) has achieved the status of knowledge. It refers to the rules (or criteria) the 
field has about what a scientist must do to justify a belief. These criteria are typi-
cally defined in terms of the paradigms, methodologies, and instruments the field 
believes are capable of reliably producing valid observations. A neuroscientist, for 
example, may say that only emotional states that can be reliably distinguished based 
on neural signals measured using brain imaging technologies can be known. She 
might say that the names we give to more nuanced emotional states measured using 
psychometric methods are hypothetical (beliefs), but cannot be known, because to 
the neuroscientist, psychometric methods and instruments are not valid methods for 
identifying or measuring emotional states. A field’s epistemology also defines what 
can be known [144, 145]. That is, what classes of phenomena are capable of produc-
ing a valid, observable signal capable of detection, and what classes of phenomena 
can be detected using the tools and technologies available in the field. Finally, an 
epistemology defines who can be knowers [144, 145, 209]—what skills or training 
are required to be capable of “knowing” in the specific field. Each field develops, 
validates, and iteratively refines a set of tools and technologies to “come to know” 
the entities and phenomena the field believes can be known.

Previously, we described how the entities and phenomena of interest, as well as 
the methods and paradigms used to acquire actionable knowledge from these phen-
emena vary accross the biological, behavioral, and social sciences. Epistemology 
gives us a framework for thinking more systematically about the differences between 
the fields. Importantly, it allows us to explicity represent and proactively identify 
potential obstacles to knowledge acquisition in a field grounded in more than one 
branch of science. It also helps us operalize strategies for addressing these obstacles.

TRUTHS

POORLY
JUSTIFIED

TRUE BELIEFS
BELIEFS

KNOWLEDGE

PROPOSITIONSFig. 6.5  Knowledge as 
justified true beliefs 
(adapted from https://en.
wikipedia.org/wiki/
Epistemology)
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Neuroscientists tend to define mental and behavioral phenomena in terms of the 
brain [160, 163, 164], or an ‘embodied mind’ [50]. The constructs, theories, tools, 
and technologies they develop and use are designed to elucidate the relationship 
between biological (non-brain), mental, behavioral, interpersonal, social, and envi-
ronmental phenomena on the one hand, and brain phenomena on the other. The 
empirical questions they ask are aimed at understanding ways in which both non-
biological (mental, social, environmental) and biological (immune, digestive, integ-
umentary, etc.) phenomena influence—or are influenced by—structural and 
physiological aspects of the brain. For example, a neuroscientist studying racial 
descrimination might use fMRI imaging to understand the circuitry and biological 
processes underlying differences in emotional responses to, and reasoning about, an 
injustice perpetrated upon a member of the same versus a different racial group. She 
or he might compare systematic differences in neural activity between a cohort of 
individuals who self identify as racial separatists, and those who self-identify as 
anti-racist.

In contrast, behavioral scientists tend to define mental and behavioral phe-
nomena in terms of a mind, agnostic about the relationship between mental 
phenomena and the brain [160, 163, 164]. The constructs, theories, tools, and 
technologies they develop and use are designed to elucidate the relationships 
between and among various mental, behavioral, interpersonal, and social phe-
nomena. Social scientists address a slightly different range of phenomena, inter-
ested primarily in relationships between individual people, groups of people, 
and phenomena that arise in the context of the interaction between them. Like 
the pure behavioral scientist, the pure social scientist is agnostic about the rela-
tionship between social phenomena and the brain. Whereas the neuroscientist 
described above studied racial discrimination by looking at the biological cor-
relates of racism, a behavioral scientist is more likley to examine the relation-
ship between internal beliefs and attitudes and emotionally charged experiences 
with members of the same and different racial groups. A social scientist, on the 
other hand, might examine the relationship between a person’s attitutes towards 
people of a different racial group and the attitudes and behavior of peers and 
authority figures. Alternatively, she or he may study the relationshipo between a 
person’s attitutes towards people of a different racial groups and the types and 
prevalence of various images of that racial groups in the media.

This is not to say that pure biological scientists do not ‘believe in’, or care about, 
more abstract aspects of the mind and social phenomena, or that pure behavioral and 
social scientists do not ‘believe in’, or care about, the biological basis of the mind 
and social phenomena. In fact, there is significant overlap between these fields and 
a number of interdisciplinary sciences have emerged at their intersections (Fig. 6.6).

There are fundamental epistemological challenges inherent in acquiring knowl-
edge by integrating theories within and across each of the three branches of science 
most relevant to MHI. These challenges are embraced, and explicitly addressed by 
the NIMH’s Research Domain Criteria (RDoC) framework, discussed in detail in 
Chap. 12. Here, we want to briefly touch on the fundamental challenge of defining 
the relationships between brain and behavior.
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6.3.3  �A Primary Epistemological Challenge 
for Informaticians: The Relationship Between the Mind 
and Brain

One of the primary challenges for informaticians working in MHI Is developing 
paradigms and technologies that integrate the disparate theories of mental functions 
and human behavior espoused by scientists working in the biological and behavioral 
sciences, and the often-passionate belief in the unique legitimacy of one perspec-
tive. Thanks to our more philosophically oriented colleagues in the field of 
Neurophilosophy (see [49]), we can operationally define the root cause of this inter-
scientific conflict. Neurophilosophy tell us our conflict is not new and that this dif-
ference of opinion about the relationship between mind and brain has deep historical 
roots [49, 51, 209]. While a comprehensive review of the philosophical literature on 
the mind-brain question is beyond the scope of this book,1 a core distinction can be 
made between ‘monism’ and ‘dualism’ (Table 6.4). The monist’s stance is that the 
brain and mind are not distinct entities and that there is only one entity—the brain. 
Monism does not deny the existence of the mind. Rather, it views it as an epiphe-
nomenon of brain functioning. The dualist stance is that the brain and the mind are, 
in fact, distinct conceptual entities. Dualism argues that the brain directly influences 
the mind, and the mind directly influences the brain, but that even with the most 
sophisticated tools and technologies, science will never be able to reliably and fully 
define complex mental phenomena in terms of specific physiologic brain phenomena.

1 See Neurophilosophy: Towards a Unified Science of the Mind/Brain by Patricia Smith Churchland 
for a thorough and accessible discussion of the historical foundations of the issue.
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For example, a dualist might argue that while much is known about the neuro-
anatomic and biochemical correlates of emotion, including some of the very spe-
cific brain circuits involved, it is currently not possible to reliably define specific 
emotional states (emotion ‘quality’) in terms of specific neurophysiologic states 
(see [210]). That is, a neuroscientist cannot accurately “measure” the quality of 
emotion a person is experiencing based on patterns of activity in specific brain cir-
cuits. A monist would counter that our inability to define (i.e., reduce) highly spe-
cific phenomenological emotional qualities (e.g., joyful surprise versus fearful 
surprise) in terms of specific neurophysiologic states is due only to the limitations 
of current technologies for detecting these states. She would argue that once we 
have sufficiently refined technologies, we will be able to accurately describe all 
aspects of a person’s emotional state (quality and intensity) based solely on patterns 
of neuroactivity. The dualist, in turn, would counter that there is no such future 
technology—that there is something fundamentally (ontologically) different 
between the way the mind manifests emotional qualities and the way the brain man-
ifests them.

6.3.4  �Epistemological Differences within the Behavioral 
and Social Sciences: A Multiplicity of Theories of ‘Mind’ 
and Behavior

If the theoretic and epistemic differences between the behavioral and biological sci-
ences don’t make your head spin, the multiplicity of theories within the behavioral 
and social sciences certainly will! Whereas disagreements between scientists and 
clinicians working in the biomedical domain tend to be primarily about nuanced 
mechanisms, and directions of causal relationships, scientists and clinicians work-
ing within the behavioral and social sciences often disagree about the fundamental 
entities and mechanisms themselves. Imagine working in research informatics in 
cardiology in a time before the existence of modern tools and technologies for 

Table 6.4  Philosophical approaches to defining the relationship between the brain and mind

Model Description

Monism The brain and the mind are not distinct entities—the brain is the one true 
ontologicala entity and the mind is a conceptual entity that allows us talk about 
functions of the brain that we cannot (yet) describe at the neuronal level

Physicalism Each mind function is synonymous with some brain function
Reductionism Each mind function can be reduced to some brain function
Dualism The brain and mind are distinct entities
Interactionism The brain influences the mind and the mind influences the brain
Parallelism The mind and brain do not directly influence each other, although they operate 

in parallel
aOntological: something that really exists in the world, not just a concept or idea
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visualizing the structures and function of the heart in a living human. Imagine two 
scientific camps within the field of cardiology—each one having a fundamentally 
different model of the structure and function of the heart. Imagine the number of 
competing entities, processes, and theories that scientists could justify based only 
on phenomena that could be directly observed. This is the current state of the behav-
ioral sciences. The primary entity of interest—the mind—cannot be directly 
observed. Consequently, the functional properties of this key entity are defined in 
radically different ways within the behavioral sciences.

For informaticians working in MHI, the significance of these philosophical (the-
oretic) distinctions cannot be overstated. MHI embraces the spirit of the vision put 
forth by NIMH in the RDoC framework which strives to improve the process of 
acquiring knowledge across the diverse branches of science in which knowledge is 
being generated. To do this, informaticians working in MHI must be fluent in the 
many theoretical languages of the biological, behavioral, and social sciences. At 
minimum, this means understanding the nuances of the data-to-knowledge process 
employed by each field. This includes understanding how the field defines and mod-
els the real-world phenomena of interest as well as how the field identifies, captures, 
and represents these phenomena (signals) in the form of quantifiable data points. It 
includes understanding the paradigms and computational (statistical, analytic) 
methods the field uses to transform these data into meaningful information, and then 
into actionable knowledge.

6.3.5  �Points of Intersection Between the Biological, 
Behavioral, and Social Sciences

Despite the many challenges inherent in bridging the gap between the biological 
and behavioral sciences, over time we are seeing increasingly more overlap between 
the sciences (Fig. 6.7). This impetus is coming from within each of the sciences 
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Fig. 6.7  (a) Relationship between phenomena of interest in the biological, behavioral, and social 
sciences. (b) Increasing overlap between phenomena of interest in the biological, behavioral, and 
social sciences as more is understood about the interrelationships among them
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themselves and there has been great progress in understanding the complex, recip-
rocal ways in which biological, behavioral, and social phenomena mutually influ-
ence each other. Increasingly, behavioral and social scientists are asking sophisticated 
questions about the mechanisms by which biological, mental, behavioral, and social 
phenomena influence each other [211–214]. Similarly, biological scientists are 
developing novel methods for investigating not only the ways that biological func-
tions drive mental and behavioral functions, but conversely, the ways that mental, 
behavioral, interpersonal and social functions drive biological functions [157, 159, 
160, 163]. This knowledge is being generated by interdisciplinary scientists work-
ing explicitly at the intersections of the biological, behavioral, and social sciences 
(Fig. 6.6).

While there is strong consensus that biological underpinnings of many, if not 
most, mental and behavioral phenomena will undoubtedly be discovered as tech-
nologies for assessing both neurobiological and mental phenomena become more 
sophisticated [100, 110, 112], the real challenge lies in identifying the causal direc-
tion and mediating variables in these relationships. In some cases, as we understand 
more about the brain and the physiological underpinnings of the associated mental 
and behavioral phenomena, the differences between mental and biomedical disor-
ders may begin to fade [100, 110, 112]. Those psychiatric disorders discovered to 
have a clear, primary biologic etiology may be re-categorized as biomedical disor-
ders, e.g., as neurological or endocrine disorders [98]. In other cases, discovery of 
the biological underpinnings of mental health conditions may provide insight into 
ways that different social and interpersonal experiences shape our brains in ways 
that lead to long term dysfunction or distress.

6.4  �How Mental Health Informatics Extends Informatics

Above we focus on the differences between MHI and other informatics subdisci-
plines, and on ways in which mainstream biomedical and health informatics has 
neglected the behavioral and social sciences. However, several mainstream infor-
matics technologies are being heavily utilized in the field of mental health. For 
example, the use of mobile health technology (mHealth) has been an area of increas-
ing interest in medicine in recent years due to both the ubiquity of smartphones and 
the development of new technologies such as activity trackers and smartwatches 
[215]. Given the importance of activity-related behavior in risk, diagnosis, and 
treatment for mental health conditions, this technology has been game-changing for 
data-driven study and treatment in mental health [196, 216, 217] (see Chap. 17).

Natural language processing (Chap. 13) is a major subfield of informatics with 
NLP paradigms routinely applied across scientific literature, clinical text, and social 
media alike [218–222]. It is particularly useful in the context of mental health, 
where symptoms and environmental factors) are often recorded only in free text and 
rarely as structured data or as results of quantitative assessments. Social media in 
particular is a rich source of the kinds of information of interest to behavioral and 
social scientists (e.g., emotion, thoughts, behavior, social interaction, and 
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environments). Moreover, social media can be an outlet for people struggling with 
mental health concerns, whether to vent privately to friends on Facebook, or to 
share their distress with the world through Twitter [221, 223, 224]. Information 
shared in these places may rarely make it to a healthcare provider’s radar but can be 
invaluable for tracking a person’s mental health over time.

Ethical, legal, and social issues (Chap. 18), particularly around data privacy and 
security, are important in informatics at large, but particularly so for mental health 
data due to the stigma that is unfortunately still attached to these conditions. 
Substance use disorder (SUD) information is even more sensitive, protected under 
its own legislation, 42 CFR (Code of Federal Regulations) Part 2 prohibiting unau-
thorized disclosures of health records except in limited circumstances [225].

Arguably the most important way in which MHI extends traditional informatics 
is by focusing our attention on the many implicit assumptions we make, and the 
beliefs we hold, about the nature of the relationship between the underlying entities 
and processes about which we seek knowledge, and the concrete data that serves as 
their proxies in our knowledge acquisition paradigms. Because informaticians 
working in mental health deal with fundamentally different kinds of things than 
those working in biomedicine, and because the paradigms used to isolate and mea-
sure these phenomena are fundamentally different from the paradigms used in bio-
medicine, mental health informaticians cannot take for granted that the data 
generated from traditional sources accurately and complete represents the underly-
ing phenomena of interest. Consequently, mental health informaticians will likely 
elucidate critical aspects of the early phases of the DIKA process: the process by 
which the observable signals produced by real world phenomena become concrete 
data—linguistic representations with associated quantitative and qualitative metrics.

6.5  �Summary

The relatively young field of Mental Health Informatics overlaps significantly with 
the broader field of Biomedical and Health Informatics, but also extends some exist-
ing aspects of the field, and introduces new complexity and challenges derived from 
its unique position at the confluence of several different branches of science: the 
biological, social, and behavioral sciences. Complexity within the social and behav-
ioral sciences in terms of the multiplicity, and sometimes inconsistency among, 
models of mental and behavioral function further contribute to the challenges. As 
described in detail in the discussion of epistemological differences between the 
social and behavioral sicences on the one hand and the biological sciences on the 
other, as well as the discussion about the historical roots of informatics in the bio-
logical sciences, mental health informaticians will be required to adopt new para-
digms for knowledge discovery. One important areas of work will be reconciling 
different approaches to concept and knowledge representation (Chap. 7). Another 
will reconciling different approaches to knowledge acquisition itself (see Chap. 12). 
Finally, significant advances in technologies for signal detection, the acquisition of 
data, methods for transforming data into knowledge, and opportunities to apply that 
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new knowledge in both standard and novel avenues for mental healthcare pose tre-
mendous opportunities for students, researchers, and practitioners in this excit-
ing field.

References

	 1.	Shortliffe EH, Cimino JJ. Biomedical informatics. Berlin: Springer; 2006.
	 2.	Kulikowski CA, Shortliffe EH, Currie LM, et  al. AMIA Board white paper: definition of 

biomedical informatics and specification of core competencies for graduate education in the 
discipline. J Am Med Inform Assoc. 2012;19(6):931–8.

	 3.	Warner HR. Medical informatics: a real discipline? J Am Med Inform Assoc. 1995;2(4):207.
	 4.	Engel GL.  The need for a new medical model: a challenge for biomedicine. Science. 

1977;196(4286):129–36. https://doi.org/10.1126/science.847460. [published Online First: 
Epub Date]

	 5.	National Institute of Mental Health. Research Domain Criteria (RDoC). Secondary Research 
Domain Criteria (RDoC) November 9 2012. http://www.nimh.nih.gov/research-funding/
rdoc/index.shtml.

	 6.	 Insel TR. The NIMH research domain criteria (RDoC) project: precision medicine for psychi-
atry. Am J Psychiatry. 2014;171(4):395–7. https://doi.org/10.1176/appi.ajp.2014.14020138. 
[published Online First: Epub Date]

	 7.	Baars BJ.  A cognitive theory of consciousness. Cambridge, MA: Cambridge University 
Press; 1993.

	 8.	Carruthers P.  Phenomenal consciousness: a naturalistic theory. Cambridge: Cambridge 
University Press; 2003.

	 9.	Crick F, Koch C.  Towards a neurobiological theory of consciousness. Semin Neurosci. 
1990;2:263–75.

	 10.	Tononi G. An information integration theory of consciousness. BMC Neurosci. 2004;5(1):42.
	 11.	Edelman GM. The remembered present: a biological theory of consciousness. New York: 

Basic Books; 1989.
	 12.	Holt RR.  Drive or wish? A reconsideration of the psychoanalytic theory of motivation. 

Psychol Issues. 1976;9(4):158–97.
	 13.	Geen RG, Gange JJ. Drive theory of social facilitation: twelve years of theory and research. 

Psychol Bull. 1977;84(6):1267.
	 14.	Mitchell SA. Hope and dread in psychoanalysis. New York: Basic Books; 1993.
	 15.	Guerin B. Social facilitation. In: Weiner IB, Craighead WE, editors. The Corsini encyclope-

dia of psychology. Hoboken, NJ: Wiley; 2010. p. 1–2.
	 16.	Di Domenico SI, Ryan RM. The emerging neuroscience of intrinsic motivation: a new fron-

tier in self-determination research. Front Hum Neurosci. 2017;11:145.
	 17.	Dweck CS.  From needs to goals and representations: foundations for a unified theory of 

motivation, personality, and development. Psychol Rev. 2017;124(6):689.
	 18.	Berridge KC. Evolving concepts of emotion and motivation. Front Psychol. 2018;9:1647.
	 19.	Cannon WB. The James-Lange theory of emotions: a critical examination and an alternative 

theory. Am J Psychol. 1927;39(1/4):106–24. https://doi.org/10.2307/1415404. [published 
Online First: Epub Date]

	 20.	James W. The physical bases of emotion. 1894. Psychol Rev. 1994;101(2):205–10. https://
doi.org/10.1037/0033-295x.101.2.205. [published Online First: Epub Date]

	 21.	Lazarus RS. Progress on a cognitive-motivational-relational theory of emotion. Am Psychol. 
1991;46(8):819–34. https://doi.org/10.1037//0003-066x.46.8.819. [published Online First: 
Epub Date]

	 22.	Moors A. Theories of emotion causation: a review. Cognit Emot. 2009;23(4):625–62. https://
doi.org/10.1080/02699930802645739. [published Online First: Epub Date]

6  Mental Health Informatics

https://doi.org/10.1126/science.847460
http://www.nimh.nih.gov/research-funding/rdoc/index.shtml
http://www.nimh.nih.gov/research-funding/rdoc/index.shtml
https://doi.org/10.1176/appi.ajp.2014.14020138
https://doi.org/10.2307/1415404
https://doi.org/10.1037/0033-295x.101.2.205
https://doi.org/10.1037/0033-295x.101.2.205
https://doi.org/10.1037//0003-066x.46.8.819
https://doi.org/10.1080/02699930802645739
https://doi.org/10.1080/02699930802645739


146

	 23.	Schachter S, Singer JE. Cognitive, social, and physiological determinants of emotional state. 
Psychol Rev. 1962;69:379–99. https://doi.org/10.1037/h0046234. [published Online First: 
Epub Date]

	 24.	Zajonc RB, Murphy ST, Inglehart M.  Feeling and facial efference: implications 
of the vascular theory of emotion. Psychol Rev. 1989;96(3):395–416. https://doi.
org/10.1037/0033-​295x.96.3.395. [published Online First: Epub Date]

	 25.	Goldstein EB. Sensation and perception. Boston, MA: Cengage Learning; 2009.
	 26.	Newell A. Unified theories of cognition. Cambridge, MA: Harvard University Press; 1990.
	 27.	Johnson-Laird PN. Mental models. Cambridge: Cambridge University Press; 1989.
	 28.	Gentner D, Stevens AL. Mental models. New York: Psychology Press; 2014.
	 29.	Ahissar E, Assa E. Perception as a closed-loop convergence process. elife. 2016;5:e12830.
	 30.	Gibson JJ. The perception of the visual world. Houghton Mifflin: Oxford; 1950.
	 31.	Hurley SL. Consciousness in action. Cambridge, MA: Harvard University Press; 2002.
	 32.	Baddeley AD. Human memory: theory and practice. Hove: Psychology Press; 1997.
	 33.	Deutsch JA, Deutsch D.  Attention: some theoretical considerations. Psychol Rev. 

1963;70(1):80.
	 34.	Norman DA, Shallice T.  Attention to action. In:  Consciousness and self-regulation. 

New York: Springer; 1986. p. 1–18.
	 35.	Knudsen EI. Fundamental components of attention. Annu Rev Neurosci. 2007;30:57–78.
	 36.	Wells A, Matthews G.  Attention and emotion (classic edition): a clinical perspective. 

New York: Psychology Press; 2014.
	 37.	Simon HA. Models of thought. New Haven: Yale University Press; 1979.
	 38.	Holyoak KJ, Spellman BA. Thinking. Annu Rev Psychol. 1993;44(1):265–315.
	 39.	Mowrer O. Learning theory and behavior. New York: Wiley; 1960.
	 40.	Skinner BF. Are theories of learning necessary? Psychol Rev. 1950;57(4):193.
	 41.	Bandura A, McClelland DC. Social learning theory. Englewood cliffs: Prentice Hall; 1977.
	 42.	Fromkin V, Rodman R, Hyams N.  An introduction to language. Boston, MA: Cengage 

Learning; 2018.
	 43.	Sloman SA. The empirical case for two systems of reasoning. Psychol Bull. 1996;119(1):3.
	 44.	Evans JSB.  In two minds: dual-process accounts of reasoning. Trends Cogn Sci. 

2003;7(10):454–9.
	 45.	Starkey P, Spelke ES, Gelman R.  Numerical abstraction by human infants. Cognition. 

1990;36(2):97–127.
	 46.	Dehaene S. Varieties of numerical abilities. Cognition. 1992;44(1–2):1–42.
	 47.	McCloskey M, Macaruso P.  Representing and using numerical information. Am Psychol. 

1995;50(5):351.
	 48.	Redish AD. The mind within the brain: how we make decisions and how those decisions go 

wrong. New York: Oxford University Press; 2013.
	 49.	Churchland PS. Neurophilosophy : toward a unified science of the mind-brain. Cambridge, 

MA: MIT Press; 1986.
	 50.	Varela FJ, Thompson E, Rosch E. The embodied mind : cognitive science and human experi-

ence. Revised edition. Cambridge, MA: MIT Press; 2016.
	 51.	Chalmers D. Guide to the philosophy of mind. New York: New York University; 2017.
	 52.	Epstein S. Cognitive-experiential self-theory of personality. Handb Psychol. 2003;10:159–84.
	 53.	Samsonovich AV, Ascoli GA.  The conscious self: ontology, epistemology and the mirror 

quest. Cortex. 2005;41(5):621–36.
	 54.	Bandura A. Toward an agentic theory of the self. Adv Self Res. 2008;3:15–49.
	 55.	Sui J, Gu X.  Self as object: emerging trends in self research. Trends Neurosci. 

2017;40(11):643–53.
	 56.	Epstein S. The self-concept revisited: Or a theory of a theory. Am Psychol. 1973;28(5):404.
	 57.	Greenwald AG, Banaji MR, Rudman LA, Farnham SD, Nosek BA, Mellott DS.  A uni-

fied theory of implicit attitudes, stereotypes, self-esteem, and self-concept. Psychol Rev. 
2002;109(1):3.

P. A. Ranallo and J. D. Tenenbaum

https://doi.org/10.1037/h0046234
https://doi.org/10.1037/0033-​295x.96.3.395
https://doi.org/10.1037/0033-​295x.96.3.395


147

	 58.	Harter S.  The construction of the self: a developmental perspective. London: Guilford 
Press; 1999.

	 59.	Haslam SA.  Stereotyping and social influence: foundations of stereotype consensus. In: 
Spears R, Oakes PJ, Ellemers N, Haslam SA, editors. The social psychology of stereotyping 
and group life. Oxford: Blackwell; 1997. p. 119–43.

	 60.	Marsh HW. A multidimensional, hierarchical model of self-concept: theoretical and empiri-
cal justification. Educ Psychol Rev. 1990;2(2):77–172.

	 61.	Marsh HW, Hattie J. Theoretical perspectives on the structure of self-concept. In: Bracken 
BA, editor. Handbook of self-concept: developmental, social, and clinical considerations. 
New York: Wiley; 1996.

	 62.	Bandura A. Self-efficacy. In:  The Corsini encyclopedia of psychology. Hoboken, NJ: Wiley; 
2010. p. 1–3.

	 63.	Leary MR, Baumeister RF. The nature and function of self-esteem: sociometer theory. In:  
Advances in experimental social psychology. New York: Elsevier; 2000. p. 1–62.

	 64.	Hogan R. A socioanalytic theory of personality. In: Page MM, editor. Nebraska Symposium 
on Motivation: Vol. 30 Personality: current theory and research. Lincoln: University of 
Nebraska Press; 1982. p. 55–89.

	 65.	Pincus AL, Ansell EB.  Interpersonal theory of personality. In:  Handbook of psychology. 
Hoboken, NJ: Wiley; 2003. p. 209–29.

	 66.	McCrae RR, Costa PT Jr. The five-factor theory of personality. In: Pervin LA, John OP, edi-
tors. Handbook of personality: theory and research. 2nd ed. New York: Guilford; 2008.

	 67.	John OP, Robins RW, Pervin LA. Handbook of personality: theory and research. New York: 
Guilford Press; 2010.

	 68.	Cervone D, Pervin LA. Personality: theory and research. Hoboken, NJ: Wiley; 2015.
	 69.	Helms JE.  Black and White racial identity: theory, research, and practice. Westport: 

Greenwood Press; 1990.
	 70.	Stets JE, Burke PJ. Identity theory and social identity theory. Soc Psychol Q. 2000;63:224–37.
	 71.	Turner JC, Oakes PJ.  The significance of the social identity concept for social psychol-

ogy with reference to individualism, interactionism and social influence. Br J Soc Psychol. 
1986;25(3):237–52.

	 72.	Gilligan C. Moral orientation and moral development [1987]. In:  Justice and care. London: 
Routledge; 1995. p. 31–46.

	 73.	Eisenberg N.  Emotion, regulation, and moral development. Annu Rev Psychol. 
2000;51(1):665–97.

	 74.	Gibbs JC. Moral development and reality: beyond the theories of Kohlberg, Hoffman, and 
Haidt. New York: Oxford University Press; 2019.

	 75.	Ekman P, Sorenson ER, Friesen WV. Pan-cultural elements in facial displays of emotion. 
Science. 1969;164(3875):86–8.

	 76.	Ekman P, Freisen WV, Ancoli S. Facial signs of emotional experience. J Pers Soc Psychol. 
1980;39(6):1125.

	 77.	Mohr J, Spekman R. Characteristics of partnership success: partnership attributes, communi-
cation behavior, and conflict resolution techniques. Strateg Manag J. 1994;15(2):135–52.

	 78.	Mehrabian A.  Communication without words. In:  Communication theory. London: 
Routledge; 2017. p. 193–200.

	 79.	Skinner BF. Science and human behavior. New York: Simon and Schuster; 1965.
	 80.	Goffman E. Behavior in public places. New York: Simon and Schuster; 2008.
	 81.	Miller GA, Eugene G, Pribram KH.  Plans and the structure of behaviour. London: 

Routledge; 2017.
	 82.	Bowlby J.  A secure base: parent-child attachment and healthy human development. 

New York: Basic Books; 2008.
	 83.	Kelley HH. Personal relationships: their structures and processes. New York: Psychology 

Press; 2013.

6  Mental Health Informatics



148

	 84.	Kiesler DJ. Contemporary interpersonal theory and research: personality, psychopathology, 
and psychotherapy. New York: Wiley; 1996.

	 85.	Pietromonaco PR, Uchino B, Dunkel SC. Close relationship processes and health: implica-
tions of attachment theory for health and disease. Health Psychol. 2013;32(5):499.

	 86.	Underwood LG.  Compassionate love: a framework for research. In: Fehr B, Sprecher S, 
Underwood LG, editors. The science of compassionate love: theory, research, and applica-
tions. Oxford: Wiley Blackwell; 2009. p. 3–25.

	 87.	Hendrick SS, Hendrick C. Romantic love. New York: Sage Publications; 1992.
	 88.	Horowitz LM, Strack S. Handbook of interpersonal psychology: theory, research, assessment 

and therapeutic interventions. Hoboken, NJ: Wiley; 2010.
	 89.	Bowlby J. Attachment and loss: volume I: attachment. Attachment and loss: volume I: attach-

ment. London: The Hogarth Press and the Institute of Psycho-Analysis; 1969. p. 1–401.
	 90.	Carlson EA, Sroufe LA.  Contribution of attachment theory to developmental psychopa-

thology. In: Cicchetti D, Cohen DJ, editors. Developmental psychopathology: theory and 
method. Hoboken, NJ: Wiley; 1995.

	 91.	Cassidy J, Shaver PR. Handbook of attachment: theory, research, and clinical applications. 
New York: Rough Guides; 2002.

	 92.	Bowlby J. Attachment. New York: Basic Books; 2008.
	 93.	Feldman R, Gordon I, Zagoory-Sharon O. Maternal and paternal plasma, salivary, and uri-

nary oxytocin and parent–infant synchrony: considering stress and affiliation components of 
human bonding. Dev Sci. 2011;14(4):752–61.

	 94.	Cummings EM, Davies PT, Campbell SB. Developmental psychopathology and family pro-
cess: theory, research, and clinical implications. New York: Guilford Press; 2002.

	 95.	Szapocznik J, Kurtines WM.  Family psychology and cultural diversity: opportunities for 
theory, research, and application. Am Psychol. 1993;48(4):400.

	 96.	Fiske AP. Structures of social life: the four elementary forms of human relations: communal 
sharing, authority ranking, equality matching, market pricing. New York: Free Press; 1991.

	 97.	Fiske ST. Social beings: Core motives in social psychology. Hoboken, NJ: Wiley; 2018.
	 98.	Warner BD, Fowler SK. Strain and violence: testing a general strain theory model of com-

munity violence. J Crim Just. 2003;31(6):511–21.
	 99.	Borgatti SP, Mehra A, Brass DJ, Labianca G. Network analysis in the social sciences. Science. 

2009;323(5916):892–5.
	100.	Griffin EA. A first look at communication theory/Em Griffin. New York: McGraw-Hill; 2012.
	101.	Hargie O. Skilled interpersonal communication: research, theory and practice. New York: 

Routledge; 2016.
	102.	Turner JC.  Social categorization and the self-concept: a social cognitive theory of group 

behavior. In: Postmes T, Branscombe NR, editors. Rediscovering social identity. New York: 
Routledge; 2010.

	103.	Abrams D, Hogg MA. Social identifications: a social psychology of intergroup relations and 
group processes. London: Routledge; 2006.

	104.	Brown R, Pehrson S. Group processes: dynamics within and between groups. Hoboken, NJ: 
Wiley; 2019.

	105.	Faust K. Centrality in affiliation networks. Soc Networks. 1997;19(2):157–91.
	106.	Hill CA. Affiliation motivation: people who need people… but in different ways. J Pers Soc 

Psychol. 1987;52(5):1008.
	107.	Koestner R, McClelland DC. The affiliation motive. In: Smith CP, Atkinson JW, McClelland 

DC, Veroff J, editors. Motivation and personality: handbook of thematic content analysis. 
Cambridge: Cambridge University Press; 1992. p. 393–400.

	108.	Cranmer SJ, Desmarais BA, Kirkland JH. Toward a network theory of alliance formation. Int 
Interact. 2012;38(3):295–324.

	109.	Harcourt AH, de Waal FB. Coalitions and alliances in humans and other animals. Oxford: 
Oxford University Press; 1992.

	110.	Mitsuhashi H, Greve HR. A matching theory of alliance formation and organizational suc-
cess: complementarity and compatibility. Acad Manag J. 2009;52(5):975–95.

P. A. Ranallo and J. D. Tenenbaum



149

	111.	Abrams D, Hogg MA. Social identification, self-categorization and social influence. Eur Rev 
Soc Psychol. 1990;1(1):195–228.

	112.	Brewer MB, Silver MD. Group distinctiveness, social identification, and collective mobiliza-
tion. In: Stryker S, Owens TJ, White RW, editors. Self, Identity, and Social Movements, vol. 
13. Minneapolis: University of Minnesota Press; 2000. p. 153–71.

	113.	Deaux K, Reid A, Mizrahi K, Cotting D. Connecting the person to the social: the functions 
of social identification. In:  The psychology of the social self. New York: Psychology Press; 
2014. p. 99–122.

	114.	Ellemers N, Van Knippenberg A, De Vries N, Wilke H. Social identification and permeability 
of group boundaries. Eur J Soc Psychol. 1988;18(6):497–513.

	115.	Stapel DA, Koomen W. Competition, cooperation, and the effects of others on me. J Pers Soc 
Psychol. 2005;88(6):1029.

	116.	Tauer JM, Harackiewicz JM. The effects of cooperation and competition on intrinsic motiva-
tion and performance. J Pers Soc Psychol. 2004;86(6):849.

	117.	Cialdini RB, Trost MR.  Social influence: social norms, conformity and compliance. In: 
Gilbert DT, Fiske ST, Lindzey G, editors. The handbook of social psychology. London: 
Routledge; 1998.

	118.	De Vries H, Stevens JM, Vervaecke H. Measuring and testing the steepness of dominance 
hierarchies. Anim Behav. 2006;71(3):585–92.

	119.	Shizuka D, McDonald DB. A social network perspective on measurements of dominance 
hierarchies. Anim Behav. 2012;83(4):925–34.

	120.	Coie JD, Dodge KA, Kupersmidt JB. Peer group behavior and social status. In: Asher SR, 
Coie JD, editors. Peer rejection in childhood. New York: Cambridge University Press; 1990. 
p. 17–59.

	121.	Evans WN, Oates WE, Schwab RM. Measuring peer group effects: a study of teenage behav-
ior. J Polit Econ. 1992;100(5):966–91.

	122.	Salmivalli C.  Bullying and the peer group: a review. Aggress Violent Behav. 
2010;15(2):112–20.

	123.	James P.  Globalism, nationalism, tribalism: bringing theory back in. London: Pine Forge 
Press; 2006.

	124.	Berry JW. Globalisation and acculturation. Int J Intercult Relat. 2008;32(4):328–36.
	125.	Glucksmann M. Structuralist analysis in contemporary social thought (RLE social theory): 

a comparison of the theories of Claude Lévi-Strauss and Louis Althusser. Hoboken, NJ: 
Routledge; 2014.

	126.	Eisenhardt KM.  Agency theory: an assessment and review. Acad Manag Rev. 
1989;14(1):57–74.

	127.	Bicchieri C, Muldoon R. Social norms. Cambridge: Cambridge University Press; 2011.
	128.	Fiske ST, Taylor SE. Social cognition. New York: McGraw-Hill; 1991.
	129.	Greenwald AG, Banaji MR. Implicit social cognition: attitudes, self-esteem, and stereotypes. 

Psychol Rev. 1995;102(1):4.
	130.	Adolphs R. The neurobiology of social cognition. Curr Opin Neurobiol. 2001;11(2):231–9.
	131.	Berry JW.  Acculturation: living successfully in two cultures. Int J Intercult Relat. 

2005;29(6):697–712.
	132.	Mehrabian A, Russell JA.  An approach to environmental psychology. London: MIT 

Press; 1974.
	133.	Schreuder E, van Erp J, Toet A, Kallen VL.  Emotional responses to multisensory 

environmental stimuli: a conceptual framework and literature review. SAGE Open. 
2016;6(1):2158244016630591.

	134.	Graham LT, Gosling SD, Travis CK.  The psychology of home environments: a call for 
research on residential space. Perspect Psychol Sci. 2015;10(3):346–56.

	135.	Bell PA, Green T, Fisher JD.  In: Baum A, editor. Environmental psychology. New  York: 
Psychology Press; 2001.

6  Mental Health Informatics



150

	136.	Stevens RG, Blask DE, Brainard GC, et  al. Meeting report: the role of environmental 
lighting and circadian disruption in cancer and other diseases. Environ Health Perspect. 
2007;115(9):1357–62.

	137.	Dunn R, Krimsky JS, Murray JB, Quinn PJ. Light up their lives: a review of research on the 
effects of lighting on children's achievement and behavior. Read Teach. 1985;38(9):863–9.

	138.	Flynn JE, Spencer TJ, Martyniuk O, Hendrick C. Interim study of procedures for investigat-
ing the effect of light on impression and behavior. J Illum Eng Soc. 1973;3(1):87–94.

	139.	Kryter K. The handbook of hearing and the effects of noise: physiology, psychology, and 
public health. Bingley: Emerald; 1994.

	140.	Mathews KE, Canon LK. Environmental noise level as a determinant of helping behavior. J 
Pers Soc Psychol. 1975;32(4):571.

	141.	Goldman AI. Epistemology and cognition. Cambridge, MA: Harvard University Press; 1986.
	142.	Conee E, Feldman R. Evidentialism: essays in epistemology. Oxford: Clarendon Press; 2004.
	143.	Steup M, Neta R. Epistemology. Cambridge, MA: Harvard University Press; 2005.
	144.	Harding SG. The science question in feminism. Ithaca, NY: Cornell University Press; 1986.
	145.	Harding SG.  Whose science? Whose knowledge? : Thinking from women's lives. Ithaca, 

N.Y: Cornell University Press; 1991.
	146.	Cronbach LJ, Meehl PE.  Construct validity in psychological tests. Psychol Bull. 

1955;52(4):281–302. https://doi.org/10.1037/h0040957. [published Online First: Epub Date]
	147.	Association AP. APA dictionary of psychology. Washington, DC: Association AP; 2021.
	148.	Markey J. A redefinition of social phenomena: giving a basis for comparative sociology. Am 

J Sociol. 1925-26;31:733–43.
	149.	Westbrook L.  Mental models: a theoretical overview and preliminary study. J Inf Sci. 

2006;32(6):563–79. https://doi.org/10.1177/0165551506068134. [published Online First: 
Epub Date]

	150.	Hawke LD, Provencher MD.  Schema theory and Schema therapy in mood and anxiety 
disorders: a review. J Cogn Psychother. 2011;4:257–76. https://doi.org/10.1891/0889-
8391.25.4.257. [published Online First: Epub Date]

	151.	Pietromonaco PR, Barrett LF.  The internal working models concept: what do we really 
know about the self in relation to others? Rev Gen Psychol. 2000;4(2):155–75. https://doi.
org/10.1037/1089-2680.4.2.155. [published Online First: Epub Date]

	152.	Beck AT, Ward CH, Mendelson M, Mock J, Erbaugh J. An inventory for measuring depres-
sion. Arch Gen Psychiatry. 1961;4(6):561–71.

	153.	Beck AT, Steer RA, Brown G.  Beck depression inventory–II.  Psychol Assess. 
1996;25:136–45.

	154.	Eisenberg IW, Bissett PG, Enkavi AZ, et  al. Uncovering the structure of self-regulation 
through data-driven ontology discovery. Nat Commun. 2019;10(1):1–13.

	155.	O'Leary-Kelly SW, Vokurka RJ.  The empirical assessment of construct validity. J Oper 
Manag. 1998;16(4):387–405.

	156.	Lissitz RW. The end of construct validity. The concept of validity: revisions, new directions 
and applications, Oct, 2008. Charlotte, NC: IAP Information Age Publishing; 2009.

	157.	Kasabov NK. Springer handbook of bio−/neuroinformatics. 1st ed. New York: Springer; 2013.
	158.	Levin BL, Hanson A. Mental health informatics. New York: Springer; 2013.
	159.	Cipresso P, Serino S, Villani D. Pervasive computing paradigms for mental health. New York: 

Springer; 2016.
	160.	Crasto CJ. Neuroinformatics. Totowa, NJ: Humana; 2007.
	161.	Dewan NA, Luo JS, Lorenzi NM. Information technology essentials for behavioral health 

clinicians. London: Springer; 2010.
	162.	Jagaroo V. Neuroinformatics for neuropsychology. New York: Springer; 2009.
	163.	Wallace R.  Computational psychiatry : a systems biology approach to the epigenetics of 

mental disorders. New York: Springer Science+Business Media; 2017.

P. A. Ranallo and J. D. Tenenbaum

https://doi.org/10.1037/h0040957
https://doi.org/10.1177/0165551506068134
https://doi.org/10.1891/0889-8391.25.4.257
https://doi.org/10.1891/0889-8391.25.4.257
https://doi.org/10.1037/1089-2680.4.2.155
https://doi.org/10.1037/1089-2680.4.2.155


151

	164.	 Insel TR, Cuthbert BN.  Medicine. Brain disorders? Precisely. Science. 
2015;348(6234):499–500. https://doi.org/10.1126/science.aab2358. [published Online First: 
Epub Date]

	165.	Hanson A, Levin BL. Mental health informatics. Berlin: Oxford University Press; 2013.
	166.	Dewan NA. Behavioral healthcare informatics. New York: Springer; 2002.
	167.	Goldmann H. Behavioral healthcare informatics. New York: Springer Science & Business 

Media; 2014.
	168.	Laranjo L, Lau A, Coiera E.  Design and implementation of behavioral informatics inter-

ventions. In:  Cognitive informatics in health and biomedicine. London: Springer; 2017. 
p. 13–42.

	169.	Manrai AK, Cui Y, Bushel PR, et al. Informatics and data analytics to support exposome-
based discovery for public health. Annu Rev Public Health. 2017;38:279–94.

	170.	Witham MD, Frost H, McMurdo M, Donnan PT, McGilchrist M. Construction of a linked 
health and social care database resource–lessons on process, content and culture. Inform 
Health Soc Care. 2015;40(3):229–39.

	171.	Carney TJ, Kong AY. Leveraging health informatics to foster a smart systems response to 
health disparities and health equity challenges. J Biomed Inform. 2017;68:184–9.

	172.	Polimanti R, Kaufman J, Zhao H, et al. Trauma exposure interacts with the genetic risk of 
bipolar disorder in alcohol misuse of US soldiers. Acta Psychiatr Scand. 2018;137(2):148–56. 
https://doi.org/10.1111/acps.12843. [published Online First: Epub Date]

	173.	Sun J, Jia P, Fanous AH, et  al. A multi-dimensional evidence-based candidate gene pri-
oritization approach for complex diseases-schizophrenia as a case. Bioinformatics. 
2009;25(19):2595–6602. https://doi.org/10.1093/bioinformatics/btp428. [published Online 
First: Epub Date]

	174.	Liu X, Bipolar Genome S, Kelsoe JR, Greenwood TA. A genome-wide association study 
of bipolar disorder with comorbid eating disorder replicates the SOX2-OT region. J Affect 
Disord. 2016;189:141–9. https://doi.org/10.1016/j.jad.2015.09.029. [published Online First: 
Epub Date]

	175.	Johnson C, Drgon T, McMahon FJ, Uhl GR. Convergent genome wide association results 
for bipolar disorder and substance dependence. Am J Med Genet B Neuropsychiatr Genet. 
2009;150B(2):182–90. https://doi.org/10.1002/ajmg.b.30900. [published Online First: 
Epub Date]

	176.	Woudstra S, Bochdanovits Z, van Tol MJ, et al. Piccolo genotype modulates neural correlates 
of emotion processing but not executive functioning. Transl Psychiatry. 2012;2:e99. https://
doi.org/10.1038/tp.2012.29. [published Online First: Epub Date]

	177.	Yao X, Yan J, Liu K, et  al. Tissue-specific network-based genome wide study of amyg-
dala imaging phenotypes to identify functional interaction modules. Bioinformatics. 
2017;33(20):3250–7. https://doi.org/10.1093/bioinformatics/btx344. [published Online First: 
Epub Date]

	178.	Arnold PD, Hanna GL, Rosenberg DR. Imaging the amygdala: changing the face of gene 
discovery in child psychiatry. J Am Acad Child Adolesc Psychiatry. 2010;49(1):7–10.

	179.	Ebejer JL, Duffy DL, van der Werf J, et  al. Genome-wide association study of inatten-
tion and hyperactivity-impulsivity measured as quantitative traits. Twin Res Hum Genet. 
2013;16(2):560–74. https://doi.org/10.1017/thg.2013.12. [published Online First: Epub Date]

	180.	Perlis RH. Psychiatric pharmacogenomics: translating genomics. In:  Genomics, circuits, and 
pathways in clinical neuropsychiatry. Amsterdam: Elsevier; 2016. p. 727–47.

	181.	Brown L, Eum S, Haga SB, Strawn JR, Zierhut H. Clinical utilization of pharmacogenet-
ics in psychiatry – perspectives of pharmacists, genetic counselors, implementation science, 
clinicians, and industry. Pharmacopsychiatry. 2019;53:162–73. https://doi.org/10.1055/
a-0975-9595. [published Online First: Epub Date]

	182.	Goodspeed A, Kostman N, Kriete TE, et al. Leveraging the utility of pharmacogenomics in 
psychiatry through clinical decision support: a focus group study. Ann General Psychiatry. 
2019;18:13. https://doi.org/10.1186/s12991-019-0237-3. [published Online First: Epub Date]

6  Mental Health Informatics

https://doi.org/10.1126/science.aab2358
https://doi.org/10.1111/acps.12843
https://doi.org/10.1093/bioinformatics/btp428
https://doi.org/10.1016/j.jad.2015.09.029
https://doi.org/10.1002/ajmg.b.30900
https://doi.org/10.1038/tp.2012.29
https://doi.org/10.1038/tp.2012.29
https://doi.org/10.1093/bioinformatics/btx344
https://doi.org/10.1017/thg.2013.12
https://doi.org/10.1055/a-0975-9595
https://doi.org/10.1055/a-0975-9595
https://doi.org/10.1186/s12991-019-0237-3


152

	183.	Regenstrief Institute. Logical observation identifiers names and codes (LOINC®). Indiana, 
IN: Regenstrief Institute, Inc.; 2021.

	184.	White TM, Hauan MJ. Extending the LOINC conceptual schema to support standardized 
assessment instruments. J Am Med Inform Assoc. 2002;9(6):586–99.

	185.	Bakken S, Cimino JJ, Haskell R, et al. Evaluation of the clinical LOINC (logical observation 
identifiers, names, and codes) semantic structure as a terminology model for standardized 
assessment measures. J Am Med Inform Assoc. 2000;7(6):529–38.

	186.	 International S. Systematized nomenclature of medicine-clinical terms. 2021.
	187.	Ranallo PA, Adam TJ, Nelson KJ, Krueger RF, LaVenture M, Chute CG.  Psychological 

assessment instruments: a coverage analysis using SNOMED CT, LOINC and QS terminol-
ogy. AMIA Annu Symp Proc. 2013;2013:1333–40.

	188.	Ranallo PA, Kilbourne AM, Whatley AS, Pincus HA. Behavioral health information tech-
nology: from Chaos to clarity. Health Aff (Millwood). 2016;35(6):1106–13. https://doi.
org/10.1377/hlthaff.2016.0013. [published Online First: Epub Date]

	189.	Hastings J. Data disintegration and the ontology of mental health: how we talk about mental 
health, and why it matters in the digital age. Exeter: University of Exeter Press; 2020.

	190.	ONC. Trusted Exchange Framework and Common Agreement, 2019.
	191.	Blumenthal D. Launching hitech. N Engl J Med. 2010;362(5):382–5.
	192.	Hudson KL, Collins FS. The 21st century cures act—a view from the NIH. N Engl J Med. 

2017;376(2):111–3.
	193.	Bouts AM, Brackman L, Martin E, Subasic AM, Potkanowicz ES. The accuracy and valid-

ity of iOS-based heart rate apps during moderate to high intensity exercise. Int J Exerc Sci. 
2018;11(7):533–40.

	194.	Kwon SB, Ahn JW, Lee SM, et al. Estimating maximal oxygen uptake from daily activity 
data measured by a watch-type fitness tracker: cross-sectional study. JMIR Mhealth Uhealth. 
2019;7(6):e13327. https://doi.org/10.2196/13327. [published Online First: Epub Date]

	195.	Kim J, Lim S, Min YH, et al. Depression screening using daily mental-health ratings from 
a smartphone application for breast cancer patients. J Med Internet Res. 2016;18(8):e216. 
https://doi.org/10.2196/jmir.5598. [published Online First: Epub Date]

	196.	Knight A, Bidargaddi N. Commonly available activity tracker apps and wearables as a men-
tal health outcome indicator: a prospective observational cohort study among young adults 
with psychological distress. J Affect Disord. 2018;236:31–6. https://doi.org/10.1016/j.
jad.2018.04.099. [published Online First: Epub Date]

	197.	Matcham F, Barattieri di San Pietro C, Bulgari V, et al. Remote assessment of disease and 
relapse in major depressive disorder (RADAR-MDD): a multi-Centre prospective cohort 
study protocol. BMC Psychiatry. 2019;19(1):72. https://doi.org/10.1186/s12888-019-2049-z. 
[published Online First: Epub Date]

	198.	Cook JD, Prairie ML, Plante DT. Utility of the Fitbit flex to evaluate sleep in major depres-
sive disorder: a comparison against polysomnography and wrist-worn actigraphy. J Affect 
Disord. 2017;217:299–305. https://doi.org/10.1016/j.jad.2017.04.030. [published Online 
First: Epub Date]

	199.	Cheatham SW, Stull KR, Fantigrassi M, Motel I. The efficacy of wearable activity tracking 
technology as part of a weight loss program: a systematic review. J Sports Med Phys Fitness. 
2018;58(4):534–48. https://doi.org/10.23736/S0022-4707.17.07437-0. [published Online 
First: Epub Date]

	200.	Martin SS, Feldman DI, Blumenthal RS, et  al. mActive: a randomized clinical trial of 
an automated mHealth intervention for physical activity promotion. J Am Heart Assoc. 
2015;4(11):e002239. https://doi.org/10.1161/JAHA.115.002239. [published Online First: 
Epub Date]

	201.	Burke LE, Shiffman S, Music E, et  al. Ecological momentary assessment in behavioral 
research: addressing technological and human participant challenges. J Med Internet Res. 
2017;19(3):e77. https://doi.org/10.2196/jmir.7138. [published Online First: Epub Date]

P. A. Ranallo and J. D. Tenenbaum

https://doi.org/10.1377/hlthaff.2016.0013
https://doi.org/10.1377/hlthaff.2016.0013
https://doi.org/10.2196/13327
https://doi.org/10.2196/jmir.5598
https://doi.org/10.1016/j.jad.2018.04.099
https://doi.org/10.1016/j.jad.2018.04.099
https://doi.org/10.1186/s12888-019-2049-z
https://doi.org/10.1016/j.jad.2017.04.030
https://doi.org/10.23736/S0022-4707.17.07437-0
https://doi.org/10.1161/JAHA.115.002239
https://doi.org/10.2196/jmir.7138


153

	202.	Clark C, Wellner B, Davis R, Aberdeen J, Hirschman L. Automatic classification of RDoC 
positive valence severity with a neural network. J Biomed Inform. 2017;75S:S120–S28. 
https://doi.org/10.1016/j.jbi.2017.07.005. [published Online First: Epub Date]|

	203.	Li F, Rao G, Du J, et al. Ontological representation-oriented term normalization and stan-
dardization of the research domain criteria. Health Informatics J. 2019;26(2):726–37. https://
doi.org/10.1177/1460458219832059. [published Online First: Epub Date]|

	204.	Clarke MA, Steege LM, Moore JL, Belden JL, Koopman RJ, Kim MS. Addressing human 
computer interaction issues of electronic health record in clinical encounters. International 
conference of design, user experience, and usability. Cham: Springer; 2013.

	205.	Patel VL, Kannampallil TG. Cognitive informatics in biomedicine and healthcare. J Biomed 
Inform. 2015;53:3–14. https://doi.org/10.1016/j.jbi.2014.12.007. [published Online First: 
Epub Date]

	206.	Or CK, Valdez RS, Casper GR, et al. Human factors and ergonomics in home care: current con-
cerns and future considerations for health information technology. Work. 2009;33(2):201–9. 
https://doi.org/10.3233/WOR-2009-0867. [published Online First: Epub Date]

	207.	Adler-Milstein J, Jha AK. HITECH act drove large gains in hospital electronic health record 
adoption. Health Aff. 2017;36(8):1416–22.

	208.	Cohen D.  Effect of the exclusion of behavioral health from health information technol-
ogy (HIT) legislation on the future of integrated health care. J Behav Health Serv Res. 
2015;42(4):534–9. https://doi.org/10.1007/s11414-014-9407-x. [published Online First: 
Epub Date]

	209.	Zalta EN. Center for the Study of language and information (U.S.). Metaphysics research lab. 
Stanford encyclopedia of philosophy. Stanford, CA: Metaphysics Research Lab, Center for 
the Study of Language and Information, Stanford University; 2004.

	210.	Kassam KS, Markey AR, Cherkassky VL, Loewenstein G, Just MA. Identifying emotions on 
the basis of neural activation. PLoS One. 2013;8(6):e66032. https://doi.org/10.1371/journal.
pone.0066032. [published Online First: Epub Date]

	211.	Colibazzi T.  Journal watch review of research domain criteria (RDoC): toward a new 
classification framework for research on mental disorders. J Am Psychoanal Assoc. 
2014;62(4):709–10. https://doi.org/10.1177/0003065114543185. [published Online First: 
Epub Date]

	212.	Cuthbert BN, Insel TR.  Toward the future of psychiatric diagnosis: the seven pillars of 
RDoC.  BMC Med. 2013;11:126. https://doi.org/10.1186/1741-7015-11-126. [published 
Online First: Epub Date]

	213.	Gordon J.  RDoC: outcomes to causes and back. Bethesda: National Institute of Mental 
Health; 2017.

	214.	 Insel T, Cuthbert B, Garvey M, et al. Research domain criteria (RDoC): toward a new clas-
sification framework for research on mental disorders. Am J Psychiatry. 2010;167(7):748–51. 
https://doi.org/10.1176/appi.ajp.2010.09091379. [published Online First: Epub Date]

	215.	Luxton DD, McCann RA, Bush NE, Mishkind MC, Reger GM. mHealth for mental health: 
integrating smartphone technology in behavioral healthcare. Prof Psychol Res Pract. 
2011;42(6):505.

	216.	Seppälä J, De Vita I, Jämsä T, et  al. Mobile phone and wearable sensor-based mHealth 
approaches for psychiatric disorders and symptoms: systematic review. JMIR Ment Health. 
2019;6(2):e9819.

	217.	Torous J, Firth J, Mueller N, Onnela J-P, Baker JT. Methodology and reporting of mobile heath 
and smartphone application studies for schizophrenia. Harv Rev Psychiatry. 2017;25(3):146.

	218.	Chandran D, Robbins DA, Chang CK, et al. Use of natural language processing to identify 
obsessive compulsive symptoms in patients with schizophrenia, schizoaffective disorder or 
bipolar disorder. Sci Rep. 2019;9(1):14146. https://doi.org/10.1038/s41598-019-49165-2. 
[published Online First: Epub Date]

	219.	Viani N, Kam J, Yin L, et al. Annotating temporal relations to determine the onset of psy-
chosis symptoms. Stud Health Technol Inform. 2019;264:418–22. https://doi.org/10.3233/
SHTI190255. [published Online First: Epub Date]

6  Mental Health Informatics

https://doi.org/10.1016/j.jbi.2017.07.005
https://doi.org/10.1177/1460458219832059
https://doi.org/10.1177/1460458219832059
https://doi.org/10.1016/j.jbi.2014.12.007
https://doi.org/10.3233/WOR-2009-0867
https://doi.org/10.1007/s11414-014-9407-x
https://doi.org/10.1371/journal.pone.0066032
https://doi.org/10.1371/journal.pone.0066032
https://doi.org/10.1177/0003065114543185
https://doi.org/10.1186/1741-7015-11-126
https://doi.org/10.1176/appi.ajp.2010.09091379
https://doi.org/10.1038/s41598-019-49165-2
https://doi.org/10.3233/SHTI190255
https://doi.org/10.3233/SHTI190255


154

	220.	Tran T, Kavuluru R. Predicting mental conditions based on “history of present illness” in 
psychiatric notes with deep neural networks. J Biomed Inform. 2017;75S:S138–S48. https://
doi.org/10.1016/j.jbi.2017.06.010. [published Online First: Epub Date]

	221.	Sarker A, O’Connor K, Ginn R, et al. Social Media Mining for Toxicovigilance: automatic 
monitoring of prescription medication abuse from twitter. Drug Saf. 2016;39(3):231–40. 
https://doi.org/10.1007/s40264-015-0379-4. [published Online First: Epub Date]

	222.	Rosemblat G, Fiszman M, Shin D, Kilicoglu H.  Towards a characterization of appar-
ent contradictions in the biomedical literature using context analysis. J Biomed Inform. 
2019;98:103275. https://doi.org/10.1016/j.jbi.2019.103275. [published Online First: 
Epub Date]

	223.	Karmen C, Hsiung RC, Wetter T. Screening internet forum participants for depression symp-
toms by assembling and enhancing multiple NLP methods. Comput Methods Prog Biomed. 
2015;120(1):27–36. https://doi.org/10.1016/j.cmpb.2015.03.008. [published Online First: 
Epub Date]

	224.	Conway M, Hu M, Chapman WW. Recent advances in using natural language processing to 
address public health research questions using social media and consumer generated data. 
Yearb Med Inform. 2019;28(1):208–17. https://doi.org/10.1055/s-0039-1677918. [published 
Online First: Epub Date]

	225.	HHS. Fact sheet: SAMHSA 42 CFR Part 2 Revised Rule, 2020.

P. A. Ranallo and J. D. Tenenbaum

https://doi.org/10.1016/j.jbi.2017.06.010
https://doi.org/10.1016/j.jbi.2017.06.010
https://doi.org/10.1007/s40264-015-0379-4
https://doi.org/10.1016/j.jbi.2019.103275
https://doi.org/10.1016/j.cmpb.2015.03.008
https://doi.org/10.1055/s-0039-1677918

	Chapter 6: Mental Health Informatics
	6.1 Mental Health Informatics as an Informatics Subdiscipline
	6.2 Contrasting Mental Health Informatics with Related Disciplines
	6.2.1 How Mental Health Informatics Differs from Mainstream Biomedical and Health Informatics
	6.2.1.1 Differences in the Phenomena of Interest
	6.2.1.2 Differences in the Knowledge Acquisition Cycle
	6.2.1.3 How Mental Health Informatics Differs from Other Informatics Work in Mental Health

	6.2.2 Mental, Behavioral, and Social Phenomena in Mainstream Health Informatics

	6.3 Mental Health Informatics: Bridging the Biological, Behavioral, and Social Sciences
	6.3.1 Mainstream Health Informatics Has Not Fully Embraced Social and Behavioral Phenomena
	6.3.2 Epistemological Differences Between the Behavioral and Biological Sciences
	6.3.3 A Primary Epistemological Challenge for Informaticians: The Relationship Between the Mind and Brain
	6.3.4 Epistemological Differences within the Behavioral and Social Sciences: A Multiplicity of Theories of ‘Mind’ and Behavior
	6.3.5 Points of Intersection Between the Biological, Behavioral, and Social Sciences

	6.4 How Mental Health Informatics Extends Informatics
	6.5 Summary
	References


