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Teaching to See Behaviors—Using Machine Learning?
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Observing behavior for its clinical meaning is a time-
honored tradition in psychiatry, a sacred aspect of the
physical exam in our field and in the rest of medicine.
Learning how to perform a mental status exam and how
to appreciate a patient’s reactions during the psychiatric
interview is fundamental to the psychiatric curriculum,
the teaching of which is now unfortunately hampered by
shorter lengths of stay, shorter outpatient visits, and less
direct patient care.

Until now, the tools of observation have been largely
limited to our eyes and ears and to our emotional and
cognitive responses. These human observations can now
be supplemented by new technologies. Machine learning
is an example of such a technology that has the poten-
tial to transform the practice of psychiatry [1]. The pur-
pose of this article is to contemplate on how to teach in
the context of the development of machine learning, as
well as to consider the related clinical and ethical
ramifications.

Behavioral Applications of Machine Learning

Our hypothesis is that machine learning will augment the way
we study behaviors in psychiatry, which in turn will modify
our understanding of human behavior and the teaching of
psychiatry. Psychiatrists may have heard that machine learn-
ing is becoming ubiquitous: It labels and prioritizes your
email, detects credit card fraud, informs on the fastest com-
mute route, reads the handwriting on personal checks, and can
pilot our self-driving cars. This said, psychiatrists may not be
aware that recent breakthroughs in machine learning may ap-
ply to our own field by radically changing our access to be-
havioral observation.

Human behavior is continuous, but our cross-sectional
methods of direct, clinical observation are typically limited
to roughly 50 min once per week. This sampling leaves out
10,030 min of behavior per week, or 99.5% of weekly behav-
iors. The global adoption of wearables such as smartphones
and other mobile devices could open access to these missing
data points, for example, by measuring sleep, eating, exercise,
socializing, tics, and obsessive compulsive rituals, which are
not directly observed during office visits. All these hours and
hours of behavioral data would, however, not be interpretable
without some meaningful and automated analysis of frequen-
cies and patterns. Machine learning algorithmswill potentially
provide the key to pattern recognition and personalized anal-
ysis that will augment our observations of certain domains of
behavior.

Simply put, machine learning is a type of artificial intelli-
gence that has its roots in pattern recognition. In identifying a
pattern (e.g., a visual image), a computer extracts features
from a large data set (e.g., many pixel values from an image).
Machine learning then builds algorithms that use these data in
models that may make predictions (e.g., the best way to ana-
lyze the next presented image). This process may be seen as a
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form of learning (e.g., getting better and better at image rec-
ognition), in which case, the computer is learning without a
human or without an external source explicitly programing
what is learned. The computer is thus learning on its own, just
from data inputs (e.g., exposure to multiple images), without
specific, iterative human instruction. This pattern of learning
on its own may be continued in a cyclical manner as long as
the program is running and data are supplied. Applying this to
psychiatry, Fleck et al. [2] trained a machine learning system
using baseline, pre-drug scans (obtained with functional mag-
netic resonance imaging and proton magnetic resonance spec-
troscopy) from bipolar patients. Twenty patients had a full trial
of lithium therapy; some had responded and others had not.
The machine learning system was trained to predict the lithi-
um response based on the baseline, pre-drug imaging.
Subsequently, its predictions were 80% accurate during vali-
dation runs. In this case, the system was trained with
neuroimages to recognize patterns associated with lithium re-
sponse. Recognition need not be limited to patterns in visual
images, however, since patterns may be found in many types
of data sets (e.g., patterns of symptoms, reactions to medica-
tions, and incidence of behaviors in populations). At their best,
machine learning algorithms may begin to make predictions
based on patterns derived from iterative exposure and learning
from gigantic data sets at speeds and capacities that are not
possible for the human brain.

Machine learning is decades old, but it has transitioned to a
period of exponential growth, and now holds great promise
for medicine. This transition is behind the news headlines that
“deep-learning algorithms” (a subset of machine learning)
have beaten the world masters playing the game of Go, are
recognizing speech with error rates below 10%, and are now
reading medical imaging with considerable accuracy. What
has changed? The past few years have led to the convergence
of the following factors: (i) neural networks created in the
1980s using “back-propagation” algorithms have been
upgraded to utilize more “hidden levels,” (ii) computational
power has been greatly increased through distributed process-
ing, and (iii) masses of data in computer clouds used with
graphics co-processors have become available. Not missing
a beat, big industry, including Google and hundreds of start-
up businesses, have already jumped into deep learning. The
company Ginger.io offers “comprehensive, 24/7 care for
stress, anxiety, and depression” involving human coaches
assisted by “surveys and smartphone data” from the user [3].
How many of these promises will remain unfulfilled and how
manywill endure is unclear, but concrete advances are evident
and they are now reaching the field of mental health.

Continuously observing behavior will require the marriage
of machine learning and wearable technologies. Mobile de-
vices have already been used to assist patients in the field. The
PTSD Coach [4] developed by the Veterans Affairs, for ex-
ample, provides various apps for patients with post-traumatic

stress disorder. Such apps allow for “on demand”
psychoeducation, symptom diaries, automatic prompts,
patient-therapist communication, etc. These programs, how-
ever, have generally required intentional actions on the part of
the patient, which adds the limiting variable of adherence.
With machine learning and wearable technology, the future
will bring passive collection of data with patient consent, un-
biased by the fluctuating attention of the patient to his or her
device. For instance, the global positioning system (GPS)
built into mobile devices can continuously record a patient’s
level of gross movement, tagged with location and time of
day. Coupled with machine learning, GPS could conceivably
detect when a patient with mania is uncharacteristically mov-
ing around, when a patient with dementia is wandering outside
a home perimeter (geofence), and when a person with addic-
tion is within blocks of a crack house, alerting both the patient
and therapist/caretaker. Smartphones may also provide an ap-
proximation of whether someone is alone, in the presence of
persons, or conversing with people. If others have devices
with Bluetooth functionality turned on, the patient’s
smartphone is able to count the number of such devices in
close vicinity, from which one may infer whether the patient
is isolated or in the presence of others. If the smartphone’s
microphone is recording, there are programs that may separate
out whether the wearer of the device is speaking or if others
are doing so.

On an even deeper level, meaning may be extracted from
cell phone conversations and texts with natural language pro-
cessing and sentiment analysis. Major depressive disorder
might manifest through texts expressing more negative cogni-
tions in conjunction with GPS data that the person is not
leaving the house and recognition of sad facial expressions
via the phone’s camera in “selfie”mode. An application might
be programmed to then query the person about possible de-
pressed mood, weight loss, and anhedonia, and suggests
contacting the psychiatrist. The mobile device may be a plat-
form for both detecting abnormal behavior and providing
feedback to the patient and psychiatrist, thus assisting in
changing behavior. The Autism Glass Project at Stanford [5]
has designed glasses with a camera that identifies the emo-
tional facial expressions of another person and then feeds the
name of that emotion back to the wearer of the glasses. This
device for people with autism spectrum disorder informs the
wearer about how to respond interpersonally.

A Role for Psychiatry

Much of this technology may sound like science fiction. An
important cautionary note is that data collected and analyzed
by machine learning has significant limitations. The appreci-
ation of normality and pathology is not limited simply to data
collection or pattern recognition. Psychiatry has long
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appreciated this and must provide expertise in this regard.
Diagnosis and treatment in psychiatry are not limited to iden-
tifying symptoms. The information generated by machine
learning must be supplemented by capturing the meaning of
symptoms; the impact on emotions, identity, and self-esteem;
and, in addition, the motivation to pursue treatment.
Wearables may not capture the cultural appraisal of symptoms
and the feedback from others in the family or the community.
Furthermore, “observation” is not static. Real-time interac-
tions between psychiatrists and patients elicit responses in
both parties, and foster greater understanding of the patient’s
personality, strengths, weaknesses, and behavior in the inter-
personal field. Such experiences also inform how the patient
generates reactions in others. Thus, mutual interactions lend a
great deal of information about who a person is and what their
mental and emotional state is like. A possible role for psychi-
atry is to ensure that these essential pieces of information do
not get lost and or lose meaning as society’s fascination with
technology expands.

Implications of Machine Learning for Psychiatric
Education and Practice

Almost 15 years ago, Srinivansan, Keenan, and Yager [6]
visualized future technology competencies that are still appli-
cable. Since then, however, mobile technologies, machine
learning algorithms, and apps have been developed for the
treatment of psychiatric disorders, and faculty and residents
will need to learn about them. This education needs to be
grounded in scientific research and an unbiased evidence base,
which is the province of academia. Some examples of pub-
lished studies are as follows. Bedi et al. [7] studied 34 adoles-
cents who had never manifested psychosis but were consid-
ered at high risk for psychosis by recording samples of free-
text speech three times a year for 2.5 years. A machine learn-
ing algorithm searching for abnormal speech features sugges-
tive of early thought disorder was able to pick out with 100%
accuracy five individuals who later experienced psychosis—a
rate better than clinical ratings. A preliminary report [8] by
Ben-Zeev et al. studied patients with psychotic diagnoses and
the feasibility of mobile devices aiding in predicting relapse.
During the study, five patients required hospitalization for
psychotic relapses, which the authors tried to correlate not
only with self-reported symptoms, but also with various types
of data from behavioral sensing and smartphone applications.
For example, they tracked levels of physical activity,
geospatial location, speech frequency, telecommunication
and app usage, and time interacting with the smartphone.
The authors suggested that innovative modeling of multiple
types of data may reveal different indicators of relapse risk for
each patient—in other words, personalized risk signatures.
Finally, a study by Wall et al. addressed the challenge of the

diagnosis of autism spectrum disorder, which is complex,
time-intensive, and consequently may be hard to access. The
authors [9] used data from 612 patients with autism spectrum
disorder to develop a feature selection algorithm that
narrowed down the number of items required for a 100%
accurate diagnosis from 29 to 8. When subsequently applied
to data from several hundred patients, the diagnoses were
99.7% sensitive and 94% specific. Into the future, machine
learning diagnoses using decision trees and nested analytic
structures will potentially include additional personalized da-
ta, be more accurate for specific individuals, and rely less on
population averages. Such approaches might greatly reduce
the time needed for acceptably accurate, diagnostic screening
for several disorders.

In addition to capturing behaviors outside the office, tech-
nology may be able to adjunctively assist psychiatrists in di-
rectly observing behaviors inside their offices. Technology
might augment the capabilities of a psychiatrist by being more
constantly vigilant (machines do not blink or look away) and
more reliably sensitive to the granularity of behaviors. For
example, a computer might detect microexpressions of emo-
tions on the face of a patient and then supply a continuous
emotional readout for the therapist during a psychotherapy
session. In fact, a computer at the Institute for Creative
Technologies named “Ellie” asked typical interview questions
of patients and then collected verbal responses, which were
then analyzed together with voice intonation and facial ex-
pressions [10]. One might question the authenticity of re-
sponses made to a computer interface rather than to a human,
but, interestingly, the computer may sometimes elicit less
guarded or perhaps more authentic responses. When 239 sub-
jects were randomized to interact with “Ellie,” some being
told that “Ellie was controlled by a human” while others were
told that she was a “computer program,” blind ratings and self-
reports revealed that more personal material was shared in the
“computer program” condition [10].

Trainees need to be taught to evaluate these technologies as
they evaluate other interventions, such as treatments like med-
ications. These technologies, however, will not come with
federal vetting and approvals if they are not deemed to be
medical devices and not regulated by the Food and Drug
Administration (FDA). Psychiatrists will need to know how
to provide informed consent and how to be conversant with
the pros, cons, alternatives, and potential side effects of these
products, whether “prescribed” by the psychiatrist or bought
by the patient “over the counter.” Psychiatrists already know
how to stay updated about new medications and this skill may
be applicable to new devices. Concerning efficacy of medica-
tions and devices, psychiatrists need to know the study popu-
lation, the doses used, adherence and drop-out rates, and the
outcome measures. Devices, however, are more complicated
in a number of ways. The study populations differ in terms of
digital literacy, attitudes towards technology, and ability to
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afford technology. Dosing, e.g., time using the app, is difficult
to prescribe, and, for the user, learning to use apps and then
having to pay attention to them is harder than swallowing a
pill. Psychiatrists will need to know how to interpret data
generated by the device and whether errors exist in the collec-
tion or machine learning analysis of the behaviors. The psy-
chiatrist also needs to understand how adherence is technically
tracked by the wearable and the accuracy of this tracking.
Other technological issues may impact effectiveness, such as
Internet connectivity and level of service, compatibility of
software with the user’s hardware, and stability of functional-
ity of the technical system. A checklist developed by the
World Health Organization’s Technical Evidence Review
Group offers a guide for evaluating health interventions with
mobile phones [11].

Many faculty members, especially those who are not digital
natives, may not feel comfortable with or accepting of digital
adjuncts to patient care. Even more fundamentally, faculty
may not be used to “seeing” behavior on such a granular level
and microscopic time scale. Using these types of data will be a
paradigm shift from personal observations limited to the con-
sultation office. Psychiatrists will need to learn how to inter-
pret these data, how to decide their weight in treatment plan-
ning, and how to integrate them adjunctively into the doctor-
patient relationship [12]. For these reasons, adding the topic of
machine learning to psychiatry training will be challenging.
Faculty development clearly will be needed prior to including
machine learning in the curriculum.

Possible Risks and Ethical Challenges

All interventions invite risk. The engagement of machine
learning in the practice of psychiatry is no exception.
Among the possible adverse effects, patients will need to
know about the risk to their privacy. Violations of privacy
may result in psychological harm in addition to financial dam-
age and discrimination by insurers or employers. How famil-
iar should psychiatrists be with privacy agreements and secu-
rity measures, including the type of data encryption, browser-
to-server security, firewall prevention of hackers gaining ac-
cess to the server, virus protection, data selling to third parties,
and sharing protocols? The extent to which psychiatrists
should be able to advise patients in this ever-changing techni-
cal area outside their expertise is unclear. Drawing on the
precedent of medication prescribing, we might note that phy-
sicians are not generally expected to know about the quality
control of pharmaceutical production.With medications, how-
ever, the FDA provides oversight and assurances for both the
prescriber and patient, which will generally not be the case for
many mobile devices. Psychiatrists will need to consider how
devices may or may not be Health Insurance Portability and
Accountability Act (HIPAA) compliant and if patient/

consumer protections exist under the Children’s Online
Privacy Protection Rule (COPPA), Fair Credit Reporting
Act (FCRA), and American with Disabilities Act (ADA).
Psychiatrists may need to know if the data are the prop-
erty of the patient or the hospital system of care by virtue
of the medical record, and what legal access companies
that provide online service for wearables have to personal,
protected information. Over what period of time is access
legally and ethically permitted? One year, one decade, for
all time?

Ethics issues thus should be interrogated on multiple
levels, from psychiatrist-patient relationships to policies
affecting populations [13]. Some of the topics important
to the care of individual patients have already been
outlined above—confidentiality, consent, truth in advertis-
ing, ownership, and access to private and personal data.
More nuanced issues include the effects of technology
and machine learning on the therapeutic relationship in
terms of boundaries, frame, and patient comfort. When a
psychiatrist reviews a patient’s data that is collected con-
tinuously, or even intermittently between visits, the psy-
chiatrist becomes privy to a window into the patient’s life
that did not exist previously. This transparency may result
in a change in the nature of the boundaries and relation-
ship between patient and psychiatrist. Taken to a concrete
level, one can imagine that a patient with psychosis might
literally begin to feel that the therapist is following him
around in an implanted device. Figuratively, this may now
be possible.

This greater intrusion into the private lives of patients
also raises questions of responsibility. As a therapist has
access to more data points, does he or she bear greater
responsibility to monitor them all and respond in a timely
fashion? For instance, if a patient records a suicidal plan
on a device, how quickly should the therapist be aware of
this and react in some way? Should the wearable automat-
ically send an alert to the doctor and emergency team, or
should other means of intervention be initiated? A new
community standard of care will need to be determined
in order to create risk management guidelines. Psychiatry
might look to the standards now being explored by inter-
nists who remotely and instantaneously receive blood sug-
ar levels from patients and who may have to urgently
advise patients about insulin adjustments on demand. As
devices are developed that are relevant to psychiatry,
some psychiatrists will likely consider selling or renting
these devices, where allowed by law; they will need to
know not only how to maintain both the hardware and
software, but also how to manage conflicts of interest in
recommending the products. Lessons may be learned from
cardiologists and sleep medicine practitioners who own
Holter Monitors and ambulatory polysomnography re-
corders, respectively.
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Opportunities for Advocacy

Needless to say, psychiatry is facing profound clinical, ethical,
and professional questions about the use of machine learning.
How would collected data potentially be used to demonstrate
psychopathology that might thwart employment, insurance
access, or potentially promote problems in close relation-
ships? Should patients have the right to turn the machines on
or off? What control would patients have over their own mon-
itoring? These questions are both clinical and ethical. They
necessitate clear exploration in our research and development
of devices, and in clinical studies of the use of machine learn-
ing in practice. Psychiatrists will need to manage the ethical
issues attendant with these technologies and advocate for safe-
guards to protect patients [13]. Some national efforts have
galvanized efforts in this regard, such as the Connected and
Open Research Ethics (CORE) initiative that seeks ethical
best practices for digital medicine, specifically for researchers
[14].

On a population level, machine learning has ramifications
for social justice by massively increasing access to mental
health tools via the Internet. Today, anyone who can afford a
smartphone has access to highly sophisticated machine learn-
ing algorithms that have taken countless hours to develop
(e.g., speech recognition in email). With the potential for glob-
al impact comes the great responsibility to do no harm. This is
where psychiatrists have an ethical responsibility to advocate
for the protection of the public and patients, particularly those
in our most vulnerable populations. Doing so is not always
simple, partly because harm is not always intentional or even
anticipated. A case in point is a text-based app in Britain
named Samaritans Radar [15] that picked up phrases suggest-
ing the risk of suicide from Twitter posts using machine learn-
ing. The app then sent alerts to followers of the people who
made the posts. Despite the laudable goal of preventing sui-
cide, the app was removed 1 week after release due to concern
that cyberbullies would prey on the persons who made the
posts. Another concern is that financially stressed public
healthcare systems may become pressured to substitute less
expensive technology solutions, most of which have no clear
evidence base, for more expensive clinician time. This may
further widen the gap in quality of care between public pa-
tients and those who can afford to directly pay psychiatrists in
private practice.

In order to advocate for patients in this area, psychiatrists
need to understand the interface between medicine, technolo-
gy, business, and sociology. Understanding this nexus not
only encompasses some familiarity with the devices and ma-
chine learning software, but also the dissemination and imple-
mentation of technology in populations. Awareness of all of
these elements frequently necessitates some knowledge about
the business aspects of scaling up a product in the market-
place, including intellectual property, regulatory, and

reimbursement issues. Learning from other fields, such as en-
gineering and business, will involve transdisciplinary educa-
tion in order to be exposed to the language, thinking, and
exigencies of other disciplines. A venue for this type of learn-
ing is exemplified by the recent innovation labs held at the
American Psychiatric Association national meetings. These
labs brought together professionals from psychiatry, engineer-
ing, business, and related fields to work as teams on innova-
tive ideas to promote mental health [16]. Future medical stu-
dent and resident curricula may need to include such venues.

In conclusion, psychiatrists may soon begin to have access
to their patients’ behaviors on a whole new level through
wearable technologies, with granularity both in description
and temporal occurrence. The interpretation of these data will
be made possible by machine learning algorithms, which may
find patterns only visible with complex computational power,
including patterns unique and personalized to individual pa-
tients, that human inspection of the data would miss. Although
the analogy is crude, machine learning may afford us with a
“microscope” for behavior. Physicians made many important
observations with the naked eye, but the application of the
microscope to medicine in the seventeenth century revealed
microorganisms and microstructures (e.g., blood corpuscles)
not previously imagined. Is it time to ready psychiatric
trainees for the microscopic structure of behavior, including
how to interpret it for its clinical meaning and ethically use it
for good?
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