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Description

Cross-Reference to Related Applications

[0001] This application claims priority to pending U.S.
Patent Application No. 15/956,421, filed April 18, 2018,
the entire disclosure of which is incorporated by refer-
ence herein.

Technical Field

[0002] One or more embodiments described herein re-
late to predicting, using adaptive artificial intelligence
techniques, typical and aberrant physiological reactions
of a patient to psychiatric counseling. Treatment plans
can be determined and calculated based on previously-
gathered demographic and/or biometric data, and/or
modifications to treatment plans can be determined
and/or implemented based on emergent recognition of
reaction types, such as reclassifying reactions that would
previously have been deemed typical as aberrant (or vice
versa).

Background

[0003] Itis estimated that 20% of the population of the
United States (roughly 60 million people) experience a
mental health disorder in any given year. Of these totals,
only 45% are treated. This is especially concerning when
70% to 90% of those that are treated see an improvement
in their symptoms and quality of life.

[0004] Most treatment options involve multiple ses-
sions with an individual that is specially trained for treating
the disorder. Treatment times vary from a few weeks to
on-going therapy of indefinite duration.

[0005] The efficacy of the treatment plans depends on
a number of factors, such as characteristics of the patient
and his or her history and/or psyche, the illness, the coun-
selor, the selection of treatment plan, and the adminis-
tration of the treatment plan. A shortfall in this process is
that any given counselor does not have the ability to
know, on a large scale, in near real-time, the efficacy of
other treatment plans administered by other counselors
to individuals that have the same mental disorder.
[0006] That said, even the best treatment plans have
a chance of not working for particular individuals suffering
from a mental disorder. An additional challenge is to rec-
ognize when a treatment plan is not performing as in-
tended or desired, to identify aberrant behavior and pos-
sible events that could cause serious harm to the patient
and others, and to intervene to limit this where possible.
[0007] A need exists to regularly provide recommen-
dations for treatment plan(s) or changes to that treatment
plan(s) for patients with mental illness that includes a
broad analysis of information concerning various treat-
ment efficacies, the patient themselves, their biometrics,
the iliness type, and the abilities of the counselors that
are available to administer the treatment. This will lower
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the overall cost and duration of treatment through opti-
mization and therefore allow for greater percentages of
the population that have a mental illness to be treated
due to lower insurance reimbursement costs.

Summary

[0008] In a first aspect, there is disclosed a system
comprising: a plurality of biometric sensors configured to
detect a plurality of biometric parameters of a patient; a
compute device operably coupled to the plurality of bio-
metric sensors, the compute device configured to per-
form a machine learning task on data received from the
plurality of biometric sensors to quantitatively identify an
aberrant reaction of the patient relative to at least one of
a typical reaction of the patient or a reaction typical to a
cohort to which the patient belongs, the machine learning
task configured to quantitatively identify the aberrant re-
action of the patient without comparing the plurality of
biometric parameters to predefined thresholds; and an
output device operably coupled to the compute device,
the output device configured to instruct a counselor to
modify a treatment plan based on the aberrant reaction
being identified.

[0009] Insome embodiments, the plurality of biometric
sensors includes at least one of a heart rate monitor, a
blood pressure monitor, a skin conductivity monitor, a
body temperature sensor, a movement detector, or an
eye tracking camera. In some embodiments, the aberrant
reaction does not correspond to a predefined type of ab-
errantreaction. In some embodiments, the data received
from the plurality of biometric sensors on which the ma-
chine learning task is performed and based on which the
aberrant reaction is identified does not correspond to a
pattern of biometric parameters previously identified as
corresponding to an aberrant reaction. In some embod-
iments, the patient and the plurality of biometric sensors
are at a first location and at least one of the compute
device or a counselor are at a second location remote
from the first location.

[0010] In some embodiments, the compute device is
operably coupled to a database containing biometric pa-
rameters for a plurality of previous patients and an indi-
cation of treatment outcome for each previous patient
from the plurality of patients; the compute device is con-
figured to identify the patient as belonging to a cohort
thatincludes a subset of the plurality of previous patients;
and the compute device is configured to train the machine
learning task using the biometric parameters for the sub-
set of the plurality of previous patients.

[0011] Insome embodiments, the plurality of biometric
sensors includes a video camera configured to capture
at least one of facial expressions or eye movement of
the patient. In some embodiments, the output device is
configured towarn the counselor of the aberrantreaction.
[0012] In another aspect, there is disclosed a method,
comprising: monitoring, during a counseling session, a
plurality of biometric parameters of a patient, the plurality
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of biometric parameters including at least two of heart
rate, blood pressure, skin conductivity, temperature,
movement, and eye tracking; identify the patient as being
a member of a cohort based on at least one of (i) the
plurality of biometric parameters or (ii) demographic in-
formation for the patient; identify an aberrant reaction of
the patient to the counseling session by applying a ma-
chine learning task to values of the plurality of biometric
parameters, the aberrant reaction identified when the
machine learning task detects a deviation in values of
the plurality of biometric parameters from typical values
of biometric parameters for at least one of the patient or
the cohort, the machine learning task identifying the ab-
errant reaction without comparing the plurality of biomet-
ric parameters to predefined thresholds; and define a
modified treatment plan based on the aberrant reaction
being identified.

[0013] Insome embodiments, the method further com-
prises: updating the machine learning task with the ab-
errant reaction such that repeated occurrences of the
aberrant reaction will cause the machine learning task to
relabel the aberrant reaction as a typical reaction. In
some embodiments, the method further comprises mon-
itoring, during the counseling session, a pattern of
speech.

[0014] In some embodiments, the counseling session
is associated with a treatment plan for post-traumatic
stress disorder; the aberrant reaction is associated with
anxiety related to a trauma; and the modified treatment
plan includes refocusing the counseling away from the
trauma to reduce the anxiety.

[0015] In some embodiments, the counseling session
is associated with a treatment plan for post-traumatic
stress disorder; the aberrant reaction is associated with
anxiety related to a trauma; and the modified treatment
plan includes focusing on the trauma in connection with
prolonged exposure therapy.

[0016] In some embodiments, the counseling session
is administered by a first counselor; and the modified
treatment plan is administered by a second counselor
different from the first counselor.

[0017] Insome embodiments, the method further com-
prises: receiving demographic information for the patient,
the patient identified as being a member of the cohort
based on the demographic information for the patient,
the cohort including a plurality of members; accessing
values of biometric parameters for each of the plurality
of members of the cohort that was collected during coun-
seling sessions; and training the machine learning task
with the values of the biometric parameters for each of
the plurality of members of the cohort.

[0018] Insome embodiments, the method further com-
prises: receiving demographic information for the patient,
the patient identified as being a member of the cohort
based on the demographic information for the patient,
the cohort including a plurality of members; accessing
values of biometric parameters for each of the plurality
of members of the cohort that was collected during coun-
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seling sessions; and training the machine learning task
with the values of the biometric parameters for each of
the plurality of members of the cohort, the machine learn-
ing task configured to identify the aberrantreaction based
on values of the biometric parameters of the patient being
dissimilar from values of the biometric parameters of co-
hort members having positive treatment outcomes.
[0019] Inanother aspect, there is provided a non-tran-
sitory processor-readable medium storing code repre-
senting instructions to be executed by a processor, the
code comprising code that, when executed, causes the
processor to: receiving demographic information for a
patient; identify a cohort having demographic information
similar to the patient from a database containing records
of biometric data collected during counseling sessions;
train a machine learning task with biometric data for the
cohort; receive, from sensors measuring the patient, bi-
ometric data during a counseling session; identify an ab-
errant reaction from the patient based on the biometric
data and the machine learning task; calculate a modified
treatment plan based onthe aberrantreaction being iden-
tified; and send, to an output device, a warning signal
that alerts a counselor to employ the modified treatment
plan.

[0020] Inanother aspect, there is provided a non-tran-
sitory processor-readable medium storing code repre-
senting instructions to be executed by a processor, the
code comprising code that, when executed, causes the
processor to: receiving demographic information for a
patient; identify a cohort having demographic information
similar to the patient from a database containing records
of biometric data collected during counseling sessions;
train a machine learning task with biometric data for the
cohort; receive, from sensors measuring the patient, bi-
ometric data during a counseling session; identify an ab-
errant reaction from the patient based on the biometric
data and the machine learning task; and calculate define
amaodified treatment plan based on the aberrant reaction
being identified.

[0021] In some embodiments, the code further com-
prises code to cause the processor to: send, to an output
device, a warning signal that alerts a counselor to employ
the modified treatment plan.

[0022] In some embodiments, identifying the aberrant
reaction includes identifying a mental health crisis in real-
time; calculating the modified treatment plan includes
identifying a therapeuticintervention to reduce the impact
of the mental health crisis; and the warning signal is sent
to the counselor with instructions to employ the modified
treatment plan.

[0023] Insome embodiments, the database containing
records of biometric data collected during counseling
sessions includes a success metric; the machinelearning
task is a supervised machine learning task; and the ab-
errant reaction is identified based on biometric data from
the patient deviating from biometric data from the cohort
that is correlated with the success metric.

[0024] In some embodiments, the machine learning
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task is an unsupervised machine learning task; and the
aberrant reaction is identified based on biometric data
from the patient deviating from biometric data from the
cohort without associating biometric data from the cohort
with a success metric.

[0025] In some embodiments, the counseling session
is a first counseling session, the code further comprising
code to cause the processor to: store the biometric data
received from the sensors during the first counseling ses-
sion; retrain the machine learning task with the biometric
datareceived from the sensors during the first counseling
session; receive from sensors measuring the patient, bi-
ometric data during a second counseling session, the
biometric data received during the second counseling
session consistent with biometric data received during
the first counseling session; and identify a typical behav-
ior from the patient based on the biometric data received
during the second counseling session and the machine
learning task.

Brief Description of Drawings

[0026]

FIG. 1isaschematicillustration of a system operable
to analyzing counseling sessions, detecting aberrant
reactions, and/or selecting improved treatment
plans, according to an embodiment.

FIG. 2 is an example representing data records that
are for a typical patient and that include various de-
mographics related to the patient and the ability to
add a weighting factor against each attribute for use
in ranking relative importance for specific treatment
programs.

FIG. 3 is an example representing data records for
each patient, including biometric data collected dur-
ing each treatment session and time stamped. The
frequency of collection will be determined by the bi-
ometric that is being collected. Some biometrics
could be collected once per minute like blood pres-
sure while others may involve constant, real-time
monitoring like facial expressions.

FIG. 4 is an example representing data records that
are for a typical counselor and that include various
demographics related to the counselor as well as a
measure of their success in treating patients. The
measure of success can include, for example, time
to treat, biometric behavior feedback, and/or overall
outcome.

FIG. 5 is an example representing data records for
the treatment of various mental illnesses. The treat-
ment plans may be segmented into specific at-
tributes and are unlimited in scope.

FIG. 6 is an example representing data records that
track the progress within each treatment plan for a
particular patient. Treatment plans can be changed
for a patient multiple times while being treated for an
illness and the number of sessions conducted are
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tracked for each plan. Both the counselor and the
patient provide an assessment of each session. This
is coupled with biometric behavior feedback, all of
which are used to determine if a change in treatment
plan is recommended.

FIG. 7 is a flow chart of a method for training and
applying a machine learning task, according to an
embodiment.

FIG. 8 is a flow chart of a method that includes iden-
tifying mental iliness treatment plans and counselors
for a patient, according to an embodiment.

FIG. 9illustrates flow chart of a method that includes
matching counselors with patients based on Patient
Machine Learning Module (PMLM), according to an
embodiment.

FIG. 10 is a flow chart of a method that includes
changing treatment plans and developing new treat-
ment plans, according to an embodiment.

Detailed Description

[0027] The presentdisclosure relates to an overall sys-
tem and method for identifying patient behavior during a
counseling session as typical or aberrant. Embodiments
described herein are generally described in the context
of treatments for patients with various types of mental
illness. Embodiments described herein can be applied
both the beginning of a treatment plan and for adjusting
atreatment plan during its delivery, as well as identifying
aberrant biometric behavior of the patient during the
treatment process. Demographic, biometric, and time-
based information can be collected and processed using
a machine learning task, analytics, and/or "big data," to
predict the best next steps for a patient with a mental
illness that is under treatment by a professional coun-
selor.

[0028] Biometric data that is to be incorporated in a
predictive model of patient behavior can be collected, for
example, using video streams, voice streams, wearable
devices, hand-held devices, smart phones, and other de-
vices/techniques. Biometric data can be captured locally
(e.g., via local wired or wireless connections) or trans-
mitted to remote storage and/or compute device via an
Internet connection. Biometric and other data described
herein can stored either on a local server (collocated
and/or remote from a patient and/or counselor) or be
stored in the cloud (remote servers hosted on the Inter-
net). Similarly, machine learning tasks described in fur-
ther detail herein can be performed on alocal server (col-
located and/or remote from a patient) or in the cloud.
[0029] The demographic information collected for a
number of patients can be processed in part and/or in
total using a machine learning task to define or create a
model of patient behavior (also referred to herein as a
predictive model or simply a model). The model can be
applied to demographic information for a specific (e.g.,
new) patient. If the demographic information for the spe-
cific patient matches a common pattern seen from other
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patients (e.g., of a similar demographic cohort to a new
patient), then a new patient’s starting treatment plan can
be chosen or, if already in treatment, the treatment plan
can be modified.

[0030] A machine learning task can process biometric
and/or demographic data associated with patients who
have undergone counseling sessions to produce amodel
for a patient. The model can be produced using data from
all patients, from a specific patient, and/or from a cohort
of demographically (or biometrically) similar patients. As
described in further detail herein, biometric data from a
target patient - a patient undergoing counseling - can be
collected, stored and/or compared to other patients’ bi-
ometric data (e.g., biometric data for remaining patients
for whom biometric data is available, biometric data for
that specific patient collected during a previous coun-
seling session, and/or biometric data collected from an
appropriate demographic cohort). If the target patient’s
biometric data is similar to a typical pattern seen from
other patients, then the model can indicate that the target
patient is having a typical reaction to the counseling ses-
sion. If, however, the target patient’s biometric data is
dissimilar from typical patterns seen from other patients,
or is similar to an aberrant pattern seen from other pa-
tients, then the model can indicate that the target patient
is having an aberrant reaction to the counseling session.
If an aberrant reaction is detected, a treatment plan for
the target patient can be modified based, for example,
upon the amount of time that the new patient has been
in treatment.

[0031] The types of biometric data collected can in-
clude but are not limited to heart rate, blood pressure,
skin conductivity, temperature, and movement. Biometric
data can further include data obtained by analyzing cap-
tured video to determine eye movement, body perspec-
tive or language, facial expressions, etc. Additionally, bi-
ometric data can include data obtained by analyzing cap-
tured audio to determine word selection, sentence struc-
ture, pauses in response, length of response, and time-
liness of response, etc. Patient demographic data could
include but not be limited to age, sex, ethnicity, marital
status, geography, income, and previous treatment his-
tory. Counselor demographic data could include but not
be limited to age, sex, ethnicity, marital status, specialty,
and previous history of successfully treating patients.
Timing data could include but not be limited to the meas-
urement of the length of time that a feedback session
entails, or the amount of time it took a patient to schedule
and provide feedback, or the time of the request by a
patient for a non-planned treatment session, and timeli-
ness of providing payment for services.

[0032] In some embodiments, demographic and prior
treatment data for both patient and counselor are cap-
tured and/or stored before the beginning of any new treat-
ment plan. Additional data can be collected during reg-
ular, predetermined, and/or ad hoc feedback intervals.
Further data could be collected in face-to-face sessions
with counselors or using other electronic devices of re-
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cording the audio and video treatment feedback or using
real-time transmission for either streaming live to local
or cloud servers. Counselors would also have the ability,
for those sessions in which they were present, to provide
input to the model on what they perceive from the patient
feedback sessions. In the event that an internet connec-
tion is not readily available during the feedback session,
a local compute device (e.g., collocated with the patient
and/or counselor) can store the information temporarily;
such data can be forwarded to an (optionally remote or
cloud-based) compute device that can perform machine
learning tasks, as described in further detail herein. All
of the data collected for a particular patient can be asso-
ciated with a unique identifier similar but not limited to a
userid/password and can be implemented in such a way
as to meet all government regulations on privacy and
compliance.

[0033] FIG. 1 is a schematic illustration of a system
operable for analyzing counseling sessions, detecting
aberrant reactions, and/or selecting improved treatment
plans, according to an embodiment. A counseling ses-
sion can involve a patient 120 and a counselor 130. The
counseling session can be an in-person or tele-medicine
session (e.g., facilitated by audio or video conferencing
technology).

[0034] The systemincludes a compute device 100 that
includes a processor 102, a memory 104, and a machine
learning module 106. The processor 102 can be for ex-
ample, a general purpose processor, a Field Program-
mable Gate Array (FPGA), an Application Specific Inte-
grated Circuit (ASIC), a Digital Signal Processor (DSP),
and/or the like. The processor 102 can be configured to
retrieve data from and/or write data to memory, e.g., the
memory 104, which can be, for example, random access
memory (RAM), memory buffers, hard drives, databases,
erasable programmable read only memory (EPROMs),
electrically erasable programmable read only memory
(EEPROMSs), read only memory (ROM), flash memory,
hard disks, floppy disks, cloud storage, and/or so forth.
The compute device 100 can be one or more physical
and/or logical devices. Similarly stated, the compute de-
vice 100 can be any number of networked processors
and memories. The processors and memories can be
physically identifiable devices such as servers, and/or
virtual devices, such as cloud-implemented services.
[0035] The compute device 100 can be operable to
receive data from and/or about the patient 120 and the
counselor 130. In particular, the compute device 100 can
receive biometric data captured by one or more biometric
sensors 122 coupled to the patient. As discussed above,
the biometric sensors 122 can include, for example and
withoutlimitation, heartrate sensors, blood pressure sen-
sors, skin conductivity sensors, temperature sensors,
and/or movement sensors. The compute device 100 can
also receive biometric data from a video camera 124
trained on (i.e., detecting or capturing video of) the patient
120. The video camera 120 and/or the compute device
100 can be operable to analyze the video and determine,
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for example and without limitation, eye movement, body
perspective or language, facial expressions, and so forth
of the user. The compute device 100 can also receive
demographic data for the patient 120, for example and
without limitation, age, ethnicity, sex, veteran status, di-
agnostic information (such as treatment notes, mental
illness diagnoses, distressing events, calming events,
etc.) and so forth. The compute device 100 can further
receive demographic data for the counselor 130. For ex-
ample, the patient 120 and/or the counselor 130 can enter
data into the compute device 100 via an input device
(e.g., keyboard, personal computer, smart phone, etc.).
[0036] The compute device 100 can also be operably
coupled to a database 108. The database 108 can store
biometric information collected from other patients during
other counseling sessions. The database 108 can also
include patient identifiers, counselor identifiers, demo-
graphic information of patients, demographic information
of counselors, indications of success and setbacks,
and/or any other suitable information collected over pre-
vious counseling sessions. In some embodiments, the
database 108 can include data from a large number of
previous patients (e.g., 100, 1000, 10000, 100000, etc.)
collected over a large number of counseling sessions
(e.g., 500, 5000, 50000, 500000, etc.). The database 108
can include, for example, data similar to those example
records shown in FIGs. 2-6. The compute device 110
and/or the database can be physically collocated with
the counselor 130 and/orthe patient 120 or can be remote
devices, for example, physically present at one or more
datacenters and/or implemented using a third party com-
mercial cloud services provider.

[0037] The compute device 100 can be operably cou-
pled to an output device 132. The output device 132 can
be, for example, a monitor configured to present visual
information to the counselor 130 before, during, or after
a counseling session. In this way, the compute device
100 can present demographic information collected from
the patient 120, indications of whether the patient’s 120
reactions are typical or aberrant, suggested modifica-
tions to the patient’s treatment plan, warnings suggesting
immediate intervention, and/or so forth to the counselor
130. In other embodiments, the output device 132 can
present information to any suitable individual, such as
the patient 120, a health care professional other than the
counselor 130 overseeing the patient’s treatment, a
health insurance provider, and/or so forth.

[0038] The machine learning module 106 can be hard-
ware and/or software (e.g., stored in memory 104 and/or
executing on processor 102) configured to model patient
reactions, predict effective treatments, and perform other
functions described in further detail herein.

[0039] FIG. 7 is a flow chart of a method for training
and applying a model using machine learning tasks
and/or techniques, according to an embodiment. At 710,
a machine learning module (e.g., the machine learning
module 106) can receive demographic information for a
patient, (e.g., the patient 120). The demographic infor-
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mation for the patient can be sent from a counselor (e.g.,
the counselor 130), the patient, and/or retrieved from a
database (e.g., the database 108). The demographic in-
formation for the patient can be similar to the information
shown in FIG. 2.

[0040] At 720, the machine learning module can ac-
cess records from the database (e.g., the database 108)
containing biometric data for multiple patients (e.g.,
records similar to those shown in FIG. 3, but for multiple
patients) and/or demographic data for multiple patients
(e.g., records similar to those shown in FIG. 2, but for
multiple patients). In some embodiments, the machine
learning module can further access database records
that include indications of treatment success and/or set-
backs, such as records similar to those shown in FIG. 6.
In some embodiments, the machine learning module can
access biometric data and/or indications of treatment
success and/or setbacks for the patient recorded during
previous counseling sessions at 720.

[0041] At 730, the machine learning module can select
a cohort thatis demographically and/or biometrically sim-
ilar to the patient. For example, the cohort can include
patients of similar age (e.g., within 5 years), patients
seeking counseling for a similar iliness, patients with sim-
ilar veteran status and/or service records, patients with
similar treatment plans, and/or so forth. As another ex-
ample, in some embodiments, the cohort can be selected
based on a comparison of the patient’s biometric param-
eters (e.g., as measured in a previous counseling ses-
sion) to other patients’ biometric parameters. For exam-
ple, the cohort can include individuals having similar
heart rate or other biometric responses to discussing
traumatic incidents. In some embodiments, the cohort
can only include the patient. Similarly stated, data for the
"cohort" can be data associated with the patient that was
collected during previous counseling sessions.

[0042] At 740, a machine learning task can define
and/or train a model of patient behavior using data from
the cohort. In some embodiments, the machine learning
task can be supervised and train a model to identify treat-
ment parameters and biometric data associated with suc-
cessful treatment outcomes. In other embodiments, the
machine learning task can be unsupervised (e.g., the
model can be trained without indicating success condi-
tions). The model produced by machine learning task
can be based on the cohort and/or the illness for which
treatment is sought, the demographic data of the individ-
ual and the counselor, the type and level of theirresponse
to follow-up feedback questioning concerning their treat-
ment, and/or follow-up questioning. The model can there-
fore be specific to the patient and/or a particular coun-
seling session (e.g., the current counseling session).
[0043] At 750, biometric data for the patient can be
received. Biometric data can be received from one or
more sensors coupled to or otherwise associated with
the patient (e.g., a camera recording the patient and/or
a microphone recording the patient). The biometric data
can be received during a counseling session. At 760, the
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model trained at 740 can process the biometric data re-
ceived at 750 and identify whether the patient is reacting
typically or aberrantly. For example, if the biometric data
received at 750 is consistent with positive treatment out-
comes, consistent with biometric data previously identi-
fied as typical and/or healthy, and/or consistent with com-
mon biometric data, the model can identify the biometric
data received at 750 as typical. Conversely, if the bio-
metric data received at 750 is inconsistent with positive
treatment outcomes, inconsistent with biometric data
previously identified as typical and/or healthy, and/or in-
consistent with common biometric data, the model can
identify the biometric data received at 750 as aberrant.
[0044] In some embodiments, when biometric data is
identified as corresponding to (or indicative of) an aber-
rant reaction, data associated with the aberrant reaction
can be stored and studied to, for example, develop a new
treatment plan, intervention, and/or modification of a
treatment plan. If such a modified treatment plan is suc-
cessful, for example, if a stimulus similar to that which
caused the reaction identified as aberrant is applied ac-
cording to a modified treatment plan and does not pro-
duce an aberrant reaction, the modified treatment plan
can be stored into a database of available treatment plans
and can be applied to the treatment of other patients.

[0045] Processing the data received at 750 using the
model trained at 740 can identify or detect previously
undetected, unrecognized, undetectable, and/or unrec-
ognizable aberrant behavior. For example, one known
method of detecting aberrant behavior relies on a coun-
selor’s subjective impression of the patient’s affect. Ap-
plying the model at 760 is, in contrast, quantitative rather
than qualitative, and does not rely on the counselor's
training, experience with the patient, or other subjective
analysis. The process of training a model at 740 and ap-
plying the model at 760 can quantitatively characterize
various patents’ reactions using a consistent process
even though there is may be no universal threshold for
characterizing a reaction as aberrant. Moreover, apply-
ing a model defined using a machine learning task goes
beyond simply matching observed biometric data to a list
of aberrant biometric conditions. Similarly stated,
processing the data received at 750 using a model de-
fined or trained using machine learning tasks does not
involve simply comparing biometric data to predefined
thresholds. Similarly stated, any threshold’s or scores for
determining whether a reaction is aberrant are not pre-
defined prior to the training a patient-specific model at
740. Instead, the use of a model defined using a machine
learning task allows the compute device to produce bio-
metrically-informed evaluations of a patient’s reaction to
therapy and provide additional insights into patient reac-
tions as compared to simple comparisons of biometric
data to thresholds. In this way, the machine learning task
can identify aberrant reactions that do not conform to a
predefined type of aberrant reaction. Similarly stated the
identification of aberrant reactions can be emergent. Fur-
thermore, by modeling multiple biometric parameters in
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combination, aberrant behaviors that would appear typ-
ical based on one or any biometric parameter viewed in
isolation can be identified. For example, on their own, a
mildly elevated heart rate, mildly elevated skin conduc-
tivity, and mildly evasive eye movements may be typical.
In combination and for some cohorts, however, the com-
bination may signal an aberrant reaction.

[0046] At 770, an indication of the typicality and/or ab-
errancy of the biometric data can be sent to, for example,
the counselor (e.g., via the output device 132). In addition
or alternatively, the model and/or machine-learning task
can suggest treatment modifications at 770. Treatment
modifications can include, for example and without limi-
tation, changing the topic of conversation, practicing cop-
ing techniques, suggesting more frequent and/or addi-
tional counseling sessions, focusing on the topic that trig-
gered the aberrant reaction (e.g., as an element of pro-
longed exposure therapy), suggesting medication, and
so forth. In some instances, the treatment modification
suggested at 770 can be the selection of another coun-
selor, for example, a counselor of a different sex, age,
experience, etc. Similarly stated, in some embodiments,
the machine learning task can be configured to recognize
that the patient-counselor pairing could be improved.
When the machine learning task suggests the selection
of another counselor, the patient can be counseled by a
new counselor in a subsequent session.

[0047] In some embodiments, processing biometric
data at 760 can identify a mental health crisis in real-time.
For example, the model can be operable to identify when
a patient undergoing treatment for post-traumatic stress
disorder is experiencing flashbacks or panic attacks. The
model can similarly be operable to identify a variety of
severe reactions that have the potential to negatively af-
fect the treatment. The machine learning task can further
be operable to identify an immediate intervention suitable
to minimize or reverse the crisis. For example, the ma-
chine learning task can compare biometric data associ-
ated with the patient undergoing the mental health crisis
to data collected from previous patients who may have
experienced a similar reaction. The machine learning
task can further associate interventions that were previ-
ously successful in reducing or reversing the crisis. At
770, a warning alerting the counselor to the crisis and/or
suggesting an intervention or treatment to treat the crisis
can be sent, for example, during the treatment or after
the treatment (e.g., if the crisis is acute). In some em-
bodiments, therefore, the system can provide immediate
alerts orwarnings to the counselor to minimize the effects
of a crisis in real time.

[0048] In some embodiments, providing feedback on
patient reactions can be long-term feedback. FIG. 10 is
a flow chart of a method that, according to an embodi-
ment, includes changing treatment plans, when warrant-
ed, and developing new treatment plans, when appropri-
ate. FIG. 10 illustrates one method for providing feedback
on a patient’s reaction, at 770 (of Fig. 7). In particular,
feedback from the counselor, the patient, and/or analysis
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of collected biometric data can be processed by a ma-
chine learning task and/or a review board (e.g., a panel
of experts set up by a company offering counseling serv-
ices) to determine whether a change in treatment plan is
warranted. If a change in treatment plan is warranted
(e.g., the feedback from patient, counselor, and/or bio-
metric data indicates that the current treatment plan is
unsuccessful or could be improved), a new treatment
plan can be selected. In some embodiments, a database
can store multiple treatment plans and/or treatment mod-
ifications. The machine learning task can process feed-
back from the patient, counselor, and/or biometric data
and identify and/or recommend a treatment plan. In an
instance where a suitable treatment plan or modification
is not identified, a new treatment plan can be created (or
defined) by the review board and/or the machine learning
task. For example, the machine learning task can extrap-
olate existing treatment plans to new cohorts or patients.
The new treatment plan can be assigned at 770.
[0049] At 780, the model can be updated (e.g., re-
trained) with the biometric data collected at 750 and/or
indications of success associated with the counseling
session for which biometric data was collected at 750. In
this way, biometric data previously identified as aberrant
could, in the future, be identified as typical, for example,
as additional data is collected that reveals that the bio-
metric data previously identified as aberrantis more com-
mon than previously observed, as additional data is col-
lected that reveals that the biometric data previously
identified as aberrant is associated with positive treat-
ment outcomes, and/or so forth. For example, training a
model at 740 and/or updating a model at 780 can include
analyzing biometric data associated with a cohort. If bi-
ometric data associated with a behavior that was consid-
ered typical is observed occurring less often than was
previously expected (e.g., as predicted by the model)
and/or if additional data reveals that behaviors previously
identified as typical are negatively correlated with suc-
cessful treatments, such a behavior can be reclassified
as aberrant. Conversely, if biometric data associated with
a behavior that was previously considered aberrant oc-
curs more frequently than was previously expected (e.g.,
as predicted by the model) and/or if additional data re-
veals that behaviors previously identified as aberrant are
positively correlated with successful treatments, such a
behavior can be reclassified as typical.

[0050] Thus, the machine learning task is adaptive and
models defined by the machine learning task can change
as additional data associated with a particular patient,
the cohort, the disease, and/or any other suitable data is
received. With the addition of every new patient into the
system, their treatment plan, demographic information,
and treatment duration, collected biometrics, and treat-
ment outcome can be added to the database, which the
machine learning task can use to train (or retrain) models.
In this manner, models produced by the machine learning
task become more accurate with each additional patient
and associated element of data that is added.
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[0051] With the addition of every new counselor into
the system, their demographic information, and treat-
ment duration, and treatment outcome can be added to
the database and can be used by the machine leaning
task to train (or retrain) models of patient behavior. In this
manner, models produced by the machine learning task
become more accurate with each additional counselor
and associated element of data that is added.

[0052] The machine learning task can further provide
predictions and/or recommendations relating to new pa-
tients, existing patients, counselors, and business oper-
ation. For patients, these could be but are not limited to
the continued treatment under a current plan, treatment
moving forward with a new or modified plan, or possibly
to request immediate intervention with the patient by ei-
ther a counselor or law enforcement to ensure the pa-
tient's safety.

[0053] A predictive model of patient behavior is oper-
able to classify monitored biometric data as either typical
or aberrant for a particular patient, cohort of patient,
and/or condition. Whether a particular set of biometric
data received during a counseling session is classified
as typical or aberrant is not predetermined before the
model is trained, before a particular patient begins treat-
ment, and/or before a particular counseling session. Sim-
ilarly stated, according to some embodiments, the ma-
chine learning task does not apply a fixed formula or
thresholds to biometric data to determine whether a be-
havior is typical or aberrant. When a particular biometric
behavior is seen with a high degree of frequency, it can
be assigned a "typical" classification for that cohort.
When a recorded biometric has never been seen before
for that patient cohort, it can be classified as aberrant
and triaged for possible action as part of the treatment
plan. This action may occur as a part of immediate treat-
ment changes or for out-of-treatment actions with family,
medical professional or legal authorities. It would be a
typical action for the learning system to move some be-
haviors originally classified as aberrant to typical if their
frequency of occurrence warrants.

[0054] The predictive machine learning task could be
run (e.g., training and/or retraining a model) at specific
times, at specific intervals, or be triggered by any number
of events that change or add data concerning anything
about a patient or the counselor.

[0055] Many types of machine learning tasks can be
used in this application, however, some are more suited
to generate models for predicting user behavior than oth-
er machine learning tasks. The solution may entail one
or more models to provide the level of predictive accuracy
and prescriptive solutions that are desired. For those bi-
ometric factors that are known non-standard behaviors,
a supervised model could be used where it could be eas-
ily trained to recognize those behaviors. A more difficult
problem to solve is to find those hidden behaviors that
are unknown today and would involve more of an unsu-
pervised model to explore the data looking for relevant
clusters. The clustering may be accomplished through
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one or several algorithms. For instance, a K-means clus-
tering analysis would fit well for discerning relationships
between a specific patient and all patient groups. This
would lead to identifying effective treatment relationships
that would not otherwise be seen. Other options that
would be tailored to meet specific treatment/patient clas-
sification and grouping goals would include Hierarchical,
Gaussian mixture, Neural Nets, and Hidden Markov mod-
els.

[0056] Some embodiments described herein involve
estimating what will happen next with a particular patient
based upon multiple data factors including collected bi-
ometrics. In some embodiments, prescriptive analytics
can further suggest actions to take in the treatment of
patients to achieve improved outcomes. Similarly stated,
although embodiments described herein generally relate
to descriptive use of models (e.g., is a patient’s reaction
typical or aberrant), such models can also be used to
prescribe therapeutic techniques that minimize aberrant
reactions or seek to induce aberrant reactions where
therapeutically beneficial. A personalized plan for each
patient can be defined based upon their interactions with
various treatment options and counselors. In this way,
the data will help to drive the treatment instead of having
the treatmentrely only on pre-existing symptomatic belief
sets or known treatment options. FIG. 8, for example, is
a flow chart of a method that includes identifying mental
iliness treatment plans and counselors for a patient. FIG.
9 illustrates flow chart of a method that, in an embodi-
ment, includes matching counselors with patients based
on Patient Machine Learning Module (PMLM), which can
be structurally and/or functionally similar to the machine
learning module 106 described above with reference to
FIG. 1, and sending signals to suitable human resources
systems or individuals to acquire additional counselors.
[0057] A known challenge facing psychological prac-
tices is evaluating counselors and matching counselors
to patients. An aspect of some embodiments can aid such
practices by, for example, using an adaptive and/or pre-
dictive model to analyze the currently employed coun-
selors for their top effectiveness in treating patients with
specific mental ilinesses. Such a model may reveal for
example, that some counselors are particularly effective
at treating certain mental illnesses and/or cohorts and
less effective at treating other mental illnesses and/or
cohorts. Thus, predictive models described herein can
be used to steer patients to counselors who are particu-
larly effective at treating that type of patient. Likewise,
the embodiments described herein can be used to iden-
tify trends in the types of patients that are being served
and to then predict what types and quantities of specific
future counselors will be needed to serve that predicted
population if the trends continue. Such models may also
be used to provide feedback to counselors, for example,
as partofareview of the counselor’s overall effectiveness
and/or effectiveness dealing with certain illnesses and/or
cohorts. Additionally, such models may be able to more
efficiently utilize counselors, for example, by "right-siz-
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ing" a counseling practice.

[0058] Machine learning tasks described herein can
be usedtolearn from published medical studies and other
repositories of treatment efficacy information to offer sug-
gestions for treatment that meet the criteria set forth in
the studies with those of actual patients. These recom-
mendations, once approved by a company internal re-
view board, could be given to both the counselor working
with the patient as well as the management team of the
business to approve for use. Approved treatment plans
would then be incorporated into the overall machine mod-
el for continued future use.

[0059] While various embodiments have been de-
scribed herein, it should be understood that they have
been presented by way of example only, and not limita-
tion. For example, some embodiments describe a ma-
chine learning task or a model being used to predict pa-
tient reactions. It should be understood, however, that
any number of machine learning tasks can be used to
define and/or train any number of models of patient be-
havior. For example, multiple models of a single patient’s
behavior can be defined and/or trained. In some such
instances, models that most accurately predict the pa-
tient’s actual responses can be more heavily weighted
and/or selected for providing counseling session feed-
back, interventions, and/or treatment plan modifications.
[0060] Furthermore, although various embodiments
have been described as having particular features and/or
combinations of components, other embodiments are
possible having a combination of any features and/or
components from any of embodiments where appropri-
ate as well as additional features and/or components.
[0061] Where methods described herein indicate cer-
tain events occurring in certain order, the ordering of cer-
tain events may be modified. Additionally, certain of the
events may be performed repeatedly, concurrently in a
parallel process when possible, as well as performed se-
quentially as described above. Furthermore, certain em-
bodiments may omit one or more described events.
Where methods are described, it should be understood
that such methods can be computer-implemented meth-
ods. Similarly stated, a non-transitory processor reada-
ble medium can store code representing instructions con-
figured to cause a processor to cause the described
method to occur or be carried out.

[0062] Some embodiments described herein relate to
computer-readable medium. A computer-readable me-
dium (or processor-readable medium) is non-transitory
inthe sense thatitdoes notinclude transitory propagating
signals per se (e.g., a propagating electromagnetic wave
carrying information on a transmission medium such as
space or a cable). The media and computer code (also
can be referred to as code) may be those designed and
constructed for the specific purpose or purposes. Exam-
ples of non-transitory computer-readable media include,
but are not limited to: magnetic storage media such as
hard disks, floppy disks, and magnetic tape; optical stor-
age media such as Compact Disc/Digital Video Discs
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(CD/DVDs), Compact Disc-Read Only Memories (CD-
ROMs), and holographic devices; magnetooptical stor-
age media such as optical disks; carrier wave signal
processing modules; and hardware devices that are spe-
cially configured to store and execute program code,
such as ASICs, PLDs, ROM and RAM devices.

[0063] Examples of computer code include, but are not
limited to, micro-code or micro-instructions, machine in-
structions, such as produced by a compiler, code used
to produce a web service, and files containing higher-
level instructions that are executed by a computer using
an interpreter. For example, embodiments may be im-
plemented using Java, C++, or other programming lan-
guages (e.g., object-oriented programming languages)
and developmenttools. Additional examples of computer
code include, but are not limited to, control signals, en-
crypted code, and compressed code.

Claims
1. A system, comprising:

a plurality of biometric sensors configured to de-
tect a plurality of biometric parameters of a pa-
tient;

a compute device operably coupled to the plu-
rality of biometric sensors, the compute device
configured to perform a machine learning task
on data received from the plurality of biometric
sensors to quantitatively identify an aberrant re-
action of the patient relative to at least one of a
typical reaction of the patient or a reaction typical
to a cohort to which the patient belongs, the ma-
chine learning task configured to quantitatively
identify the aberrant reaction of the patient with-
out comparing the plurality of biometric param-
eters to predefined thresholds; and

an output device operably coupled to the com-
pute device, the output device configured to in-
struct a counselor to modify a treatment plan
based on the aberrant reaction being identified.

2. The system of claim 1, wherein the plurality of bio-
metric sensors includes at least one of a heart rate
monitor, a blood pressure monitor, a skin conductiv-
ity monitor, a body temperature sensor, a movement
detector, or an eye tracking camera.

3. The system of claim 1 or claim 2, wherein the aber-
rant reaction does not correspond to a predefined
type of aberrant reaction.

4. Thesystem of any preceding claim, wherein the data
received from the plurality of biometric sensors on
which the machine learning task is performed and
based on which the aberrant reaction is identified
does not correspond to a pattern of biometric param-
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10

eters previously identified as corresponding to an
aberrant reaction.

5. The system of any preceding claim, wherein the pa-
tient and the plurality of biometric sensors are at a
first location and at least one of the compute device
or a counselor are at a second location remote from
the first location.

6. The system of any preceding claim, wherein:

the compute device is operably coupled to a da-
tabase containing biometric parameters for a
plurality of previous patients and an indication
of treatment outcome for each previous patient
from the plurality of patients;

the compute device is configured to identify the
patient as belonging to a cohort that includes a
subset of the plurality of previous patients; and
the compute device is configured to train the ma-
chine learning task using the biometric param-
eters for the subset of the plurality of previous
patients.

7. The system of any preceding claim, wherein the plu-
rality of biometric sensors includes a video camera
configured to capture at least one of facial expres-
sions or eye movement of the patient.

8. The system of any preceding claim, wherein the out-
put device is configured to warn the counselor of the
aberrant reaction.

9. Anon-transitory processor-readable medium storing
code representing instructions to be executed by a
processor, the code comprising code that, when ex-
ecuted, causes the processor to:

receiving demographic information for a patient;
identify a cohort having demographic informa-
tion similar to the patient from a database con-
taining records of biometric data collected dur-
ing counseling sessions;

train a machine learning task with biometric data
for the cohort;

receive, from sensors measuring the patient, bi-
ometric data during a counseling session;
identify an aberrant reaction from the patient
based on the biometric data and the machine
learning task; and

define a modified treatment plan based on the
aberrant reaction being identified.

10. The non-transitory processor-readable medium of
claim 9, the code further comprising code to cause
the processor to:
send, to an output device, a warning signal that alerts
a counselor to employ the modified treatment plan.
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The non-transitory processor-readable medium of
claim 10, wherein:

identifying the aberrant reaction includes iden-
tifying a mental health crisis in real-time;
calculating the modified treatment plan includes
identifying a therapeutic intervention to reduce
the impact of the mental health crisis; and

the warning signal is sent to the counselor with
instructions to employ the modified treatment
plan.

The non-transitory processor-readable medium of
any one of claims 9 to 11, wherein:

the database containing records of biometric da-
ta collected during counseling sessions includes
a success metric;

the machine learning task is a supervised ma-
chine learning task; and

the aberrant reaction is identified based on bio-
metric data from the patient deviating from bio-
metric data fromthe cohortthatis correlated with
the success metric.

The non-transitory processor-readable medium of
any one of claims 9 to 11, wherein

the machine learning task is an unsupervised ma-
chine learning task; and

the aberrantreaction is identified based on biometric
data from the patient deviating from biometric data
from the cohort without associating biometric data
from the cohort with a success metric.

The non-transitory processor-readable medium of
any one of claims 9 to 13, wherein the counseling
sessionis afirst counseling session, the code further
comprising code to cause the processor to:

store the biometric data received from the sen-
sors during the first counseling session;

retrain the machine learning task with the bio-
metric data received from the sensors during the
first counseling session;

receive from sensors measuring the patient, bi-
ometric data during a second counseling ses-
sion, the biometric data received during the sec-
ond counseling session consistent with biomet-
ric data received during the first counseling ses-
sion; and

identify a typical behavior from the patientbased
onthe biometric datareceived during the second
counseling session and the machine learning
task.
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