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ABSTRACT

The growth of smart devices is making typical homes more intelli-
gent. In this work, in collaboration with therapists, we introduce a
home-based AI therapist that takes advantage of the smart home
environment to screen the day-to-day functioning and infer men-
tal wellness of an occupant. Unlike existing “chatbot" works that
identify the mental status of users through conversation, our Al
therapist additionally leverages smart devices and sensors through-
out the home to infer mental well-being and assesses a user’s daily
functioning. We propose a series of 37 dimensions of daily func-
tioning, that our system observes through conversing with the user
and detecting daily activity events using sensors and smart sensors
throughout the home. Our system utilizes these 37 dimensions in
conjunction with novel natural language processing architectures
to detect abnormalities in mental status (e.g., angry or depressed),
well-being, and daily functioning and generate responses to con-
sole users when abnormalities are detected. Through a series of
user studies, we demonstrate that our system can converse with a
user naturally, accurately detect abnormalities in well-being, and
provide appropriate responses consoling users.

CCS CONCEPTS

« Human-centered computing — Sound-based input / output;
+ Computer systems organization — Sensor networks.
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1 INTRODUCTION

Monitoring the mental well-being of people outside of visits to
healthcare providers is important to improving our quality of life,
especially for people who live alone or are exhibiting early signs of
mental disorders. In 2021, the United States Census Bureau reported
37 million one-person households [1]. Additionally, the current
COVID-19 pandemic has made in-person therapist and doctor vis-
its more challenging. There are a variety of smart wearables and
devices for monitoring physical and mental health [2-4]. Addition-
ally, the growth of IoT devices and sensors has enabled around
70% of homes in the United States to have at least one smart home
device [5]. A system that leverages smart home sensors and devices
already present in the environment could enable continuous and
comfortable mental health monitoring.

Researchers in psychology highlight the correlation between
mental health adjustments and daily functioning, suggesting that
people with mental health adjustment issues, in general, have more
challenges and limitations in their day-to-day functioning, such as
work, social relationships, and self-care [6, 7]. Various psychological
measurements and standards, widely used by researchers and prac-
titioners, assess daily functioning to evaluate mental health status,
including the Daily Living Activities—20 (DLA-20), the Diagnostic
and Statistical Manual of Mental Disorders (DSM)-1V, and the MOS
36-Item Short-Form Health Survey (SF-36) [8-10]. In collaboration
with therapists, we define 37 dimensions of day-to-day function-
ing used in our system to screen the daily functioning of a user,
which could also be used to infer mental health status. Researchers
find routine monitoring helpful in mental health management and
interventions [11]. Extensive studies have documented the effec-
tiveness of measuring biosignals and markers, such as measuring
heart rate variability, in monitoring specific mental health adjust-
ments and conditions [12], but few have looked into environment
based or non-invasive assessments of daily functioning to evaluate
the general mental health status of users.

We propose a system for smart home environments that acts
as an “Al therapist" to provide 24/7 daily functioning and men-
tal status screening for users. Our system leverages smart devices
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Figure 1: Al therapist’s system architecture. There are three modules in the proposed system: 1) 37 dimensions and scoring
criteria to evaluate the day-to-day functioning and mental status of the user (yellow); 2) “Chat room" that leverages novel NLP
techniques to converse with the user (blue); and 3) smart home devices and sensors that are used to monitor the condition of

the user (green).

and ecosystems, that are becoming increasingly common in home
environments, to monitor mental status and well-being and does
not require users to wear anything additional on their bodies. This
system takes advantage of the prevalence of low-cost smart home
devices to 1) assess a user’s daily functioning and monitor his/her
mental well-being and 2) provide preliminary support at home. To
monitor the condition of the user based on the 37 dimensions, our
system primarily leverages privacy-aware sensors on smart home
devices with lower fidelity, such as weight sensors and inertial
measurement units (IMU), and using data-driven natural language
processing (NLP) methods to "chat" like a therapist with the user
through devices such as Alexa. We introduce a reinforcement learn-
ing (RL) based system that is able to learn from a user’s responses
and provide personalized interventions, such as modifying smart
home settings, driving home robots, or reaching out to related per-
sonnel in an emergency. We integrate our system into the Amazon
Alexa smart home ecosystem. Our system is also compatible with
common smart home sensors and devices. We envision that our sys-
tem can be compatible with a wide range of smart home ecosystems
(e.g., Google Home, and Ring).

2 RELATED WORK
2.1 Psychological Measurements and Standards

Traditional screening of mental health involves an initial inter-
view conducted by a trained interviewer, who is able to collect
information, identify symptoms and signs, and suggest further psy-
chological measurements [13]. There are several work that attempt
to automate the initial mental health screening by replacing the
interviewer with a series of close-ended web-based questions that
assess major aspects of biopsychosocial well-being [14-16]. Pa-
tients using these web-based exams can obtain a quick evaluation
on their mental health based on a few closed-ended questions; the
assessments are limited to basic activities and events, but overlook
the details that could be obtained from open-ended questions or
face-to-face interactions, such as a person’s affect or tone. Other
assessments, such as the Montreal Cognitive Assessment (MOCA),
Beck anxiety inventory, and Beck depression inventory, provide
more specific screening options with emphasis on different mental
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health diagnoses [17-19]. Though questions from these assessments
are generally easy to understand for lay persons, the results require
a professional to interpret. Therefore, it’s difficult to integrate such
assessments into systems for the general population.

2.2 Acoustic Systems and Platforms for Daily
Functioning Assessment

Audio is one of the most descriptive sensing modalities that can
inform us about our health and physical world. Audio-based modal-
ities are commonly used or being explored as an effective treatment
for a variety of illnesses, such as cancer [20], or being used to detect
a variety of illnesses, such as respiratory diseases [21] in adults
or detecting periods of non-breathing during sleep, which is espe-
cially important for preventing sudden infant death syndrome in
infants [22, 23].

There are a variety of systems and platforms that leverage acous-
tics and audio to monitor daily activities. Several works utilize
microphone arrays, filtering techniques, and deep learning and ma-
chine learning classifiers to detect various sounds in a home, such as
voice commands, speech, falls, and doors opening/closing [24-26].
Other works leverage sensor fusion and multiple sensing modali-
ties, including leveraging both video and audio, to detect various
activities of daily life [27]. In all of these applications, the key
contributions involve developing new algorithms and systems for
detecting specific events that could give insight into a person’s well-
being; for example, if a scream is detected, a person might have
experienced a sudden or frightening event. None of these works
assess a person’s mental well-being. Additionally, [28] introduces
a deep learning architecture for detecting relapses in depression
using audio and visual cues. These works take a passive approach
to monitoring daily life and mental well-being. In this work, we
take an active approach. We introduce an Al therapist that can be
integrated into smart home ecosystems that directly converses with
users to understand a person’s well-being and daily functioning
and gives advice and consolation to users who may be exhibiting
signs of poor well-being (e.g., stressed, sad, angry, etc.).

There are a few works that introduce chatbots that listen to users,
assess their mental well-being, and provide responses to assist in
improving mental well-being [29]. In this work, rather than take a



Conversational Al Therapist for Daily Function Screening in Home Environments

NLP-Core

User Input 37 Dimensions

Follow-up Questions Consolation

Figure 2: The workflow of the “chat room" module in our
proposed Al therapist after the user replies to a question.

completely black-box deep neural network approach, we base our
decisions based on 37 different dimensions of daily functioning that
are commonly used to evaluate patients by mental health specialists.
Additionally, unlike existing chatbots, we do not only use voice
and speech; we also leverage other smart sensors and devices that
may be found within the home environment to determine the best
consolation and responses to users.

3 SYSTEM ARCHITECTURE

Figure 1 shows the architecture of our proposed “Al therapist"
system, which is made up of three components denoted by three
different colors. The 37 dimensions and evaluation criteria for day-
to-day functioning screening is the critical component for assessing
the mental state of users (yellow). These 37 dimensions were deter-
mined in collaboration with therapists, based off of their clinical
experience. Table 1 lists the 37 dimensions of day-to-day function-
ing we propose.

The second component of our system is aimed at detecting and
monitoring daily activities that correspond to the 37 dimensions
(green). Our system automatically selects smart devices and sensors
based on user preferences and the user’s historical performance
on the 37 dimensions. Our system prioritizes using more privacy-
aware sensors unless specified by users, such as particulate matter
sensors, alcohol gas sensors, and temperature sensors, to detect
the common daily activities. The details for the study setup will be
elaborated in Section 4.1.

The third component in this system is the “chat room" module
of our proposed Al therapist (blue). This module converses with the
user in a natural way after evaluating users on the 37 dimensions.
Unlike traditional paper/web-based surveys and questionnaires
used to assess daily activity functioning and mental health, our
system takes advantage of smart home ecosystems (e.g., Alexa) and
smartphones to “talk and chat" with the user in a more natural
setting, mimicking an actual human therapist.

We use data-driven natural language processing (NLP) methods,
incorporating speech-to-text and text-to-speech techniques, to per-
form mental health and daily functioning assessments in a more
human-like way to increase the usability of our system and improve
the user’s overall experience, which makes them more likely to
converse with our “Al therapist” on a regular basis. We integrate an
RL-based recommender system to generate our human-like conver-
sations considering: 1) the importance of the 37 dimensions scored
by the therapists; 2) the user’s previous responses and results; and
3) the daily activities detected by the smart home sensors. The
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H No. l Dimension H
1 Maintaining stable weight;
2 Managing mood;
3 Taking medication as prescribed;
4 Participating primary and mental health care;
5 Organizing personal possessions & doing housework;
6 Talking to other people;
7 Expressing feelings to other people;
8 Managing personal safety;
9 Managing risk;
10 | Following regular schedule for bedtime & sleeping enough;
11 Maintaining regular schedule for eating;
12 Managing work/school;
13 Having work-life balance;
14 Showing up for appointments and obligations;
15 Managing finance and items of value;
16 Getting adequate nutrition;
17 Problem solving and decision making capability;
18 Family support;
19 Family relationship;
20 Alcohol usage;
21 Tobacco usage;
22 Other substances usage;
23 Enjoying personal choices for leisure activities;
24 Creativity;
25 Participation in community;
26 Support from social network;
27 Relationship with friends and colleagues;
28 Managing boundaries in close relationship;
29 Managing sexual safety;
30 Productivity at work or school;
31 Motivation at work or school;
32 Coping skills to de-stress;
33 Exhibiting control over self-harming behaviour;
34 Law-abiding;
35 Managing legal issue;
36 Maintaining personal hygiene;
37 Doing exercises and sports;

Table 1: Dimensions to Screen Daily Functioning

recommender system asks the user questions based on the types of
activities detected (or not detected) from the smart home sensors to
obtain answers to as many of the 37 dimensions as possible. After
the user responds to each question, the user responses will be ana-
lyzed semantically and for tone. With the analyzed results, the “Al
therapist” will generate conversational replies to the user responses,
to either inquire for further information or provide consolation if it
determines that the user’s mental well-being is affected (e.g., angry
or sad) based on how it scores the 37 dimensions. Next, we describe
in detail how our “chat room" accomplishes this.

3.1 “Chat room"

Figure 2 shows the data processing pipeline of the “chat room"
module. After receiving responses from the user, we use the Google
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Figure 3: Sensors and devices placed in the in-lab experiment.

Cloud Speech API to convert speech to text [30]. We preprocessed
this text to correct for punctuation and breaks in the text before
handing it to the NLP-core. The NLP-core generates conversational-
like dialogue based on user responses. The NLP-core is based on
OpenAI GPT-3 model [31], which is a powerful cloud-based deep
neural network language model that can be accessed from the cloud.
We tune GPT-3 using our own dataset that maps user responses to
one or more of the 37 dimensions and scores them. To perform this
tuning, we created a dataset that includes: 1) 2000 user responses
that are mapped to one or more of the 37 dimensions and scored.
The mapping and scores are provided by the therapist. 2) 300 general
responses (e.g., “Yes", “No", “Maybe", “I don’t know", “Stop", and “I
don’t understand your question") that our "Al therapist" uses to
converse with the user and transition from one question to the
next question. To train our GPT-3 model to score each dimension,
therapists provide scores ranging from 0 to 2. A score of 0 means that
the user provided a response that does not indicate any abnormal
mental status, while a score of 2 means that more attention should
be paid by health care providers to the user in this dimension.

When the NLP-core detects any response that needs further
attention from therapists (score of 2), the proposed AI therapist
will generate follow-up questions accordingly to learn more about
the user’s situation. Using the newly obtained information from
the follow-up questions, our system will console the user based
on his/her situation, just like how a typical person would console
someone going through hard times. We used around 150 common
phrases for consolation, provided by our therapist, to fine-tune a
second GPT-3 model to generate phrases for consoling users.

The Al therapist will generate a report after each conversation to
imitate the diagnosis report that each health care provider needs to
fill out after mental health screening. To preserve user privacy, the
report only contains the following: 1) the original user responses;
2) the followup responses from the Al therapist; and 3) consolation
phrases generated by the AI therapist when it detects issues in the
user’s well-being (responses that score 2).

4 STUDY DESIGN

In this section, we discuss the process of recruiting participants,
experiment setup, and data collection process. Seven participants
voluntarily participated in this study, including four males and
three females aged between 21 and 30. All subjects live in single-
occupant homes (or rooms). All subjects reported having normal
hearing and cognition with no history of severe mental or physical
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Figure 4: The smartphone version of the “chat room" module
in the proposed AI therapist.

disorders. This study is approved by the Institutional Review Board
at Columbia University.

4.1 Study Setup

The duration of the study was one week. Each subject participated in
two in-lab experiment sessions (at the beginning and the end of the
week) with various smart home devices. For the in-lab experiment
setup, we have:

e 4 pieces of 50 kg half-bridge load cell body scale weight-
ing sensor with an HX711 amplifier embedded in a couch
cushion to detect significant weight changes (Dimension 1);

e 1 alcohol gas sensor (MQ-3) to detect if the user engages in
heavy drinking (Dimension 20);

e 1 particulate matter sensor (PMS 5003) to obtain the number
of suspended particles in the air and detect if the user smokes
alone (Dimension 21);

¢ 1 contact sensor and 1 motion sensor to monitor the mobil-
ity of the user and check if the user leaves home regularly
(Dimension 25);

e 1 temperature and 1 humidity sensor to sense if the user has
healthy showering habits (Dimension 36);

e 1 Amazon Echo integrated with our “chat room" module.

We used an electric kettle to simulate the showering behavior for
the in-lab experiment. Figure 3 shows the sensors we deployed in
the in-lab experiments.

In addition, two out of seven subjects brought inertial measure-
ment unit (IMU) devices back home and placed them under their
bedsheets to measure sleep quality (Dimension 10) for a week. We
also created a smartphone version of the “chat room" module to
enable the subjects to converse with our “Al therapist” once a day
at home. Figure 4 shows the smartphone version of our “chatroom".

4.2 Data Collection

In the first in-lab session, we obtained informed consent from each
subject. Subjects were told to go about their daily life as they nor-
mally would and chat in our “chat room" via an Alexa Echo. The
experiment duration for each subject was 2 hours. Lab members
and therapists recorded events with timestamps, such as when the
subject got up to leave the “apartment" or drink water. For the two
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subjects who have placed IMUs under their bedsheets, also wore
Oura Rings as a baseline measurement of sleep quality. [32] shows
that Oura Ring is one of the most useful consumer wearables for
sleep monitoring.

The smartphone version of our “chat room" was introduced to
the subject at the end of the first in-lab session. Subjects were
instructed to converse with the smartphone “chat room" every day
during the study. Conversations between the user and “chat room"
were recorded and saved to our lab server in text format only. At the
end of the week, subjects came back in for a second in-lab session,
where they were given the same instructions as in the first in-lab
session. At the end of the second in-lab session, a questionnaire was
given to each subject to collect feedback, comments, and qualitative
appraisal. In total, we obtained 14 sets of smart home sensor data
and 49 sessions of conversation records.

5 EVALUATION

In this section, we evaluate the proposed system from two perspec-
tives: 1) the performance of each module in AI therapist, and 2) a
user experience study.

5.1 NLP-core Classification and Scoring
Accuracy

In the 49 conversation sessions obtained from all of our subjects,
there were 1711 question (spoken by the AI therapist) and response
(given by the subject) pairs. Out of these 1711 questions, each at-
tempting to observe one of the 37 dimensions of daily functioning
we proposed, 1672 were correctly classified by the NLP-core into the
correct dimension. Figure 5 shows the confusion matrix for scoring
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cessed IMU data is plotted in blue.

“ Activity “ Correct [ Type I Error [ Type II Error H

(@A) 6 0 1
(B) 21 2 3
© 14 0 2
D) 17 0 0
(E) 12 0 0

Table 2: Daily activity detection accuracy (# instances). (Type
I Error: detect a false event. Type II Error: fail to detect an
event.)

the 1672 responses. NLP-core can achieve over 97% classification
accuracy and over 92% scoring accuracy.

5.2 Daily Activity Detection using Smart Home
Devices

As mentioned in Section 4.1, using our sensor deployment, our
system can detect 6 daily activities including: (A) significant weight
changes (over 5% of body weight); (B) episodgof heavy drinking;
(C) tobacco smoking instances; (D)_home-leaving incidences; (E)

showering instances; and (F) slegevents. Due to page limit, we
present only the raw signal of a MQ-3 alcohol sensor and an IMU
corresponding to a time period where a drinking event and sleep
event occurred in Figures 6 and 7.

Compared to the ground-truth events recorded by the lab mem-
bers and the therapists, the activity detection performance for ac-
tivity (A) to (E) is shown in Table 2. As for (F) (sleep events), we
observed that the frequency of sleep events is highly correlated
with the deep, light, and rapid eye movements (REM) measured by
the Oura ring.

5.3 User Experience Study

In addition to the quantitative evaluation of the system, we also
collect qualitative feedback from the subjects. We asked the 7 sub-
jects to rate Al therapist from (poor) 1 to 5 (excellent) in 4 aspects:
1) overall experience; 2) willingness to continue using the system in
the future; 3) if the system is easy to use; and 4) rating how well
the AI therapist or “chat room" consoled them. Figure 8 shows the
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results from the user study. We see that the average scores for all
categories are above 4, showing that the usability of our system
was well-received.

6 CONCLUSION AND FUTURE WORK

We introduce 37-dimensions to screen day-to-day functioning and
infer mental status in collaboration with therapists. An Al therapist
is proposed, which can assess a user’s daily functioning and mental
health based on a combination of direct dialogue with the user and
information acquired through smart home devices. We demonstrate
that our “chat room" can have natural conversations with users and
assess their responses semantically and emotionally.

In the future, we are going to take advantage of the smart home
devices and home robots (e.g., Roomba and drone) to conduct pre-
liminary interventions to interact with the user and help improve
the user’s wellness. In addition, we also plan to enable the proposed
“Al therapist" in multi-occupants households.
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