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Abstract

Social isolation is a common problem faced by individuals with serious mental illness (SMI), 

and current intervention approaches have limited effectiveness. This paper presents a blended 

intervention approach, called mobile Social Interaction Therapy by Exposure (mSITE), to address 

social isolation in individuals with serious mental illness. The approach combines brief in-person 

cognitive-behavioral therapy (CBT) with context-triggered mobile CBT interventions that are 

personalized using mobile sensing data. Our approach targets social behavior and is the first 

context-aware intervention for improving social outcomes in serious mental illness.

I. INTRODUCTION

Mental health is a pressing public health concern affecting a significant portion of the 

population in the United States. Approximately one in five adults in the country experience 

mental illness each year [1]. Among individuals with serious mental illness (SMI) (e.g., 

schizophrenia, bipolar disorder), social isolation is a pervasive issue that negatively impacts 

quality of life, functional ability and mental health outcomes. For example, studies have 

shown that over 75% of people with psychotic disorders report loneliness [2]. Studies have 
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shown that social isolation can lead to physical health problems, such as, an increased risk 

of cardiovascular disease and mortality. In fact, social isolation is a severe problem with 

health comparable to smoking and stroke combined [3]. Unfortunately, the worldwide rate of 

social isolation is increasing, and those with SMI are at particularly high risk. Studies have 

found that patients who are more socially isolated have more severe negative symptoms, 

depression, and worse social functioning [2]. Addressing these facets of social isolation 

and loneliness is crucial for enhancing treatment outcomes and promoting recovery. Note 

that while loneliness refers to a subjective feeling of being isolated that can occur even in 

the presence of others, social isolation is an objective lack of social contacts. Both aspects 

critically influence mental health and require targeted interventions.

Mobile technology, particularly through mobile sensing, has emerged as a promising tool for 

mental health interventions. Mobile sensing involves the use of sensors in smartphones 

and wearable devices to automatically collect data about an individual’s behavior and 

environment, such as physical activity, sleep patterns, and social interactions. This capability 

allows for the development of personalized interventions targeting specific issues like social 

isolation. Moreover, mobile-based interventions, including cognitive-behavioral therapy 

(CBT) programs and mindfulness apps, have been effective in addressing a range of mental 

health issues, from depression to anxiety [4]–[7]. However, despite these advancements, 

there’s still a significant gap in interventions specifically designed to enhance social 

functioning and its contribution to overall wellbeing.

Research suggests that in psychotic disorders, social isolation is determined by both reduced 

approach and avoidance mechanisms [8]. The approach mechanism encourages people 

to engage in actions that are rewarding or pleasurable, while the avoidance mechanism 

motivates people to avoid situations or actions that are threatening or negative. Individuals 

with schizophrenia, for example, may experience decreased motivation to socialize and 

have diminished reward learning from social interactions, which is worsened by negative 

symptoms. At the same time, anxiety and social threat perception may result in social 

avoidance. Interventions aimed at increasing motivation for socialization or reducing social 

anxiety have had modest success in treating negative symptoms of schizophrenia. However, 

most of such interventions are intensive and are not scalable. Previous studies have shown 

that both diminished reward and anxious avoidance play a role in determining social 

interactions in individuals with schizophrenia. These studies have also found that context 

plays an important role in social behavior, with different thoughts and emotions being 

present when interacting with others (negative defeatist appraisals) versus being alone at 

home (anxious threat about leaving) [9]–[12]. The premise of this study, therefore, is that, a 

context-aware CBT intervention that targets specific thoughts and emotions related to social 

behavior in different contexts may be more effective (than digital CBT interventions and 

in-person CBT interventions that are not context-aware) in improving social motivation and 

functioning in individuals with SMI. Our work seeks to evaluate the feasibility, acceptability 

and preliminary impact of such intervention.

We propose a novel blended intervention approach that combines brief in-person CBT 

with context-triggered mobile CBT interventions to address social isolation in SMI. The 

intervention is personalized, participatory, and employs a novel and flexible architecture 
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that facilitates intervention based on sensor-detected context. It is also the first context-

aware intervention for improving social outcomes in SMI.Our blended intervention targets 

social behavior by adjusting perceptions (like not belonging) and encouraging social 

engagement, addressing both social isolation and loneliness within diverse contexts. 

The intervention employs brief in-person CBT to set socialization goals, introduce the 

cognitive model and thought challenging skills to address defeatist attitudes and social 

threat beliefs, and plan pleasurable social activities for the mobile component of the 

intervention. The mobile component consists of context-triggered CBT interventions that 

aim to increase social behavior through reminders, reinforcement, activity pleasure savoring, 

and cognitive restructuring. The mobile component is personalized based on the data 

collected through mobile sensing technology (specifically data on the patient’s location 

and social interactions) as well as with the help of personalized messages entered by the 

therapists. Furthermore, the architecture of our intervention is flexible, enabling dynamic 

modification of intervention strategies based on the patient’s context, paving the way for 

future “Just-in-time” and adaptive interventions. Note that this manuscript represents initial 

results and insights from an ongoing study. Full trial results, as well as a greater focus on 

the therapy aspect of the intervention, will be reported in a later paper.The aims of this 

manuscript are as follows:

1. We describe the details of our study and the design of mobile-based tools that 

captures novel sensing modalities (e.g., conversation-mobility sensor using gps 

and microphone).

2. We present a representative case study to illustrate the effectiveness of context-

aware mobile interventions for improving social functioning

3. We present the implications of our work and elucidate extensions that broadly 

benefit the mobile sensing and mental health community.

II. RELATED WORK

Mobile-based mental health interventions have exhibited potential for providing real-time 

support to individuals. For instance, [13] observed that longitudinal text message-based 

interventions improve social isolation in individuals with schizophrenia or schizoaffective 

disorder. There has been some research on enhancing social functioning in SMI through 

mobile technology, however, as noted by [4], it is limited. Despite this, [5] reveals that a 

few mobile interventions, even without passive sensing, have demonstrated improvements in 

social functioning. Studies have also employed CBT algorithms in mobile apps to address 

mental health symptoms and enhance social interactions and self-efficacy beliefs [6], [7], 

but none of the existing context-aware systems have specifically focused on social behavior 

in severe mental illness (SMI). Blended interventions, which merge mobile and in-person 

therapies while reducing in-person contact by 50–90%, have been more effective than 

app-only approaches [6], [14], [15]. One recent pilot trial of a blended intervention for 

psychosis used coping-focused sessions for voices blended with an app and found improved 

coping and trend-level reduction in voices [16]. However, it focused on symptoms, and 

there have been limited blended interventions for social isolation tailored to SMI. We 

identified only one brief 3-week intervention providing feedback of ecological momentary 
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assessment (EMA) responses and behavior change suggestions, which showed improvement 

in symptoms but not social functioning [17]. Our study presents a novel contribution to 

the field by introducing a personalized, blended context-aware mobile intervention aimed at 

enhancing social functioning in individuals with SMI. This innovative approach specifically 

targets social behavior, expanding on previous work and addressing a gap in context-aware 

systems for SMI populations.

III. METHODOLOGY

A. Participant Selection

Our study aims to recruit a diverse sample of 50 participants aged 18–65 with SMI, 

including schizophrenia, schizoaffective, or bipolar I disorder with psychosis. In this 

manuscript, we report on the preliminary data on feasibility and app performance in N=5 

participants with schizophrenia. 75% of the participants we have enrolled are white (N=3), 

50% are male (N=2) and their mean age and mean years of education are 54.8 years 

(Range=47–59) and 12 respectively. Inclusion criteria of our study include a minimum 

level of social avoidance, defined as a score of ≥ 2 on the Scale for Assessment of 

Negative Symptoms asociality item, a reading level of at least 6th grade on the Wide Range 

Achievement Test-4 Reading subtest, and stability in medications (no hospitalizations or 

medication changes in the 4 months prior to enrollment). Exclusion criteria include prior 

receipt of CBT in the past 2 years, greater than moderate disorganization on the Positive 

and Negative Symptom Scale, and alcohol or substance dependence in the past 3 months 

based on DSM-5 criteria. In addition, participants requiring a higher level of care (e.g., 

hospitalization, severe medical illness) are excluded, as well as those who are unable to 

adequately see or manually manipulate a mobile phone, since ours is a blended intervention 

that uses a mobile device.

B. Study Design

The study involves a brief blended intervention that combines in-person and mobile CBT 

to reduce social isolation. Social isolation can be caused by a lack of reward from 

relationships and avoiding social situations due to anxiety. When someone is alone, they 

might start to have negative thoughts about social situations and then avoid them, which 

only reinforces their negative beliefs. Modifying negative beliefs and behaviors when alone 

can help someone feel more comfortable and engaged in social situations, which can lead 

to positive changes in their thoughts, emotions, and social behavior. Our hypothesis is that 

the use of our mobile-assisted CBT intervention, called mobile Social Interaction Therapy 

by Exposure (mSITE), will lead to an increase in social interactions among individuals with 

SMI. This increase in social interactions will in turn lead to a reduction in the severity of 

experiential negative symptoms and ultimately improve social functioning. Note that the 

study is approved by the Institutional Review Board of University of California, San Diego 

and Dartmouth College. It is also registered as a clinical trial in clinicaltrials.gov.

We are conducting a 24-week open pilot trial of mSITE. Our trial focuses on feasibility, 

acceptability, and initial indication of improvement in our target, i.e., social activity. The 

intervention involves eight weekly 1-hour in-person sessions combined with mobile app 
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use, followed by weekly 15-minute remote coaching calls with mobile app use for an 

additional 16 weeks, for a total of 24 treatment weeks. We have included weekly remote 

coaching, as the literature suggests that mobile interventions are more effective when 

coaching is included. Our assessments will be carried out at baseline, 8 weeks (end of 

in-person treatment), 12 weeks, 18 weeks, and 24 weeks, with one-week bursts of ecological 

momentary assessments (EMA) surveys at each of these weeks. Our prior research has 

demonstrated that improvements in outcomes can be achieved in 24 weeks or fewer. 

However, if we can attain our target engagement at the earliest possible assessment point, 

which could be at week 12 or 18, it would allow us to create a shorter yet efficient 

intervention. Effectively strengthening and shortening intensive psychosocial interventions 

could help overcome implementation barriers that arise due to the high cost and burden of 

treatment. In addition, it could improve access to evidence-based practices for individuals 

who are underserved by the current mental healthcare system.

C. In-person Intervention Component

The intervention we are using has eight sessions and is based on different evidence-based 

treatments for mental health issues, including CBT. During the sessions, masters-level 

therapists, comparable to therapists in a community mental health system, work with 

patients to develop skills to help them achieve their goals for recovery. We start by 

setting a recovery goal, then we teach patients how to use a thought challenging skill 

called the 3Cs (Catch-It, Check-It, Change-It; where It is a thought) to address defeatist 

beliefs and social avoidance and work towards their goals. 3Cs is a CBT technique used 

to help individuals identify and challenge dysfunctional thoughts and replace them with 

more helpful, accurate ones. We teach patients how to challenge defeatist attitudes, social 

threats, and avoidance behaviors using CBT skills. We also educate patients about how 

their thoughts, actions, and feelings are related, and use experiments and exposure to help 

them change dysfunctional beliefs. The intervention includes tests of expectations in social 

interactions to help patients achieve their goals. Essentially, this means that the intervention 

uses real-life social interactions as a way to help patients challenge and modify their beliefs 

and behaviors.

D. Mobile Intervention Component

The mobile intervention component uses a smartphone application (referred to as the 

mSITE app) to passively collect sensing data, e.g., activity, GPS, audio, light, phone usage, 

application usage, etc. The GPS sensors and microphones are used to detect if the user is 

home or away and around conversation, respectively. Moreover, the app alerts the users three 

times daily with personalized CBT scripts using information from the sensors and therapists. 

Note that the mSITE app does not record any raw conversation (only whether conversation 

was present or not and the amplitude of sound). While we collect other passive sensing data, 

only the GPS and conversations related information are used to drive interventions. Other 

passive sensing data are used only for analysis purposes.

The mSITE app is installed on the participants’ phone or an Android phone provided during 

in-person and coaching treatment phases. Our application consists of five elements:
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1) Goals: mSITE provides on-demand resources that are populated during individual 

sessions. Participants set a long-term goal and enter short-term goals and steps to achieve the 

long-term goal (see Fig. 2a). They can add their own steps on demand in and out of session.

2) Pleasurable Activities: Participants create a list of enjoyable social activities and 

rate their anticipated pleasure in doing them (see Fig. 2b). After doing them, they again rate 

their pleasure and are prompted to do something to savor pleasure (e.g., write about it or use 

the phone to take a photo or video), which are used as reminders that activities can be more 

enjoyable than they think (see Fig. 2c).

3) Conversation-Location Sensing: As mentioned earlier, our app identifies whether 

participants are home/away and around conversations to fire contextual EMAs, an example 

is shown in Fig. 3. To identify the participant’s home, we first run DBScan clustering to 

group significant locations of a participant and then label the location where they spend most 

of their time from 2 am - 4 am as their home location. We use a geofence tolerance of 

+/−100 meters to mark whether they are home or away. In addition, the machine learning 

based conversation detector on the mSITE app identifies whether a participant has been 

around social interactions. Our application identifies speech and conversation by utilizing 

pre-trained classifiers that analyze accelerometer and microphone-derived audio data, 

respectively. To safeguard users’ privacy, the application does not retain raw audio data; 

instead, it stores audio information when speech or conversation is detected. This detection 

is based on a two-stage classifier: initially, a voice activity detector employs a Hidden 

Markov Model and the Viterbi algorithm to ascertain the presence of speech, followed 

by a conversation classifier that determines whether a conversation has commenced and 

records its duration. We also apply a filtering process that evaluates voice presence alongside 

audio amplitude, where samples with lower amplitudes are more likely considered noise and 

thus removed. Although we cannot be certain if the subject is actively participating in the 

conversation, the inferred presence of conversation indicates that the subject is in proximity 

to it. We employ this information as an indicator of social engagement or isolation. The 

detector analyzes ambient audio every 10 minutes for a duration of one minute to detect 

the presence of nearby conversations. We tested and refined it to ensure it can distinguish 

conversations from other sounds such as television and background noise. Our team has 

previously deployed this conversation detector in numerous studies [18], [19].

The context-aware scripts using the conversation-location sensor are triggered in afternoon 

and evening. For example, when the participant is home and alone, the app challenges their 

negative beliefs about social situations (i.e., anxiety and social threat appraisal) and reminds 

them of positive experiences they have had in the past. Similarly, when the individual 

has recently had a social interaction, mSITE helps them savor the positive aspects of that 

interaction and challenges any negative thoughts they have about future interactions (i.e., 

defeatist appraisal). This is based on findings from our prior research [9]–[12]; we found 

that, when home alone, individuals with schizophrenia report threat beliefs and anxiety 

about going out which contribute to social avoidance, so we challenge threat beliefs. 

When out around others, they report defeatist beliefs about being judged negatively, so we 

challenge those beliefs in that context. The app automatically detects whether they are home/
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away or have been around conversations to fire the personalized interventions. However, we 

first prompt the participants to confirm that we have indeed correctly detected their social 

context (e.g., “I think you have been home and around other people in the afternoon; am I 

right?”). If they answer with “no”, the app shows “Sorry that we got it wrong! Were you 

around others this morning/afternoon?”. The challenges that follow are then based on their 

input to this response rather than on the automatically detected context (i.e., home/away and 

alone/with others).

4) Therapist-in-the-loop & personalization: Here, the therapist can enter unlimited 

personalized messages that challenge the individuals’ beliefs using our online therapist 

dashboard. An example prompt challenging a belief is, “But it was fun when you 

played cards with Joe at the clubhouse”. For each participant, the therapists craft 

personalized evidence post-session, tailored to the session’s content and the individual’s 

specific therapeutic needs. This customization introduces variability in message content and 

frequency, reflecting the unique therapeutic journey of each participant. Such variability, 

aligned with traditional CBT practices, is intended to enhance engagement by ensuring 

relevance to the participant’s personal goals and challenges. We view this individualized 

approach not as a limitation but as a strength, fostering a more personalized and engaging 

therapeutic experience. In addition, the database is composed of several generic messages–a 

list of pre-composed messages that are not unique to a participant’s situation (e.g., “The 

best way to find out if someone will like you is to talk to them and see.”). The mSITE 

app randomly selects personalized and generic messages 60% and 40% of the times, 

respectively. The purpose of generic messages are to accommodate new participants who 

join the study and may have only one or two personalized message. In such cases, using the 

60–40 threshold avoid repeated personalized messages. The message is displayed when the 

context-aware EMAs are fired as shown in Fig. 3e.

5) Gamifying social interactions: mSITE provides users with an “Awards” screen 

that provides information about their intervention progress on demand (see Fig. 2d). After 

successful completion of goal steps and activities, an “awards wheel” randomly gives users 

“diamonds”. Thus, mildly gamifies the social interaction progress through non-monetary 

“achievements”.

IV. APPLICATION ACCEPTABILITY

Our study participants have shown sustained adherence to our mobile app, which is a 

promising indication of the app’s robustness. On average, participants answered 77% of 

the EMAs presented to them on their 8 weeks of in-person use. It is worth noting that 

participants have the option to respond to up to three EMAs daily, including an action 

plan EMA in the morning and a context-aware EMA in the afternoon and evening. Of the 

EMAs that participants have answered so far, 46% are context-aware EMAs triggered by our 

app’s detection of whether the participant is home or away and around conversations. The 

remaining 54% of the EMAs are daily action plan EMAs that encourage participants to set 

goals for their day, such as engaging in a fun activity outside their home, interacting with 

someone or achieving a custom goal that they can set for themselves.
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Our application demonstrated an initial contextual sensing accuracy of 75%. To confirm 

the contextual Ecological Momentary Assessment (EMA) prompt, we have a validation 

mechanism that solicits participant verification before providing a response. For example, 

if the application detects that the participant is at home and engaged in conversation, the 

contextual EMA’s initial prompt states, “I believe you have been at home and in the 

presence of others this morning; is this correct?” The accuracy of this detection was initially 

confirmed by participants 75% of the time. There is a delay between data collection from 

the application and its integration into the system. For instance, our first contextual EMA 

triggers at 12 PM, using data collected between 6 AM and 12 PM to determine whether 

participants have been at home, away, or engaged in conversations. We observed that by 

adjusting the frequency of data uploads to our server and altering server-side processing 

intervals, we could enhance accuracy. Given that many of our participants reside in care 

homes, it was essential to adapt our voice activity detection model to function effectively 

in noisy environments. To achieve this, we calibrated the model using a Samsung Galaxy 

S10 across various settings, including areas with heavy traffic, quiet rooms, and spaces 

where televisions or music were playing. This process ensured that our system could reliably 

perform in diverse acoustic conditions. The calibration involved fine-tuning the model’s 

parameters to accurately differentiate between human speech and other types of background 

noise. In addition, we fine-tuned the geo-fence settings, adjusting the DBSCAN algorithm’s 

epsilon (which determines the radius of neighborhood) and minimum samples (which affects 

the density required to form a cluster) parameters and the data upload frequency to improve 

location and interaction accuracy. The improved calibration of our application has achieved 

an accuracy exceeding 85% in internal tests, specifically in detecting participants’ presence 

at home and their involvement in conversations, validated by their self-reports.

In addition to the high adherence rates to EMAs, our mobile sensing data collection has also 

been successful. Each participant has at least 18 hours of location and audio data available, 

including information on the presence and amplitude of conversations on 85% of their study 

days. Note that we do not record any raw audio. Overall, the acceptability and feasibility of 

our mobile app-based intervention have been promising, as evidenced by the high adherence 

rates to both EMAs and mobile sensing data collection. We are continually evaluating the 

app’s effectiveness in improving mental health outcomes and hope to provide additional 

insights as the study progresses.

V. PARTICIPANT CASE STUDY

We have enrolled five participants so far for a duration of a little over eight weeks. While 

it is premature to have any compelling indication about behavior change in this short 

period, here we highlight two case studies which provides a representative example of the 

effectiveness of context-aware mobile interventions for improving social functioning.

Participant A, a 47-year-old White male with 12 years of schooling, aimed to form a close 

friendship, despite being content with his acquaintances and social life. He found the app 

useful, using it daily to work towards his goal or related tasks. Over 8 weeks, he responded 

to all daily action plan EMAs, focusing mainly on initiating interactions (54 out of 56 

times). He also completed 47 morning and 40 evening contextual EMAs, revealing he was in 
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social situations 64% of the time when prompted and spent most days away from home. The 

app’s personalized messages from the therapist, aimed at overcoming negative self-beliefs 

and encouraging social engagement, made up a significant part of his experience. With 

46% of messages addressing defeatist thoughts and 44% promoting social interaction, these 

communications supported his active efforts to meet his goal. A appreciated tracking his 

progress within the app, undertaking various activities to meet new people, such as visiting 

potential friend-meeting locations, introducing himself to new individuals, and practicing 

conversation skills. He set 10 long-term goals and listed 25 activities ranging from doctor 

visits to attending social events. While he hasn’t finished the remote coaching sessions yet, 

A reports increased happiness in his social endeavors and enhanced satisfaction with his 

existing relationships.

Participant B, a 59-year-old Asian male with a 10-year education background, initially 

aimed to make three new friends but shifted his focus to volunteering at a local animal 

shelter. He felt comfortable conversing but wanted to be more open and involved in his 

community. Variable app engagement was noted, as he often left his phone at home to avoid 

losing it, leading to 89% completion of daily action plan EMAs and only 21% of contextual 

EMAs in the first eight weeks. Coaching encouraged him to carry his phone, boosting 

his engagement and EMA response rates. Despite struggling with some app features and 

technology, targeted messages from the therapist helped him confront social fears and 

negative self-perceptions. B’s active session involvement and steps toward his goals, like 

initiating conversations, visiting the animal shelter, and submitting a volunteer application, 

demonstrated his progress. Regular outings with a friend from his board and care increased 

his social interactions. By the end of the remote coaching sessions, B had made significant 

strides towards his goal of volunteering at the animal shelter.

Fig. 4 shows weekly trends of Participant A’s conversations and home time via the mSITE 

app, with conversations increasing post-week four and less time at home. Table I indicates 

improved interaction enjoyment for participants A and B, with A showing more interest in 

socializing. Both participants spent less time at home. Social defeatist attitudes rose for A 

but fell for B. While eight weeks is brief for conclusive outcomes, early signs suggest the 

intervention is fostering more social engagement and less isolation. We anticipate further 

positive changes in social activity for both participants as the trial progresses.

VI. DISCUSSION

A. Preliminary Insights and Implications

Our preliminary findings demonstrate the feasibility and acceptability of our blended 

intervention approach that combines in-person CBT with context-triggered mobile CBT 

interventions to address social isolation in individuals with SMI. Participants have shown 

sustained adherence to the mobile app, and the app’s robustness is evident through its 

successful data collection and contextual sensing capabilities. As the study progresses, we 

will continue to evaluate the app’s effectiveness in improving social functioning and mental 

health outcomes in our target population. The context-aware aspect of our intervention is 

particularly noteworthy, as it sets our approach apart from existing interventions in the 

field. Most context-aware interventions in the literature have focused on physical health, 
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with limited exploration of their potential in addressing social isolation or mental health 

outcomes [20]. However, our focus on social activity and functioning is relatively novel 

in the mental health domain. In fact, it is the very first study to use socially mediated 

contextual sensing intervention.

The high adherence rates and the case study provided highlight the importance of 

personalization and therapist involvement in designing mobile interventions. In our study, 

the mSITE app allows therapists to input personalized messages that challenge participants’ 

beliefs and tailored interventions. In addition, our mobile intervention system enables users 

to set their long-term goals and short-term steps, providing them with the tools to work 

towards achieving those goals. This approach empowers users to take an active role in 

their recovery and fosters a sense of agency and control, which is crucial for individuals 

with SMI. Another important implication of our study is the potential for context-aware 

mobile interventions to be applied in other areas of mental health research. For example, 

our approach could be used to study social anxiety or agoraphobia, where individuals may 

be hesitant to leave their homes or interact with others in social situations. In addition, the 

approach could be used to study healthy aging, where social isolation and loneliness can 

have negative effects on physical and mental health.

B. Privacy Measures

Privacy is a key focus in our study and we have implemented rigorous safeguards to protect 

it. Participants give written informed consent, fully briefed on what data will be collected 

and who will have access. They also undergo a decisional capacity assessment to ensure 

they grasp the study’s procedures. We monitor for any adverse effects, such as participant 

dropouts or concerns about data collection, and have observed none to date. This absence 

of concerns may stem from the trust built during individual coaching sessions where the 

rationale behind data-driven prompts is explained. Furthermore, participants are motivated 

to enhance their social interactions and understand that the prompts are constructive 

feedback for their goals, rather than unexpected surveillance. This understanding, coupled 

with the personal support from coaches, likely contributes to the high acceptability of our 

intervention.

C. Limitations and Future Work

Our study on social isolation in individuals with SMI has limitations: it’s ongoing, requiring 

more data for conclusions; conducted over a short period; lacks a control group; and 

focuses on a specific SMI population. In addition, the personalized intervention using 

mobile sensing technology raises privacy concerns, although no conversation content is 

recorded. Future research should address these concerns and ensure that the interventions are 

implemented in a way that respects patient privacy and security.

Overall, our study represents an important first step in addressing social isolation in 

individuals with SMI. However, future research is needed to further investigate the 

effectiveness of context-aware mobile interventions and to address the limitations of our 

study.
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VII. CONCLUSION

Our study describes a novel blended intervention approach that combines brief in-person 

CBT with context-triggered mobile CBT interventions to address social isolation in SMI. 

Our mobile intervention system provides personalized interventions at the right time in 

the right context to improve social functioning, addressing a critical need in the mental 

health field. The intervention was acceptable and feasible in this small sample of individuals 

with SMI. Future research can expand on our work to develop “Just-in-time” adaptive 

interventions, paving the way for further advancements in the field of mobile sensing and 

mental health.
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Fig. 1: 
mSITE’s blended CBT approach using context-triggered mobile interventions and therapist-

in-the-loop personalization.
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Fig. 2: 
Important mSITE screens: (a) User entered goal steps in a hierarchical view, i.e., Top-level 

long term goals, contains short-term goals, which contains goal steps, (b) User enters a 

pleasurable social activity for the day, (c) User describes how their pleasurable activity went 

using freeform text, sliders, and can add photos, (d) Gamification using awards the user has 

accumulated through the study.

Nepal et al. Page 14

IEEE Pervasive Comput. Author manuscript; available in PMC 2025 March 29.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Fig. 3: 
An example of a context-aware EMA from mSITE. (a) The conversation-location sensor 

detects that the user is away and alone in the morning. (b)-(d) EMA questions appraising the 

user’s current defeatist or threat beliefs, (e) Challenging the user’s defeatist belief through 

personalization and their conversations with the therapist, (f) A prompt helping the user 

savor positive actions.
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Fig. 4: 
Objectively sensed number of conversations (left) and time spent at home (right) of 

Participant A. We can see that as the study progressed, their number of conversations 

increased while time spent at home decreased. The x-axis is the week number and the y-axis 

is the sensed data.
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