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Abstract

College students face a lot of stress during their time at college (Choi, 2020b). This

situation has been exacerbated after the pandemic (COVID-19) (von Keyserlingk et

al., 2022). According to recent reports, 1 in 5 students have had suicidal thoughts

in the past month, and 63% of students mentioned that their emotional health is

worse than before the pandemic (Foundation, 2020). The number of students who

experience mental health problems during their studies is one in every three university

students (Dekker et al., 2020). Mental health and well-being severely impact students’

experience at the university. For most students, the college years are also when they

live alone for the first time (Choi, 2020a), and students living alone usually display less

healthy eating behaviors (McLean et al., 2022). Yet, social interaction could be tied

with better stress handling, which these students might lack (McLean et al., 2022).

Motivated by this problem, we propose the “FreeMind” application, which provides

a place for students to interact with their social groups (e.g., family and friends). In

addition, FreeMind sends automated recommendations based on the user’s activity

preferences and reported well-being to encourage healthy living and motivate change

in behaviors. We carried out two studies to evaluate the system: a) a pilot study to

evaluate the system’s usability and feasibility, and b) a second study to evaluate the

system’s effectiveness in enhancing user well-being in a social setting. Over 70% of

participants in the pilot study said they would like to use FreeMind outside the study,

indicating substantial support for the concept. We found FreeMind to be simple to

use and intuitive. Finally, the second study showed that users value social interactions

since they could learn new things about their social circles. The recommendations

prompted participants to seek more information on self-care and well-being.
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Introduction

College students face many challenges as they adjust to a new lifestyle in college

and deal with academic pressure and fear of failure, which increase barriers for stu-

dents to socialize or to take care of their well-being (Kelley et al., 2017; Lattie et al.,

2020). In addition, college counseling centers report an increase in students with sig-

ni�cant mental health issues on their campus (Foundation, 2020). Prior studies have

proposed di�erent technological solutions to support students' mental health. For

example, Yoo and Choudhury (Yoo and De Choudhury, 2019) proposed a dashboard

design to examine strategies to improve college students' mental wellness.

Besides, recent work has shown that sociality in these digital mental health tools

should not be underestimated (Burgess et al., 2019). Although the studies above have

presented what may drive college student interest and decision-making around the

use of mental health resources, there is still a need to develop digital mental health

tools that reduce stigma and help students make connections between their behaviors

and their mental health status (Kelley et al., 2017).

Inspired by prior work's recommendations (Burgess et al., 2019; Kelley et al.,

2017; Lattie et al., 2020), we developed theFreeMind application which aims to

support college students' self-care and well-being as well as to provide a space for

students to socialize. FreeMind aims to frame digital mental health tools as self-care

by providing behavioral strategies known to be e�ective for mental health (Gulliver
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et al., 2010; Lattie et al., 2020). In addition, based on prior studies (Abbas et al.,

2019; Kelley et al., 2017), we developed the FreeMind application to use machine

learning to recommend di�erent activities and strategies to manage stress based on

user preferences. These activities can be as simple as drinking more water or as

challenging as dealing with con
icts or decluttering. Finally, the application aims

to promote positive interaction between college students and their social ecosystems

(Burgess et al., 2019) and their local institution resources (Yoo and De Choudhury,

2019) to improve their well-being. Even though our research aims to improve well-

being and reduce mental health problems among college students, it is important to

mention that the app is not for treating mental illnesses such as depression; it is a

tool aimed at avoiding stress and improving well-being.

We conducted two studies for the thesis: a) A pilot study to evaluate the system's

usability and feasibility, and b) a second study to evaluate the system's e�ectiveness

in enhancing user well-being in a social setting. Over 70% of participants in the pilot

study said they would like to use FreeMind outside the study, indicating substantial

support for the concept. We found FreeMind to be simple to use and intuitive. Finally,

in a second study, participants reported learning new things about each other and

found the recommendation useful.
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1 Background

1.1 Mental Health for College Students

College students face many transitions and adjustments, which can increase their

stress levels (Rodgers et al., 2016). As a result of all these stressors, students may

struggle to maintain a healthy lifestyle, which may a�ect their overall well-being and

mental health (McLean et al., 2022; Rodgers et al., 2016). After the onset of the

pandemic, stress among college students has increased substantially. According to

the report in (Foundation, 2020), 63% of students mentioned that their emotional

health is worse than before the COVID-19 pandemic, and 56% of students seemed

signi�cantly concerned with their ability to care for their mental health.

According to a public report presented by the University of Minnesota-Duluth

(UMD), students with diagnosed depression within their lifetime have risen from

20.9% in 2018 to 32.9% in 2021 (\University of Minnesota Duluth Student Health

Survey", n.d.). Besides, these students diagnosed with at least one mental health

condition in their lifetime have risen from 35.9% in 2018 to 50% in 2021. While

this is alarming, the number of students taking advantage of health services has

only increased from 2.4% to 3.5% (\University of Minnesota Duluth Student Health

Survey", n.d.). Still, these numbers indicate that many students with mental health

problems do not get enough support.

Moreover, when examining speci�c stressors students face, the 20221 report (\Uni-

versity of Minnesota Duluth Student Health Survey", n.d.) reveals various challenges
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a�ecting their well-being. Within the past 12 months, a notable percentage of stu-

dents reported experiencing multiple stressors, including attempted suicide (0.9%),

diagnosed with a serious mental illness (16.3%), and diagnosed with a serious physical

illness (7.3%). Roommate/Housemate con
ict stands out with a signi�cant 30.6%,

re
ecting the impact of interpersonal relationships on students' mental health. Sim-

ilarly, termination of personal relationships, including divorce or separation, a�ects

21.8% of students. Other stressors such as bankruptcy, the death of someone close

(16.3%), parental con
ict (14.3%), excessive credit card debt, and lack of health care

coverage are also signi�cant contributors to the challenges students face.

Prior studies have mentioned di�erent strategies to support students with high-

stress levels. For instance, social support is one way this issue can be tackled by en-

couraging students to share information with their peers (Baqutayan, 2011; Burgess

et al., 2019). In addition, students are interested in getting support from their local in-

stitution's services and support groups (e.g., friends and friends) (Foundation, 2020).

According to Choi, 2020a, students with high-stress levels showed poor eating habits,

which is more common among students living alone than those living with their fam-

ilies. Also, physical activities can help students handle stress better since students

engaging in more physical activity report less stress (Choi, 2020a; Vogel et al., 2022).

Finally, students who enrolled in a stress management class and learned how to deal

with stress showed improvements in stress management (Baqutayan, 2011).

Inspired by prior works, we leveraged the bene�ts of college students' social ecosys-

tems (Lattie et al., 2020) to develop a platform that will allow students to not only

receive recommendations but also socialize with their peers (e.g., family and friends)

and facilitate getting support from their local institution resources. Also, we follow

prior �ndings that suggest framing digital mental health tools as well-being platforms

to reduce barriers related to stigma (Gulliver et al., 2010; Lattie et al., 2020).
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1.2 Technological Solutions for Mental Health

Since mental health is a signi�cant issue among college students (Foundation,

2020), there has been an increase in available applications to understand and address

mental health issues. For example, Smith et al., 2021 proposed the Flip* Doubt crowd-

powered web application that provides users with cognitive reappraisals (\reframes")

of negative thoughts to help them cope with the increasingly common mental illnesses

like anxiety and depression.

For college students, prior studies have mentioned that many existing mental

health systems are inconsistent with students' daily routines and preferences (Hudd

et al., 2000; Lattie et al., 2019). There is a need to design systems that address

potential users' preferences, communication practices, and lifestyles. Given that, our

study builds on prior �ndings to de�ne its system design and concept for promoting

college students' mental health (Kim et al., 2022; Lattie et al., 2020).

1.3 Intelligent Computing for Health

1.3.1 Recommendations systems

Prior works have shown that collaborative �ltering is the most widely used recom-

mendation technique because it provides respectable performance (Su and Khoshgof-

taar, 2009). User-to-user collaborative �ltering uses the similarity between di�erent

users to provide recommendations to the user. Recommendations with justi�cation

attached to them as explanations have shown better results than recommendations

without explanations (Kouki et al., 2017a).

Some prior studies in HCI have used recommendation models in di�erent contexts,

for example, to help people with type 2 diabetes manage their health and improve
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their lifestyle (G. Mitchell et al., 2021). Also, Berndsen et al.(Berndsen et al., 2019)

used recommendations to help runners better plan their running phase so they do

not burn out. We propose an application that uses a recommender model to give

students suggestions on handling stress and anxiety by focusing on self-care.

When dealing with collaborative �ltering algorithms, a big challenge is coping

with the cold start problem, also called the \new user problem" or \new item prob-

lem" (Su and Khoshgoftaar, 2009). This is when a new user signs up, and the system

has no historical data on their preferences; hence, the system cannot generate e�ec-

tive recommendations for the user. One way to deal with this problem is to use a

survey(Gope and Jain, 2017), which provides the system with information to work

with and avoid this problem.

1.3.2 Natural Language Processing (NLP)

As discussed in Boden et al. (Boden, 2009), consumers of health services are

becoming more involved in their health by tracking their health data with wearable

devices and searching more about health-related procedures and products online.

NLP models have been applied to help users unfamiliar with health terminology or

trying to access online information about a topic they are unfamiliar with.

Since we want to provide recommendations based on users' posts, we applied NLP

techniques to enable the system to understand the caption content. Based on prior

work, we decided to compare three main types of pre-trained NLP models for this

task: a) BERT (Devlin et al., 2018), b) RoBERTa (Liu et al., 2019a) and c) XLNET

(Yang et al., 2019). XLNet, BERT, and RoBERTa are all based on the transformer

model (Vaswani et al., 2017).

In Cortiz, 2021, researchers compared these models with DistillBERT, a lighter
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model based on BERT. They showed that RoBERTa performed the best, followed

by DistillBERT and XLNet, performing nearly identically, followed by BERT. In the

same study, researchers argued that the reduced cost of running DistillBERT and its

competitive performance are appealing reasons to use DistillBERT above the rest.

A challenge in NLP is how to evaluate di�erent NLP models. It is becoming

di�cult to understand whether the algorithm powering the model is superior to the

other one or if the increase in performance is just a result of more training data.

For example, XLNet performed better than the BERT model, but later RoBERTa,

even though based on BERT, performed better than XLNet mainly because of adding

more training data (Liu et al., 2019b). Because of this, it is hard to determine if an

algorithm is superior to another or if the improvements are just because of the higher

amount of training data.

1.3.3 Explainable AI

As mentioned, recommendations with an explanation present better results (Kouki

et al., 2017a). Sharma et al. (Sharma and Cosley, 2013) study focused on how

social explanations a�ect user behavior. This study showed that there seems to be a

correlation between explanations and how likely users might do something, but not

between explanations and how much they like the action.

Users' attitudes towards di�erent types of recommendations and their explana-

tions could also be in
uenced by the kind of recommendation system used. As Liao

et al. (Liao et al., 2022) discussed, users trust collaborative �ltering more than con-

tent and demographic �ltering techniques. This can be mainly because the user feels

more in control as their actions directly a�ect the recommendations. They also feel

more at ease knowing users with similar tastes liked the recommendation.
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Hybrid recommendation systems generally perform better than single-vaulted rec-

ommendation systems. Because of having access to more information about the user,

they can use more complex algorithms (Kouki et al., 2017b). As hybrid recommen-

dation systems use multiple sources of information, it is di�cult to explain such

recommendations (Kouki et al., 2017b).

Also, there are ethical concerns regarding using explanations, mainly when they

include information about other users, as this might make the user's preferences

public. For example, "You might like x because y liked it" seems like a simple-to-

understand recommendation explanation. Still, if we look closer, this explanation

implies y likes x and hence gives away user preferences (Schwabe et al., 2013). This

can be a problem in some use cases more than others as in (Schwabe et al., 2013)

researchers found that users were comfortable sharing their preferences about music.

1.4 Summary

Our study goal is to provide a positive experience for students to improve their

well-being and mental health. Our study design di�ers from prior studies in three

main ways. First, even though many previous studies have focused on using health-

related recommenders systems, to our knowledge, we are the �rst to combine social

features along with the recommendations to provide users a space where they can not

only receive wellness recommendations and learn strategies for health but also lever-

age user's social ecosystem (e.g., family and friends) and local institutions resources

to encourage social support (Burgess et al., 2019; Yoo and De Choudhury, 2019).

Second, our research uses the NLP model combined with a recommendation system

to provide the system with an instance of what the user is doing for their health.

Finally, we frame our proposed mental health tool as a self-care platform to reduce

8



stigma. We de-emphasize \mental health" or clinical language to present a positive

interface focusing on well-being (Gulliver et al., 2010; Lattie et al., 2020).
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2 Design Solution

We propose a new platform called\FreeMind" based on prior works. The main

goal of the FreeMind design is to promote well-being among college students, although

anyone can use it and bene�t from it. The system accomplishes this task by combining

two e�ective techniques to reduce stress and improve well-being: 1) Increasing social

interaction among users and 2) Providing recommendations designed to motivate

users to improve their well-being.

To promote social interaction, the FreeMind application allows users to interact

with each other through groups. Users can join a group or create a new group.

Whenever a new post is made, it belongs to a group, and only the group members

can interact with that post. This dedicated space gives users complete control over

who can and can't see their content to minimize anxiety and to keep the user in

control (Munson and Consolvo, 2012).

To provide users with motivating recommendations, whenever the user posts some-

thing in a group, the system analyzes and generates a personalized recommendation

for the user. This recommendation is commented on the user's post by a bot called

\HealthAI". When a recommendation is commented on, users can rate the recommen-

dation and give feedback on this recommendation. The goal is to allow the system to

learn from the user's feedback in future work.

The FreeMind platform has four main parts:

1. The Mobile Application

10



2. The API

3. The recommendation system

4. User Preferences

The following �gure (Figure 2.1) overviews how these systems interact. We will

describe each part in detail below.

Figure 2.1: System Overview

2.1 The Mobile Application

The FreeMind mobile application can run on both IOS and Android. It is built

using Flutter framework 1 and is the primary interface through which users commu-
1Flutter: https://
utter.dev/
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nicate with the system.

The mobile application allows users to register into the system by creating new

accounts, logging into already created accounts, or reset passwords for an account in

case they forget the password. The mobile application also allows users to post and

interact with posts from other users. Every post in the FreeMind system has two

parts: a) a post text (caption), the text part of the posts written by the user while

posting, and an image, and b) the post image: users select an image while posting in

the application. Figure 2.2 shows images from the application.

Figure 2.2: a) Login b) Create a Post c) Timeline View

While selecting images, the mobile application allows users to take a new photo

using the camera or select an existing image from their gallery (Figure 2.2 - B). The

application also provides cropping of a selected image. The system also crops the

image to a �xed ratio of 5:4. This is done so that the application knows how much

12



space to reserve on the view for the image while loading a post. This ensures that

the post size does not increase or decrease once the image is loaded from the server.

The mobile application also allows users to interact with other users by creating

new groups and or adding users to already created groups. The mobile application also

promotes user interaction by allowing users to create posts, like posts, and comment

on posts.

Finally, the mobile application allows the user to stay up to date with others in

the group by sending noti�cations when another user from the group posts in the

group and or likes or comments on the user's post.

2.2 The API

The main task of the API is to store, send, and receive data from the app and to

be a layer between the recommendation system and the application.

The API for the system is created using Django2 and REST framework 3. We

decided to use SQLite4 as a database because it is easier to manage, fast, and

powerful enough for our use case. The API also sends push noti�cations to the

mobile application when needed. Noti�cations are sent using Firebase5.

The API is where the recommendation is also generated. The API triggers the

recommendation system and sends the generated recommendation to the user as a

comment on their post. It also sends noti�cations for the comments made by the bot

containing the recommendation.

2Django: https://www.djangoproject.com/
3Django REST Framework: https://www.django-rest-framework.org/
4SQLite: https://www.sqlite.org/index.html
5Firebase: https://�rebase.google.com/
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2.3 Collecting the user preferences

The system collects user preferences using a survey to gather the user's initial

preferences. The recommendation system will use the survey to recommend di�erent

activities. This also allows us to deal with the cold start problem. Whenever a new

user logs into the application, the app prompts the user to �ll out a survey once.

The survey has a total of 29 questions. These questions are divided into three

di�erent categories. We will describe the questions below.

1. User well-being : This section has �ve questions to assess the users' well-being.

The questions were adjusted from an existing questionnaire in (Well-being ).

(a) How would you rate your diet and nutrition?

(b) How would you rate your level of physical activity?

(c) How would you rate your amount and quality of sleep?

(d) How would you rate your ability to handle stress?

(e) How would you rate your mental and emotional health?

2. User context preferences : The following nine questions evaluate the user

preference in terms of activity preference. We give examples of a caption and a

potential recommendation that can be generated in the system. Users will be

asked to rate these examples per their liking on a scale from 1 to 5. A question

sample is presented below:

\Imagine that you write the caption part and based on that the system recom-

mends you the recommendation, rate the recommendation on a scale of 1-5.".

ˆ Caption: I just had a great dinner.
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Recommendation: Stretching improves cardiovascular health, balance, and


exibility.

ˆ Caption: Just had a great dinner

Recommendation: Sleep is essential and positively impacts physical and

mental health.

ˆ Caption: Had a great workout

Recommendation: Eating fruits and vegetables increases the feeling of

fullness and promotes healing

3. User activity preferences : In the last 15 questions, we ask the user to rate

15 recommendations for a healthy activity on a scale of 1 to 5. These 15

recommendations are taken randomly from a pool of 35 (see the complete list

of activities in the Appendix A.1), which we will discuss later. An example of

this type of question is presented below:

Example: Rate the following activities based on how much you like them on a

scale of 1-5.

ˆ Going to the Gym

ˆ Cardio

ˆ Eating fruit and vegetables

ˆ Connecting with others

2.4 The recommendation system

The recommendation system provides users personalized recommendations based

on each individual's preferences. This allows the recommendation system to suggest
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activities that are more likely e�ective for each user.

The recommendation system generates the recommendation based on user activity

preferences, user context, and user's context preferences (check �gure 2.3).

The user's context is something the user is doing or did. For example, if the user

goes for a walk exercise, it is the user's context. The user's context preferences are

what they prefer to do in a particular context. For example, when the user gets some

exercise done, they like to know how to improve their eating habits.

We get the user's activity preferences and context preferences from the user pref-

erence survey and the user's context from the post caption.

Figure 2.3: Overview of Recommendation System

As mentioned, the system collects user's preferences and user's context preferences

(see Section 2.3). An NLP model analyzes the user's context. The NLP model uses

the post caption (i.e., post text) to generate the user's context. We will discuss this

in detail in the NLP model section.

Once we have the user's context and user's context preference information avail-

able for a particular user, we can generate recommendations for that user. We ask our

system to estimate the rating a user might give to all available activities(we have a list

of 33 activities the system can choose from to recommend). However, we exclude any

activity recommended to the user in the past ten recommendations to avoid duplica-

tion. Once we have all the rating estimates, we use the user's context preferences to

prioritize the type of activity that the user prefers to see depending on their context.
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For example, suppose a user prefers to receive food-related recommendations after

exercising. In that case, the system will prioritize food-related recommendations for

the user if the context is exercise. This is done using another collaborative �ltering

algorithm that estimates the ratings for the activity type and then adds both the

estimated rating of the activity and the estimated rating for the kind of activity.

Here we describe an example of how the recommendation system works:

Imagine that the system generates ratings for the following activities: walk { 2.3,

gym { 3.2, Oatmeal { 4.5, and the user's context is exercise. Then, the recommenda-

tion system will generate the activity rating as: exercise-exercise, exercise-food, and

exercise-stress.

Exercise is the current context. The second term is the type of activity in question.

Let's assume the system generates: 1.2, 2.3, and 3.4 as a rating for exercise-exercise,

exercise-food, and exercise-stress, respectively. Now, the system will generate the

�nal rating by combining both ratings.

The �nal rating is: Walk = 2.3 (activity rating) + 1.2 (exercise-exercise); Gym =

3.2 (activity rating) + 1.2 (exercise-exercise) and Oatmeal = 4.5(activity rating) +

2.3 (exercise-food).

The activity and context-type ratings are generated using collaborative �ltering

ratings. For the activity rating, since we have ratings for all activities, we use col-

laborative �ltering to predict ratings for all activities. The recommendation system

uses the same data to generate context-type ratings. The data includes entries such

as \food-food," which maps to the food context and recommends activity-type food.

Nine such entries are �lled out using data from the survey section "User context pref-

erences." These ratings prioritize the type of activity the user prefers to see, depending

on their context.
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2.4.1 Collaborative �ltering algorithm

The recommendation system uses a collaborative �ltering algorithm, but many

collaborative �ltering algorithms are available. So, we decided to test 6 di�erent

algorithms: KNNBasic, KNNWithMeans, KNNBaseline, SVD, and NMF. We used

the Movilens data set6 for testing. Table 2.1 presents our results:

Model Accuracy
KNNBasic 47.06

KNNWithMeans 50.7
KNNWithZScore 51.93

KNNBaseline 51.6
SVD 49.51
NMF 59.71

Table 2.1: The model comparison using 50000 data points from Movilens

We found that Non-negative matrix factorization performed the best in this case.

We also found these results in line with the �ndings of (Lee et al., 2012), where

researchers found Non-negative matrix factorization to perform better than other

algorithms when there is less data. Based on these �ndings, we decided to useNon-

negative matrix factorization in our system.

2.5 The NLP model

Since FreeMind has a social aspect, we leveraged this to understand the user

context better. We do this by taking the user context from the user's post caption.

We needed to send this information into our recommendation system; for this, we

needed a way to convert user-generated captions to a form that our system can

digest; for this, we used NLP. To solve this situation, the NLP model analyzes the

6Movilens: https://grouplens.org/datasets/movielens/
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post caption and converts the caption into one of four categories: Exercise, Food,

Stress, or General.

For example, if the user posts \I had a great dinner," the system will recognize

that the post is related to food and return the user's context as food.

2.5.1 Selecting the NLP model

We used pre-trained transformer models from huggingface7 and �ne-tuned them

using the SimpleTransformers library8. We compared three types of pre-trained NLP

models to select one: a) BERT (Devlin et al., 2018), b) RoBERTa (Liu et al., 2019a),

and c) XLNET (Yang et al., 2019). XLNet, BERT, and RoBERTa are all based on

the transformer model (Vaswani et al., 2017).

We trained all the models using 5,276 tweets from Twitter and data from the

previous study (Sandbulte et al., 2021). The 5,276 tweets were collected by searching

for 36 di�erent terms and �ne-tuning pre-trained models on these tweets so they could

classify them into their respective categories. The 36 terms were gathered using the

(Sandbulte et al., 2021) study and combining similar information from (Well-being ).

The Appendix A.2 presents the complete list of Twitter keywords.

We trained four di�erent models with the data on the same task and found the

following results:

Model Accuracy
bert-base-cased 97.34

bert-base-uncased 90.53
roberta-base 96.96

xlnet-base-cased 97.53

Table 2.2: Results from the NLP model comparison

7huggingface: (https://huggingface.co/)
8SimpleTransformers: (https://simpletransformers.ai/)
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Our �ndings showed that xlnet-base-cased performed the best among all the

models we tested, so we decided to use it for our system NLP model.

2.6 Explanation Styles

Inspired by prior works (Liao et al., 2022), the system also generates an expla-

nation about the recommendation to give the user a better experience. The system

generates aknowledge-based recommendation that follows this template: \We

recommend [activity] because [activity's bene�t]. Read more: [link]".

When the user clicks on the link, it will open a web page related to the activity

from our local institution resource page. For example, the user can receive a recom-

mendation saying: \We recommend [Sleep] because [Sleep is essential and positively

impacts physical and mental health]. Read more: [link]"

However, we presented two other recommendation styles found in the literature

(Kouki et al., 2017a; Sharma and Cosley, 2013) during the pilot study interview

to get feedback on participants' preferences. In total, we explored three styles of

recommendations in this thesis as presented below:

1. Knowledge-based: this style presented the recommendation based on the bene-

�ts of an activity

2. Social-based: this style presented the recommendation based on the social as-

pect (i.e., whether other group members like the activity too). For example,

\We recommend [Hiking], because [friend's name] also likes this activity."

3. Hybrid-based: this recommendation combined both knowledge and social-based

styles. For example,\We recommend [Hiking] because you and [friend's name]
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both may enjoy this activity and [Hiking can help keep your thinking and learning

skills sharp and help with better sleep.]. Read more: [link]"
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3 Pilot Study

This study aimed to get feedback from target users on the initial design ofFree-

Mind that was informed by prior literature. In addition, we wanted to evaluate the

application's usability with the target population by assessing their ability to com-

plete assigned tasks.

We assessed our proposed design in the pilot study, and we conducted a user study

with 21 college students to evaluate the application's usability and feasibility. Our

�ndings showed that college students appreciated theFreeMind premise of focusing

on self-care and wellness instead of explicitly referring to clinical mental health such

as depression and anxiety (Lattie et al., 2020). In addition, we present college stu-

dents' feedback on the e�ectiveness of recommendations and explanation styles for

mental health. We discuss the implications of these �ndings for HCI and present

recommendations for future work.

As a result of this study, we published a journal paper reporting its �ndings in

(Kazi and Sandbulte, 2023).

3.1 Study Design and Recruitment

This research was approved by the Institutional Review Board (IRB) (i.e., IRB ID:

STUDY00014396) before beginning any research activity. We recruited participants

from our local university by distributing 
iers (e.g., public library, university boards)

and sending emails to students' email lists. Individuals were eligible to participate
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if they were adults (18+ yrs) with experience using mobile phones. Participation

was voluntary, with no compensation. Each study session lasted an average of 40

minutes. Recruitment continued until data saturation was reached, de�ned as the

point at which no new themes emerged during the data analysis.

3.2 Data Collection and Data Analysis

First, we presented introductory comments with a brief explanation of the study

and asked for verbal consent. After getting the consent, the researcher handed a

mobile phone to the participants, and they were asked to log in using a pre-determined

username and password. After logging in, each participant was automatically added

to a group made up of fake users. Participants were encouraged to check some sample

posts. Then, participants �ll out a survey where they provide their activity preferences

and self-reported well-being (Center for Spirituality & Healing, 2022). Some examples

of the well-being assessment questions:\How would you rate your diet and nutrition

?", \How would you rate your level of physical activity ?", \How would you rate your

ability to handle stress ?" Once they �nished the survey, we asked participants to

complete a series of tasks. The tasks were: 1. Login, 2. Preference survey, 3. Create

a new post, 4. Write a comment, 5. Check the recommendation and give feedback

about it.

For each task, we noted participants' interactions with the application and whether

they faced any challenges. After completing each task, participants were asked to

freely explore the app and talk aloud about any comments on their experience while

exploring the application (Eccles and Arsal, 2017). In the end, participants �lled up

the Usability Scale survey (Koester et al., 1998) and completed demographics infor-

mation on Qualtrics (see Survey questions at Appendix B.1.2). We also conducted
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a short semi-structured interview to collect data about participants' healthy living

practices, recommendations to improve the app interface, and perceived bene�ts and

challenges of using the application. We also asked participants' opinions about the dif-

ferent styles of recommendations and explanations (see Interview Guide at Appendix

B.1.1).

We collected the following data during this study: a) qualitative observations notes

of participants' interactions; b) participants' post-study responses to the Usability

survey; c) participants' comments and impressions aboutFreeMind. The research

team performed open and inductive coding of qualitative data, including observation

notes, participants' comments, and interview transcripts. We converted all data to

textual format (e.g., transcribing interview recordings). The team met to discuss and

re�ne the data to identify important insights. Finally, we applied peer debrie�ng and

agreed upon a set of codes, and grouped them together into relevant themes.

3.3 Participants Overview

A total of 21 people participated in our study. All of the participants were re-

cruited from the University of Minnesota-Duluth.

45% of the participants were male, 45% were female participants, and 10% pre-

ferred not to answer. 76% of the participants were graduate students, and 24% were

undergraduate students. 59% of the participants self-identi�ed as Asian, and 36%

self-identi�ed as White. Finally, 62% of the participants reported not having used

our local institution's health services resources.
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3.4 Findings

3.4.1 Application Design

We asked participants' opinions about theFreeMind interface and functions. All

participants said that it was very easy to learn how to use the FreeMind application

and they would like to use the FreeMind application outside the study. Some examples

of interface feedback are\[FreeMind] it had a clear interface, with everything presented

in an understandable way (P9)"and \I think the somewhat simplistic design and easy

accessibility to all its features. (P18)"Some suggestions for improving the interface

are: \...changing the predictable color scheme and Facebook feed style. (P14)"and

\Activity link was not clear that it can be clicked. Perhaps it could be made more

clear. (P21)"

Finally, participants reported a positive attitude towards the idea of framing dig-

ital mental health tools as well-being platforms:\I like that it is made to spread and

promote positivity. (P16)". More details about the participant's experience can be

found in the table 3.1 below.

Std Mean SD Variance
The FreeMind application was responsive 4.65 0.65 0.43
The FreeMind layout was organized 4.60 0.80 0.64
The FreeMind layout was clear 4.50 0.87 0.75
It was very easy to learn how to use the FreeMind application 4.48 0.91 0.82
The FreeMind Application has an easy navigation system 4.47 0.60 0.35
I was able to e�ectively interact with the FreeMind application 4.25 0.99 0.99
The FreeMind color scheme was good 4.21 1.06 1.11
The FreeMind Application has an intuitive navigation system 4.00 0.92 0.84
Using the FreeMind application was a very pleasant experience.3.86 1.04 1.07
I would like to use the FreeMind application outside the study 3.52 1.26 1.58
The FreeMind Application has bugs 0.93 1.34 1.80

Table 3.1: Pilot study - FreeMind interphase survey
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3.4.2 Recommendation Feedback

Participants expressed positive views on the recommendations features of Free-

Mind. P6 praised the helpfulness of the AI's recommendations by saying\So that

I like the recommendation part. Once I've give my input about my physical activity,

it immediately recommended what my body needs to do.(P6)", this positive experi-

ence indicates the e�ectiveness of recommendations provided by FreeMind in dealing

with stress. The user feedback also indicated a clear recognition among participants

regarding the importance of stress management in their overall well-being, with P4

speci�cally emphasizing the application's ability to accurately represent users' senti-

ments in posts\The few words that the AI does give you are helpful. And from what

I've seen, de�nitely appears to be accurate and representative of what the person is

saying in their posts. (P4)"

Participants also praised the \read more" button and the bene�t of it. Participant

4, in particular, stated, \It's a good idea to have that read more button there just

if people are interested in more, not just what they can do. But you know, more

information on the why, you know, behind that." (P4).

Additionally, the �ndings illuminated a connection between stress management

and physical activity within FreeMind, as Participant 6 highlighted: \So it helps me

to improve myself. So, I have entered my physical activity as well as my mental

health. Any other �tness app might suggest going for a workout. But not many

applications will say like what type of workout I'll have to do. So But as per my

mental condition, which I've entered mental activity, which I just entered, and the

physical activity levels, which I'm doing now, it accurately told like yoga is something

which can help me to control both mental and physical health of mine..(P6)"This

comment emphasizes the contribution of FreeMind to a holistic user experience by
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recognizing the interconnectedness between stress management and various activities

3.4.3 Making Recommendations More E�ective

Participants remarked their enthusiasm on receiving recommendations of a healthy

behavior based on their preferences:\The name was exciting and the idea behind giv-

ing recommendations based on posts is really fun (P4)"During the interviews, partic-

ipants commented how useful those recommendations would be to give them ideas for

self-care practices. Although participants enjoyed receiving recommendations, they

also indicated some areas for improvement. For instance, participants indicated they

would like to see in the system more complex sentence structures, similar to a natural

conversation 
ow. As participant stated:\The recommendations were kind of bookish.

(P6)"

Participants also commented on the e�ectiveness of the recommendations. We

learned that it is not enough to give recommendations for users to do something,

but the recommendation could provide users with techniques onhow to do certain

activities. For example, participant 10 received a recommendation related to the

bene�t of sleep and said: \I'm aware that I could probably need more sleep. So I

guess if it were like, to give me some recommendations of how I can go about like

doing that. (P10)". This indicates that sometimes users might know what they need

to do, but do not know how to do it. In this case, recommendations would be more

e�ective if they would give suggestions on how to perform an activity.

In addition, some participants suggested improving the relevance of the recom-

mendations and posts by analyzing each person image's posts:\The recommendations

can be more post oriented (P2)"and \The recommendations could be more relevant

to the post (P12)." This indicates the need for the recommendations to be relevant
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to the post's image, not only the caption.

Finally, when asked about the di�erent styles of recommendation, 9 out of the 21

participants said they preferred the hybrid style of recommendation. Participant 4

said: "I like the hybrid approach because if it recommended this activity to me and my

friend, and told us both why it's good for you, why it improves your mental ability,

I'd be more likely to just go talk to my friend and schedule or just go out and do

something like that immediately, you know (P4)".
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4 Second Iteration of the Design

Solution

This chapter describes the second iteration of the FreeMind application and its

features based on the feedback and �ndings from the pilot study (see Chapter 3,

Section 3.4). Based on the user's feedback and our data analysis, we decided to

redesign some features and make some changes within the application to improve its

usability and the system's functionality, such as including a hamburger menu and

reminders feature.

In addition, we added the following main features: a) health services, b) multi-

group support, c) channels feature, d) group-based recommendations, e) New rec-

ommendation style, and f) daily pop-up surveys. We also changed the explanation

styles, such as the wording of the recommendation explanations and the read more

button. In this chapter, we will present these changes in detail.

4.1 Application New Functions and UI

According to the users' feedback, we decided to make changes to the application

by adding new functions and improving its UI (see Pilot Study Chapter 3, Sub-Section

3.4.1). We included a hamburger menu to display the new features better (see Figure

4.1a). Also, we had new features, such as the group picker option, while creating posts

because of the addition of the multi-group feature. Finally, some design changes were
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needed to address users' pain points during the pilot study, like changing the read

mode button from a text button to a solid button for better visibility.

We went from using a setting page to combining the settings page with the home

page in a hamburger menu (see Figure 4.1a). and we also improved the design of

\read more button" as many users admitted missing the read more button in the

interface. Rather than the text as we had in the previous version, we made it a solid

button to grab more user attention. To go along with this design, we also changed

the feedback button's color scheme (see Figure 4.1b).

(a) (b)

Figure 4.1: a) The Hamburger menu (settings replacement) b) The new feedback
button and the new read more button

Besides, some users suggested a place where they could look at all the posts they

made and a place where they could look at other users' posts (see Chapter 3). To

address this comment, we added the pro�le feature so users can see all their posts

made by themselves in their pro�le (see Figure 4.2a). Users can also write a bio for

others to see (see Figure 4.2b). Although the user's pro�le is available for others to
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