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Abstract
In this work, we investigate whether the severity of adolescents’

anxiety can be predicted using passively sensed behaviors. We

recruited 55 adolescent participants with diagnosed anxiety to par-

ticipate in a 24-week-long study. Participants completed a weekly

questionnaire recording their anxiety level. Using Fitbits and partic-

ipants’ mobile phones, we passively collected their physiology and

behaviors. We find that adolescent anxiety can be predicted with a

relatively low mean absolute error of 2.45 on a 22-point scale. Using

SHAP values and feature importance, we determine that certain

behaviors, particularly those related to phone usage, mobility, and

activities, are particularly useful for predicting anxiety. Coinciden-

tally, our study overlaps with the early stages of the COVID-19

pandemic. As such, we also explore how our participant’s anxiety

and behaviors varied throughout government-mandated lockdowns

and during spikes of COVID cases after the lockdowns ended. We

find evidence that participants were least anxious during partial

lockdowns and when the cases of COVID-19 were low. We also

find that participants’ physiology and behaviors altered based on

lockdown severity and prevalence of the disease. Despite these

differences, the accuracy of our predictions remained consistent,

regardless of lockdowns and the number of new COVID cases.

These findings may provide insight into adolescents’ anxiety and

behaviors during prolonged traumatic events.

CCS Concepts
• Human-centered computing→ Empirical studies in ubiq-
uitous and mobile computing; Smartphones; • Social and
professional topics→ People with disabilities.

Keywords
Behavior Modeling, Anxiety, Passive Sensing, Machine Learning,

COVID-19

ACM Reference Format:
Elaine Zhang, Matthew Clark, and Afsaneh Doryab. 2025. Predicting The

Severity of Anxiety in Adolescents Through Passively Sensed Behaviors.

In ACM/IEEE International Conference on Connected Health: Applications,
Systems and Engineering Technologies (CHASE ’25), June 24–26, 2025, New
York, NY, USA. ACM, New York, NY, USA, 12 pages. https://doi.org/10.1145/

3721201.3721389

∗
Both authors contributed equally to this work.

Please use nonacm option or ACM Engage class to enable CC licenses

This work is licensed under a Creative Commons Attribution 4.0 International License.

CHASE ’25, June 24–26, 2025, New York, NY, USA
© 2025 Copyright held by the owner/author(s).

ACM ISBN 978-1-4503-14809.24/18/06

https://doi.org/10.1145/3721201.3721389

1 Introduction
According to the World Health Organization, anxiety disorders

are the most common mental health problems in the world, affect-

ing 301 million people in 2019 [47]. Despite its prevalence, only a

quarter of people with anxiety receive adequate treatment. Anxiety

in adolescents is particularly vital to study, as it can cause severe

damage to children’s self-esteem and mental well-being, possibly

leading to withdrawn behavior and avoiding situations that make

them anxious [34]. In adolescents, these behaviors may affect vital

stages of cognitive, physical, and emotional development, resulting

in detrimental mindsets and behaviors throughout their adult lives.

Despite the increasing prevalence of anxiety among teenagers

and its effect on behavior, no study has investigated whether the

severity of adolescents’ anxiety can be predicted using passively

sensed biobehavioral data from smartphones and wearable devices.

Furthermore, there is a general lack of knowledge regarding the

in-the-wild behaviors and physiology that are most indicative of

an adolescent’s anxiety. Investigating these gaps may help future

mobile health systems to provide adolescents with personalized care

for their anxiety without active and potentially costly assistance

from mental health professionals.

In this work, we investigate whether the severity of anxiety in

adolescents can be predicted using behaviors passively sensed via

their smartphones and Fitbit devices. During a 24-week study, we

collected smartphone and Fitbit data from 55 adolescents diagnosed

with anxiety. Participants also completed a weekly GAD-7 Anxi-

ety questionnaire. We extracted interpretable behavioral features

summarizing the sensor data and used these features to predict

participants’ GAD-7 scores. Using feature importance and SHAP

values, we also identify how specific behaviors, such as texting

others, affect the prediction of these GAD-7 scores. Our analysis

also investigated how prolonged traumatic events affect adolescent

anxiety and behaviors. In particular, we focus on the influences

of the COVID-19 pandemic, as our data collection began in early

March 2020, less than two weeks before the government-mandated

lockdown began.

The primary contributions of this work are:

(1) A novel investigation into how accurately the severity of

adolescents’ anxiety and its distinct characteristics can be pre-
dicted using behavioral features extracted from their mobile

phones and wearable devices. We found that while classi-

fiers failed to achieve acceptable accuracy, regressor models

achieved low error rates.

(2) Insight into how different passively sensed behaviors con-

tribute to predicting anxiety and its symptoms. We identified

that features related to participants’ location, screen time,

and activities were the most useful to the models.
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(3) Insight into how adolescent anxiety and behaviors varied

throughout the COVID-19 pandemic. Our results show that

participants were least anxious during partial lockdowns and

less fearful when COVID was less prevalent. Our data also

indicated significant differences in participants’ movement,

sleep, socialization, screentime, and heart rates between var-

ious pandemic stages.

2 Related Work
2.1 Sensing for Mobile Health
Mobile health technologies have greatly improved users’ ability

to gain health insights and suggestions without active interven-

tion from clinicians. This field has benefited from the widespread

adoption of mobile phones [38] and wearable devices [35]. These

devices enable passive yet continuous monitoring of user activities

and physiological states, leading to improved quality of patient

care [48]. Mobile systems track a wide range of health concerns,

such as sleep, mood, exercise, cardiovascular health, and eating

habits [7, 12, 17, 27]. Although these apps and devices have become

widespread, collecting meaningful health information without bur-

dening users remains a challenge [33].

This challenge is highly prevalent in mobile health systems de-

signed for mental health. Mental health diseases do not always

manifest physical symptoms, making them difficult to monitor pas-

sively. Because of this challenge, mobile health-oriented apps tend

to only provide general interventions, such as mindfulness train-

ing, rather than sensing the in-the-moment need for mobile health

interventions [9]. More rigorous mobile health systems could sig-

nificantly improve the clinical care of mental health patients [42].

This efficacy has been demonstrated, as mobile health systems have

successfully demonstrated that the severity of ones’ depression can

be predicted using passively sensed behaviors [10]. However, apps

that continuously track user behaviors tend to cause privacy and

battery concerns [4]. As such, other systems have demonstrated

that the severity of depression can be predicted through other be-

haviors, such as writing analysis [6, 49]. Although these approaches

may mitigate privacy and battery concerns, they increase the use

burden by requiring active engagement with the system. Most stud-

ies on mental health detection primarily focus on adults, often

overlooking adolescents.

2.2 Mobile Healthcare for Adolescent Mental
Health

Mobile health interventions targeting adolescents often neglect to

collect data and preferences from the user, drastically limiting the

ability to deliver personalized care [26]. In a sample of 121 com-

mercial apps that help adolescent anxiety, zero passively collect

behaviors, and more than 80% fail to even collect self-reported anx-

iety levels [5]. It has even been claimed that existing mobile health

approaches for improving mental health have failed to demonstrate

the ability to help adolescents [18].

As evidenced by mobile health systems for adults, enabling sys-

tems to glean health insights through passive sensing can improve

their efficacy. However, very few studies have investigated the

connections between mental health and in-the-wild behavior of

adolescents. In the work most related to our own, Mullick et al.

demonstrated that the severity of adolescent depression can be

predicted through sensed behavioral features [32]. Several other

studies have investigated the connections between adolescent men-

tal health and passively sensed behaviors, but tend to either focus

on a single behavior (such as screen time) [8, 19] or simply identify

differences in behavior when participants are stressed, rather than

predicting anxiety levels [29, 31]. Our work is the first to explore

predicting the severity of adolescent anxiety using a comprehensive

set of passively sensed behaviors from multiple sensor modalities.

2.3 Mental Health in Adolescents During the
COVID-19 Pandemic

It is well documented that the COVID-19 pandemic had significant

adverse effects on adolescent mental health [22, 23, 36, 37]. In a

survey sent to 7,705 high school students in the United States, 37.1%

of respondents reported experiencing poor mental health during

the pandemic, a 6% increase compared to before the pandemic [23].

In particular, studies found that rates of anxiety, depression, ADHD

symptoms, eating disorders, and general irritability all increased

among adolescents during the pandemic [37]. Frequently, these

studies seek to identify generalized personality and demographic

risk factors for deteriorated mental health. The studies generally

indicated that adolescents who prefer not to be at home [36], have

weaker social connections [23], experience digital schooling [20],

are older, low-income, or ethnic minorities [21] all experienced

increased rates of mental distress.

Relatively few studies on mental health during COVID collected

longitudinal data [37]. Moreover, these studies often relied on sur-

vey reports, which provide detailed descriptions of participants’

mental states but frequently overlook how participant behavior

impacts their mental health during the pandemic. [3, 13, 16, 30].

However, a few studies collect and analyze participant behavior

in their surveys. A study among adolescents in France identified a

decrease in naps and an increase in sleep disorders during the pan-

demic lockdowns [25]. Similarly, adolescents who reported engag-

ing in frequent physical activity during the pandemic also reported

lower anxiety levels [2]. Another study found that increased screen

usage during the pandemic had no significant relationship with

their emotional or cognitive states [24]. Although these studies

provide insights into how various behaviors relate to adolescent

anxiety, they rely entirely on self-reported data, which is vulnera-

ble to response bias. Additionally, each study focuses on a single

in-the-wild behavior, neglecting to comprehensively consider the

nuances between multiple types of human behavior. To the best of

our knowledge, our study is the first to analyze routinely collected

anxiety reports and passively sensed behaviors from adolescents

during the initial months of the COVID-19 pandemic.

3 Methods
3.1 Data Collection
Our study aimed to connect adolescent behavior in natural settings

with their anxiety levels. It was designed to be minimally intrusive

to ensure participants’ behavior remained natural.

Participants were recruited from psychiatric clinics at a psy-

chiatric hospital in the Mid-Atlantic region of the United States.

Prospective participants first completed a screening assessment
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to ensure they met the criteria for inclusion in the study. To qual-

ify, applicants needed to exhibit some anxiety symptoms, own a

smartphone and be between 12 and 17 years old. Once these criteria

were met, participants were asked to provide their demographic

information through a RedCap survey. Finally, participants were

instructed to install the Aware app [14] and were provided with a

Fitbit Inspire HR [15], which facilitated the passive collection of

their behaviors and physiological data.

Table 1: The GAD-7 questionnaire asks participants to report
how frequently they experienced the emotions described,
using a 4-point scale.

Question Abbreviation

Feeling nervous, anxious, or on edge NERV

Not being able to stop or control worrying CTRL

Worrying too much about different things WORRY

Trouble relaxing RELAX

Being so restless that it is hard to sit still RSTLS

Becoming easily annoyed or irritable ANNOY

Feeling afraid, as if something awful might happen AFRD

Out of 118 individuals who expressed interest in our study, only

55 participants completed the recruitment stage to be included in

the data analysis. 41 participants self-identified as female, 12 asmale,

three as transgender, and two as non-binary. The average age of

these participants was 15.527 years old (𝜎 = 1.512). 51 participants

identified as white, six as black or African American, three as His-

panic, one as Asian, and one as American Indian or Alaska Native.

Finally, our participants reported a mean of 37 (𝜎 = 41.828) trips to

mental health professionals, and 83.636% had medical prescriptions

for “emotional problems" at some time in their lives.

Participants had to keep the Aware app [14] running on their

smartphones, which passively logs data from the devices’ built-

in sensors. The Aware app records data on screen time, location,

phone calls, messages, WiFi & Bluetooth connections, and battery

levels and uses the device’s built-in accelerometer to detect activ-

ities. Samples from GPS, WiFi, and battery were recorded every

10 minutes. Data on phone calls, messages, and screen time were

recorded whenever an event, such as a phone call, occurred. Simi-

larly, participants were asked to wear the provided Fitbit whenever

possible, allowing continuous recording of their steps, heart rate,

and sleep.

Once a week, participants were required to complete the General-

ized Anxiety Disorder 7-item scale (GAD-7) [43]. This questionnaire

asks participants to describe their anxiety symptoms during the

previous week. The GAD-7 consists of 7 questions, shown in table

1. For each question, participants report how often they were both-

ered by the problem described, using a four-point scale from zero

to three. A score of zero means the problem has not bothered them

at all, while a score of three represents they have experienced this

symptom “Nearly every day." Higher scores on the questionnaire

indicate that the participant experienced more severe anxiety. The

GAD scores can also be categorized into four levels of anxiety using

this questionnaire, as shown in Table 2. This questionnaire was

deployed through RedCap.

Table 2: Anxiety levels and their respective GAD scores, as
indicated by the GAD-7.

Anxiety Level Category Gad Scores

1 Minimal Anxiety 0 - 4

2 Mild Anxiety 5 - 9

3 Moderate Anxiety 10 - 14

4 Severe Anxiety 15 - 21

Each participant submitted data for 24 weeks, with data collec-

tion beginning in early March 2020. All participants were recruited

before November 2020. Although our data collection overlaps with

the COVID-19 pandemic, which is heavily analyzed in our results,

this timing was coincidental.

3.2 Data Processing
3.2.1 Feature Extraction. We use RAPIDS [46] to extract weekly

features from the time-series data collected by Aware and the Fitbit.

The RAPIDS framework converts sensor readings to interpretable

behavioral features. These features were extracted the week lead-

ing up to each GAD-7 response. This enabled us to build models

predicting anxiety levels over a week, using the behaviors from

that same week. We extracted 142 features to summarize each week.

The feature set is briefly summarized in Table 3. These features

describe a broad variety of behaviors including time spent at home,

resting heart rate, and number of text messages sent. More details

regarding RAPIDS can be found in [46].

Table 3: A summary of the 142 features extracted for our
study. Calls, messages, locations, screen, WiFi, and activ-
ity were all recorded by the Aware app [14] on participants’
phones. Sleep, steps, and heart rate were collected by partici-
pants’ Fitbits [15].

Feature Group

Number of

Features

Behavior Summarized

Calls 29 Phone calls made, received, and missed

Messages 10 SMS messages received and sent

Locations 34 Participants’s movement

Screen 7 Participant’s phone usage

WiFi 6 Connected and available WiFi points

Activity 6

Activity Recognition

(stationary, walking, biking, etc.)

Sleep 36 Sleep timing and stages

Steps 5 Participant’s steps taken

Heart Rate 9 Participant’s heart rate

3.2.2 Handling Missing Values. Participants were removed from

the dataset if more than 75% of their samples were missing. Missing

samples resulted from non-compliance by either failing to complete

the GAD-7, or not using the Fitbit or Aware app. This threshold of

75% was determined using the elbow method. This resulted in 29

patients being included in our final machine learning analysis.

Our dataset was also cleaned during the cross-validation process.

In each cross-validation fold, any columns of a feature with all the

data missing from the test or training set would be removed from
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Figure 1: The three types of cross-validation used in our study. Leave One Week Out and Accumulated Weeks generate
personalized models where each participant’s data is trained and tested without considering any other participant’s data.

both as it could not be imputed. If the feature was missing some, but

not all, of the values in either the test or train set, we used feature

imputation to infer missing values.

We imputed missing values by leveraging the time-series nature

of our data. Our method exploits the assumption that weeks with

the same anxiety levels would also have similar behavioral features.

This assumption is based on established relationships between

behavior and anxiety, such as anxiety disorders increasing the like-

lihood of insomnia, which would be reflected in our sleep features

[45]. If a feature had a missing value in one week, we imputed the

missing value using the values from adjacent weeks, as long as the

weeks had the same anxiety level (Table 2). If a week had a missing

feature, and its anxiety level was equal to the level for both the

week before and after it, then the missing value was imputed as

the mean of the known values from the adjacent weeks. If only one

adjacent week had the same anxiety level, then the missing value

was replaced with the known value from the adjacent week. If both

adjacent weeks had different anxiety levels, the missing value was

not imputed, and the feature was removed from the training and

the test set. To prevent data leaks, the feature values in the test and

training sets were never used to impute values in the other.

3.3 Statistical Analysis
Our statistical analysis focuses on identifying differences in partic-

ipant behavior and anxiety throughout the COVID-19 Pandemic.

This analysis primarily focuses on two external influences: the

government-mandated COVID-19 lockdown and the rates at which

COVID-19 was spreading. Unless otherwise stated, our statistical

analysis was performed using a mixed linear model using Python’s

statsmodel package [41]. All of these models accounted for differ-

ences between participants.

COVID-19 Lockdowns. The state where our study was conducted
implemented a three-level approach to COVID lockdowns. Each

level was named after a color, with red indicating a complete lock-

down and green indicating minimal restrictions. To analyze the

effects of each lockdown stage, we compared the differences in

behavioral features and GAD-7 responses collected during each

lockdown level. The red level was from March 13 to May 15, 2020,

where the state experienced complete lockdown [44]. During this

phase, all non-essential stores and services were closed, with strict

masking and social distancing regulations. All schooling during

this phase was moved online. The yellow level of lockdown was

from May 15 until June 5 and from July 3 until July 10, indicating a

partial closure [39, 40]. During this phase, stores and restaurants

could reopen at half capacity, and strict social distancing measures

remained in place. During green level lockdown from June 5 to July

3 and after July 10, all businesses and services could reopen, as long

as they continued to follow health guidelines [1].

COVID Spikes. We also tested how our participants’ behaviors

and anxiety varied in relation to the number of new COVID cases

at the time the data was collected. The number of new COVID cases

that occurred over each week in the area was calculated using the

Johns Hopkins University COVID Data Repository [11] To reduce

the influence of the lockdowns, this analysis only includes data

collected after 10 July 2020, the end of the final lockdown. In addi-

tion to analyzing the differences across all participants, we consider

that some participants may have been more conscientious about

COVID’s prevalence than others. To identify these individuals, we

conducted Spearman R correlations between each participant’s time

at home and the number of new COVID cases over that week. We

identified five participants who spent significantly more time at

home while COVID spread faster. Due to their apparent awareness

of COVID’s prevalence, we sorted these five participants into a

group we called “COVID-conscious". The remaining participants

were grouped as “Typical Participants."

3.4 Machine Learning Analysis
Our models were trained to predict participants’ responses to the

GAD-7 questionnaire, computed anxiety levels, and each individual

question in the GAD-7. The scores in this survey are ordinal. As

such, we created both regression and classificationmodels to predict

these values. We used Adaboost, Decision Trees, Random Forests,

Gradient Boosting, and XGBoost regressors and classifiers to predict
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GAD-7 scores. We used three types of cross-validation as shown in

Figure 1 and described below.

Leave One Participant Out (LOPO). This cross-validation simu-

lated an environment where the system predicts the anxiety of an

entirely unknown subject. In this cross-validation, one participant’s

data was removed as the test set, while all other participants’ data

was used as the training set. Each fold of the cross-validation used

a different participant’s data as the test set until all 29 participants’

data had been tested.

Leave One Week Out (LOWO). This cross-validation created per-

sonalized models, where models train and test on a single partic-

ipant’s data. Each fold used a test set of a week’s worth of data.

The cross-validation repeated until every sample had been used as

the test set. This process was completed for each participant’s data,

with accuracy aggregated across all cross-validations.

Accumulated Weeks (ACCU). This cross-validation simulated a

scenario where the system gradually learns the subject’s behav-

ior. Each fold of the validation considered when the sample was

collected. It only trained using samples collected before it. For ex-

ample, when predicting anxiety levels during the third week of the

study, the model was trained only on the sample collected during

the first and second weeks. This form of cross-validation also re-

sulted in personalized models. Previous work found that ACCU

cross-validation resulted in the highest accuracy when predicting

the Depression of adolescents [32].

Performance Metrics. To evaluate our regression models, we cal-

culated the mean absolute error (MAE), mean squared error (MSR),

and root mean squared error (RMSE). Our classification models

were evaluated using accuracy, precision, recall, and F1-score. The

metrics were recorded across every fold of the cross-validation and

reported in aggregate.

Feature Importance. We also recorded the feature importance and

SHAP values from each fold of our cross-validations. In particular,

we sought to identify the features that were most frequently impor-

tant to the models. To do so, we recorded the impurity-based feature

importance for every feature in each fold of all cross-validations. For

each fold, we calculated the median feature importance, identifying

which features were more important than average. We then calcu-

lated the median number of models that considered each feature

to be important. Features that had more of these important occur-

rences than the median were included as in the most frequently

important feature set. This method enabled our analysis to identify

the most frequently important features to the models.

4 Results
In this section, we investigated the following research questions:

RQ1: How accurately can adolescent anxiety be predicted through

passively sensed behaviors?

RQ2: What behaviors were most important when predicting ado-

lescent anxiety?

RQ3: How did the behavior and anxiety of our participants differ

during government-mandated social-distancing measures?

RQ4: How did the prevalence of COVID-19 relate to the anxiety

and behaviors of the participants after the official stay-at-

home mandates were lifted?

4.1 Prediction of Anxiety in Adolescents
4.1.1 Adolescent Behaviors Can Be Used to Predict their Anxiety
Scores. First, we investigated how well classification models can

predict participants’ GAD-7 scores. The best performing model was

a Decision Tree using LOWO cross-validation, with an accuracy

of 21%. Compared to the majority-class baseline, the accuracy of

these models was consistently lower than if they merely guessed

the most common label. This suggests that predicting the exact

GAD-7 score using passively sensed behaviors may be unrealistic.

However, when observing the confusion matrix for these models,

we noted that the predicted labels were often very close to the

ground truth. As such, we repeated our analysis using regressors

instead of classifiers. The results of this analysis are shown in Table

4. All of our models performed the worst in a LOPO cross-validation.

The best LOPO model was the XGBoost regressor, with an MAE

of 5.03. Interestingly, XGBoost was among the worst models in the

LOWO and ACCU cross-validations. Our results during a LOWO

cross-validation achieved the lowest average error, with Random

Forest performing the best (MAE = 2.45). ACCU cross-validation

resulted in error rates between LOPO and LOWO, with the Random

Forest performing the best, achieving an MAE of 3.47. Since our

models achieve mean absolute error rates as low as 2.45 on a 22-

point scale, we can conclude these models were learning to predict

anxiety. Given the low prediction accuracy by the classifiers but

low error rates of the regressor models, future prediction of GAD-7

scores might be better approached as a regression problem, rather

than classification.

4.1.2 Passively Sensed Adolescent Behaviors Can Be Used to Predict
Anxiety Levels. The remainder of this analysis focuses exclusively

on personalized models that performed best. The regression results

of the LOWO and ACCU cross-validations are shown in Table 5.

The best performing model was the Random Forest regressor using

LOWO cross-validation (MAE = 0.49). For ACCU, the best perform-

ing model was also the Random Forest regressor (MAE = 0.87).

Since the anxiety levels are on a scale of 4 points, we concluded

that regression can accurately predict adolescents’ anxiety levels.

In terms of classification, AdaBoost achieved the highest accu-

racy when using a LOWO cross-validation, with an accuracy of 0.58.

This outperformed ACCU’s most accurate model, Random Forest,

achieving 0.55 accuracy. Figure 2 shows the confusion matrices as-

sociated with these models. When compared to the majority-class,

for AdaBoost LOWO cross-validation for each patient, these models

also generally predict below the the proportion of labels belonging

to the majority class. This further supports our earlier finding that

regressor models appear to perform better in predicting ordinal

anxiety levels than classifiers.

4.1.3 Passively Sensed Adolescent Behaviors Can Be Used to Pre-
dict Certain Aspects of Anxiety. We then analyzed how accurately

different aspects of anxiety could be predicted. We trained models

to predict participants’ responses to each question on the GAD-7,

using the behavioral features. The results from the best perfoming
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Table 4: The Accuracy of GAD-7 Score Predictions, across different regressors and cross-validations. A Random Forest with a
Leave-One-Week-Out (LOWO) cross-validation achieved the lowest error.

LOPO LOWO ACCU

Model MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE

AdaBoost 5.2 40.47 5.85 2.5 12.31 2.5 3.57 28.59 3.57

Decision Trees 6.17 60.41 7.24 2.91 17.97 2.91 3.75 30.96 3.75

Random Forest 5.13 39.02 5.8 2.45 10.74 2.45 3.47 25.02 3.47
Gradient Boosting 5.29 42.36 5.95 2.71 13.95 2.71 3.59 27.53 3.59

XGBoost 5.03 39.05 5.77 2.78 16.1 2.78 3.72 30.52 3.72

Table 5: The Accuracy of Anxiety Level Predictions, across
different regressors and cross validations. A Random Forest
Leave-One-Week-Out (LOWO) cross-validation achieved the
lowest error.

LOWO ACCU

Model MAE MSE RMSE MAE MSE RMSE

AdaBoost 0.49 0.56 0.49 0.87 2.01 0.87

Decision Trees 0.46 0.75 0.56 0.9 2.13 0.9

Random Forest 0.49 0.42 0.49 0.87 1.82 0.87
Gradient Boosting 0.54 0.58 0.54 0.88 1.96 0.88

XGBoost 0.56 0.66 0.56 0.89 2.05 0.89
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Figure 2: Confusion matrix results for predicting anxiety
levels. A) Adaboost model with LOWO cross-validation. B)
Random forest model with ACCU cross-validation.

regressors are shown in Table 6. The best regressor for each ques-

tion was a Random Forest using a LOWO cross-validation. Most

questions have a mean absolute error close to 0.5, except RELAX,

which is closer to 0.57.

We also investigated howwell classifiers could predict a patient’s

responses to each gad question. These results are shown in Figure

3. For all questions other than RELAX, the models achieved an

accuracy between 55% and 63%. Accuracy for RELAX was slightly

lower, at 52%. However, when analyzing the majority-class for the

best-performing models by the patient, the model accuracy score

per patient is lower than the majority-class baseline signifying that

classification does not perform well in predicting anxiety levels.

We again observe regression models perform better than classifiers

when predicting anxiety levels. Interestingly, our regressors predict-

ing RELAX achieved the highest error rates, as well as the lowest

Table 6: Regressor error rates for each question in the GAD-7.
For each question, the best-performing model was a Random
Forest using a LOWO cross-validation.

LOWO ACCU

Question MAE MSE RMSE MAE MSE RMSE

NERV 0.51 0.42 0.51 0.73 1.18 0.73

CTRL 0.5 0.47 0.5 0.73 1.16 0.73

WORRY 0.5 0.43 0.5 0.76 1.3 0.76

RELAX 0.57 0.56 0.57 0.84 1.37 0.84

RSTLS 0.51 0.45 0.51 0.77 1.24 0.77

ANNOY 0.51 0.46 0.51 0.77 1.4 0.77

AFRD 0.5 0.48 0.5 0.72 1.17 0.72

accuracy, indicating a potential disconnect between responses to

this question and participant behaviors.

4.2 Behavioral Features Predictive of Anxiety
Next, we explore what behavioral features were most predictive

of anxiety. Our feature importance analysis focused on predicting

GAD-7 scores, the most comprehensive of our anxiety measure-

ments. We report the results from the best-performing model, a

Random Forest Regressor, in a LOWO cross-validation.

4.2.1 Location, Screen, and Activity Features Were Most Commonly
Important to the Models. We first identified the most frequently se-

lected features when predicting GAD-7 scores and explored which

types of features were most frequently selected during the cross-

validation process. All seven of the phone screen features were

frequently selected, highlighting a relationship between partici-

pants’ anxiety and how they use their phones. Five of the six (83%

of) activity recognition features were selected. All five relate to the

amount of time spent doing different activities (running, station-

ary, biking, walking, and in a vehicle). Next, 25 of the 34 location

features (73%) were selected, including all features that measured

distance traveled, emphasizing that participants’ mobility may vary

based on their anxiety. 20 of the 29 (69%) call features were selected

as frequently important, focusing mainly on the number, length,

and timing of incoming and outgoing calls. Finally, 3 (50% of) WiFi,

4 (50% of) heart rate, and 4 (11% of) sleep features were identified as

frequently selected. These results indicate that location, screen, and
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Figure 3: Confusion matrix for the predictions of each GAD-7 question. A) AdaBoost (AB) for NERV, 57% accuracy. B) Random
Forest (RF) for CTRL, 63% accuracy. C) RF for WORRY, 58% accuracy. D) AB for RELAX, 52% accuracy. E) RF for RSTLS, 59%
accuracy. F) RF for ANNOY, 55% accuracy. G) AB for AFRD, 62% accuracy.
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Figure 4: SHAP Values and Feature Values for one feature
from each sensor. Positive SHAP values indicate the feature
increased the model performance, while negative SHAP val-
ues indicate the feature increased the model’s error. Feature
values with a higher absolute value had a stronger influence
on the model. According to Mann-Whitney U tests, each dis-
played features’ values differ significantly between positive
and negative SHAP values.

activity recognition features are more indicative of anxiety, while

sleep is far less important than other behaviors.

4.2.2 Location, Sleep, and Socialization Behaviors Significantly Re-
lated to Model Accuracy. To further understand these models, we

calculated the SHAP values from each cross-validation fold using

Python’s SHAP package [28]. SHAP values measure how a feature

altered the final prediction of the final model. Positive SHAP values

indicate that the feature increased the prediction, while negative

SHAP values indicate the feature decreased it. SHAP values near 0

have minimal effect on the output, while features with high abso-

lute values have more impact. The distribution of SHAP and feature

values for the ten most frequently selected features are shown in

Figure 4. Although this figure only shows ten features, SHAP values

were extracted and analyzed for all 142 features.

For every feature, we used aMann-Whitney U test to compare the

feature value when the SHAP value is positive against the feature

valueswhen the SHAP is negative. This analysis revealed 45 features

with significant differences. Most (62%) of these features indicated

higher feature values made the models less accurate, while only

38% benefited from higher values. Below, we discuss the common

themes within these features.

Eleven location features had significant relationships between

feature values and the sign of the SHAP value. The feature quantify-

ing variance in location (𝑈 = 3.909, 𝑝 = 1.352∗10−4), the amount of

time calling others (𝑈 = 2.732, 𝑝 = 0.006), the time they spent mo-

bile (𝑈 = 4.593, 𝑝 = 4.379 ∗ 10−6), had a positive influence on model

performance when the feature values were larger (𝑈 = 3.909, 𝑝 =

1.352 ∗ 10−4), whereas higher values of the feature measuring the

amount of time spent in bed after waking up had a negative in-

fluence on the model performance (𝑈 = −3.999, 𝑝 = 6.343 ∗ 10−5).
The negative influence was lower for larger feature values that

measure the time spent awake (𝑈 = 2.257, 𝑝 = 0.024) and napping

(𝑈 = 3.578, 𝑝 = 3.463 ∗ 10
−4
). The negative influence was also

lower for smaller feature values that quantify the timing of calls

(𝑈 = −3.483, 𝑝 = 4.965 ∗ 10−4), the number of steps taken each

day (𝑈 = −4.679, 𝑝 = 2.889 ∗ 10−6), the number of text messages

received (𝑈 = −3.411, 𝑝 = 6.465 ∗ 10−4), and the maximum time

a participant spent on the phone (𝑈 = −4.041, 𝑝 = 5.316 ∗ 10−5).
These trends provide interesting insight into how certain behavioral

features may have impacted the accuracy of our models.

4.3 Adolescent Behavior and Anxiety During
the COVID-19 Lockdown

We then analyzed how the government-mandated COVID-19 lock-

downs potentially influenced our participants’ anxiety and behav-

iors. During the red lockdown phase, we collected 120 GAD-7 sur-

veys from 23 participants. 106 questionnaires were collected from

38 participants during level yellow lockdowns, and 864 responses

were collected from 52 participants during the green phases of

lockdown. We also collected 15 questionnaires from 9 participants

before the COVID lockdowns started. However, these 15 responses

were omitted from analysis due to the small sample size.

4.3.1 Participants Were Least Anxious During Phase “Yellow" Lock-
downs. We analyzed differences in GAD-7 responses between the

lockdown phases. The results of this pairwise analysis are shown in

figure 5. Participants’ GAD-7 scores were significantly lower during

yellow level lockdowns compared to green (𝑝 = 0.043, 𝛽 = −0.805),
although there were no significant differences when comparing

green to red (𝑝 = 0.817, 𝛽 = 0.103) or red to yellow (𝑝 = 0.074, 𝛽 =

−0.908). Anxiety levels during the yellow lockdown phases were

significantly lower than during the green phases (𝑝 = 0.033, 𝛽 =

−0.169) and red phase (𝑝 = 0.021, 𝛽 = 0.233). There was no signifi-

cant difference in anxiety levels between the red and green phases
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Figure 5: Differences in the anxiety metrics between the dif-
ferent lockdown phases. The color of the cell denotes which
lockdown phase (red, green, or yellow) had lower values (less
anxiety). The number in each box represents the p-value.
Empty boxes indicate there was no significant difference.

(𝑝 = 0.471, 𝛽 = −0.064). These results indicate that the participants’
anxiety was less severe during partial COVID lockdowns.

Participants’ responses to the individual GAD-7 questions demon-

strate a similar trend. NERV responses during the red phase were

significantly lower than green (𝑝 = 0.042, 𝛽 = −0.180) but higher
than yellow (𝑝 = 0.008, 𝛽 = −0.267). Participants’ scores forWORRY

were significantly lower during yellow phases than green (𝑝 =

0.020, 𝛽 = −0.196), although there were no significant differences

between yellow and red (𝑝 = 0.117, 𝛽 = 0.169), or green and red

(𝑝 = 0.776, 𝛽 = −0.027). Lastly, responses to RSTLS were also sig-

nificantly lower during yellow lockdown levels compared to green

(𝑝 = 0.044, 𝛽 = −0.165), but no significant differences were found

between yellow and red (𝑝 = 0.264, 𝛽 = 0.117), or red and green

(𝑝 = 0.603, 𝛽 = 0.048). We found no significant differences in re-

sponses for the CTRL, RELAX, ANNOY, and AFRD questions. These

models further support the finding that participants were generally

less anxious during yellow phase lockdowns when society was

reopening.

4.3.2 Participants’ Movement, Sleep, and Socialization Differed Be-
tween Lockdown Phases. Next, we analyzed how behaviors differed

between the various lockdown phases. The features that varied

significantly between lockdown levels are shown in Figure 6.

This analysis identified several behaviors collected by partici-

pants’ Fitbits that differed between the lockdown phases. Two sleep

features were present, indicating participants spent less time lying

in bed awake during red-level lockdowns than green. Five features

also significantly differed, indicating that participants generally

took fewer daily steps during red lockdowns than green or yellow.

Similarly, five heart rate features all indicated that participants’

resting heart rates were lower during green-level lockdowns than

yellow.

Several activity recognition and location features were identi-

fied as differing between phases. The activity recognition features

indicated that participants spent less time in vehicles, moving, and

being stationary during the red-level lockdown. Similarly, the 16

location features indicated that participants traveled significantly

more during yellow and green lockdown levels than during red.

Our results also identified that participants’ messaging and phone

call behaviors differed between the lockdown stages. 14 phone call

features were selected. These features indicate that participants

made and received significantly more calls during yellow-level

lockdowns. Similarly, the included messaging features indicate that

participants sent and received fewer messages during the green

phases of the lockdown.

We also identified differences in five features related to partici-

pants’ screen time. Participants unlocked their phones significantly

fewer times during green lockdowns than during yellow. Also, un-

locks tended to be longer during red lockdowns than green or

yellow ones. Notably, however, our results indicate that the to-

tal time participants spent on their phones did not vary between

lockdown levels.

4.3.3 Predictions of Anxiety have Similar Error Rates Across Lock-
down Phases. Finally, we analyzed whether the accuracy of our

models differed between the lockdown phases. We identified that

models that predicted the GAD-7 scores for weeks in the red phase

had the lowest mean absolute error (𝜇 = 2.298, 𝜎 = 1.790). However,

this performance was insignificantly lower than the predictions for

the yellow (𝜇
yellow

= 2.675, 𝜎
yellow

= 2.037, 𝑝 = 0.592, 𝛽 = −0.140)
and red periods (𝜇

red
= 2.718, 𝜎

yellow
= 2.822, 𝑝 = 0.761, 𝛽 = 0.067).

Similarly, no significant difference was detected between the yellow

or green lockdown phases (𝑝 = 0.319, 𝛽 = −0.207). This indicated
that adolescent anxiety remains equally possible to predict from

behavioral features, regardless of lockdown levels.

4.4 Adolescent Behavior and Anxiety Compared
to COVID Prevalence

We next analyzed how our participants’ behavior and anxiety re-

lated to the number of new COVID cases at the time.

4.4.1 The Prevalence of COVID-19 Correlates with Participants’
Fear, But Not Overarching Anxiety. We create models to identify

relationships between participants’ weekly GAD-7 scores and the

number of new COVID cases over the same week. The number

of new COVID cases was not significantly related to participants’

GAD-7 scores (𝑝 = 0.379, 𝛽 = 4.780∗10−5). Similarly, most questions

within the GAD-7, r NERV (𝑝 = 0.711, 𝛽 = −4.440 ∗ 10−6), CTRL
(𝑝 = 0.564, 𝛽 = 6.599 ∗ 10−6), WORRY (𝑝 = 0.687, 𝛽 = 4.757 ∗ 10−6),
RELAX (𝑝 = 0.401, 𝛽 = −1.013 ∗ 10

−5
), RSTLS (𝑝 = 0.182, 𝛽 =

−1.537−5), and ANNOY (𝑝 = 0.703, 𝛽 = 4.840 ∗ 10−6), did not have

significant relationships with the number of new COVID cases.

However, the final question of GAD-7, AFRD, had a significant

positive relationship with the prevalence of COVID (𝑝 = 2.258 ∗
10

−5, 𝑝 = 3.471 ∗ 10−2). This indicated while the severity of COVID

did not relate to our participants’ anxiety and most of its symptoms,

they may have been more fearful when the disease was spreading

more.

We also identified two differences in the responses from COVID-

conscious and typical participants. First, COVID-conscious partici-

pants’ responses to RSTLS had a significant negative relationship

with the number of new COVID cases (𝑝 = 0.028, 𝛽 = −6.657∗10−5),
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Figure 6: Behavioral features that significantly differed between the various lockdown levels. Each square contains the p-value,
and the color denotes the lockdown level (red, green, or yellow) with lower values for that feature. Empty squares indicate
there was no significant difference.

while typical participants did not (𝑝 = 0.600, 𝛽 = −6.533 ∗ 10−6).
Similarly, responses to AFRD differed. The significant positive re-

lationship identified above by the model using the data of all par-

ticipants is reflected in the COVID-conscious participants (𝑝 =

9.800 ∗ 10−4, 𝛽 = 6.858 ∗ 10−5), but not by the typical participants

(𝑝 = 0.223, 𝛽 = 1.455 ∗ 10−5). These results indicate that COVID-
conscious participantsmight have beenmore fearful but less restless

when COVID was more prevalent, but typical participants’ anxiety

may not have changed significantly.

4.4.2 COVID-Conscious and Typical Participants’ Behaviors Were
Similar, But Their Physiology Differed During COVID Spikes. We

then analyzed the relationships between the behavioral features

of the COVID-conscious and typical participants and COVID-19

prevalence at the time the behaviors were recorded. We discarded

missing values for every feature and ensured every test had at least

30 feature samples.

Participants’ location features generally followed similar trends

regardless of whether they were COVID-conscious. As expected,

COVID-conscious participants spent significantly more time at

home when COVID was more prevalent (𝑝 = 8.173 ∗ 10−6, 𝛽 =

0.041), while typical participants did not (𝑝 = 0.068, 𝛽 = 0.010). In-

terestingly, typical participants traveled significantly less distances

when there were more new COVID cases (𝑝 = 0.010, 𝛽 = −0.711),
while COVID-conscious participants did not (𝑝 = 0.064, 𝛽 = −0.9637).
Thus, while typical participants may not have stayed home more

during COVID spikes, they did travel less, indicating they may have

still taken safety precautions.

Participants were also more social on their phones when COVID

was more prevalent. When there were more new COVID cases,

both COVID-Conscious (𝑝 = 1.138 ∗ 10
−4, 𝛽 = 0.066) and typi-

cal (𝑝 = 0.018, 𝛽 = 0.056) spent more time calling others. Inter-

estingly, typical participants also started more calls (𝑝 = 3.635 ∗

10
−4, 𝛽 = 1.033 ∗ 10−4), while COVID-conscious participants did

not (𝑝 = 0.651, 𝛽 = −1.58 ∗ 10
−5
). We also observed that typi-

cal participants sent (𝑝 = 8.662 ∗ 10−5, 𝛽 = 0.001) and received

(𝑝 = 6.681 ∗ 10−4, 𝛽 = 4.19710−4) more text messages when COVID

was more prominent. Not enough messaging data was collected

from COVID-conscious participants accurately to analyze their be-

haviors. However, across all participants the number of messages

sent (𝑝 = 1.741 ∗ 10−5, 𝛽 = 0.001) and received (𝑝 = 0.002, 𝛽 =

4.4610 ∗ −4) also identified a significant increase when COVID was

more prominent. These trends are marginally weaker than those

identified in typical participants only, indicating that there could

be differences in messaging behaviors from the COVID-conscious

participants. As such, our data indicates that COVID-conscious

and typical participants both spent more time calling others when

COVID was spreading more.

The physiology of the participants also contained two key dif-

ferences between the groups. The average resting heart rate of the

COVID-conscious participants was lower when COVID was more

prevalent (𝑝 = 0.002, 𝛽 = −3.224 ∗ 10−4), while typical participants’
average resting heart rate was higher (𝑝 = 0.031, 𝛽 = 1.854 ∗ 10−4).
Furthermore, typical participants slept significantly more efficiently

when COVID was more severe (𝑝 = 0.017, 𝛽 = 1.565 ∗ 10−4), while
COVID-conscious participants’ data did not contain a significant

trend (𝑝 = 0.755, 𝛽 = −2.124−5). This may indicate participants’

physiology may have differed during COVID spikes.

4.4.3 Models Predicting Anxiety Achieved Similar Error Rates for
COVID-Conscious and Typical Participants, but Used Slightly Dif-
ferent Features. Finally, we compared the models created to pre-

dict the anxiety of COVID-conscious and typical participants. We

first investigated the mean absolute error for COVID-conscious

(𝜇 = 2.681, 𝜎 = 2.794) and typical (𝜇 = 2.674, 𝜎 = 2.668) participants.
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Figure 7: The most frequently important features among the
COVID-Conscious and Typical participant groups. Despite
many similarities, the models predicting anxiety for COVID-
Conscious participants tend to usemore sleep features, while
those for typical participants tend to use heart rate features.

No significant difference was detected (𝑝 = 0.909), indicating that

the models are likely equally accurate for both types of participants.

We repeated our feature importance analysis from section 3.4,

separating the COVID-conscious and typical participant groups.

First, we counted the number of top occurrences of each feature

among each feature group. Using a Chi-Squared test, we identified

a significant difference in the most frequently important aspects

between the two groups (𝜒2 = 1939.300, 𝑝 < 0.001).

To identify these differences in greater detail, we identified the

most commonly important features for models belonging to COVID-

conscious and typical participants. These results are shown in Fig-

ure 7. Most features are shared between the two feature groups.

However, models predicting anxiety for COVID-conscious partici-

pants were more likely to use sleep features, while typical partici-

pants’ models utilized more heart rate features. This may indicate

differences in how participants’ behaviors relate to their anxiety

between the two groups.

5 Discussion
5.1 Mobile Sensing Data Can Be Used to Predict

Different Metrics of Adolescent Anxiety
Our regression models predicted the anxiety level of 29 adolescent

participants using passively sensed behaviors with a relatively low

error rate. Although we achieve low error rates, it is challenging

to directly compare our models’ error to those of similar studies

due to different anxiety and performance metrics. Even though our

error is low for the 22-point GAD-7, model performance should still

be improved to minimize errors when generalizing the predicted

GAD-7 score to the more granular anxiety levels (Table 2). We also

discovered that these models perform the best when trained and

tested on data from a single participant, emphasizing the need for

individualized models. Our results also indicated that a leave-one-

week-out cross validation results in more accurate models than an

accumulated-week approach. Additionally, our regressor models

achieved a low error, but our classifiers failed to achieve acceptable

accuracy. This may indicate that the exact anxiety level may be

unrealistic to predict, but regressor models can provide a prediction

with reasonable error.

Not only can our models predict anxiety scores, but they success-

fully predict specific aspects of anxiety, as defined by the GAD-7.

Mobile health systems may leverage passively sensed behaviors to

accurately predict other forms of cognitive and emotional distress,

such as irritability, nervousness, and restlessness. Interestingly, the

accuracy of these models was relatively consistent across anxiety

aspects, with the notable exception of predicting when participants

cannot relax, which had a higher error rate. Since physiological

indicators like heart rate are generally expected to identify relaxed

states, it is notable that our collected heart rate data did not result

in a well-performing predictor of a relaxed state. Future work may

investigate how relaxation can be accurately predicted through

passively sensed behaviors.

5.2 Adolescent Location, Screen Time, and
Activities are most Indicative of their
Anxiety

Our analysis found that behaviors related to phone screen usage,

location, and phone activity recognition were frequently important

when predicting anxiety. In particular, these features demonstrate

that GAD-7 scores were often predicted using mobility and phone

usage features. Interestingly, sleep features were rarely important

to the models, indicating adolescent sleep patterns are not as related

to their anxiety as movement and phone usage.

The explainability of our models was further enhanced by our

analysis of the models’ SHAP values. We found location, sleep,

calls, and messaging features had the most features significantly

related to the model’s performance. Interestingly, most of these

significant relationships implied that high feature values would

increase error, while lower values would decrease it. Future work

can further investigate the differences between these features and

SHAP values, better explaining why doing less of most behaviors

appears to make anxiety easier to predict. Our analysis of location,

and activity recognition features also indicated that themodels were

more accurate when participants moved more, but this was not

reflected in the COVID analysis. We observed that our participants

were less mobile during the Red lockdown phases, but the models

remained equally accurate during all three levels of lockdown.

5.3 The Severity of Anxiety Changed
Throughout the Pandemic

Weanalyzed participants’ anxiety throughout the pandemic through-

out the lockdown phases, and in relation to the number of new

COVID cases. In particular, participants were less anxious during

partial COVID lockdowns than during full or no lockdown. The

improvement over complete lockdowns likely indicates participants

were optimistic that the pandemic was ending and excited to be

permitted to leave home again. These positive changes may have

led to overall decreased anxiety. However, this change was not

reflected during the comparison between partial and no lockdowns.

This difference could indicate that the extra COVID precautions

in place during a partial lockdown helped alleviate the anxiety

of the participants, and once those precautions were lifted, their

anxiety increased. This could also be due to an ordering effect, as

participants could be optimistic about the restrictions easing during

a partial lockdown. Still, the novelty could have worn off when
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the lockdowns were lifted. These findings somewhat contradict

the existing literature that indicates that mental health decreased

drastically during lockdowns and improved after the lockdowns

were lifted.

We also found that once the lockdowns were fully lifted, par-

ticipants’ anxiety did not directly relate to the severity of COVID

at that time. While GAD-7 scores did not differ, several individual

characteristics did. In particular, participants were more fearful

when the disease spread faster, and those taking COVID precau-

tions were less restless. Despite reporting increased fearfulness,

other GAD-7 questions, particularly those that quantified nervous-

ness and worry, did not change. This could indicate that while

many participants were monitoring the prevalence of COVID, and

these changes increased their fear, they accepted that the disease

was widespread and were not as worried about getting it. It also

demonstrated that prolonged exposure to the pandemic did not

make participants less afraid of the disease but did make them less

fearful of getting it.

5.4 Adolescent Behaviors Varied Throughout
the Pandemic Stages

To the best of our knowledge, our work is the first to study the

passively sensed behaviors of adolescents during the COVID-19

pandemic. As expected, we observed many behaviors that varied

between the various lockdown stages and between different partici-

pants. Although these differences are expected, the exact differences

provide interesting insight into the behavior of adolescents.

First, we identified that participants generally spent less time

lying in bed in the morning during full lockdowns than without

lockdown. This finding is somewhat counterintuitive, as partici-

pants would be expected to spend more time lying in bed when they

cannot leave home, and have less to do. However, our data indicated

the opposite. Similarly, participants’ location data demonstrated

that participants did not spend more time at home during partial

lockdowns compared to no lockdowns, despite government guid-

ance to stay home whenever possible. This may indicate that our

participants did not closely adhere to governmental guidance once

the lockdowns were partially lifted. Finally, our participants utilized

their phones to interact with others significantly less during no

lockdown compared to full and partial lockdowns. Intuitively, our

participants interacted with others face-to-face once restrictions

were lifted, whereas they had to do so digitally when restrictions

were active. We also found that participants spent more time at lo-

cations other than home during partial lockdowns, compared to no

lockdowns. Yet, the communication data indicates they remained

socially distant, not interacting with others in person. These find-

ings provide insight into adolescent behavior during the pandemic,

but more research is required to properly explain these behaviors

beyond intuitive speculation.

5.5 Future Work & Further Limitations
Althoughmuch of our work focuses on behaviors and mental health

during COVID-19, our study was not explicitly designed for this

purpose. As a result, our analysis contains potential confounds

that could not be prevented, such as a lack of random ordering

between lockdown conditions. While our study contains interesting

findings connecting adolescent behaviors to anxiety during the

pandemic, these confounds are present throughout the analysis and

are important to consider.

Missing data was a considerable limitation of this study. Only 29

of the 55 participants (53%) made it to the final machine learning

dataset due to missing GAD-7 questionnaires or sensor data. Within

the 29 included participants, there was still much missing data that

had to be imputed with a moving average. This may be because our

study collected a single questionnaire a week, and if participants

failed to complete it, the entire week of data had to be discarded.

Future studies could collect GAD-7 scores more frequently, allow-

ing daily predictions rather than weekly, minimizing the effect of

missing data. We also could not use many of the passively sensed

Fitbit data in these models due to the lack of data. As a result, we

miss key insights into whether or not sleep, heart, or step habits

could be able to predict anxiety for specific participants.

Finally, our COVID analysis uses lockdown dates and prevalence

data for a specific geographic area. We could not access their pre-

cise county of residence to preserve participant privacy. Since all

participants were recruited in person, our analysis considered all

counties near the hospital, but it is possible that some participants

lived outside of this area.

6 Conclusion
We conducted a study to investigate whether the severity of adoles-

cents’ anxiety can be predicted through passively sensed behaviors.

55 participants were recruited to wear a Fitbit, passively record data

through their phone, and complete weekly questionnaires quanti-

fying their anxiety for 24 weeks. We determined that participants’

responses to the anxiety questionnaire could be predicted with rela-

tively low error rates. Using feature importance and SHAP values to

interpret these models, we identify that features related to mobility

and phone usage are the most useful for predicting anxiety. Coinci-

dentally, our data collection began in early March 2020, enabling

us to study the effects of the COVID-19 pandemic on participant

behaviors and anxiety. We find that our anxiety predictions achieve

similar accuracy, regardless of government-mandated lockdowns

or the prevalence of the disease. Participants experienced lower

anxiety levels during partial lockdowns and felt less fear when

the disease was spreading at a slower rate. However, their overall

anxiety did not directly correlate with the prevalence of the dis-

ease. Our findings can contribute to the development of mobile

health systems that passively monitor adolescent anxiety, offering

valuable insights into potential behavior and mental health during

future pandemics.
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