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Abstract

Background: Intensive longitudinal methods (ILMs) for collecting self-report (e.g., daily 

diaries, ecological momentary assessment) and passive data from smartphones and wearable 

sensors provide promising avenues for improved prediction of depression and suicidal ideation 

(SI). However, few studies have utilized ILMs to predict outcomes for at-risk, non-clinical 

populations in real-world settings.

Methods: Medical interns (N = 2,881; 57% female; 58% White) were recruited from over 

300 US residency programs. Interns completed a pre-internship assessment of depression, 

were given Fitbit wearable devices, and provided daily mood ratings (scale: 1–10) via mobile 

application during the study period. Three-step hierarchical logistic regressions were used to 

predict depression and SI at the end of the first quarter utilizing pre-internship predictors in step 1, 

Fitbit sleep/step features in step 2, and daily diary mood features in step 3.

Results: Passively collected Fitbit features related to sleep and steps had negligible predictive 

validity for depression, and no incremental predictive validity for SI. However, mean-level and 

variability in mood scores derived from daily diaries were significant independent predictors of 

depression and SI, and significantly improved model accuracy.

Limitations: Work schedules for interns may result in sleep and activity patterns that differ from 

typical associations with depression or SI. The SI measure did not capture intent or severity.

Conclusions: Mobile self-reporting of daily mood improved the prediction of depression and SI 

during a meaningful at-risk period under naturalistic conditions. Additional research is needed to 

guide the development of adaptive interventions among vulnerable populations.
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Depression is the leading cause of disease-associated disability worldwide (World Health 

Organization, 2017) and, in the United States (US), has an annual economic burden of 

over 200 billion dollars (Greenberg et al., 2015). The prevalence rate for Major Depressive 

Disorder (MDD) in the US has increased over the past 25 years, and is highest among 

young adults (Hasin et al., 2018). Depression is frequently present among individuals 

who die by suicide (Hawton et al., 2013). In parallel, trends for suicide in the US have 

closely mirrored those of depression, with suicide rates increasing by 35% over the past 

20 years (Hedegaard et al., 2020). Methodological limitations have hindered our ability 

to predict suicide-related outcomes in a way that meaningfully informs prevention efforts. 

For example, a meta-analysis of studies spanning over 50 years found that methods used 

for predicting suicidal thoughts and behaviors often rely on single measures and predict 

outcomes over long and unspecific periods of time (Franklin et al., 2017), versus shorter-

term periods necessary to inform timely interventions.

Intensive longitudinal methods (ILMs) for collecting self-report [e.g., ecological momentary 

assessments (EMAs), daily diaries] and passive data from smartphones and wearable 

devices (e.g., smartwatches) provide significant advantages and opportunities to improve 

the prediction of mental health outcomes. Responding to prompts on a mobile phone 

daily or multiple times per day significantly reduces recall bias compared to assessments 

recounting the previous week (e.g., Gratch et al., 2021) and is particularly important in the 

context of assessing mood and suicidal thoughts, as these often fluctuate over time (e.g., 

Czyz et al., 2019; Kleiman et al., 2017; Targum et al., 2021). Another advantage of such 

repeated assessments is the ability to develop dynamic features, such as variability, that 

improve prediction of depression and suicidal ideation (e.g., Czyz et al., 2020; Peters et al., 

2020; Schoevers et al., 2020). While studies utilizing intensive longitudinal assessments to 

predict suicidal ideation are promising, there are limitations regarding generalizability and 

implementation outside of research settings. Most studies to date have used small samples (n 

< 100) of clinical or inpatient populations, required multiple EMA responses per day (i.e., 

high participant burden), and provided monetary incentives for each completed survey (e.g., 

Rabasco and Sheehan, 2021; Sedano-Capdevila et al., 2021). Few studies have examined 

the potential for intensive longitudinal assessments to make predictions regarding risk for 

negative mental health outcomes during sensitive periods for less severe populations, under 

naturalistic conditions.

Prospective studies have established that too much, or too little, sleep can predispose, 

precipitate, and perpetuate depression (e.g., Zhai et al., 2015). Likewise, a lack of physical 

activity increases the risk of depression (e.g., Schuch et al., 2018). Passive sensing from 

smartphones and wearable devices, collected over weeks to months, have demonstrated an 

ability to predict mood and depressive symptoms from these (i.e., sleep, physical activity) 

and other (e.g., heart rate variability, speech patterns) features (e.g., Ben-Zeev et al., 2015; 

Or et al., 2017; Pedrelli et al., 2020; Tazawa et al., 2020; Yim et al., 2020), and provides 

the distinct advantage of low participant burden. While the evidence is strong for these 

features to aid in the detection and prediction of depression, empirical support for utilizing 

passive mobile or sensor data to predict suicidal ideation has been limited. A study by 

Haines-Delmont et al. (2020) used machine learning methods to analyze features from 

sensor and mobile data to predict suicidal ideation in the week following discharge from 
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psychiatric hospitalization, but overall predictive accuracy was fairly weak (Area Under the 

Curve = 0.65). Further, among adults reporting past-month suicidal ideation and sleeping 

difficulties, sensor-based estimates of total sleep time predicted next-day suicidal ideation, 

but the effect was similar to subjective reports of sleep via EMA, with subjective sleep 

quality having the strongest predictive effect for suicidal ideation (Littlewood et al., 2018). 

Additional research is needed to clarify whether specific features from mobile or wearable 

data can be used to meaningfully aid in the prediction of suicidal ideation.

Medical internship (i.e., first year of residency physician training) is associated with elevated 

rates of depression (Mata et al., 2015), with the prevalence of depression increasing from 

3.9% immediately before internship to 27.1% by the end of the first quarter of the internship 

year (Sen et al., 2010). Suicidal ideation also increases during internship and physicians 

die by suicide at rates greater than the general population (Goldman et al., 2015). Taken 

together, the first quarter of internship presents a unique situation whereby the development 

of depression and suicidal ideation can be expected among a relatively healthy, non-clinical 

sample of mostly young adults. The present study seeks to build upon the existing literature 

of ILMs predicting mental health outcomes by using a large, naturalistic sample of medical 

interns to examine aggregated Fitbit and daily diary mood data, over a clinically meaningful 

time frame (i.e., the first quarter of internship), as prospective predictors of depression 

and suicidal ideation at the end of the quarter. To gain a better understanding of the 

predictive capacities for different data sources, we will examine traditional survey measures, 

passive data, and daily mood data in incremental steps. Results from this study may have 

implications for understanding the added value of ILMs to traditional assessments and 

offer insights into the development of interventions that can adaptively respond to survey 

assessments or passively collected data detecting risk for adverse outcomes during a period 

of significant vulnerability.

Methods

Participants

The Intern Health Study is a prospective cohort study assessing stress and depression during 

the first year of residency training in the United States (Sen et al., 2010). Participants 

included in this analysis were 2,881 medical doctors from over 300 residency institutions 

across the United States who enrolled in the study during the 2018–2019 and 2019–2020 

academic years. The sample was 56.8% female, and the mean age was 27.6 years (SD = 

2.6). Racial/ethnic distribution was as follows: 58.0% White, 22.7% Asian, 4.7% Black, 

3.8% Hispanic/Latinx, 8.4% Multi-racial, and 2.4% Other race.

Measures

Baseline and Quarterly Survey Measures—The baseline survey was administered 

via mobile application prior to the start of internship and assessed basic demographic 

information (e.g., age, race) and clinical symptoms. The follow-up survey was administered 

via mobile application during the third month of internship.
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Depression.: The Patient Health Questionnare-9 (PHQ-9; Kroenke et al., 2001) assesses 

the nine DSM-5 depressive symptoms. Items are rated on a 4-point Likert scale (0–27 full 

scale range) for frequency of being bothered by a particular symptom in the past two weeks, 

ranging from “not at all” to “nearly every day.” The PHQ-9 was administered at baseline and 

at the follow-up survey, and had an internal consistency of α = .78 in this sample.

Suicidal Ideation.: The final item from the PHQ-9 was used to assess frequency of suicidal 

ideation, “thoughts that you would be better off dead or hurting yourself in some way.” This 

item was dichotomized based on presence or absence of any suicidal ideation in the past two 

weeks for the baseline and follow-up assessments.

Daily Measures

Sleep and Steps.: Sleep and step data were collected passively via Fitbit. Averages for daily 

sleep minutes and daily step counts were aggregated from responses during the study period. 

Features were also generated from variability in these daily scores, changes in daily scores 

over time, and adherence to wearing their Fitbit devices. Previous studies have demonstrated 

the reliability and validity of using data collected by Fitbits to measure these constructs (for 

a review, see Evenson et al., 2015).

Mood.: Mood valence was assessed with a single item using a mobile application, “On a 

scale of 1 (lowest) to 10 (highest), how was your mood today?” Single-item mood measures 

are clinically useful proxies for larger scales, such as the PHQ-9 (Aguilera et al., 2015). 

Participants were prompted through the mobile application notification to complete this 

measure daily at a user-specified time between 5pm and 10pm. Features derived from 

aggregated mood scores included daily average mood, variability in mood, changes in mood 

over time, and adherence daily mood prompts.

Procedures

The study was approved by the University of Michigan Institutional Review Board, and we 

obtained informed consent from all study participants. Two-to-three months prior to the start 

of internship, medical doctors were invited to participate in the study. Those consenting to 

participate received instructions for downloading the study mobile application, completed 

the baseline assessment, and provided a mailing address for the Fitbit Charge 2 device, 

which was sent shortly thereafter. Participants were instructed to sync Fitbits to their phone 

and wear them regularly throughout the intern year (including when they sleep) to collect 

objective data on their daily activity such as steps, sleep, and heartrate. During internship, 

the mobile application was utilized to conduct assessments of daily mood and the follow-up 

survey, aggregate and visualize data, and deliver push notifications (for additional details, 

see NeCamp et al., 2020). For the purposes of this study, variables using aggregated daily 

mood, sleep, and step data only included data from the first day of internship until the 

follow-up survey at the end of Quarter 1. Participants were compensated with $25 at the 

baseline and the follow-up assessment, but importantly, they were not compensated for 

the completion of daily mood surveys or adherence to wearing their Fitbit. Out of the 

3,814 interns participating in the study, this study’s analytic sample was restricted to 2,881 

interns (75.6%) who had completed the baseline survey and the 1st quarter follow-up survey. 
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Compared to interns in the analytic sample, interns who did not complete the 1st quarter 

follow-up survey had significantly higher mean baseline scores of depression (3.22 vs. 2.66), 

were less likely to be female (52.4% vs. 56.8%), and were more likely to report suicidal 

ideation at baseline (5.6% vs. 3.0%).

Data Analytic Plan

Data were analyzed with R version 4.02. Features were derived from daily diary and Fitbit 

data aggregated during the first two-to-three months of internship (up until an individual’s 

completion of the quarterly survey). This interval was chosen to capture the period of 

internship in which depressive symptoms have the greatest increase (Sen et al., 2010) and 

allow for an examination of changes over time. We developed four features for each of the 

mood, sleep, and step domains: mean scores, standard deviations (variability), completion 

percentage (adherence), and slope (change in mean score during this period). Our outcome 

variables of interest, assessed at the quarter #1 survey, were depression (scores of 10 

or higher on the PHQ-9, indicating at least moderate depression) and suicidal ideation 

(any non-zero score for PHQ-9 item #9). T-tests and chi-squares examined between-groups 

differences in demographics and clinical characteristics for those who provided daily diary 

and Fitbit data and those who did not provide this data during the study period. At least two 

entries were required for each of the three domains (i.e., sleep, steps, mood) to have been 

considered adherent. Likewise, t-tests and chi-squares examined between-group differences 

in demographic, clinical, and daily-level data based on whether moderate depressive 

symptoms and suicidal ideation were reported at follow-up.

To assess the incremental predictive validity of Fitbit and daily diary features beyond the 

base model incorporating baseline depression and suicidal ideation, we conducted three-step 

hierarchical logistic regressions that included baseline and demographic variables in Step 

1, passively collected Fitbit features in Step 2, and daily diary mood assessment features 

in Step 3. Individuals who did not provide daily diary or Fitbit data (n = 643) were not 

included in the regression analyses. We included multiple metrics to demonstrate model 

fit, and changes in steps, including Bayesian Information Criterion (BIC), Area Under the 

Curve (AUC), and Nagelkerke pseudo-R2. Age, completion rate, and slope features were 

not significant in any models and were removed for parsimony. Tests of multicollinearity 

indicated that collinearity assumptions were met (VIF < 2.5) for all variables in the final 

regression models. Some of the interns in the study received push notifications containing 

tips and personalized feedback related to mood, sleep, and steps during the study period 

(NeCamp et al., 2020). This intervention variable was initially included as a covariate, and 

then removed for non-significance.

Results

Adherence to Daily Diary and Fitbit

Of the 2,881 interns in the study, 2238 (77.7%) provided at least two entries for each 

predictor: daily mood scores, sleep, and step count. Race was the only baseline variable 

that differed significantly between interns who did and did not adhere to daily diaries and 

wearing Fitbits. Specifically, interns who identified as Asian were overrepresented in the 
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group of interns not completing daily diaries or wearing Fitbits, and White interns were 

overrepresented in the group of interns providing data in these domains. Follow-up mean 

scores of depression were slightly higher among those who did not adhere to daily diaries 

and Fitbits (See Table 1).

Univariate Associations with Depression and Suicidal Ideation at Follow-up

Depression, defined as a PHQ-9 score of 10 or higher at the follow-up assessment was 

present in 500 (17.6%) interns, and suicidal ideation in the past two weeks was endorsed by 

217 (7.7%) interns. Univariate prospective associations of sociodemographic, clinical, Fitbit, 

and daily diary variables with depression and suicidal ideation are presented in Table 2. As 

may be expected, pre-internship depression and suicidal ideation had significant associations 

with depression and suicidal ideation at follow-up. Mean scores and variability in daily 

mood reports were also associated with depression and suicidal ideation at follow-up. 

Greater variability in sleep and lower completion rates of daily mood diaries had significant 

associations with depression only. None of the other features derived from Fitbit sensors or 

daily diary data were independently associated with depression or suicidal ideation at follow 

up.

Hierarchical Logistic Regressions

The three-step hierarchical logistic regression examining baseline demographic and clinical 

variables in step 1, Fitbit features in step 2, and daily diary mood features in step 

3 as longitudinal predictors of depression is presented in Table 3. Receiver operating 

characteristic (ROC) curves for each step are included in Figure 1. Intern sex, pre-internship 

depression, and pre-internship suicidal ideation were significant independent predictors of 

depression in Step 1. The inclusion of sleep and step variables from Fitbit features provided 

a small improvement in model fit in step 2, whereas the inclusion of daily diary mood 

features in step 3 significantly improved overall model fit and reduced BIC. In the final 

model, adjusted odds for depression increased by 28% for each additional point on the 

pre-internship PHQ-9, 75% for each one-point decline in mean mood score, and 79% for 

each one-point increase in mood variability.

The three-step hierarchical logistic regression examining baseline demographic and clinical 

variables in step 1, Fitbit features in step 2, and daily diary mood data in step 3 as 

longitudinal predictors of suicidal ideation is presented in Table 4 (ROC curves in Figure 

1). Pre-internship depression and suicidal ideation were significant predictors of suicidal 

ideation at follow-up in Step 1. Sleep and step features from Fitbit data did not significantly 

improve the overall model fit in Step 2. The inclusion of mean mood and variability in mood 

scores in step 3 significantly improved model fit and reduced BIC, and both variables were 

significant independent predictors of suicidal ideation. In the final model, adjusted odds for 

suicidal ideation increased by 12% for each additional point on the PHQ-9, by a factor of 

7.93 for those endorsing pre-internship suicidal ideation, 82% for each one-point decline in 

mean mood score, and 53% for each one-point increase in mood variability.
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Discussion

In a naturalistic study of medical interns, lower average mood ratings and greater 

mood variability from daily diaries during the first quarter of internship were significant 

independent predictors of depression and suicidal ideation at the end of the quarter, even 

after accounting for sociodemographic and pre-internship clinical characteristics. Contrary 

to expectation, passively collected Fitbit features (e.g., mean-levels, variability, changes 

over time in sleep and step counts) did not provide incremental improvement in the 

prediction of suicidal ideation, and provided only a negligible improvement in the prediction 

of depression. This was the first study to utilize a combination of intensive longitudinal 

methods and sensor data to predict depression and suicidal ideation in the context of a 

large, non-clinical sample. While the modest improvement in prediction from daily diary 

data provides support for use of intensive longitudinal methods to enhance prediction 

of depression and suicidal ideation during a period of heightened vulnerability to these 

outcomes, this line of inquiry is still relatively new. Additional research is needed to clarify 

the optimal assessment methods and the features from mobile and wearable sensors with the 

greatest potential for improving predictive accuracy.

Consistent with previous studies utilizing intensive longitudinal assessments with clinically 

severe samples (e.g., Czyz et al., 2020; Peters et al., 2020), we found predictive effects for 

both mean-level and variability scores of self-report data. The effect of mean mood during 

the 60-day period over and above pre-internship depression and suicidal ideation may be 

explained by a closer temporal proximity to the assessment outcomes, and is consistent 

with previous studies demonstrating the advantages of daily ratings over retrospective 

recall (Ben-Zeev et al., 2009). Nevertheless, the z-scores in the suicidal ideation model 

suggested that mean mood score was just as strong of a predictor as baseline suicidal 

ideation. Variability also had significant main effects for predicting depression and suicidal 

ideation, suggesting that fluctuations in daily mood scores may be a particularly useful 

indicator for clinical interventions monitoring and responding to changes in mood. The 

performance of these features is particularly notable given that, in contrast to most intensive 

longitudinal studies that incentivize daily assessments to increase compliance (e.g., Rabasco 

and Sheehan, 2021; Sedano-Capdevila et al., 2021), our findings were informed by single, 

uncompensated daily mood assessments with a 50% overall completion rate. This suggests 

that meaningful improvement in the prediction of suicidal ideation and depression for an 

at-risk group during a sensitive period can be made with relatively little additional burden or 

cost.

Daily monitoring of mood facilitated by mobile devices may have considerable implications 

for identifying early indicators of depression or suicide risk in non-clinical populations, 

which, in turn, could guide provision of interventions during transitional periods. 

Importantly, ILMs have significant potential to inform timely and tailored interventions, 

such as adaptive interventions that are concerned with adjusting the type, intensity, and 

timing of support based on early signs of risk to improve long-term outcomes while reducing 

burden (Murphy et al., 2007; Nahum-Shani et al., 2012). Additional research is needed to 

better understand the earliest periods in which risk can be accurately predicted for at-risk 

groups, and how to intervene to prevent the negative progression of symptoms.
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While passively collected Fitbit data had limited utility in the prediction of depression 

or suicidal ideation, this is a particularly new area of inquiry, with emerging research 

illustrating the utility of passive sensing data in predicting changes in depression severity 

(Ben-Zeev et al., 2015; Pedrelli et al., 2020) and suicidal phenomena (Haines-Delmont et al., 

2020; Littlewood et al., 2018). However, our results are consistent with prior work showing 

that passively assessed metrics do not necessarily outperform self-reported data (Littlewood 

et al., 2018). It is possible that more fine-grained measurement of passive sensing features 

beyond sleep duration and variability, such as changes in sleep and wake times (Fang et al., 

2021; Wang et al., 2018), is needed to improve prediction of depression of suicidal ideation 

beyond self-reported mood ratings. Likewise, features for physical activity (e.g., physical 

activity minutes at varying intensity levels) from newer models of wearable sensors may be 

able to improve predictive accuracy. Importantly, these passive sensing studies have varied 

on length of time data is being aggregated, sources of passive data, and time to predicted 

outcome (e.g., next day, next week, next month). Further research is needed to examine the 

potential utility of these data and the contexts in which passive sensing may provide an 

advantage in risk detection and prediction.

This study had several strengths, including a large sample size, use of a non-clinical 

population, and an intensive longitudinal design. However, findings should be interpreted in 

the context of the study’s limitations. While medical interns in the study were participating 

from hundreds of programs across the United States, there is inherent heterogeneity as 

a function of education and occupation that limits generalizability to other populations. 

Furthermore, internship is characterized by long and irregular work hours, and the impact 

of these work responsibilities may have resulted in sleep and step patterns that are not as 

representative of the expected associations of sleep and steps with depression or suicidal 

ideation in other samples. Interns who did not complete the follow-up survey had higher 

scores of baseline depression and were more likely to endorse suicidal ideation. Thus, our 

analytic sample may represent a less clinically severe sample of interns. While the ninth 

item from the PHQ-9 has been widely used as an indicator of suicidal ideation (e.g., Rossom 

et al., 2017), it is somewhat nonspecific and does not capture important constructs such as 

suicidal intent or plan. Additionally, while Fitbit has undergone successful validation studies 

in the laboratory (e.g., de Zambotti et al., 2018), other studies have identified concerns 

related to accuracy (e.g., Feehan et al., 2018). Inconsistency in use, such as wearing a Fitbit 

for only part of the day, may have generated error that contributed to a non-significance 

in findings related to depression and suicidal ideation, and additional validation studies 

conducted in naturalistic settings are warranted. Finally, while previous ILM studies have 

typically focused on near-term (i.e., next-day) suicidal ideation, our study assessed suicidal 

ideation on a quarterly basis, preventing more near-term predictions. Nevertheless, this 

unique and large sample allowed us to examine the utility of intensive longitudinal data in 

a naturalistic setting with a sample at elevated risk for the development of depression and 

suicidal ideation.

In conclusion, our findings indicated that mobile monitoring of daily mood improves 

the prediction of depression and suicidal ideation during a meaningful at-risk period 

(first quarter of internship) under naturalistic conditions (e.g., without compensation), 

demonstrating potential for reach outside of research settings. Additional research is needed 
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to address key questions that can further guide the development of adaptive interventions 

among less clinically severe, but nevertheless vulnerable, populations. For example, future 

research should identify the earliest period (e.g., first two or four weeks after start of 

internship) at which daily or sensor data demonstrate sufficiently strong prediction of 

adverse follow-up outcomes and examine different approaches to processing intensive 

longitudinal data (e.g., different features) to improve prediction. Taken together, mobile 

technology has the potential to capture time-sensitive markers of adverse outcomes and 

make an impact on facilitating risk detection and timely interventions in naturalistic settings, 

particularly among populations at risk for the development of symptoms.
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Figure 1. 
ROC Curves Predicting Depression and Suicidal Ideation
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Table 1

Sample demographics, characteristics and adherence for daily diary and Fitbit data

Variable Total sample n = 2881 n(%) No DD or Fitbit n = 643 
(22.3%) %

DD and Fitbit n = 2238 
(77.7%) %

Test statistic t(df) or χ2(df)

Sex (% Female) 1636 (56.8%) 55.1% 57.3% χ2(1) = 1.01

Race/Ethnicity χ2(5) = 41.49***

 White 1671 (58.0%) 48.7% 60.7%

 Black 134 (4.7%) 4.7% 4.6%

 Hispanic/Latinx 110 (3.8%) 4.5% 3.6%

 Asian 654 (22.7%) 30.1% 20.4%

 Multi-racial 243 (8.4%) 7.9% 8.6%

 Other 69 (2.4%) 3.6% 2.1%

Age (M(SD)) 27.58 (2.6) 27.61 (2.6) 27.57 (2.5) t(2865) = 0.33

Pre PHQ-9 (M(SD)) 2.66 (2.9) 2.80 (3.1) 2.61 (2.8) t(2879) = 1.44

Pre SI (% Yes) 88 (3.1%) 3.0% 3.1% χ2(1) = 0.01

Q1 PHQ-9 (M(SD)) 5.67 (4.2) 6.08 (4.3) 5.56 (4.1) t(2839) = 2.70**

Q1 Dep (% Yes) 500 (17.6%) 18.7% 17.3% χ2(1) = 0.69

Q1 SI (% Yes) 217 (7.7%) 6.1% 8.1% χ2(1) = 2.72

Note.

**
p <.01

***
p <.001. M(SD) = Mean(standard deviation). DD = Daily Diary. Pre = Pre-internship. PHQ-9 = Patient Health Questionnaire-9 score. Dep = 

PHQ-9 depression score >=10, indicating moderate-to-severe symptoms. Q1 = Quarter 1 follow-up assessment. SI = Suicidal Ideation.
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