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Abstract
Background: Although stress is a risk factor for mental and physical health problems, it can be difﬁcult to assess, especially on a
continual, non-invasive basis. Mobile sensing data, which are continuously collected from naturalistic smartphone use, may estimate exposure to acute and chronic stressors that have health-damaging effects. This initial validation study validated a mobilesensing collection tool against assessments of perceived and lifetime stress, mental health, sleep duration, and inﬂammation.
Methods: Participants were 25 well-characterized healthy young adults (Mage = 20.64 years, SD = 2.74; 13 men, 12 women). We
collected affective text language use with a custom smartphone keyboard. We assessed participants’ perceived and lifetime stress,
depression and anxiety levels, sleep duration, and basal inﬂammatory activity (i.e. salivary C-reactive protein and interleukin-1β).
Results: Three measures of affective language (i.e. total positive words, total negative words, and total affective words) were
strongly associated with lifetime stress exposure, and total negative words typed was related to fewer hours slept (all large
effect sizes: r = 0.50 – 0.78). Total positive words, total negative words, and total affective words typed were also associated
with higher perceived stress and lower salivary C-reactive protein levels (medium effect sizes; r = 0.22 – 0.32).
Conclusions: Data from this initial longitudinal validation study suggest that total and affective text use may be useful mobile
sensing measures insofar as they are associated with several other stress, mental health, behavioral, and biological outcomes. This tool may thus help identify individuals at increased risk for stress-related health problems.
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Introduction
1

In recent years, the global disease burden has shifted away
from premature death toward more years lived with disability.1,2 Non-communicable, chronic diseases are now
responsible for more years lost and greater health treatment
costs than any other type of illness or disease.3 It is thus
important to identify modiﬁable risk factors for chronic diseases that can be targeted for intervention and prevention
programs.
Chronic inﬂammation is one mechanism that appears to
be relevant for a wide variety of physical and mental health
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problems,4 including heart disease,5 obesity,6,7 and depression.8 Inﬂammatory activity has been shown to be upregulated by psychological stress in addition to tissue damage
and microbial threats.9 However, frequently assessing
inﬂammatory levels over time, within a particular individual, is a difﬁcult and expensive way to index stress-related
disease risk, and continuous, real-time assessments are not
currently possible. Other measures of stress that are known
to be associated with chronic illnesses and inﬂammation
include depression and anxiety,10,11 perceived stress,12
stressful life events,13 and poor sleep.14 However, many
of these factors are either biased (e.g. if self-reported) or
also difﬁcult to repeatedly measure over long periods
of time.
Recent technological advances have enabled the
ongoing assessment of stress markers that might be relevant
for estimating changes in chronic disease risk. For example,
mobile sensing data, which are continuously collected from
a person’s naturalistic smartphone use, may be able to estimate levels of both acute and chronic stressors that have
health-damaging effects. Mobile sensing has the advantage
of measuring objective, naturalistic behavioral data unobtrusively, while preserving ecological validity. This
beneﬁt could improve upon self-reported questionnaires,
which may suffer from response- or interpretation bias,
and physiological variables, which are more difﬁcult to
obtain and challenging to measure in ecologically valid
contexts.
Mobile sensing tools can measure behaviors that are
known to be associated with stress and mood, including language use, facial expressions, sleep, and music choice,
among others.15–18 Some research has even shown that
user location, type of sound in the environment (including
voices), and being around others (based on Bluetooth
data) are all associated with self-reported perceived stress
levels.19 However, natural language use from the keyboard
is especially interesting for two reasons. Firstly, there is
accumulating evidence that natural language processing
can be used to detect critical health events,20 including elevated suicide risk,21,22 and is also related to depression,23
heart disease,24 and overall mortality (particularly less positive emotional words in the latter case).25 Secondly, few
mobile sensing tools capture the content of communication,
opting instead to focus on communication frequency (e.g.
number of texts sent and number of phone calls made26).
As such, focusing on the content of the language represents
an important innovation in assessing stress-related signals
that may be useful for non-invasively estimating stressrelated health risks on a continual basis.
To accomplish this goal, we conducted a longitudinal
validation study of healthy young adults in which we
used a mobile sensing collection tool called Effortless
Assessment of Risk States (EARS)26 to validate naturalistic
text collection from smartphones (using a custom keyboard)
as an objective behavioral marker of both short-term stress
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(i.e. perceived and contextual stress, mental health symptoms and biological stress markers) and long-term stress
(i.e. cumulative lifetime stress exposure). Focusing on communication content (e.g. affective sentiment) improves
upon prior studies that have measured communication frequency only. Furthermore, no study has examined associations between mobile sensing and biological (i.e. immune)
markers of stress. Therefore, this study was designed to
show if affective language measured noninvasively and in
an ecologically valid way is associated with self-reported
and biological markers of stress. We focused speciﬁcally
on healthy young adults given the fact that they are less
likely to have already experienced a serious inﬂammationrelated disease. As such, any insights gained from this
research could have the ability to potentially identify preclinical risk processes that could in turn be targeted to
reduce the initial onset of disease.
Based on the research summarized above, we hypothesized that more negative sentiment words typed (i.e. more
positive sentiment score, more total negative words typed,
and less positive to total affective words typed) would be
associated with: (a) higher self-reported perceived stress,
as measured by the Perceived Stress Scale (PSS); (b)
higher self-reported depression and anxiety, as measured
by the Depression, Anxiety, and Stress Scales (DASS);
(c) greater lifetime stress exposure, as measured by the
Stress and Adversity Inventory for Adults (STRAIN); (d)
higher basal levels of inﬂammation, as indexed by salivary
C-reactive protein (sCRP) and salivary levels of the key
pro-inﬂammatory cytokine, salivary interleukin-1β
(sIL-1β); and (e) fewer self-reported hours of total sleep,
as measured by the Pittsburgh Sleep Quality Index (PSQI).

Methods and materials
Participants and recruitment
We conducted the Effortless Assessment of Stressful
Experiences (EASE) study (University of Oregon
Institutional Review Board (IRB) protocol number
07212016.019) in 2016–2017. We assessed 25 healthy
young adults (13 male, 12 female; 13 men, 12 women)
over fall and winter terms of 2016 and 2017, who were
recruited from the university community (Mage = 20.64
years old, SD = 2.74). Participants provided written
informed consent to take part in the study. The inclusion
criteria were owning an Android phone and not having an
immunological medical condition. Participants selfreported their race/ethnicity as 64% White, 12% Asian,
12% multiracial, and 12% Hispanic. The average yearly
total pre-tax income of the participants’ parents was
$85,080 (range: $0–$300,000), and parents’ education
was 20% high school, 16% some college, 8% associate’s
degree, 36% bachelor’s degree, 12% master’s degree, and
8% PhD.
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Procedure

DASS is high across clinical and community samples, with
Cronbach’s alpha coefﬁcients for the Depression, Anxiety,
and Stress scales of 0.97, 0.92, and 0.95, respectively.34

Data were collected twice during the school term: once
during a period that was expected to be relatively less academically stressful and then again during a ﬁnal exam
period that was expected to be more stressful. The baseline
assessment occurred 3–7 weeks before the ﬁrst ﬁnal exam
of the term, thus avoiding weeks when participants might
have had a midterm or major project due. The follow-up
assessment occurred during the week prior to the last ﬁnal
exam. Therefore, each participant had two measurements
of each variable (except for our measure of cumulative lifetime stress exposure, which was measured only once, at
baseline). For continuous text data, we either averaged a
continuous score of sentiment value or totaled by number
of affective, positive, and negative words for bing analysis
(see later). We administered self-report questionnaires of
perceived and contextual stress, mental health symptoms,
and sleep duration on the last day of each week of data collection, and asked about mental health symptoms over the
past week. To assess participants’ inﬂammatory levels,
we collected saliva samples once per week on the last day
of each week.

Measures
Perceived stress. We assessed perceived stress with the
14-item PSS.27 This version of the PSS consistently has
Cronbach’s alpha values over 0.70 across versions used
in multiple cultures and countries.28
Lifetime stress exposure. We measured lifetime stress exposure using the STRAIN, which is an online stress assessment
system that quantiﬁes an individual’s exposure to acute and
chronic stressors occurring over the entire life course29 (see
https://www.strainsetup.com). The STRAIN uses intelligent
logic to shape the interview based on participants’
responses, and it assesses the severity, frequency, timing,
and duration of each stressor reported. The STRAIN has
been extensively validated in relation to many different psychological, biological, and health outcomes (e.g. Cazassa
et al.30, Mayer et al.30, and Sturmbauer et al.32). For analyses, we focused on three of the STRAIN’s main outcomes: total count of all stressors, all acute stressors, and
all chronic stressors occurring over the life course. In the
STRAIN system, acute stressors are episodic stressors
that typically last a day or so and include situations such
as getting into an accident or hearing bad news. In contrast,
chronic stressors last a month or longer and include situations such as persistent marital, housing, or ﬁnancial
problems.
Mental health symptoms. We assessed self-reported symptoms of perceived stress, depression, and anxiety with the
42-item DASS.33 Internal consistency of this version of the

Sleep duration. We asked participants about their sleep
behaviors over the past week using the PSQI,35 and calculated an average subjective total sleep time in hours per
night as a measure of sleep duration.
Inﬂammation. We assessed two markers of basal inﬂammation involved in the acute phase response36 that are known
to be associated with psychosocial stress and mental health:
the acute-phase protein sCRP and the cytokine sIL-1β (for a
review, see Howren et al.8). CRP is a general inﬂammatory
and somatic maintenance marker37 that activates the complement system, which is responsible for the body’s systemic inﬂammatory response to pathogens and tissue
damage.38 Elevated levels have been shown to be associated with various psychosocial stressors39–41 as well as
a variety of chronic disease conditions.4 IL-1β is a key
pro-inﬂammatory cytokine produced by immune cells42
that is responsive to psychological stress43,44 and is associated with a variety of mental health conditions, including
depression.45
We assessed these inﬂammatory markers in saliva to see
whether inﬂammation measured under basal conditions (i.e.
not in response to stress) was associated with self-reported
and passive sensing measures of stress. In this way, the
inﬂammatory measures were considered to be measures
of inﬂammatory health rather than stress-related biological
reactivity. We sampled saliva because levels of localized
inﬂammatory markers from the oral compartment have
been shown to be sensitive to social stress46,47 and are associated with psychological health.48,49 Salivary markers of
inﬂammation also have been related to activity in brain
regions implicated in depression and social stress.47,50
This may partly be due to a process whereby the brain
receives information from the local trigeminal nerve
during acute oral inﬂammation.51 In addition, sCRP has
been shown to be associated with CRP levels in blood at
medium-to-large effect sizes,52–54 although one study
found blood and sCRP were not related,55 and the correlation between salivary and blood levels of IL-1β is not
yet known.
A research assistant collected 2 mL of whole, unstimulated saliva into a polystyrene transport tube (Corning
Axygen) from each participant, using the passive drool
method. The research assistant then placed the sample
immediately into an −80°C freezer for storage until it was
shipped overnight on dry ice for analysis. The research
assistant also recorded participants’ body temperature on
the forehead with an Exergen temporal artery digital thermometer; however, no participants measured over 100.4°F/
38°C; so, none were excluded based on fever.

4

DIGITAL HEALTH

The Stress Physiology Investigative Team (SPIT) lab at
Iowa State University conducted the immunological assays
using Salimetrics enyme-linked immunosorbent assay

Table 1. Descriptive variables.
Measure

Mean ± SD (range)

PSS total score

24.52 ± 8.65 (6.5–38.5)

STRAIN total lifetime count of 22.39 ± 15.82 (9–68)
all stressorsa
STRAIN total lifetime count of 10.57 ± 9.99 (2–37)
acute stressorsa
STRAIN total lifetime count of 11.83 ± 6.30 (5–31)
chronic stressorsa
DASS anxiety

6.30 ± 4.71 (0–16)

DASS depression

6.66 ± 5.32 (0–17)

DASS stress

10.98 ± 7.78 (0.5–29)

PSQI average hours sleep per 6.97 ± 1.32 (3.5–9)
night
Raw sIL-1β (pg/ml)

23.51 ± 17.77 (9.56–81.45)

Raw sCRPb (pg/ml)

868.46 ± 890.98 (12.78–2764.14)

Ln(sIL-1β)

2.92 ± 0.62 (1.50–4.20)

AFINN total scorec

0.60 ± 0.78 (−1.57–2)

Bing total negative wordsc

10.83 ± 10.37 (0–42.5)

Bing total positive wordsc

14.77 ± 14.77 (0–56)

Bing total affective wordsc

25.60 ± 24.45 (0–98.5)

Bing positive to total affective 0.57 ± 0.21 (0–1)
words ratioc
Total words typedc

725.06 ± 623.32 (1.5–2549)

Bing affective to total words
ratioc

0.03 ± 0.01 (0–0.06)

DASS: Depression, Anxiety, and Stress Scale; PSQI: Pittsburgh Sleep Quality
Index; PSS: Perceived Stress Scale; sCRP: salivary C-reactive protein; sIL-1β:
salivary interleukin-1β; STRAIN: Stress and Adversity Inventory. AFINN is not
an acronym.
a
The STRAIN was only administered once during the study, as it assesses
lifetime stress exposure, so the resulting scores are not averaged.
b
Transforming the CRP values did not improve skew; so, the raw values were
used for analyses.
c
Three participants did not have week 1 text data recorded, so only week 2 is
reported (instead of an average across weeks) for those participants.

(ELISA) kits (Carlsbad, CA). The inter-assay coefﬁcients
of variations (CVs) were calculated from optical density
and were 3.82% for sCRP and 7.39% for sIL-1β; the
intra-assay CVs, in turn, were for 3.17% CRP and 1.47%
for IL-1β. For assay values that were out of range (either
too high, i.e. right-censored, or low, i.e. left-censored, for
the assay to detect), we winsorized these values in the
same way that we winsorized outliers that were >3 SDs.
There were no left-censored immune values and no rightcensored sIL-1β values, but there were ﬁve right-censored
sCRP values. The sCRP skew was 1.06 and kurtosis was
2.58, and the sIL-1β skew was 1.50 and kurtosis was
5.03; so, both were log transformed. Whereas this transformation improved the sIL-1β skew statistics, it did not
improve sCRP; therefore, only sIL-1β values were transformed for analyses.
Affective language use. The ﬁrst version of the EARS tool
included a custom keyboard installed on the user’s smartphone that logged every third word they typed into the
phone across all apps, not including passwords or credit
card information. For this study, we captured only every
third word to err on the side of protecting the privacy and
conﬁdentiality of participants’ information and communications. This conservative approach limited our unit of analysis to the unigram (i.e. single words). Although phraseand vector-based approaches tend to outperform unigrambased approaches, there is a rich literature of robust
unigram-based ﬁndings through using the Linguistic
Inquiry and Word Count,56 including research showing
that unigram-based approaches can detect differences in
stress (e.g. Coppersmith et al.57 and Guntuku et al.58). For
more information on the EARS tool and changes to
newer versions, refer to the paper describing the tool.26
We analyzed text sentiment (i.e. unigrams) using the R
package tidytext59 with two different lexicons:
“AFINN”60 and “bing.”61 For words in the dataset that
exist in each affective dictionary (i.e. only including
words that are marked as affective, not neutral words),
AFINN gives a continuous scale value based on sentiment
value of each word, whereas bing categorizes each word as
either positive or negative sentiment and then totals the
number in each category. We calculated ﬁve affective
scores for each participant: (a) the average AFINN score,
which is a number between −5 and 5, with negative
numbers representing more negative sentiment; (b) the
total number of negative words typed over the week
using the bing lexicon; (c) the total number of positive
words typed over the week using the bing lexicon; (d) the
total number affective (negative + positive words) typed
over the week using the bing lexicon; and (e) the ratio of
total positive words to total affective (positive + negative)
words using the bing lexicon (i.e. the proportion of affective
words that are positive). Additionally, we calculated the
total words typed post-hoc, regardless of affective
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sentiment, to see whether any effects were simply due to the
amount typed rather than to affect speciﬁcally, and a ratio of
total affective words to total (any) words typed. The word
totals reported are for the entire week but they represent
only about a third of the total number of words actually
typed because we only collected every third word.
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text measures, or between the two immune markers, are not
illustrated). In addition to the correlations depicted in
Figure 2, most of the self-reported questionnaires were also
correlated with one another. Moreover, higher scores on the
PSS, DASS anxiety, DASS stress, and STRAIN total,
STRAIN acute, and STRAIN chronic stressor count were all
associated with fewer average hours of sleep per night.

Data analysis
Due to the exploratory nature of this study, effect sizes are
used to describe all strength of associations. To assess
whether there was within-person variability across stressful
contexts, we ﬁrst examined differences by week for each
variable. We ﬁrst examined differences in weeks for each
variable using a two-tailed paired t-test, but the only variable that signiﬁcantly changed across weeks was the
DASS anxiety subscale (mean week 1 = 5.24, mean week
2 = 7.67, t(23) = −2.14, 95%CI [−4.35, −0.07], p = 0.04;
remaining statistics for null changes not shown).
Therefore, we ultimately averaged each variable across
the weeks and only used one (averaged) measure per
person in subsequent analyses. Due to the exploratory and
cross-sectional nature of the study, we then calculated
Pearson’s correlations (i.e. did not include any covariates)
between all mobile sensing variables (AFINN score, bing
total negative words, bing total positive words, bing total
affective words, and bing positive-to-total affective words
ratio) and traditional markers of stress exposure and
impact [perceived stress, total lifetime stressors (i.e. acute
+ chronic), total lifetime acute stressors, total lifetime
chronic stressors, depression, stress, anxiety, average
hours of sleep, sCRP, and sIL-1β].

Results
Descriptive statistics and correlations
Table 1 shows the values and SDs of all of the main study
variables, averaged across weeks. Three participants did not
have week 1 text data recorded, so only week 2 is reported
instead of an average across weeks for those participants.
Cronbach’s alpha statistics for the questionnaires with
scales were 0.89 for DASS stress, 0.79 for DASS anxiety,
0.89 for DASS depression, and 0.80 for the PSS. Time of
saliva collection ranged from 7:45 a.m. to 3:20 p.m. (M =
10:57 a.m.), and these times were not related to levels of
sCRP (r = −0.06, p = 0.70) or sIL-1β (r = 0.12, p = 0.44).
Figure 1 shows the correlation effect sizes across all of
the main study variables.

Visualization of effects
Figure 2 highlights medium and large effect sizes of correlations for measures of different types (i.e. effect sizes of
correlations between self-report questionnaires, or between

Summary of hypothesized results
Overall, some of our naturalistic measures of affective language use were associated with several markers of biological and self-reported stress (for exact correlation effect
sizes, see Figure 1). The total number of negative words
typed was moderately associated with higher scores on
the PSS and DASS stress scales, and strongly associated
with experiencing more lifetime stressors, acute stressors,
and chronic stressors, as assessed by the STRAIN. Total
number of negative words typed was also strongly related
to fewer hours of sleep. Results were similar for total affective (i.e. positive and negative) words. A more negative
affective language sentiment (AFINN) score was moderately associated with higher levels of sCRP. The ratio of
positive as compared to total affective words was associated
with higher scores on the DASS depression scale, but no
other measure of affective language use was associated
with DASS depression.

Post-hoc analysis
We also examined post-hoc if similar associations were
evident for total words (i.e. any content) typed, rather
than for affective words typed (refer to Figure 1 for effect
sizes). The number of total words typed was moderately
associated with higher scores on the PSS and DASS
stress scales, and with fewer hours sleep, and was strongly
related to experiencing more total lifetime stressors, acute
stressors, and chronic stressors as assessed by the
STRAIN. Therefore, we conducted another post-hoc analysis to investigate whether any of these variables were
related to a ratio of total affective words to total words
typed. However, there were no medium-to-large effect
sizes (see Figure 1 for the exact correlations).

Discussion
Although stress is a central construct in most major models
of mental and physical health, it can be challenging to
assess, especially in a continuous, non-intrusive manner.
To address this issue, we conducted a preliminary study
examining how text collected using mobile sensing is associated with self-report and biological markers of stress
exposure and impact. Overall, we found evidence that the
mobile sensing data were associated with other measures
of stress. More speciﬁcally, as hypothesized, more total
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Figure 1. Effect sizes (Pearson’s correlations) between all variables.
DASS: Depression, Anxiety, and Stress Scale; PSS: Perceived Stress Scale; sCRP: salivary C-reactive protein; sIL-1β: salivary interleukin-1β;
STRAIN: Stress and Adversity Inventory. AFINN is not an acronym.

negative sentiment words typed was strongly associated
with the number of total, acute, and chronic stressors experienced over the life course, as well as with fewer hours slept.
Typing more negative sentiment words was also moderately
related to higher levels of perceived stress. In addition, a
more negative sentiment AFINN score was moderately associated with higher levels of inﬂammation, as indexed by
sCRP. Although additional research with larger sample
sizes is needed to further validate these associations, based
on these initial data, we suggest that naturalistic text collected unobtrusively from smartphones could potentially
be a promising objective marker of stress.
Of note, total affective words (i.e. both positive and
negative)—and also total words typed regardless of affective sentiment—were both associated with the outcomes

assessed. Total words are likely more important than the
affective sentiment, at least when measuring unigrams,
and this is reﬂected in our post-hoc analysis showing the
ratio of affective to total words was not associated with psychosocial and biological stress variables. Although our proportion of affective words to total words (about 3%) seems
low, it is consistent with other studies of affective words
using a different dictionary.62 A count of total words
typed may represent how much the person is typing and
using their phone, potentially due to circumstances such
as how busy they are. This possibility is further supported
by the negative correlation observed between total words
typed and hours of sleep. Future research (a) should consider individual changes in total number of words typed
as a possible marker of stress, regardless of affective
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Figure 2. Medium and large effect sizes for mobile sensing variables.
DASS: Depression, Anxiety, and Stress Scale; PSS: Perceived Stress Scale; sCRP: salivary C-reactive protein; sIL-1β: salivary interleukin-1β;
STRAIN: Stress and Adversity Inventory. AFINN is not an acronym.

sentiment (such as rumination); (b) measure potential confounds of this association, just as social network size; and
(c) collect all words instead of every third word to enable
analysis of text data as phrases using more advanced
natural language processing techniques.
A higher proportion of affective words that were positive
was strongly related to reporting more depressive symptoms. The direction of this relation is counterintuitive, and
may represent a false positive, given the exploratory
nature of the study with a small sample size.
Nevertheless, it may be worth further exploring in future
studies whether individual changes in sentiment compared
to other affective words may be a marker of stress.
In terms of the biological data collected, participants’
AFINN scores were not associated with any of the selfreport measures administered; however, a more positive
AFINN score was related to lower levels of the inﬂammatory marker sCRP, suggesting that affective language use
may be reﬂective of this immune process. Both sIL-1β
and sCRP are often assumed to be markers of biological

stress, with higher levels representing more acute inﬂammation. In this study, greater lifetime stress exposure as
assessed by the STRAIN was related to higher levels of
sIL-1β but lower levels of sCRP. It is possible that sCRP
at normal levels (i.e. as observed in this sample of physically healthy young adults) is really more a marker of
somatic maintenance (and sometimes anti-inﬂammatory
processes) rather than a marker of acute inﬂammation.37
Yet, higher levels of sIL-1β were also associated with less
perceived stress, and so we caution against overinterpreting
these results, again, given the relatively small sample size.
Future studies should collect multiple measures of inﬂammation, since it is not entirely clear that sCRP is only
pro-inﬂammatory
at
lower,
non-clinical
levels.
Furthermore, although we collected measures of basal
inﬂammation, salivary markers of inﬂammation such as
IL-6 and tumor necrosis factor (TNF)-α are responsive to
acute stressors.63 Future research may show that measures
of inﬂammatory reactivity, rather than basal inﬂammation,
are associated with mobile sensing measures.
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Finally, the largest effect sizes observed for the mobile
sensing text data were in relation to the total number of all
stressors, acute stressors, and chronic stressors experienced
over the life course, as measured by the STRAIN. A lifetime
history of exposure to stress and adversity is a signiﬁcant risk
factor for poor mental and physical health.64 Future studies
with larger sample sizes are needed to assess lifetime stress
exposure as an individual difference in the association
between mobile sensing data and mental health outcomes.
The main limitation of this study was the sample size. Due
to its exploratory nature, we only reported effect sizes rather
than signiﬁcance testing, and it is possible that the effects
may not replicate in larger samples. Additionally, the study
only focused on keyboard text data as one mobile sensing
measure. Future research should include a range of passive
measures known to be associated with stress and mental
health that can be easily collected from smartphones, including sleep activity and sleep problems (in addition to sleep
duration),65 geolocation,66 facial expression,67 and speech
acoustics.68 Furthermore, to provide an initial test of
whether mobile sensing measures are associated with biological markers of stress before the emergence of disease,
we conducted this study in a sample that was unlikely to
have experienced inﬂammatory disease. Therefore, the generalizability of the present results to samples with more
diverse ages, ethnicities, and socioeconomic backgrounds
remains to be investigated. For example, the age of the
sample and the fact that they attended a university may
mean that they have (a) more daily phone use than older
populations; (b) more often use their phones for school,
which may inﬂuence the content and usage of the phone,
and especially the text inputted; and (c) have higher socioeconomic status and access to newer phones that have
more functionality, which also support more phone use. In
other samples, we may need to collect more data across
longer time periods, or we may ﬁnd that the association
observed here between stress and total words typed does
not replicate. For example, other participants who do not
use their phones for academic activities may not show the
same associations that we observed between total words
typed and stress. We believe that if mobile sensing research
is to serve everyone and improve global health, it will be
important for future mobile sensing research to include participants from all backgrounds, including those from marginalized populations, who are often underrepresented in mental
and physical health research.

Conclusions
In conclusion, we found that mobile sensing text data are associated with other well-validated measures of stress, including
higher levels of self-reported perceived stress; more total,
acute, and chronic lifetime stress exposure; higher levels of
salivary inﬂammation as indexed by sCRP; and fewer selfreported hours slept. These data thus demonstrate the potential
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promise of using mobile sensing data to help identify individuals at increased risk of developing stress-related health problems. Looking forward, additional research is needed to
collect phrases of text (instead of only unigrams), to use
mobile sensing measures other than keyboard text, and to
assess other biological and inﬂammatory biomarkers of
stress exposure and disease risk.
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