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Abstract
We still have little understanding of short-term predictors of suicidal thoughts and behaviors (STBs). Prior research links
increased negative affect to STBs, but the vast majority of earlier work is limited by measuring negative affect at one time
point and aiming to predict STBs months or years in the future. Recently, intensive longitudinal studies have shown that
negative affect is associated with suicidal thoughts over relatively short, clinically useful time periods; however, the specific
patterns and types of negative affect that predict STBs remain unclear. Using ecological momentary assessment (EMA)
data from psychiatric inpatients hospitalized for suicide risk (n = 83), this study sought to test whether the patterns (means
and variability) of two types of negative affect (anxiety/agitation and shame/self-hatred, which were derived from a larger
EMA battery) during hospitalization predict STBs in the 4 weeks after discharge: an extremely high-risk time for suicidal
behavior. The mean—but not the variability—of both anxiety/agitation and shame/self-hatred during hospitalization predicted the number of days with suicidal thoughts after discharge. The mean and the variability of shame/self-hatred—but
not anxiety/agitation—predicted post-discharge suicide attempt. We discuss implications for assessment and treatment of
suicidal individuals and propose key directions for future research.
Keywords Suicide · Suicidal thoughts and behaviors · Negative affect · EMA
Suicide is a leading cause of death, with over 48,000 individuals dying by suicide each year in the USA (Centers for Disease Control, 2021). Nonfatal suicidal thoughts and behaviors (STBs) confer risk of future death by suicide (Ribeiro
et al., 2016) and are associated with significant public health
costs (Shepard et al., 2016). Despite decades of research, our
ability to predict who will die by suicide is poor (Franklin
Handling editor: Wendy Berry Mendes
* Kate H. Bentley
kbentley@mgh.harvard.edu
1

Department of Psychiatry, Massachusetts General Hospital,
Harvard Medical School, 1 Bowdoin Square, 6thFloor,
Boston, MA 02114, USA

2

Department of Psychology, Harvard University, Cambridge,
USA

3

Department of Psychology, Rutgers University, Piscataway,
USA

4

Franciscan Children’s Hospital, Boston, USA

et al., 2017). The factors that predict acute increases in suicidal thoughts and the transition from suicidal thoughts to
behavior are especially unclear (e.g., Glenn & Nock, 2014).
Very few studies focus on short-term risk; one recent metaanalysis of all studies on risk factors for STBs found that
less than 1% of effect sizes capture a prediction window of
one month or shorter (Franklin et al., 2017). This is a critical area in need of attention given that clinicians are most
often tasked with determining whether patients will engage
in suicidal behavior over short time windows: the coming
hours, days, or weeks.
The weeks immediately after psychiatric hospitalization
represent a short time period of extremely high risk for suicide (Olfson, 2017). Recent meta-analytic research shows
that for psychiatric inpatients, the suicide rate during the
first month after discharge is over 200 times the global rate
(for the first week, 300 times; Chung et al., 2017, 2019).
Indeed, suicide risk has been shown to peak within the first
week after discharge then steadily decrease over the following weeks and months (Qin & Nordentoft, 2005). Thus,
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improving the understanding of short-term risk factors for
suicide during this high-risk time and the ability to predict
which inpatients will make a suicide attempt after leaving
the hospital is critical.
The central role of negative affect (NA) in the development and maintenance of STBs has long been theorized
and observed clinically. Prominent theories posit that
NA or constructs comprising intense NA—psychological
pain (Shneidman, 1993), emotion dysregulation (Linehan,
1993), hopelessness (Abramson et al., 2000; Beck, 1967),
and perceived burdensomeness (Joiner, 2005)—play a key
role in conferring risk for STBs. For instance, suicide has
long been conceptualized as escape from intense, aversive
NA (Baumeister, 1990; Maltsberger, 2004). Although a
great deal of empirical work has demonstrated prospective
associations between NA and STBs, nearly all prior studies used affective constructs measured at one time point to
predict STBs many months or years in the future (Franklin
et al., 2017). This approach is limited by treating NA states
as static, trait-like phenomena and emphasizing distal, not
short-term, suicide risk. To start to address these limitations, researchers have recently leveraged high-frequency,
intensive longitudinal methods such as ecological momentary assessment (EMA) to capture momentary levels of
NA and test short-term associations with momentary suicidal thoughts. These studies have generally shown that
a wide range of momentary NA states predict suicidal
thoughts over very short temporal windows (e.g., BenZeev et al., 2012; Hallensleben et al., 2019; Humber et al.,
2013; Husky et al., 2017; Kleiman et al., 2017; Mou et al.,
2018).
It is not yet clear, however, whether certain within-person
patterns of NA over time, such as the mean (average withinperson intensity of NA) or variability (average within-person
deviation from the mean), are better short-term predictors
of STBs than others. For example, it has been proposed that
variations in NA may confer greater risk for STBs than overall levels of NA, as unstable and rapidly fluctuating NA may
be harder to tolerate than stable (even if high) NA and serve
to increase the severity and frequency of suicidal thoughts
over time (e.g., Palmier-Claus, et al., 2012a, 2012b). A
few intensive longitudinal studies support this hypothesis,
showing that NA instability (a time-sensitive metric of variability; Trull et al., 2015) is associated with STBs when
controlling for mean NA (e.g., Palmier-Claus, et al., 2012a,
2012b) and more recently, that both the mean and the variability of NA are associated with past-year and concurrent
suicidal thoughts (Victor et al., 2021), whereas other earlier
work found that only mean NA (not metrics of variability) is
associated with STBs (e.g., Links et al., 2007). These prior
studies are limited, however, by generally assessing STBs
retrospectively or concurrently (during the same reporting
period as NA), not prospectively.
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It also is not yet known whether different types of
NA consistently confer greater risk for STBs than others. Prior work has shown that disorders characterized by
high arousal NA such as severe anxiety or agitation (e.g.,
posttraumatic stress disorder, intermittent explosive disorder) confer risk specifically for transitioning from suicidal thoughts to behavior, whereas disorders primarily
characterized by lower arousal NA such as sadness (e.g.,
major depressive disorder) do not (Nock et al., 2010a,
2010b). These findings align with theory that, among
people already at elevated risk for suicide, the presence of
acute, high arousal affective disturbances (e.g., agitation)
may be a proximal marker of imminent suicidal behavior
(Fawcett et al., 1990; Rogers et al., 2016), perhaps reflecting an associated action tendency to escape these aversive
states. Other affective states that have been both conceptually and, at least preliminarily, empirically linked to STBs
include guilt and shame, with theory suggesting that both
suicidal and nonsuicidal self-injurious behavior may function to regulate these self-directed, aversive states (e.g.,
Cameron et al., 2020; Sheehy et al., 2019). With few notable exceptions (e.g., Palmier-Claus et al., 2013), however,
prior intensive longitudinal studies on patterns of NA and
STBs have largely collapsed across same-valenced affect
items to form one NA construct (e.g., Victor et al., 2021),
rather than examining potentially nuanced associations
between patterns of different types of NA and STBs.

Current Study
Here we examined the associations between EMA data
on NA collected from suicidal psychiatric inpatients during hospitalization and follow-up data on STBs from the
4 weeks after discharge (following the inpatient EMA
phase). Our first aim was to test whether patterns (specifically, the mean and variability) of two types of NA
(“anxiety/agitation” and “shame/self-hatred,” which were
derived from a larger EMA battery) during hospitalization
predict the number of days with suicidal thoughts in the
2 weeks after discharge. We hypothesized that mean levels
of both types of NA during hospitalization would predict
suicidal thoughts after discharge; given mixed earlier findings, we also hypothesized that when controlling for mean
NA, NA variability would not predict suicidal thoughts.
Our second aim was to test whether patterns of NA during
hospitalization predict suicide attempt in the 4 weeks after
discharge. We again hypothesized that mean levels of both
types of NA (but not variability of NA when controlling
for the mean) during hospitalization would predict postdischarge suicide attempt.
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Method
Participants
Participants in this study were 104 adult inpatients hospitalized on an adult psychiatric inpatient unit at the Massachusetts General Hospital for a recent suicide attempt or severe
suicidal thoughts who agreed to participate in a smartphone
monitoring study during their inpatient stay. Inclusion criteria were admission to the inpatient unit due to recent suicide attempt or severe suicidal thoughts, fluency in English,
and permission from an inpatient provider to approach the
patient for participation. Exclusion criteria included anything that would impair participants from understanding
the study instructions and providing informed consent (e.g.,
cognitive impairment). We did not require a minimum length
of hospital stay for participation.
For this report, we only included the 83 participants
(79.8% of the original sample) who completed at least 3
EMA surveys during hospital stay. Study data were collected
in two waves; the first wave (from January 2016 to January 2017) had 37 (of 44; 84.1%) participants1 with at least
three EMA surveys and the second wave (from May 2017 to
December 2018) had 46 (of 60; 76.7%) participants with at
least three EMA surveys. The only differences between the
two waves of the study were the smartphone platform used
to collect EMA data and the number of EMA prompts per
day (described below); all other methods and assessments
were equivalent.

Procedure
This study included five parts: (1) recruitment and a baseline
assessment that occurred as close to a participant’s inpatient
admission as possible, (2) an EMA period that lasted the
duration of the participants’ hospital stays (M = 8.52 days,
SD = 5.73; range: 2 to 46), (3) a discharge assessment at the
end of hospital stay, (4) post-hospitalization follow-up retrospective assessments (via online surveys) at 2 and 5 weeks
after hospital discharge, and (5) extraction of relevant postdischarge outcomes (e.g., suicide attempt) from the hospital’s electronic health record (EHR), which is shared by
other hospitals within the healthcare system and has access
to other regional and national institutions. In this report, we
focus only on the inpatient EMA period, post-hospitalization
retrospective assessments, and EHR outcomes. During the
inpatient period, participants were compensated with $10

1
Data from the first wave of this study have been reported in two
publications (for which aims and analyses do not overlap with this
report): Mou et al. (2018), which used 35 of 37 participants, and
Kleiman et al., (2017; Study 2), which used 36 of 37 participants.

per day for their participation (regardless of number of EMA
prompts completed). All study procedures were approved by
the Institutional Review Board at the Massachusetts General Hospital (under protocol #2015P000598) with reliance
agreements with other involved institutions (under SMART
IRB protocol #2255).

Measures
Inpatient EMA Battery
Smartphone-based EMA was used to assess momentary
NA. In the first study wave, MovisensXS, an EMA app for
Android phones, was used to send surveys four times per
day randomly within pre-defined windows between 8 a.m.
and 8 p.m. We provided loaner phones to those who had
an iOS device or no phone. In the second wave, Beiwe, a
digital phenotyping platform for Android and iOS phones,
was used to send surveys six times per day randomly within
pre-defined windows, also between 8 a.m. and 8 p.m. Participants were asked to rate how much they were currently
feeling 14 NA or cognitive-affective states at the time of
the survey on a ten-point scale. NA states were taken from
the Positive and Negative Affect Schedule (PANAS; Watson et al., 1988) as well as broader cognitive-affective states
associated with risk for suicide (e.g., hopeless, abandoned).
The 14 NA states assessed were: desperate, hopeless, abandoned, self-hate, rage, anxious, lonely, guilty, humiliated,
upset, ashamed, nervous, afraid, and fatigued. See Data
Processing for the approach used to generate two NA categories from a subset of the 14 total EMA items: anxious,
nervous, upset, and rage (“anxiety/agitation” category), and
ashamed, guilty, humiliated, and self-hate (“shame/selfhatred” category).
Post‑Discharge Follow‑Up Surveys
At 2 and 4 weeks after discharge, participants were asked to
complete an online follow-up survey of STBs that occurred
since discharge. Participants who did at least one follow-up
survey (n = 65 [78.3%], of which 31 [83.8%] were in the first
study wave and 34 [73.9%] were in the second wave) did
not differ (all ps>0.10) from those who did not complete a
follow-up survey in terms of STB history (recent and lifetime), baseline measures of depression and anxiety symptom
severity, or length of inpatient hospitalization.
Post‑Discharge Suicidal Thoughts Days with suicidal
thoughts were assessed with the following question sequence
in the 2-week follow-up survey. First, participants were
asked “In the past two weeks, did you have thoughts of killing yourself?” If yes, they were then asked, “About how
many days in the past two weeks did you think of killing
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yourself?” In the 2-week follow-up survey, participants
were asked the same question sequence but with a “past
four weeks” time frame (thus also encompassing the first
2 weeks after discharge).2 The analysis of post-discharge
suicidal thoughts focused on the number of days with active
suicidal thoughts in the 2 weeks after discharge. The 59
participants (71.1%) who provided data about number of
days with suicidal thoughts in the 2-week follow-up survey
(n = 54) or did not complete the 2-week follow-up survey
but responded “no” to the first 4-week survey question about
presence of suicidal thoughts in the past 2 weeks (n = 5)
were included in this analysis.
Post‑Discharge Suicidal Behavior Consistent with prior
work by our team on predicting suicidal behavior (e.g., Nock
et al., 2010a, 2010b), we used two methods to assess suicide attempt in the month after discharge. From the 2- and
4-week follow-up surveys, we categorized participants as
having made a suicide attempt if they (1) reported being
re-admitted to the hospital and in response to the follow-up
question “What was the reason for your admission overnight
to a hospital for mental health care?,” responded “tried to
kill yourself,” or (2) responded affirmatively to “In the past
two (four) weeks (that is, since you left the unit), did you
make a suicide attempt (that is, purposefully hurt yourself
with at least some intent to die)?” We also reviewed participants’ charts in the EHR for documented suicide attempts
(e.g., the participant visited a hospital for suicide attempt) in
the 4 weeks after discharge. This yielded a categorical suicide attempt variable, where 1 = attempt and 0 = no attempt.
The 64 participants who provided information about suicide attempt in at least one follow-up survey (including the
5 participants who denied making a suicide attempt in the
2-week follow-up survey and subsequently did not complete
the 4-week survey) or had a documented suicide attempt in
the EHR were included in this analysis. Nine (14.1%) participants made a suicide attempt.

Data Processing
Data processing and analysis were conducted in R (version
3.5.3; R Core Team, 2019). To calculate intraindividual metrics using EMA affect data, it is standard practice to compute
a composite score for each measurement occasion by taking
the average of all same-valenced affect items. This approach,
however, ignores conceptual differences between individual affect items (e.g., in terms of the arousal dimension or
2
In both study waves, the second question of the 4-week follow-up
survey (“about how many days in the past four weeks did you think
of killing yourself?”) had an error such that the maximum number of
days participants could enter was 14 (not 28). Thus, we did not analyze the “how many days” question from the 4-week follow-up.
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associated behavioral tendencies; Dejonckheere et al., 2019).
Thus, given the wide range of NA and cognitive-affective
states included in our EMA battery (e.g., rage, hopeless,
afraid), we used an empirical approach (principal components analysis [PCA] of all 14 NA items followed by multilevel confirmatory factor analysis [CFA]; see Supplemental
Material for details) to identify two categories of NA, each
of which comprised four conceptually similar individual NA
items. The two categories identified were “anxiety/agitation”
(made up of anxious, nervous, upset, and rage—all prototypical high arousal NA states characterized by anxiety or agitation) and “shame/self-hatred” (ashamed, guilty, humiliated,
and self-hate—all self-directed NA or cognitive-affective
states characterized by shame, guilt, or hatred). The remaining six EMA NA items (desperate, hopeless, abandoned,
lonely, afraid, and fatigued) were not included in subsequent
analyses.
We then computed composite anxiety/agitation (average of anxious, nervous, upset, and rage items) and shame/
self-hatred (average of ashamed, guilty, humiliated, and
self-hate items) scores for each EMA observation. To calculate within-person patterns of NA, we computed the mean
and variability (the standard deviation [SD]) of each participant’s anxiety/agitation and shame/self-hatred scores,
resulting in four variables for each participant: anxiety/
agitation mean, anxiety/agitation variability (SD), shame/
self-hatred mean, and shame/self-hatred variability (SD).3
Missing EMA observations were excluded as a function of
listwise deletion.

Data Analyses
Preliminary Analyses
We first computed descriptive statistics (means and SDs)
of the mean and variability of anxiety/agitation and shame/
self-hatred, and used paired t-tests to test for differences
between the two NA categories. We computed the repeated
measures correlation of momentary anxiety/agitation and
shame/self-hatred using the rmcorr package (Bakdash &
Marusich, 2020), followed by the intraclass correlations

3

We operationalized variability with SD instead of RMSSD or
other more complex metrics for two reasons. (1) The convention is
to require more data points (e.g., 20 in Dejonckheere et al., 2019)
than we had here to calculate more complex, time-dependent affective metrics, whereas SD is not time-dependent (Trull et al., 2015).
To reliably estimate the RMSSD, we would have needed to restrict to
only those participants who completed higher numbers of EMA surveys which would have biased our sample and considerably reduced
our N. (2) SD and RMSSD overlap and are highly correlated (e.g.,
Hisler et al., 2020; Wendt et al., 2019), and we were more interested
in the relationship of NA variability with STBs rather than the unique
effects of one index of variability when controlling for another.
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(ICCs) to describe the proportion of variance attributed to
within- versus between-person variance for each NA type,
using the ICC package (Wolak, 2017).
Bayesian Modeling
All regression models described below were estimated
within a Bayesian modeling framework (Gelman et al., 2014;
Kruschke & Liddell, 2018) using the brms package (Bürkner, 2017). We used Bayesian estimation over traditional
frequentist methods for two main reasons. First, Bayesian
statistics are better suited than frequentist methods to modeling data with relatively small sample sizes (Depaoli & van
de Schoot, 2017). Second, Bayesian models provide posterior distributions that represent uncertainty of the resultant
beta values, which (unlike confidence intervals in frequentist methods) have an intuitive interpretation (Kruschke,
2015). Specifically, the credible interval (also referred to as
the highest density interval [HDI]) summarizes the central
portion of the posterior distribution that contains a certain
percentage (often, 95%) of probable beta values (Kruschke
& Liddell, 2018). Thus, a 95% HDI of 0.25 to 0.50, for
example, allows one to conclude with 95% certainty that the
population value lies between 0.25 and 0.50 (e.g., Makowski
et al., 2019a).
All Bayesian models described below were estimated
using Markov Chain Monte Carlo (MCMC) simulation,
with 4 chains per model and 10,000 iterations per chain,
and non-informative prior distributions. Results were interpreted by summarizing the 95% HDIs around the median
(as a measure of centrality; Kruschke & Liddell, 2018). We
also calculated the probability of direction (pd) values as
an index of effect existence for each parameter using the
bayestestR package (Makowski et al., 2019a). Ranging from
50 to 100%, the pd represents the certainty with which an
effect is reliably positive or negative. For example, if 99% of
beta values in the posterior distribution are above 0, then we
would have high certainty that the data suggest that the true
relationship is positive. The pd value is similar to frequentist
p values (Makowski et al., 2019a, 2019b). Thus, although we
focus on HDIs, for those that prefer a strict cutoff, parameters with pd values greater than or equal to 97.5% (corresponding to a two-sided p value of 0.05) may be considered
“significant” (Makowski et al., 2019a, 2019b). The sjPlot
(Lüdecke, 2020) package was used to generate plots of such
“significant” effects in the final models. Posterior predictive
checks were conducted for all models to confirm concordance of observed and simulated data (Kruschke, 2015).
Predicting Post‑Discharge Suicidal Thoughts To test whether
NA during hospitalization predicted the number of days with
suicidal thoughts in the 2 weeks after discharge, we began
with fitting four zero-inflated binomial models using the

logit link function with each NA variable (mean of anxiety/
agitation, variability of anxiety/agitation, mean of shame/
self-hatred, and variability of shame/self-hatred) as the sole
predictor. We then fit a final model that included all NA
variables that predicted (based on HDIs and pd) days with
suicidal thoughts in the four bivariate models to test whether,
for example, NA variability predicted suicidal thoughts
when controlling for mean NA. We chose zero-inflated binomial models because the outcome was an upper-bounded
count variable with excess zeroes (Hall, 2000).
Predicting Post‑Discharge Suicide Attempt To test whether
NA predicted suicide attempt in the 4 weeks after discharge,
we again began with fitting four bivariate logistic regression
models using the logic link function with each NA variable as the sole predictor of suicide attempt. We then fit a
multiple regression model including all the NA variables
that predicted suicide attempt in the four bivariate models
as predictors.

Results
Preliminary Analyses
Overall, participants in this study completed a total of
1,374 surveys (median = 18.5 per participant, SD = 15.1,
range = 3–120) during the inpatient EMA phase
(M = 5.9 days, SD = 5.7, range = 2–44). The mean time
interval between completed surveys was 7.7 h (SD = 8.2 h,
range = 0.0–101.7); 10% of surveys had an interval of 1 h or
less and 2.7% had an interval of 24 h or more. The number
of completed EMA surveys did not differ by study wave.
The overall EMA compliance rate was 52.2% (58.5% in the
first wave which used four prompts/day and 47.1% in the
second wave which used six prompts/day; p < 0.010). Length
of hospital stay was correlated with the number of completed
EMA surveys (r = 0.84 [95% CI: 0.77, 0.90], p < 0.001) but
not EMA compliance (r = 0.08, p = 0.440).
The average age of the sample was 38.43 years
(SD = 13.64, range = 18 to 68); participants in the first
study wave (M = 43.14 years) were slightly older than
those in the second wave (M = 34.56 years; p < 0.010). Of
the 83 participants included, 43 identified as male, 35 as
female, three as transgender, two as another gender identity. A total of 69 participants self-identified as being of
European decent, four as Black/African-American, four
as Asian, and five as another race (one participant did
not answer this question). A total of 76 participants selfidentified as non-Hispanic/Latinx, and seven participants
identified as Hispanic/Latinx. There were no significant
differences in gender or race/ethnicity between the two
waves.
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Table 1  Descriptive statistics
for inpatient NA and postdischarge STBs

Mean
Inpatient NA
Anxiety/agitation
Shame/self-hatred
Post-discharge STBs
Days with suicidal thoughts
(2 weeks after discharge)
Suicide attempt

Variability

Mean
4.53
4.44
Mean
2.97

SD
1.95
2.37
SD
3.80

–

–

t(82) = 0.41,
p = .68
Range
0–14

Mean
1.10
1.06
n (%)
–

SD
0.59
0.61

ICC (95% CI)
t(82) = 0.70,
p = .48

.72 (.66, .78)
.82 (.77, .86)

9 (14.1%)

Note. SD, standard deviation. Inpatient NA: n = 83 with at least 3 EMA surveys; days with suicidal
thoughts in 2 weeks after discharge: n = 59 with follow-up survey data; suicide attempt in 4 weeks after
discharge: n = 64 with follow-up survey or EHR data

Descriptive statistics (sample means and SDs) of predictor (mean and variability of anxiety/agitation and shame/
self-hatred) and dependent variables (post-discharge STBs)
are presented in Table 1. NA and post-discharge STBs did
not vary by number of completed EMA surveys, length of
hospital stay, or study wave. The mean and variability of
anxiety/agitation did not differ significantly from the mean
and variability of shame/self-hatred. The repeated measures
correlation for momentary anxiety/agitation and shame/
self-hatred was 0.51 (95% CI: 0.46–0.55). ICCs indicated
that most of the variability in the NA categories was due to
between-person variance, with 28% of variance in anxiety/
Table 2  Fixed effects from
zero-inflated binomial models
predicting number of days with
suicidal thoughts after discharge

agitation and 18% in shame/self-hatred occurring withinperson. See Supplemental Material for ICCs (ranging from
0.54 [“upset”] to 0.77 [“self-hate”]) of the eight EMA items
used to generate the two NA categories.

Predicting Post‑Discharge Suicidal Thoughts
Fixed effects for the bivariate zero-inflated binomial models
(using each of the four NA variables to predict the number of
days with suicidal thoughts in the 2 weeks after discharge)
are presented in the top part of Table 2 (n = 59). Mean levels
of both anxiety/agitation and shame/self-hatred predicted
Main effects

Bivariate models
(Intercept)
(Zero-inflated intercept)
Anxiety/agitation mean
(Intercept)
(Zero-inflated intercept)
Anxiety/agitation variability
(Intercept)
(Zero-inflated intercept)
Shame/self-hatred mean
(Intercept)
(Zero-inflated intercept)
Shame/self-hatred variability
Multiple regression model
(Intercept)
(Zero-inflated intercept)
Anxiety/agitation mean
Shame/self-hatred mean

Median

95% HDI

pd

Odds ratio

− 1.69
− 0.19
0.26
− 0.16
− 0.17
− 0.26
− 1.68
− 0.21
0.26
− 0.33
− 0.17
− 0.12

− 2.35, − 1.05
− 0.71, 0.31
0.13, 0.39
− 0.60, 0.29
− 0.69, 0.32
− 0.62, 0.10
− 2.24, − 1.16
− 0.72, 0.31
0.16, 0.36
− 0.76, 0.14
− 0.68, 0.34
− 0.51, 0.27

100.0%
77.0%
100.0%*
74.8%
74.0%
92.2%
100.0%
78.7%
100.0%*
92.4%
73.6%
72.4%

0.18
0.83
1.30
0.85
0.84
0.77
0.19
0.81
1.30
0.72
0.84
0.89

− 2.40
− 0.25
0.18
0.23

− 3.18, − 1.61
− 0.80, 0.29
0.05, 0.33
0.12, 0.33

100.0%
82.1%
99.6%*
100.0%*

0.09
0.78
1.20
1.26

Note. The top part of the table presents results from four separate bivariate models using each NA variable as the sole predictor, and the bottom part presents results from the multiple regression model including only those NA variables that predicted days with suicidal thoughts in the bivariate models. The zeroinflated intercept corresponds to the discrete distribution portion of the model (i.e., predicting excess
zeroes), whereas the intercept is for the beta distribution portion of the model (i.e., predicting values
greater than zero). HDI, highest density interval; pd, probability of direction (“significant” effects are
marked with a *). n = 59 participants
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Fig. 1  Means of anxiety/agitation (a) and shame/self-hatred
(b) during hospitalization both
predict the number of days with
suicidal thoughts after discharge
in a zero-inflated binomial
multiple regression model
with these two NA variables as
predictors

Table 3  Fixed effects from
the logistic regression models
predicting suicide attempt after
discharge

Main effects

Bivariate models
(Intercept)
Anxiety/agitation mean
(Intercept)
Anxiety/agitation variability
(Intercept)
Shame/self-hatred mean
(Intercept)
Shame/self-hatred variability
Multiple regression model
(Intercept)
Shame/self-hatred mean
Shame/self-hatred variability

Median

95% HDI

pd

Odds ratio

− 2.88
0.22
− 2.53
0.63
− 3.86
0.41
− 3.38
1.36

− 4.85, − 0.99
− 0.14, 0.57
− 4.17, − 0.98
− 0.58, 1.82
− 6.01, − 1.99
0.07, 0.74
− 5.23, − 1.61
0.06, 2.74

100.0%
89.4%
99.9%
84.9%
100.0%
99.4%*
100.0%
98.4%*

0.06
1.25
0.08
1.88
0.02
1.51
0.03
3.90

− 6.29
0.52
1.56

− 10.27, − 3.12
0.11, 0.96
0.17, 3.11

100.0%
99.6%*
98.9%*

0.00
1.68
4.76

Note. The top part of the table presents results from four bivariate models using each NA variable as the
sole predictor, and the bottom part presents results from the multiple regression model including only those
NA variables that predicted suicide attempt in the bivariate models. HDI, highest density interval; pd,
probability of direction (“significant” effects are marked with a *). n = 64 participants

the number of days with suicidal thoughts, but variability
in anxiety/agitation and shame/self-hatred did not. In the
multiple regression model, each type of mean NA (mean
anxiety/agitation and shame/self-hatred) predicted days with
suicidal thoughts when controlling for the other (bottom part
of Table 2; Fig. 1). These findings held when controlling for
the number of completed EMA surveys, % EMA compliance, length of hospital stay, and study wave.4
4
In two additional sensitivity analyses, (1) when excluding the 5 participants who did not complete the two-week follow-up but denied
suicidal thoughts since discharge on the 4-week follow-up, the same
findings also held. (2) When excluding participants who completed
fewer than 10 EMA surveys, only mean levels of shame/self-hatred
(not anxiety/agitation) predicted days with suicidal thoughts.

Predicting Post‑Discharge Suicide Attempt
Results for the four bivariate logistic regression models
using each NA variable to predict suicide attempt after
discharge are presented in the top part of Table 3 (n = 64).
The mean and variability of shame/self-hatred predicted
suicide attempt, whereas the mean and variability of anxiety/agitation did not. In the multiple regression model,
when controlling for mean levels of shame/self-hatred,
variability of shame/self-hatred (and vice-versa) predicted suicide attempt (bottom part of Table 3; Fig. 2).
These findings held when controlling for the number of
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Fig. 2  Shame/self-hatred mean
(a) and variability (b) during
hospitalization predict probability of suicide attempt after
discharge in a multiple logistic
regression model with these two
NA variables as predictors

completed EMA surveys, % EMA compliance, length of
hospital stay, and/or study wave.5

Discussion
The associations between patterns of NA and STBs over
short, clinically useful timeframes are not well-understood.
In this study, we observed different associations between
patterns of two types of NA during psychiatric hospitalization and post-discharge STBs. Mean levels (but not the variability) of anxiety/agitation and shame/self-hatred during
hospitalization predicted days with suicidal thoughts after
discharge, whereas the mean and variability of shame/selfhatred (but not anxiety/agitation) predicted post-discharge
suicide attempt.
Higher overall levels of both anxiety/agitation and
shame/self-hatred during hospitalization predicted more
days with suicidal thoughts in the 2 weeks post-discharge.
These findings align with the wealth of theory associating a wide range of NA or related cognitive-affective
experiences to STBs (e.g., Beck, 1967; Joiner, 2005;
Linehan, 1993), as well as increasing recent EMA work
demonstrating that many different momentary NA states
prospectively predict momentary suicidal thoughts (e.g.,
Ben-Zeev et al., 2012; Hallensleben et al., 2019; Kleiman
et al., 2017). To the extent that suicidal thoughts function
5
When excluding the 5 participants coded as non-attempters based
only on 2-week (not four-week) follow-up survey data, and when
excluding participants who completed fewer than 10 EMA surveys,
the same findings held.
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to regulate or relieve aversive NA states (e.g., Kleiman
et al., 2018), one would expect more intense levels of NA
during hospitalization to increase the frequency of suicidal
thoughts after discharge.
Perhaps more surprising is that neither the variability
of anxiety/agitation nor shame/self-hatred predicted suicidal thoughts, even in bivariate models. These results
are consistent with some (e.g., Links et al., 2007), but
not all (e.g., Palmier-Claus, et al., 2012a, 2012b; Victor
et al., 2021), prior work on patterns of NA and STBs.
In our study, the vast majority of variance in NA during hospitalization occurred between (not within) people, which may be attributed to unique characteristics of
the in-hospital monitoring period: a secure, treatmentintensive environment that may result in more stable NA
than what unfolds in the “real-world.” Ultimately this
may have restricted the potential to observe prospective
associations between NA variability during hospitalization and post-discharge suicidal thoughts. Future work
that examines more complex or time-sensitive metrics
of variability that typically require more (and ideally,
shorter intervals between) EMA observations than our
data to be estimated reliably (e.g., Dejonckheere et al.,
2020; Ebner-Priemer & Sawitzki, 2007) will help shed
light on whether and in what contexts specific types of
variations in NA predict suicidal thoughts. Probability of
acute change, for example, may be one promising temporal metric (Berner et al., 2017).
Both the mean and the variability of shame/self-hatred
predicted post-discharge suicide attempt. This finding
contributes to growing empirical support (e.g., Sheehy
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et al., 2019) for the role of shame in STBs (Hastings et al.,
2000; Maltsberger et al., 2011; Shneidman, 1993). Shame
and self-hatred may be particularly important in suicidal
behavior due to how closely linked these aversive affective
experiences are to how individuals perceive themselves;
self-injurious behavior may then serve as a relevant way to
regulate such self-directed emotions (Sheehy et al., 2019).
Our findings suggest that not only higher levels of, but also
greater variations in, these emotions predict suicidal behavior. Studies testing interventions aimed to reduce overall
levels of, as well as stabilize, shame/self-hatred (e.g., cognitive processing, self-compassion) on STBs may be useful
for both shedding light on whether a causal relationship
between shame/self-hatred and STBs exists, and informing
clinical practice during high-risk periods.
That neither the mean nor the variability of anxiety/
agitation during hospitalization predicted suicide attempt
(even in bivariate models) was unexpected given accumulating evidence that both associates disorders characterized
by severe anxiety or agitation with the transition from suicidal thoughts to behavior (e.g., Nock et al., 2010a, 2010b)
and implicates agitation as a short-term predictor of suicide attempt (e.g., Fawcett et al., 1990; Rogers et al., 2016).
It may be that the experience of anxiety/agitation is most
relevant for predicting suicidal behavior over even shorter
time windows (e.g., minutes, hours, days) than the 4 weeks
captured here.
Regarding study limitations, the duration of the EMA
period corresponded to length of inpatient stay and thus was
inconsistent across participants and relatively short. Coupled with just over 50% compliance, which was likely due to
the severe patient population, compensation for each day of
participation (not EMA surveys), and that participants were
instructed not to respond to EMA prompts while in treatment
sessions, this resulted in fewer observations compared to
other EMA NA studies (Dejonckheere et al., 2019). As about
20% of the original sample did fewer than 3 EMA surveys
(and were not included the present analyses) and about 22%
of included participants did not complete a follow-up survey after discharge, it is possible that remaining participants
differed from the general population of suicidal psychiatric
inpatients on relevant characteristics (e.g., functioning) that
we did not measure. Other limitations are the small number
of suicide attempts (potentially resulting in unstable model
parameters), retrospective nature of follow-up surveys, and
that we combined data from two study waves that used a
different number of EMA prompts per day, which may have
introduced bias and reduced precision in estimates of NA
patterns.
Despite these limitations, this study extends previous
work on the role of patterns and types of NA in predicting

STBs. Future studies that advance the frequency, duration, and types (e.g., physiological) of data streams to
collect information on NA have the potential to uncover
nuanced relationships between patterns and types of
affective experience and STBs, including what may be
key individual- and contextual-level differences. This line
of inquiry has the potential to inform the development of
novel emotion-focused interventions for suicidal individuals, perhaps using scalable digital formats that deliver
real-time support in response to individuals’ ever-fluctuating affective states (e.g., Nahum-Shani et al., 2018).
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