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A B S T R A C T

Most theories o suicide propose within-person changes in psychological states cause suicidal thoughts/behav-
iors; however, most studies use between-person analyses. Thus, there are little empirical data exploring current
theories in the way they are hypothesized to occur. We used a orm o statistical modeling called group iterative
multiple model estimation (GIMME) to explore one theory o suicide: The Interpersonal Theory o Suicide (IPTS).
GIMME estimates personalized statistical models or each individual and associations shared across individuals.
Data were rom a real-time monitoring study o individuals with a history o suicidal thoughts/behavior (adult
sample: participants = 111, observations = 25,242; adolescent sample: participants = 145, observations =
26,182). Across both samples, none o theorized IPTS eects (i.e., contemporaneous eect rom hopeless to
suicidal thinking) were shared at the group level. There was signicant heterogeneity in the personalized models,
suggesting there are dierent pathways through which dierent people come to experience suicidal thoughts/
behaviors. These ndings highlight the complexity o suicide risk and the need or more personalized approaches
to assessment and prediction.

For centuries, scholars have pondered why people decide to inten-
tionally end their lives. Suicide challenges the idea that all animals
possess an instinctual drive to survive, making it one o the most per-
plexing aspects o human nature (Minois, 2001). Psychological scientists
have proposed theories o the causes o suicidal thoughts and behaviors
(Millner, Robinaugh, & Nock, 2020; Selby, Jr, & Ribeiro, 2014).

Most theories o the causes o suicide propose that there are psy-
chological processes that change within individuals (e.g., increases in
hopelessness) and cause suicidal thoughts and behaviors to occur.
However, theories have been almost exclusively tested at the aggregate/
group level (i.e., between people). Analyses conducted this way make an
underlying assumption that there is a singular psychological pathway
leading to suicide. However, the causes o suicide may dier rom per-
son to person (Kaurin, Dombrovski, Hallquist, & Wright, 2021; Millner

et al., 2020; Sewall & Wright, 2021) and group-level results cannot be
assumed to generalize to all individuals (Barlow & Nock, 2009; Fisher,
Medaglia, & Jeronimus, 2018; Hamaker, 2012; Molenaar, 2004). One
reason or this lack o generalizability is the issue o ergodicity (Fisher
et al., 2018; Molenaar, 2004)). For results to translate rom the group to
the individual (i.e., ergodicity), between-people variability (group) must
be equivalent to within-person variability (individual). Past research
suggests this is not the case in human subjects research (Fisher et al.,
2018) and data is nonergodic.

Fortunately, real time monitoring methods allow us to examine
changes in within-person processes that lead up to suicidal thoughts and
behaviors. Real-time monitoring reers to data collected in an in-
dividual’s natural environment, intensively and repeatedly over time
(Stone, Schneider, & Smyth, 2023; Wright & Zimmermann, 2019).
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Studies have begun to use real-time monitoring to examine theories o
suicide (Gee, Han, Benassi, & Batterham, 2020; Kleiman, Glenn, & Liu,
2023). These studies, however, have used statistical models that rely on
the average eects across people (Czyz, Horwitz, Arango, & King, 2019;
Hallensleben et al., 2019; Kleiman et al., 2017). Thus, there is still little
inormation about individual-level processes (Kaurin et al., 2021).

One o most prominent current theories o suicide is the Interper-
sonal Theory o Suicide (IPTS) (Joiner, 2007; Van Orden et al., 2010).
The IPTS makes predictions about both suicidal ideation and suicidal
behavior. The theory proposes that suicidal desires (e.g., “I want to kill
mysel”) result rom a combination o perceived burdensomeness (e.g.,
“I am a burden”), thwarted belongingness (e.g., “I am alone"), and
hopelessness about that perceived burdensomeness and thwarted
belongingness. The pathways hypothesized in the original theory (Van
Orden et al., 2010) and reiterated in a meta-analysis o the theory (Chu
et al., 2017) are depicted in Fig. 1. Specically, perceived bur-
densomeness and thwarted belongingness are proposed to be proximal
predictors o hopelessness and hopelessness is a proximal predictor o
suicidal desire. The IPTS asserts that perceived burdensomeness,
thwarted belongingness, and hopelessness together are proximal and
sucient causes o suicidal desire.

The IPTS is a prominent and infuential theory in the eld o suicide
research (Hjelmeland & Loa Knizek, 2020; Joiner et al., 2021). It also is
proposed to have strong generality. Joiner suggests that “the Interper-
sonal Theory o Suicide is a universal theory o human suicidal behavior,
in the sense that it is proposed to be explanatory regarding suicidal
behavior across all spectra o diversity (Joiner et al., 2021, p. 4),” noting
that it provides an explanation “or all suicides at all times in all cultures
across all conditions” (Dokoupil, 2013). In a meta-analysis o the IPTS
including over 100 studies (Chu et al., 2017). The majority (92.3%) o
research on the IPTS has been cross-sectional (Chu et al., 2017). To date
only a small number o real-time monitoring studies have examined the
IPTS (Hallensleben et al., 2019; Kleiman et al., 2017) and all have used
statistical models that rely on the average eects across people. There-
ore, the designs o most o the research on the IPTS is not well suited to
explore the theory because the theory makes proximate within-person
predictions about suicidal ideation, but the theory has been largely
tested with between-person data on suicidal ideation.

Recent advances in statistical sotware (Lane, Gates, Pike, Beltz, &
Wright, 2019) allow researchers to apply a data-driven approach to
within-person data to determine whether some relationships are present
or most individuals across the entire sample as opposed to only among
some individuals (or not at all). This powerul approach is called group
iterative multiple model estimation (GIMME; Beltz & Gates, 2017; Gates
& Molenaar, 2012). One benet o this approach is that it allows re-
searchers to quantiy the generality o theoretical models. Rather than
merely supporting or alsiying a theory with a single statistical test as is
traditionally done (Christensen, Batterham, Soubelet, & Mackinnon,
2013), GIMME allows researchers to estimate subgroups o individuals
to whom a theory may apply. In the current study, we leveraged
real-time monitoring data and GIMME to explore the generality o the
theorized relationships across people in samples at elevated risk or

suicidal thoughts and behaviors.

1. Current study

The overall aims o the current analysis were to examine the gen-
erality and heterogeneity o within-person models o suicidal thinking
by testing the IPTS - one o most prominent current theories o suicide.
The rst aim was to examine the generality o the IPTS. We operation-
alized the IPTS in the current study through examining bivariate re-
lationships among core constructs. For the IPTS, we specically would
expect most participants to show relationships between perceived bur-
densomeness and thwarted belongingness with hopelessness and hope-
lessness with suicidal thinking. The presence o group paths or these
relationships would support the IPTS. Also o secondary interest are the
relationships between perceived burdensomeness and thwarted
belongingness with suicidal thinking. The second aim was to examine
the heterogeneity o individual models o the IPTS. We specically used
S-GIMME, a subgrouping algorithm that identies subgroups o in-
dividuals with similar model patterns, or this aim. Through subgroup-
ing and examining individual models, we sought to better understand
what percentage o individuals show the presence o paths consistent
with the interpersonal theory. The nal aim was to compare i statistical
approaches, which rely on the average eects across people, result in
dierent support or or against the IPTS than GIMME which relies on
individual level eects.

2. Method

2.1. Participants

Participants were rom an intensive longitudinal study ocused on
understanding the natural occurrence o suicidal thoughts and behaviors
in the period ater hospitalization. Data were downloaded in November
2022. Demographic data are reported in Table 1. In the overall protocol
both adults and adolescents were enrolled in the study. For the current
analysis, we decided to analyze these two samples separately because o
dierences in risk actors across age groups (Nock et al., 2008), dierent
clinical recruitment sites o the two samples, and calls or adolescent
specic theories o suicide (Hausmann-Stabile, Glenn, & Kandlur, 2021;

Fig. 1. Pathways theorized by the interpersonal theory o suicide.

Table 1
Sample demographic inormation.
Characteristic Adult Sample (n =

111)
Adolescent Sample (n =
145)

Age (years) 32.66 (SD = 11.70) 14.96 (SD = 1.56)
Gender Identity
Female 57 89
Male 39 17
Nonbinary/Gender
nonconorming

4 26

Transgender man 4 6
Transgender woman 2 -
Other 1 4
Missing 4 3

Birth Sex
Female 67 127
Male 40 15
Missing 4 3

Race
White 79 106
Black 12 6
Asian 1 12
Pacic Islander – – 
Native American – – 
Multiracial 6 12
Other 8 6
Missing 5 3

Ethnicity
Hispanic/Latino/Latina 22 12

D.D.L. Coppersmith et al.
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Miller & Prinstein, 2019).
Participants in the adult sample were recruited in the U.S. at a large

urban hospital emergency department (adult participants, n= 111). The
adolescent sample were recruited rom an adolescent inpatient psychi-
atry unit (adolescent participants, n = 145). For both groups, inclusion
criteria included (a) presenting to the hospital with suicidal thoughts or
behaviors and (b) owning a smartphone. For minors, participation also
required parental permission. Exclusion criteria or all participants
included any actor that impaired their comprehension and participa-
tion in the study, including: (1) an inability to speak or write English
fuently, (2) the presence o gross cognitive impairment due to forid
psychosis, (3) intellectual disability, (4) dementia, (5) acute intoxica-
tion, or (6) the presence o extremely agitated or violent behavior. De-
cisions about these inclusion/exclusion criteria was made by clinicians
at the respective hospitals. Prior research suggests that at least 60 ob-
servations per participants and at least 10 participants are required to be
able to reliably use GIMME (Beltz & Gates, 2017; Lane et al., 2019).
Thereore, only participants with at least 60 observations were included
in the analysis. In the adult sample, o the original 224 participants who
enrolled in the study and completed at least one EMA survey at the time
o the data download, 99 were excluded or having ewer than 60 ob-
servations and 9 or having no variance in at least one o the variables
under examination. Five participants were excluded because GIMME
could not t an adequate model to these participants’ data (e.g., singular
t). In the adolescent sample, o the original 253 participants who
enrolled in the study and completed at least one EMA survey at the time
o the data download, 95 were excluded or having ewer than 60 ob-
servations and 13 or having no variance in at least one o the variables
under examination.

A concern with excluding 43% (adolescent) to 50% (adult) o the
sample is that this may bias the results and that there could be dier-
ences between those included and excluded rom the analysis. For
example, participants excluded may have more severe histories o sui-
cidal thoughts and behaviors. That is to say there could be bias in the
type o participants included in the analysis. To test this, we compared
participants included and excluded on demographics and baseline sui-
cidal thoughts and behaviors histories or participants who completed
the baseline survey and at least one EMA survey. It is important to note
that comparing participants on demographic and baseline characteris-
tics cannot speak to potential bias in dynamic within-person eects. For
demographics, we compared participants on age, sex assigned at birth,
and ethnicity. For suicidal thoughts and behaviors histories, we
compared participants on lietime presence o a suicide attempt, past
year presence o a suicide attempt, and number o days with thoughts o
killing onesel in the past week. All these variables were measured with a
sel-report version o the Sel-Injurious Thoughts and Behaviors Inter-
view (Fox et al., 2020; Nock, Holmberg, Photos, & Michel, 2007).

For continuous variables (e.g., age) dierences in included/excluded
were compared with t-tests. For categorical variables (e.g., lietime
presence o a suicide attempt) dierences were compared with chi-
squared tests. In the adult sample, included/excluded participants did
not dier on the examined demographic variables (p values all greater
than 0.05). In the adult sample, participants did not dier on lietime
history o a suicide attempt, past year history o a suicide attempt, or
number o days with thoughts o killing onesel in the past week (p
values all greater than 0.05). In the adolescent sample, included/
excluded participants did not dier on the examined demographic var-
iables (p values all greater than 0.05). In the adolescent sample, par-
ticipants did not dier on lietime presence o a suicide attempt, past
year presence o a suicide attempt, or number o days with thoughts o
killing onesel in the past week (p values all greater than 0.05).

2.2. Procedure

The overall study lasted six months. For the rst three months,
participants were sent smartphone-based momentary assessment

surveys six times per day at random times within pre-dened windows
using LieData. For the last three months, participants were sent
smartphone-based daily diary assessment surveys once per day. Only
data rom the rst three months were used in the current analysis.
Morning and evening surveys were sent at xed times and daytime
surveys were sent randomly within a pre-dened window o time. All
procedures were approved by the governing university/hospital insti-
tutional review boards.

2.3. Measures

In each smartphone-based survey, participants rated their suicidal
thoughts and emotions in the moment (i.e., “right now”). The exact
prompt, denition, scale, and anchors o each item used in the analysis
are provided in Table 2. We operationalized suicidal thinking with one
item on the urge to kill onesel. This type o item has been used in other
studies (Bentley et al., 2021; Coppersmith, Millgram, et al., 2023; Wang
et al., 2021) and shown predictive validity (Wang et al., 2021). This item
was specically used in the analysis because the IPTS theorizes that
perceived burdensomeness, thwarted belongingness, and hopelessness
leads to a desire or suicide (e.g., want/desire to kill onesel). The
interpersonal items used in this study were “hopeless,” “burdensome,” 
and “isolated.” For the purposes o this analysis, the isolated item is used
to represent the IPTS construct o thwarted belongingness. Lone-
liness/social isolation has been proposed as a component o thwarted
belongingness (Van Orden et al., 2010). While the IPTS posits that
hopelessness specically regarding perceived burdensomeness and
thwarted belongingness leads to a desire or suicide (Van Orden et al.,
2010), the largest meta-analysis on the IPTS ocused on general hope-
lessness (i.e., not just hopelessness about burdensomeness and thwarted
belongingness) (Chu et al., 2017). Consistent with this meta-analysis and
other studies (Chu et al., 2020), we used a measure o general
hopelessness.

2.4. Analytic approach

All analyses were conducted with GIMME (Gates, Lane, Varangis,
Giovanello, & Guskiewicz, 2017). GIMME is a model search algorithm
that makes use o the unied structural equation (uSEM) ramework to
describe temporal processes (Gates & Molenaar, 2012). The details o
the algorithm (Gates &Molenaar, 2012), simulation studies (Lane et al.,
2019), and tutorials on GIMME have been published elsewhere (Ariz-
mendi, Gates, Fredrickson, & Wright, 2020). Thereore, we briefy
described what GIMME consists o, what it produces, and how it com-
pares to other modeling rameworks.

As previously stated, GIMME uses a unied structural equation
(uSEM) ramework (Kim, Zhu, Chang, Bentler, & Ernst, 2007),
combining vector autoregression and structural equation modeling.

Table 2
Real-time measurement items.
Construct Prompt Denition Scale Anchors

Hopeless Right now, how
much do you eel:
Hopeless

“When things are bad
you eel like things
will never get better.” 

0 to
10

not at all
very
much

Burdensome Right now, how
much do you eel:
Burdensome

“You, your presence,
or things you’ve done
cause other people to
suer hardship.” 

0 to
10

not at all
very
much

Isolated Right now, how
much do you eel:
Isolated rom
others

N/A 0 to
10

not at all
very
much

Suicidal
Urge

Right now, how
strong is your:
Urge to kill
yoursel

N/A 0 to
10

not at all
very
much

D.D.L. Coppersmith et al.
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Vector autoregression is used to model lagged eects, which are the
relationships between variables at one assessment and the next assess-
ment. For example, using hopelessness at one assessment to predict
suicidal thinking at the next assessment would be a lagged relationship.
Structural equation modeling is used to model contemporaneous eects,
which are the relationships between variables within the same assess-
ment. As part o the model search procedure, GIMME provides the di-
rection o eects based on signicance o eects and model t indices. In
the context o GIMME, direction is dened as one variable predicting
another variable ater accounting or the infuence o the other variables
in the model (Wright et al., 2019). For example, hopelessness predicting
suicidal thinking when accounting or the eect o suicidal thinking
predicting hopelessness. An important limitation regarding direction-
ality within GIMME is that the identication o directionality or
contemporaneous paths is not always reliable (Beltz & Molenaar, 2016)
and past simulation work suggest imperect recall and precision o
directionality (Lane et al., 2019). This can be especially challenging in
the context o data with lower autoregressive relations, such as daily
diary or EMA data (Weigard, Lane, Gates, & Beltz, 2023).

There are analytic strategies or addressing this challenge (Weigard
et al., 2023) and we used one o them, estimating the autoregressive
paths by deault, in the current study. Nonetheless, caution is warranted
when interpreting the direction o the paths generated by GIMME.

GIMME uses a multi-step procedure or model selection and tting
(Gates et al., 2017; Lane et al., 2019). In the rst step, the algorithm
searches or paths (both contemporaneous and lagged) that would
signicantly improve model t or the majority o individuals in the
sample. Following prior studies, we operationalized the majority as 75%
o the sample (Gates et al., 2017; Wright et al., 2019). Model t reers to
the ability o the model to characterize the variance and covariance in
the data. Signicance is operationalized by testing modication indices
or each path. It is important to note that during this group-search, the
analyses are done or each individual separately rather than any type o
pooling or aggregation across individuals.

GIMME then uses the group level paths as priors to search or
individual-level paths. Starting with inormation shared at the group-
level to inorm individual-level searches has been ound to improve
the recovery and reliability o individual-level paths (Gates&Molenaar,
2012). GIMME iteratively searches or paths or each individual in the
sample. All possible associations have the potential to be modeled but
are not included i they are nonsignicant and are detrimental to model
t. Model search continues until an excellent model t is ound or each
individual.

There is the additional option o running a subgrouping algorithm to
identiy subgroups o individuals with similar model patterns. This al-
gorithm, S-GIMME, extends GIMME by identiying subgroups based on
shared characteristics o individuals’ temporal processes (Lane et al.,
2019). In S-GIMME, the search or subgroups occurs in between the
group search and the individual search. The purpose o the subgroup
search is to rene the model search and to identiy subsets o in-
dividuals. It specically creates an adjacency matrix o shared paths
across individuals and then applies a community detection algorithm
procedure called Walktrap to the matrix. For a more detailed explana-
tion o the estimation procedures see (Gates et al., 2017; Lane et al.,
2019). The threshold or a subgroup path is 50%, that is or a path to be
considered a subgroup level path 50% o the individuals within that
subgroup must contain that path in their model.

GIMME produces group-level paths, subgroup paths (when S-GIMME
is used), and individual paths. Group level paths are paths that are
present or at least 75% o the sample. Subgroup paths are shared among
a subgroup o the sample. Individual paths are paths that are estimated
or each individual but do not meet the threshold or group or subgroup
level paths. At the individual level, GIMME provides path estimates and
model t inormation or each individual.

GIMME is unique rom other popular analytic approaches to inten-
sive longitudinal data like the real-time monitoring data rom this study

in several important ways. One o the most common approaches is
multilevel modeling (Hamaker & Wichers, 2017). GIMME is unique
rommultilevel modeling in that multilevel modeling pulls all individual
eects into a distribution o eects (Wright et al., 2019). Multilevel
models share inormation across individuals to pool eects (Gelman,
Hill, & Yajima, 2012). This makes strong assumptions about the nature
o individual eects, can be infuenced by extreme cases, and can lead to
biases in estimates when there is heterogeneity in the sample (Liu,
2017). GIMME provides no restrictions on individual eects, ensures
that all individuals are estimated separately, and each individual has an
equal contribution to group-level eects. Another analytic approach is
idiographic (i.e., N o 1) structural equation modeling (Fisher, 2015) or
vector autoregression (Fisher, Reeves, Lawyer, Medaglia, & Rubel,
2017; Liu, 2017). A limitation o these approaches is scalability (Wright
et al., 2019). Traditionally, researchers had to do model tting or each
individual (Fisher et al., 2017). GIMME automates this individual-level
model tting.

All analyses were conducted in R version 4.1.1 with the R package
gimme (Lane et al., 2021). We included the urge kill onesel item and the
individual interpersonal items. We t the model with the deault settings
given that these settings have been tested in simulation studies (Gates
et al., 2017; Lane et al., 2019) and shown to reliably recover true eects.
These settings include dening group-level paths as those that improved
model t in at least 75% o the individual models. We also include all
autoregressive paths at the group level, the deault or GIMME. This
means that all autoregressive paths (e.g., burdensomeness at t predicting
burdensomeness at t+1) were estimated or all individuals as opposed to
being let open or estimation in the model.

We also used the R package perturbR to assess the robustness o
subgroups identied (Gates et al., 2019). For this analysis, we took the
adjacency matrix, which contains all o the shared paths across partic-
ipants identied by S-GIMME. Noise is then added to the matrix in
increasing amounts to test how robust the matrix is to perturbations. The
subgroups identied by S-GIMME on the original adjacency matrix are
then compared to the subgroups rom the perturbed matrix. I the sub-
groups are stable, small perturbations to matrix (e.g., slight changes in
the paths) should not alter the subgroups. The outcome used or this
analysis was the percent o perturbation to edges in the matrix that
would result in 20% o subgroup assignments being swapped. A general
threshold or stable subgroups is 20% perturbation beore 20% o sub-
group assignments are swapped (Gates et al., 2019; Groen et al., 2022).

To account or the uneven spacing o the observations in time, we
also included two temporal variables in the models. We included the
total time since the rst observation (in hours) and length o time be-
tween observations (in hours). These temporal variables were specied
as exogenous variables, which meant that they could predict other
variables in the model, but not be predicted by other variables (Ariz-
mendi et al., 2020). The total time since the rst observation variable
linearly detrends the data in a single model. This is a useul step because
an assumption o GIMME is stationarity (i.e., the mean and variance do
not change over time). Past work has ound similar ndings when
de-trending the data prior to running GIMME and de-trending with an
exogenous temporal node (Webb, Murray, Tierney, & Gates, 2023). An
advantage o de-trending within GIMME is that it allows one to quantiy
the percentage o participants with temporal trends in the variables o
interest (Arizmendi et al., 2020). The length o time between observa-
tions variable represents the extent to which the time since the last
observation has an eect on a variable. For example, the length o time
since the last observation predicts hopelessness. This approach to ac-
counting or uneven spacing o observations, which is the case in the
current study, has previously been applied to real-time monitoring data
(Woods et al., 2020). Exogenous temporal nodes have also been used in
prior research (Clasen, Fisher, & Beevers, 2015; Rabinowitz & Fisher,
2020) with similar models as the ones used in the current analyses.

To summarize the GIMME results, we rst examined the presence o
group-level paths. We next examined the presence and stability o
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subgroup-level paths. We also sought to describe and characterize these
subgroups by examining the path specic to each subgroup. Finally, we
describe the individual level paths. To better characterize individual
level paths, we also selected a small number o participants and
described their individual model and data. For these participants, we
provide data visualizations o their raw data to provide readers with a
better understanding o how heterogeneity maniests and the connection
between the data and the models t with GIMME. Throughout all ana-
lyses, we compare the ndings across the adult and adolescent samples.
We specically examine the number o group level paths, the number o
subgroups, and the requency o individual level paths.

For the nal aim ocused on i dierent statistical modeling ap-
proaches result in dierent support or or against the IPTS, we used two
approaches to contrast with GIMME. We conceptualized this work as a
bridge between past research and the current analyses with GIMME. We
chose to analyze the same data and variables with alternative statistical
approaches to help contextualize the current ndings. Both alternative
analytic approaches we used had been previously applied to IPTS EMA
data (Al-Dajani & Czyz, 2022; Hallensleben et al., 2019; Kleiman et al.,
2017; Rath et al., 2019) and thereore serve as helpul comparisons to
GIMME.

First, we used multilevel modeling. When reerring to multilevel
modeling in this manuscript, we are reerencing multilevel linear
regression. Multilevel modeling pulls all individual eects into a dis-
tribution o eects, in contrast to GIMME, where eects are estimated
independent o other participants. We specically ran multilevel models
on the same participants used in the GIMME analysis. We ocused on the
three key theorized relations in the IPTS: burdensomeness to hopeless,
isolated to hopeless, and hopeless to urge to kill onesel. Given that the
timescale o relationships in the IPTS is unclear (Chu et al., 2017; Millner
et al., 2020) and the time lag between observations in the study varied,
we ocused on contemporaneous associations.

For the multilevel models, we within-person centered all predictors
(Hamaker&Muthén, 2020) and used random intercepts and slopes. This
model structure allows or both the intercepts and slopes to vary across
participants. While more complex versions o multilevel models exist
that may better t the data (Bürkner & Vuorre, 2019; Williams, Mulder,
Rouder, & Rast, 2021), to allow or comparison with the regressions
used in GIMME we used requent models with a Gaussian distribution.
We t the models with the lme4 package (Bates, Mächler, Bolker, &
Walker, 2015), computed p-values with the parameters package, and
plotted marginal eects plots with the ggeects package (Lüdecke,
2018). To visualize heterogeneity within multilevel models, we also
plotted individual regressions or each participant within the sample.

The second analytic approach we contrasted with GIMME is multi-
level vector autoregression (ml-VAR; Epskamp, Waldorp, Mõttus, &
Borsboom, 2018). This analytic approach is oten used or modeling
multiple relationships between variables and is typically applied within
the context o network analysis (Jordan, Winer, & Salem, 2020).
ML-VAR models multiple time series at once (i.e., multiple variables
rom multiple participants) and produces three types o networks:
contemporaneous, temporal, and between-person. ML-VAR pools eects
across participants so these networks represent the average eect across
participants. In the current analysis, we only ocus on the contempora-
neous and temporal results given that GIMME ocuses on within-person
relationships. The temporal model represents how each variable predicts
itsel and other variables over a specic time-lag, typically a lag o one
observation. The contemporaneous model shows how variables in
network predict each other at the same measurement occasion. All
ml-VAR analyses were run separately or the adult and adolescent
samples. Analyses were run with mlVAR package (Epskamp, Deserno,
Bringmann, & Veenman, 2024) and results were plotted with the qgraph
package (Epskamp et al., 2023). In both samples, we used models with
orthogonal random eects rather than correlated random eects based
on model t statistics. In the analyses, only lagged relationships within
the same day were examined to restrict the possible duration o lag

times.
We briefy summarize the key dierences between GIMME, multi-

level modeling, and ml-VAR as implemented in the current analyses.
First, both multilevel modeling and ml-VAR use pooling to aggregate a
mean eect across participants (Haslbeck, Epskamp, &Waldorp, 2023).
In GIMME, no multilevel structure is imposed, and no pooling occurs
during individual model estimation. Second, GIMME and ml-VAR pro-
vide both contemporaneous and lagged/temporal eects or all vari-
ables. In this paper, we only modeled contemporaneous relationships in
the multilevel modeling analyses. Third, GIMME and ml-VAR model the
relationships among all variables in all possible directions. In the
multilevel modeling analyses, we only modeled specic theorized re-
lationships in the IPTS. Fourth, the uneven spacing o observations was
handled in dierent ways in GIMME and ml-VAR. For GIMME the time
lag duration was included as an exogenous temporal node and or
ml-VAR the time-lag was restricted to observations within the same day.
Finally, both GIMME and ml-VAR model autoregression, which is how a
variable predicts itsel over time, and the multilevel modeling approach
we used in this study did not. Thus, there are important dierences in
pooling eects across participants, what relationships between psycho-
logical variables are modeled, and how time is modeled in each analysis.

3. Results

3.1. Descriptive statistics

The total number o observations was as ollows: adult sample (mean
per participant = 227, range = 61 to 495), adolescent sample (mean per
participant = 181, range 61 to 470). In the adult sample, the average
time in hours between surveys was 7.49 h (SD = 19.85 h) and in the
adolescent sample it was 9.18 h (SD = 26.63 h). The distributions o all
variables or both samples are provided the supplemental material.

3.2. Group-level paths

When describing paths, we will use language to describe paths such
as X to Y. It is important to note that or contemporaneous models these
descriptions should be viewed as a description o the statistical rela-
tionship o a predictor to an outcome. These associations should not be
seen as a causal relationship between variables given the challenges o
properly identiying directionality in longitudinal data with weaker
autocorrelations (Weigard et al., 2023). Consistent with the IPTS, the
hypothesized group-level paths were burdensomeness to hopeless, iso-
lated to hopeless, and hopeless to urge to kill onesel. The presence o
group-level paths would support that the IPTS applies to the majority o
individuals in the study. In both the adult and adolescent sample, we
ound zero group level paths.

3.3. Sub-group identifcation

In the adult sample our subgroups were identied. In the adolescent
sample two subgroups were identied. For both samples, the robustness
analysis ound that very little perturbation (i.e., less than 1% pertur-
bation) results in 20% o community assignments being swapped. This
suggests that the subgroups are not stable and thereore should be
interpreted with caution (Groen et al., 2022).

In the adult sample, the largest subgroup (n = 45) showed subgroup
level paths rom burdensomeness to hopeless (contemporaneous),
hopeless to eeling isolated (contemporaneous), and hopeless to urge to
kill sel (contemporaneous). This subgroup showed two out o the three
paths hypothesized by the IPTS. The second largest subgroup (n = 33)
showed paths rom hopeless to burdensomeness (contemporaneous),
eeling isolated to eeling hopeless (contemporaneous), and hopeless to
urge to kill sel (contemporaneous). This subgroup showed two out o
the three paths hypothesized by the IPTS. Given that the main dierence
o these two subgroups are the direction o contemporaneous paths and
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the uncertainty o direction or contemporaneous paths, caution is
warranted when interpreting dierences between these two subgroups.
The third subgroup (n = 25) did not show associations among IPTS
variables and with urge to kill onesel. In this subgroup, there were no
signicant subgroup level eects. These were individuals that were
grouped together by the similarity o their individual models, but no
path surpassed the 50% threshold required to be considered subgroup
level eect (Wright et al., 2019). The ourth subgroup (n = 4) only had
one subgroup level path that was a contemporaneous path rom hopeless
to burdensomeness. The remaining participants in the sample did not
belong to any subgroups.

In the adolescent sample, the largest subgroup (n = 94) showed
subgroup level paths rom hopeless to burdensomeness (contempora-
neous), eeling isolated to hopeless (contemporaneous), and hopeless to
urge to kill sel (contemporaneous). This subgroup showed two out o
the three paths hypothesized by the IPTS. The second subgroup (n = 45)
did not show associations among IPTS variables and with urge to kill
onesel. In this subgroup, there were no signicant subgroup level e-
ects. The remaining participants in the sample did not belong to any
subgroups.

3.4. Individual-level paths

There was heterogeneity in the individual-level paths in each study.
The requencies o the paths are shown in Table 3 and Table 4. The
percentage o the sample with each path in each sample is shown in
Fig. 2.

In the adult sample, the requencies o the IPTS-implied paths were
burdensomeness to hopeless (44.1% contemporaneous; 2.7% lagged),
isolated to hopeless (36.0%; 3.6% lagged), and hopeless to urge to kill
sel (73.0%; 2.7% lagged). The three most common paths were:
contemporaneous paths rom hopeless to urge to kill sel, hopeless to
isolated, burdensomeness to hopelessness. Overall, there was a higher
prevalence o contemporaneous paths than lagged paths.

In the adolescent sample, the requencies o the IPTS-implied paths
were burdensomeness to hopeless (5.5% contemporaneous; 9.0% lag-
ged), isolated to hopeless (70.3%; 2.1% lagged), and hopeless to urge to
kill sel (72.4%; 2.8% lagged). The three most common paths were:
contemporaneous paths rom hopeless to urge to kill sel, isolated to
hopeless, and hopeless to burdensomeness. Similar to adult sample,
there was a higher prevalence o contemporaneous paths than lagged
paths.

3.5. Example participants

To provide a deeper understanding o the individual models, we
describe two example participants’ statistical models and the raw data
underlying those models. We highlight one participant that shows a
model with paths theorized by the IPTS and one participant that does not
show the theorized paths.

Participant 1 is an adolescent participant and completed 186 real-

time surveys. The participant had the ollowing signicant paths in
their model (all paths are positive associations): contemporaneous
burdensomeness to isolated, contemporaneous hopeless to bur-
densomeness, contemporaneous isolated to hopeless, and contempora-
neous hopeless to urge to kill sel. Thus, the participant has 2 o the three
paths proposed by the IPTS. The time series plot in Fig. 3A shows high
variability over time in all constructs. The histogram plot in Fig. 3B
highlights the zero-infation in the participant’s urge to kill onesel and
the high levels o eelings o isolation. The bivariate plots in Fig. 3C–E o
the contemporaneous associations hypothesized by the IPTS ollow a
pattern consistent with the theory. For example, the majority o the
times when the participant experienced suicidal urges they were when
hopelessness was at a 10 out o 10.

Participant 2 is an adult participant and completed 106 surveys. The
participant had the ollowing signicant paths in their model: contem-
poraneous hopeless to eeling isolated (positive association), time in
study to eeling isolated (negative association), and time in study to urge
to kill sel (positive association). The time series plot in Fig. 4A shows
moderate variability over time and the temporal trends o decreases in
eelings o isolation and increases in suicidal urges. The histogram in
Fig. 4B shows the relatively low levels o endorsements o suicidal urges
and the high prevalence o 10 out 10 endorsements or all IPTS con-
structs. The bivariate plots in Fig. 4C–E o the contemporaneous asso-
ciations hypothesized by the IPTS do not ollow a pattern consistent with
the theory. There are not linear positive associations among the core
constructs. This participant oten experiences high levels o bur-
densomeness, isolation, and hopelessness, and typically experiences
lower levels o suicidal urges.

3.6. Multilevel models

In the adult sample, the multilevel model results ollowed a pattern
consistent with the IPTS. There was a signicant positive contempora-
neousness association between burdensomeness and hopelessness (B =
0.52, 95% CI = 0.46 to 0.58, p < 0.001), eeling isolated and hope-
lessness (B = 0.44, 95% CI = 0.39 to 0.48, p < 0.001), and eeling
hopelessness and the urge to kill onesel (B = 0.26, 95% CI = 0.21 to
0.31, p < 0.001). The bivariate associations are visualized in Fig. 5.
Within these overall eects there was heterogeneity as shown in the
individual eects in Fig. 5.

In the adolescent sample, the multilevel model results also ollowed a
pattern consistent with the IPTS. There was a signicant positive
contemporaneous association between burdensomeness and hopeless-
ness (B = 0.47, 95% CI = 0.42 to 0.51, p < 0.001), eeling isolated and
hopelessness (B = 0.37, 95% CI = 0.33 to 0.41, p < 0.001), and eeling
hopelessness and the urge to kill onesel (B = 0.28, 95% CI = 0.24 to
0.32, p < 0.001). The bivariate associations are visualized in Fig. 6.
Within these overall eects there was heterogeneity as shown in the
individual eects in Fig. 6.

Table 3
Adult Sample: number o individuals with signicant contemporaneous and lagged paths (percent o sample with that path). Note: the row is the outcome and the
column is predictor in the table.
Contemporaneous Paths Hopeless Isolated Burdensome Suicidal Urge Time Lag

Hopeless – 40 (36.0) 49 (44.1) 3 (2.7) 4 (3.6) 3 (2.7)
Isolated 51 (45.9) – 12 (10.8) 6 (5.4) 4 (3.6) 0 (0)
Burdensome 40 (36.0) 11(9.9) – 3 (2.7) 6 (5.4) 2 (1.8)
Suicidal Urge 81(73.0) 1 (0.9) 4 (3.6) – 3 (2.7) 2 (1.8)
Lagged Paths Hopeless Isolated Burdensome Suicidal Urge

Hopeless 111 (100) 4 (3.6) 3 (2.7) 1(0.9)
Isolated 3 (2.7) 111(100) 6 (5.4) 2 (1.8)
Burdensome 5 (4.5) 6 (5.4) 111(100) 3 (2.7)
Suicidal Urge 3 (2.7) 1 (0.9) 3 (2.7) 111(100)
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3.7. Multi-Level Vector Autoregression Models

The contemporaneous and temporal networks or the adult sample
and adolescent sample are shown in Fig. 7. In the contemporaneous
networks in both samples, there were signicant positive associations
among all variables. In the adult sample, the strongest contemporaneous
association was between hopelessness and burdensomeness and the
weakest was between urge to kill onesel and burdensomeness. In the
adolescent sample, the strongest contemporaneous association was be-
tween hopelessness and burdensomeness and the weakest was between
urge to kill onesel and eelings o isolation. In the temporal networks in
both samples, there were signicant positive associations among all
variables. All variables showed signicant positive bidirectional re-
lationships. For example, hopelessness predicted urge to kill onesel and

urge to kill onesel predicted hopelessness. The magnitude o all tem-
poral associations was relatively small. The coecients or all ml-VAR
models are provided in the supplemental material.

4. Discussion

We sought to test whether the associations among psychological
constructs proposed by well-established theories o suicide are present
among most people with suicidal thoughts, or whether there is hetero-
geneity in these associations across dierent people. We did this by
ocusing on the most widely studied current theoretical model o suicide:
the IPTS. Across two intensive longitudinal samples, there were three
key ndings. First, the hypothesis that the associations proposed by this
model would hold across most participants was not supported as none o

Table 4
Adolescent Sample: number o individuals with signicant contemporaneous and lagged paths (percent o sample with that path). Note: the row is the outcome and the
column is predictor in the table.
Contemporaneous Paths Hopeless Isolated Burdensome Suicidal Urge Time Lag

Hopeless – 102 (70.3) 8 (5.5) 12 (8.3) 3 (2.1) 3 (2.1)
Isolated 6 (4.1) – 19 (13.1) 13 (9.0) 7 (4.8) 5 (3.4)
Burdensome 95 (65.5) 17 (11.7) – 17 (11.7) 8 (5.5) 3 (2.1)
Suicidal Urge 105 (72.4) 6 (4.1) 12 (8.3) – 7 (4.8) 4 (2.8)
Lagged Paths Hopeless Isolated Burdensome Suicidal Urge

Hopeless 145 (100) 3 (2.1) 13 (9.0) 1 (0.7)
Isolated 4 (2.8) 145 (100) 1 (0.7) 4 (2.8)
Burdensome 7 (4.8) 1 (0.7) 145 (100) 5 (3.4)
Suicidal Urge 4 (2.8) 5 (3.4) 3 (2.1) 145 (100)

Fig. 2. Percent o Sample with Model Paths. A) Contemporaneous paths in the adult sample; B) Lagged paths in the adult sample; C) Contemporaneous paths in the
adolescent sample; D) Lagged paths in the adolescent sample. Note: red dashed line at 75% represents the threshold or a group level path. (For interpretation o the
reerences to colour in this gure legend, the reader is reerred to the Web version o this article.)
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the theorized paths were signicant at the group level. Second, there
was evidence o subgroups o individuals who showed similar dynamic
models o suicide risk. Third, multilevel models and ml-VAR models,
which rely on the average eects across people, showed support or
certain relationships proposed by the IPTS whereas GIMME models did
not nd support. We elaborate on each o these ndings below.

No paths appeared or all individuals in the GIMME models. This
result does not support the assumption that risk actors apply to all in-
dividuals. The current study suggests that existing theories o suicide as
they currently stand likely cannot explain the onset o suicidal thinking
in all individuals and highlights the challenges o individual level pre-
diction o suicidal thinking (Wang et al., 2023). This study demonstrates
how individual level data and approaches such as GIMME allow re-
searchers to quantiy the generality o theories. These results suggest
that theories such as the IPTS may help to explain suicidal thoughts and
behaviors in some individuals, but they are not universal (at least not in
the case o the IPTS).

One pathway towards rening theories o suicide is to clariy to
whom they apply through subgrouping similar individuals. In this study,
we identied subgroups o individuals based on dynamic within-person
patterns. These subgroups, however, were not stable. Prior research has
identied subgroups o suicide risk in cross-sectional data (Ginley &
Bagge, 2017) and subgroups o patterns o suicidal thinking based on
within-person data (Kleiman et al., 2018). Recently theoretical work has
proposed the importance o multiple suicidal subtypes (Bernanke,
Stanley, & Oquendo, 2017). Our ndings advance this area o research
by combining intensive within-person data on suicidal thinking risk with
subgrouping algorithms. In both the adult and adolescent sample, there
was a subgroup o individuals with contemporaneous patterns

consistent with the IPTS. These ndings suggest that theories, such as
IPTS, appear unlikely to currently represent the cause o suicide or all
people, but may be relevant in the pathway to suicide or some. The lack
o stability o the subgroups in the current study and other studies
applying similar methods (Ellison et al., 2020; Groen et al., 2022) or lack
o subgroup level eects (Kaurin et al., 2021), highlights the diculty o
identiying meaningul subgroups in the ace o immense heterogeneity.
Nevertheless, leveraging new dynamic data and algorithms to identiy to
whom theories apply is a promising way o improving the clinical use-
ulness o current theories.

The nal aim was to compare i traditional statistical approaches,
which rely on the average eects across people, result in dierent sup-
port or or against the IPTS than GIMME which relies on individual level
eects. GIMME ound low support or the IPTS with no group level
contemporaneous or lagged paths. We ound that when the same data
were examined with multilevel modeling, there were signicant
contemporaneous associations or all the theorized relationships within
the IPTS. With multilevel vector autoregression, there were also signi-
icant contemporaneous associations among all IPTS variables. There
were also signicant temporal associations o theorized relationships,
but there were also paths in the other (non-theorized direction) and all
temporal eects were relatively small. Thus, these three dierent ap-
proaches all provide dierent levels o support or the IPTS. The notion
that the same data when examined with idiographic methods (i.e.,
GIMME) versus multilevel methods (i.e., ml-VAR) could provide
dierent results may seem surprising but is consistent with past work in
other areas (Sahdra et al., 2024). Consistent with past general
meta-scientic work (Bastiaansen et al., 2020; Silberzahn et al., 2018),
these ndings emphasize the impact o dierent analytic decisions in

Fig. 3. Example Participant 1. A) Time series o interpersonal constructs and suicidal urges; B) Histogram o interpersonal constructs and suicidal urges; C)
Bivariate bubble plot between burdensomeness and hopelessness; D) Bivariate bubble plot between isolation and hopelessness; E) Bivariate bubble plot between
hopelessness and suicidal urges.
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supporting hypotheses. As noted in the methods section, all o these
analytic approaches handled heterogeneity and time in dierent ways
and these dierences seem to have signicant implications. This nding
also demonstrates possible discrepancies between a general eect in a
population and an eect at the individual level (Fisher et al., 2018). This
discrepancy is important because psychological theories are currently
vague about intraindividual eects and interindividual eects (Bors-
boom & Haslbeck (2024)). An overall implication o this nding is the
need or theories to be more specic (Millner et al., 2020; Robinaugh,
Haslbeck, Ryan, Fried, & Waldorp, 2021) reducing the gap between
theories and the statistical models used to test them.

While the present study has several strengths such as ecological
validity, within-person data, and use o multiple samples, there are
several key limitations. First, participants across both samples were
primarily White, cisgender individuals. This limits the generality o the
ndings, especially given that specic theories may be more relevant
among certain demographic groups (Opara et al., 2020). Second, the
study only ocused on suicidal thoughts, but the IPTS also makes pre-
dictions or suicidal behaviors (Van Orden et al., 2010). Capturing sui-
cidal behavior in real-time monitoring is challenging (Coppersmith,
Wang, et al., 2023; Rogers, 2023), given the low-base rate o the
behavior. Still the current study is only able to speak to the generality
and validity o the IPTS on suicidal thoughts. Third, the study did not
test interactions between psychological constructs in the IPTS. Tests o
the IPTS oten ocus on interactions among core constructs, such as
perceived burdensomeness and thwarted belongingness (Chu et al.,
2017). Testing interactions in GIMME is possible (Arizmendi et al.,
2020), but requires adequate statistical power rarely available with
idiographic models. Fourth, we did not use multiple-solutions GIMME

(Beltz & Molenaar, 2016; Weigard et al., 2023), which can be useul or
improving inerence about the directionality o paths. Multiple-solutions
GIMME, however, is not compatible with S-GIMME (Weigard et al.,
2023). Fith, the current study used single items to assess suicidal
thoughts and IPTS constructs. This could have introduced measurement
error (Dejonckheere et al., 2022) and impacted the ability to uncover
associations. Finally, the design o the real-time monitoring studies may
have ailed to capture lagged eects. There were ar more signicant
contemporaneous than lagged eects across studies, which is consistent
with other research applying GIMME (Woods et al., 2020). This may be
because eects may show up as contemporaneous when assessments
occur at a slower timescale than the change in the measured phenom-
enon (Granger, 1969; Woods et al., 2020). Future work with higher
density sampling (e.g., minutes apart) would be better able to disen-
tangle contemporaneous versus lagged eects (Coppersmith, Ryan,
et al., 2023).

This project has important implications or understanding suicide.
First, the current nding is based on a data-driven approach that aims to
reveal meaningul relationships between critical constructs and how
these relationships vary within subgroups. Yet such approaches may be
picking up on "surace-level heterogeneity" (i.e., noise) (Wright &
Woods, 2020). I this is the case, integrating data-driven approaches and
theoretical rameworks may advance understanding more than
data-driven approaches alone. Second, the heterogeneity identied in
this study and other work (Kaurin et al., 2021) poses a challenge or
theories that posit a common nal pathway or all suicidal behaviors
(Millner, Lee, & Nock, 2017)

This work also has important implications or suicide prevention.
Future interventions should accommodate the heterogeneity in risk

Fig. 4. Example Participant 2. A) Time series o interpersonal constructs and suicidal urges; B) Histogram o interpersonal constructs and suicidal urges; C)
Bivariate bubble plot between burdensomeness and hopelessness; D) Bivariate bubble plot between isolation and hopelessness; E) Bivariate bubble plot between
hopelessness and suicidal urges.
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captured in the present study. This heterogeneity in risk may be driving
heterogeneity in treatment eects (Kessler, 2019) due to the homoge-
nous nature o existing suicide prevention eorts. There are two uture
ways suicide prevention eorts can account or this heterogeneity. First,
treatment decision algorithms can be applied to allocate specic existing
interventions based on predictions o what intervention is most likely to
be helpul or individual patients (DeRubeis, 2019; Kessler, Chalker,
Luedtke, Sadikova, & Jobes, 2020). Second, it may be that interventions
work or certain people only at certain times. Thus, just-in-time adaptive
interventions (JITAIs) are designed to provide the right type o support
at the right time by adapting to changes in internal states and external
contexts (Nahum-Shani et al., 2018). JITAIs may match the dynamic,
heterogeneous, and interactive nature o suicidal thoughts and behav-
iors (Coppersmith et al., 2022).

The current study provides previously unavailable inormation about
the heterogeneity o existing suicide risk actors. We hope this work
serves as a catalyst or advancing suicide theory and prevention.
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