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Objective:Model the associations between aggressive behavior and potential precursors. Little research exists
that can illuminate themost proximal factors to momentary aggression as they occur in daily life and against the
background of an individual’s profile of relevant traits (e.g., their self-control levels).Method: This study used
data from the combined longitudinal cohort and ecological momentary assessment (EMA) study, Decades-to-
Minutes, with machine learning techniques to find the most important factors associated with “in-the-moment”
aggressive behavior. Two types of models fitted by elastic net were examined: one with momentary data from
the EMA component of the study and the other with both EMA and sociodemographic and trait data from the
longitudinal survey component. Results: The best models fitted by elastic net achieved balanced accuracies of
.76 and .79, while traditional methods achieved balanced accuracies of .63 and .64. Conclusions: Findings
provide proof-of-concept evidence for the ability of elastic net to extract more important factors associated with
aggression captured via short smartphone-based surveys and for the advantage of the elastic net method over
stepwise regression for this purpose. The proposed models provide a step toward “in-the-moment”
interventions to prevent aggressive behavior. Researchers are encouraged to apply the feature selection method
used in this study for further research, such as exploring it in the context of smartphone applications for early
prevention of aggressive behavior.
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Aggressive behavior can cause severe physical (Chen et al., 2010)
and psychological harm (Inoue et al., 2006; Richter & Berger,
2006). As such, finding the most important features associated with
when and by whom aggressive behavior is perpetrated is important
from a prevention perspective (Poldrack et al., 2018). Machine
learning techniques have previously proven valuable in extracting
the most important factors associated with momentary behaviors
such as suicidality (Grendas et al., 2022) or diabetes management

behaviors (e.g., self-monitoring of blood glucose; Zhang et al.,
2022) and may thus also be promising for fitting models with high
performance in identifying associations with momentary acts of
aggression. In this study, we, therefore, applied machine learning
techniques (i.e., elastic net) on ecological momentary assessment
(EMA) data to extract the most important factors and to examine the
associations of these factors with momentary acts of aggression
based on an individual’s background characteristics and momentary
experiences. We also compared the logistic regression model with
the elastic net model for this task.

EMA and Its Application

EMA is a method that uses repeated collection of near real-time
data on participants’ behavior and experiences in their natural
environments (Shiffman et al., 2008). EMA is valuable for measuring
a wide range of momentary symptoms and behaviors, including pain,
mood, anxiety, bipolar disorder symptoms, and aggressive behavior
(Thiele et al., 2002). For instance, Fried et al. (2022) conducted a
study on the measurement of depressive symptoms, anxiety, and
loneliness among students during the COVID-19 lockdown period in

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

This article was published Online First November 11, 2024.
Yongtian Cheng https://orcid.org/0009-0000-9569-6263
Denis Ribeaud https://orcid.org/0000-0002-1668-8319
Manuel Eisner https://orcid.org/0000-0001-5436-9282
Aja Murray https://orcid.org/0000-0002-9068-3188
The authors have no conflicts of interest to disclose. This research received

no specific grant from any funding agency in the public, commercial, or not-
for-profit sectors.
Correspondence concerning this article should be addressed to Aja

Murray, Department of Psychology, University of Edinburgh, 7 George
Square, Edinburgh EH8 9JZ, United Kingdom. Email: Aja.Murray@ed.ac.uk

Psychology of Violence

© 2024 American Psychological Association 2025, Vol. 15, No. 4, 425–434
ISSN: 2152-0828 https://doi.org/10.1037/vio0000556

425

https://doi.org/10.1037/vio0000556.supp
https://orcid.org/0009-0000-9569-6263
https://orcid.org/0000-0002-1668-8319
https://orcid.org/0000-0001-5436-9282
https://orcid.org/0000-0002-9068-3188
mailto:Aja.Murray@ed.ac.uk
https://doi.org/10.1037/vio0000556


the Netherlands. Using amultilevel model, they observed decreases in
anxiety, loneliness, and COVID-19-related concerns despite rapidly
increasing rates of infections and deaths, with stress levels remaining
stable. Testa et al. (2020) conducted an EMA study with couples who
were asked to report perpetrating or experiencing physical or verbal
aggression (e.g., yelling, making threats, insulting, pushing/grabbing/
shoving, and throwing/kicking/hitting something). Their study found
a nonsignificant relationship between depletion and aggressive
behavior and a significant relationship between anger/arguing and
aggressive behavior when analyzed with multivariate multilevel
modeling using Bayesian estimation. Yeater et al. (2022) used an
EMA design to test the correlations of sexual assault with factors such
as regretted hookups, unprotected sex, drinking with peers, and peer-
pressured sex. They found a significant correlation between these
factors and sexual assault using generalized linear mixed models.

Machine Learning Models Examining Associations
With Aggressive Behavior

When the goal is to fit a model that maximizes the associations
between a set of factors and aggressive behavior, some machine
learning techniques can offer advantages over traditional regression
methods used in psychological research. In particular, machine
learning methods can often provide stronger associations between
independent variables (IVs) and dependent variable (DV) than
traditional regression methods (Dwyer et al., 2018).
In previous studies, machine learning methods have been applied

to examine associations with aggression. For example, Chatzakou et
al. (2017) used several tree classifiers to categorize whether a Tweet
is normal, aggressive, bullying, or spam. The decision tree is a type
of model used in supervised learning that makes decisions by
splitting data into subsets based on feature values, resembling a tree
structure (Myles et al., 2004). Gutiérrez-Esparza et al. (2019) used
the random forest method, which is based on multiple rule-based
trees, to categorize cyberaggression and bullying in cyberspace.
Random forests build multiple decision trees and combine their
model results, aiming to improve performance and reduce over-
fitting by aggregating results (Cutler et al., 2012). Some studies have
also addressed the identification of factors associated with real-
world aggressive behavior. Hofmann et al. (2022) used a support
vector machine, a method based on the division of a hyperplane, to
classify outcomes like patient aggressive behavior during hospitali-
zation using demographic data, childhood/youth experiences,
psychiatric history, and other features in a group of 370 patients
with schizophrenia spectrum disorders.
However, research such as the Hofmann et al. (2022) study has

tended to focus only on the categorical classification of whether
patients will engage in aggressive behavior during their hospitali-
zation. This means their proposed models have not included the
frequency and timing of aggressive behavior. Understanding the
associations with momentary aggressive behavior can have
considerable value for real-world prevention practices. For example,
identifying when aggression is more likely to occur can be useful for
preventing physical confrontations (Chen et al., 2010; Grumm et al.,
2011; Poldrack et al., 2018) and psychological damage (Inoue et al.,
2006; Richter & Berger, 2006).
To develop a model that can identify associations with momentary

aggression, researchers need to identify and measure relevant feature
sets (i.e., sets of IVs). There are some theories of aggressive behavior

that can help guide this process. For example, the I3 theory proposed
by Finkel (2014) is well-suited for examining comprehensive
associations of momentary aggression because of its focus on both
background characteristics and momentary influences. According to
the I3 theory, there are three important features for understanding the
likelihood of an individual’s behavior (e.g., aggressive behavior)
regarding a given target object in a particular context.

These features are instigation, impellance, and inhibition.
Instigation is the net strength of the immediate environmental
stimuli (e.g., an insult), impellance is the net strength of situational
or dispositional qualities that influence how strongly the instigator
for this individual in this situation fosters a proclivity to aggress
(e.g., the presence of peers), and inhibition is the net strength of
situational or dispositional qualities that influence how strongly the
proclivity to enact an aggressive response manifests in aggressive
behavior (e.g., self-control). According to the “perfect storm theory,”
which is derived from the I3 model, the highest likelihood or intensity
of behavior emerges when instigation and impellance are strong and
inhibition is weak (Finkel, 2014; Finkel & Hall, 2018).

Numerous studies have employed this theory, adopting various
methods to measure immediate environmental stimuli related to
aggressive behavior. For example, the daily diary approach
(Gunthert & Wenze, 2012) offers repeated assessments in natural
settings that are close to real time. This method enables researchers
to examine individuals’ experiences, behaviors, and circumstances
in their natural environments, relying on participant self-reports
(Lischetzke & Könen, 2020). Several investigations using this
approach have identified correlations between dating violence and
alcohol consumption (Shorey, Stuart, McNulty, & Moore, 2014),
dating violence and marijuana consumption (Shorey, Stuart, Moore,
& McNulty, 2014), and domestic violence with alcohol consump-
tion (Derrick & Testa, 2017).

In multiple studies demonstrating strong associations, machine
learning has been applied to EMA data sets (e.g., Gee et al., 2020;
Mikus et al., 2018). A number of supervised machine learning
methods that train a model on a labeled data set are capable of
modeling complex nonlinear relationships, making them suitable for
tasks where data is not linearly separable, which leads to a better
performance model than linear regression (Dwyer et al., 2018).

However, supervised machine learning methods do not outper-
form simple linear regression in all studies. In the task of identifying
associations of depression using EMA Actiwatch data, Kim et al.
(2019) found that logistic regression performed better than random
forest, boosting trees, and decision trees. Therefore, though various
machine learning methods have the potential to learn or simulate all
features with high accuracy (Cybenko, 1989), only applying
supervised machine learning methods to EMA data sets is not
necessarily sufficient to achieve an optimal model. Researchers
should include both models from machine learning methods and
simple regression models in their studies.

The Present Study

The present study examines the association between momentary
aggression and trait and state features. We hypothesize that (1)
momentary aggression is associated with state measures alone; (2) a
model incorporating both state and trait measures will show stronger
associations with momentary aggression compared to a model using
trait measures alone; and (3) the elastic net model fitting procedure
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will outperform the ordinary least squares model in terms of
association strength and the number of features included in the model,
providing more parsimonious models.

Method

Participants

Data for the study are drawn from the “Decades-to-Minutes”
(D2M) EMA study (Murray, Speyer, et al., 2022) and z-proso
longitudinal cohort study, within which D2M is embedded (Ribeaud
et al., 2022). We will refer to the D2M EMA study as the “EMA
study” and the z-proso main survey study as the “main study.” The
total target sample for the main study was 1,675, with 1,571
contributing data for at least one wave (Eisner et al., 2019).
Participants for the embedded EMA were recruited following the age
20 main data collection wave of the main study. The EMA add-on
was designed to provide a deeper understanding of the links between
long-term developmental processes and short-term “momentary”
processes. A convenience sampling method was employed with the
goal of including as many of the same participants from the multiple
substudies of the main study as possible. Two hundred sixty
participants were recruited from the main study participants poll, with
255 having complete data on the most relevant measures. The
remaining five participants were excluded from the data analyses.

Procedure

The main study is a longitudinal cohort study of development
from childhood to adulthood based in Zurich, Switzerland. The
z-proso study began in 2004 when participants were entering
primary school at age 7 andwas then followed up at ages 8, 9, 10, 11,
12, 13, 15, 17, and 20 (Ribeaud et al., 2022). Participants were
selected at baseline using a stratified sampling procedure with
schools as the sampling unit, and stratification was used to ensure
adequate representation of schools in different geographical regions.
In this study, wemainly used data from the age 20 main survey wave
of the z-proso study. Additionally, some demographic information
comes from the wave at age 13.
For the EMA study, through a mobile application, participants

received a notification four times per day between 10 a.m. and 10 p.m.
over a 14-day period that directed them to the EMA survey. Multiple
repeated measures were collected from each participant.
As reported by Murray, Speyer, et al. (2022), compared with the

main study sample, there were more females in the EMA subsample
(62% female in EMA compared with 49% in the main sample), and
their socioeconomic status based on the maximum household
International Socio-Economic Index is significantly higher (p< .001)
than in the main study cohort. They were also slightly lower in self-
reported aggression based on age 20 aggression questionnaires,
t(516.7)=−2.92, p= .004, and higher on stress, t(440.48)= 2.78, p=
.006, but showed no difference in Attention deficit hyperactivity
disorder symptoms, t(434.85) = 1.40, p = .16. There is also no
significant difference between the EMA subsample and the main
study sample in internalizing problems and alcohol use. Overall,
previous studies using the data have concluded that the EMA
subsample is only slightly selective with respect to some of the
constructs addressed within the study based on such comparisons.

Materials

Trait Measures From the Age 20 Main z-Proso Survey

As mentioned above, for the main study data set, the total target
sample was 1,675, with 1,571 contributing data for at least one wave
(Eisner et al., 2019). We decided to consider all features to reach the
maximum performance of the model, subject to the limitations of the
main study data set. Therefore, we included the results of multiple
psychometric scales in the main study, which are used as
information on inhibition and impellance to examine associations
with aggressive behavior. All of the psychometric scales were
administered in Swiss German, reflecting the official language of the
location of the study. A full list of psychometric scales from themain
study included in this study can be found in Supplemental Materials
named “supplementary table” with references to the publications
detailing the development of these psychometric scales. There are
41 features used in the model fitting from the main study, which is
made up of 214 items. All of the data from the main study are used as
IVs (i.e., features) in this study.

Measures of Momentary States/Situations
From the EMA Study

Twenty-three items from the EMA study were used in this study as
the immediate environment/states (i.e., instigation and impellance in
I3 theory) to examine associations of aggressive behavior. Two EMA
items were one-hot coded for analysis. Each question asked the
participants to reflect on the last 30 min and was completed on the
participant’s own smartphone. All of the DVs and IVs in the EMA
measurements were originally in Swiss German, reflecting the official
language of the location of the study. For the details of the scales,
please refer to the Supplemental Materials named “supplementary
items information.”

Aggression was measured by Aggression Experience Sampling
Abbreviated in D2M (Murray, Eisner, et al., 2022), which captures
momentary aggressive behavior in four items. Responses were
recorded on a 4-point Likert-type scale from 1 (strongly agree), 2
(agree), 3 (disagree), to 4 (strongly disagree). Most of the responses
(97.8%) were “strongly disagree” or “disagree.” In the rest 2.2%, most
of them were “agree” (76.8%). As a result, the items were coded such
that if a respondent answered “agree” or “strongly agree” to any item
at a given time point, indicating they engaged in some level of
aggression, they were assigned a score of 1, whereas if they answered
“disagree” or “strongly disagree,” they were assigned a score of 0. A
similar design has been used by other studies examining associations
with aggressive behavior (e.g., McConville & Cornell, 2003). The
binary variable created with this procedure was used as the DV of
this study.

Several features were also derived from the EMA: context
adapted from a study by Juslin and Västfjäll (2008), provocations
(Borah et al., 2021), negative affect measured by Positive Affect and
Negative Affect Scale Expanded (Watson & Clark, 1994), stress
measured by Perceived Stress Scale (Cohen et al., 1983), and
substance use. These features were also used in this study as IVs.
Only the most common substances were included in the EMA since
EMA is best suited to capturing relatively frequent events that occur
within the short time frame (in this case, 2 weeks) of the study.
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Data Analysis Plan

There were two stages of analysis. In the first stage, only the data
set from the EMA study was included in the model fitting. In the
second stage, the data set from the main study was also included in
the model fitting. We expected that the performance of the model
would be improved by including the extra impellance and inhibition
features. Listwise deletion was used for data cleaning before further
analysis. We chose not to apply a normality transformation to the
data set because the original data are more interpretable (Lee, 2020).
Additionally, we wanted to avoid potential reductions in the
correlations between variables that such a normality transformation
could cause (Qiu et al., 2005).

Sample Size Planning

Because this study was conducted after the data collection,
sample size planning was not conducted in this study. The original
sample size planning was based on a resource constraint approach
(Murray, Speyer, et al., 2022).
However, the current analysis is justified in terms of adequate

sample size. For sample size planning using logistic regression,
events per variable (EPV) is an applied criterion for sample size
planning (Austin & Steyerberg, 2015). It is calculated as rows of
data divided by the number of the variables included. While most
researchers view an EPV > 10 as providing a sufficient sample size
(Peduzzi et al., 1996), some researchers believe an EPV > 30 is
necessary for reliable performance (van Smeden et al., 2016). Stage
1 has an EPV of 289.34 for linear logistic regression model fitting.
As suggested by the developer, the elastic net method needs a
smaller sample size than a regression for a similar level of
performance (Zou & Hastie, 2005). This is because the elastic net
tends to include fewer variables in the model. In addition, the cross-
validation procedure and training/testing division provide more
reproducible quantitative results than using the full data set collected
in a study (Yarkoni & Westfall, 2017).
After the listwise data-cleaning procedure, 58.9% of the data

remained in the data set. There were 7,126 rows of data with DV= 0
and 501 rows of data with DV = 1 from 255 participants. Between
participant divisions, 6,045 (79%) rows of data were assigned to the
training data set, and the remaining 1,582 (21%) rows of data were
assigned to the testing data set. This made the EPV = 95.95 for
model fitting in the second stage of analysis.

Data Set Separation

The total data set was split into a training data set and a testing
data set to ensure the model’s generalizability and to avoid
overfitting. Overfitting occurs when a model performs well on the
data set used for fitting but poorly on an independent data set (e.g., a
data set collected by independent researchers).
A common practice of data separation is to randomly let 80% of

the data set be a training data set, and the remaining 20% be a testing
data set (Joseph, 2022). In this study, some participants were thus
randomly assigned to the training data set and the rest to the testing
data set to ensure that all rows of each participant were assigned to
either the training or testing data set but not both. With this design,
we can ensure that the testing data set and training data set are
independent of each other to avoid leakage (Cawley & Talbot, 2010).

Method Selection

The machine learning method of the elastic net proposed by Zou
and Hastie (2005) was used in the model fitting. It is robust to
multicollinearity (Altelbany, 2021). The loss function of the elastic
net is:

dw*
ElasticNet = Logloss + λ1

���
���w
���
���2
2
+ λ2

���
���w
���
���
1
, (1)

in which:

Log loss =
X

ðx,yÞ∈D
− y logðy′Þ − ð1 − yÞ logð1 − y′Þ: (2)

Log loss is the loss function of logistic regression, in which x is the
set of features (IVs), y is the true value of the DV, and yʹ is the response

of the DV. The λ1
���
���w
���
���2
2
and λ2

���
���w
���
���
1
are penalty terms that penalize

complexity. λ1 and λ2 are hyperparameters. The hyperparameters of
elastic modelswere determined by 10-fold cross-validation, which is a
common design for machine learning model fitting and model
selection (Koul et al., 2018).

As previously mentioned, various machine learning methods,
such as random forest and support vector machine, have been
utilized to identify associations with aggressive behavior. These
models might exhibit strong performance for this task. However,
their interpretability is poorer. In contrast, the elastic net offers a
straightforwardmodel reminiscent of linear regression, as exemplified
by Yoo (2018). Researchers can compute outcomes or associations
using the elastic net model just like they would with a simple logistic
regression. Researchers can also interpret the coefficients in the elastic
net model just as they interpret the coefficients in the logistic
regression model: An item with a coefficient of 1 in the elastic net
regression model means a one-unit increase in the item will result in
an increase of an exp(1) change in odds. This user-friendly nature of
the elastic net is a primary rationale behind its selection over other
machine learning methods.

Aside from providing results with high interpretability, this study
also aims to provide a model that has fewer items. In EMA studies,
shorter questionnaires have advantages in terms of reducing participant
burden, dropout, and low-quality data (Wrzus & Neubauer, 2023). As
previously mentioned, the elastic net allows a reduced, more
parsimonious set, including only the most critical features, to be
measured in future studies where space can be scarce.

Based on the reasons mentioned above, the elastic net was chosen
as the machine learning model used in the study. In addition, a
stepwise logistic regression was also included as a control method to
make a comparison and test whether the elastic net can provide
better performance than this commonly used method. The stepwise
regression method is commonly used in research to identify
associations with aggressive behavior (e.g., Ersan, 2020; Gómez-
Leal et al., 2022; Lickiewicz et al., 2020) and therefore represents a
suitable comparison method.

Rebalancing of Data Set

As the data were collected from a community sample, it is
reasonable to assume the data may be imbalanced, given that
aggression is relatively infrequent. In addition to utilizing the raw
data set, both undersampling and oversampling methods were used
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in the training data set to rebalance the distribution of the DV. In
undersampling methods, some cases with DV = 0 were excluded
from the model training. In the oversampling method, the Synthetic
Minority Oversampling Technique (SMOTE; Chawla et al., 2002)
was used to simulate more cases with DV = 1.
Both resampling methods were only applied to the training data

set and did not influence the testing data set. These two balancing
methods, together with the analyses of the original data set, resulted
in 2 × 3 = 6 fitted models with elastic net and logistic regression.
Whether better model adequacy metrics are achieved with under-
versus oversampling in the context of this study is not substantively
important; however, both methods were explored with the goal of
optimizing model adequacy and checking the consistency of
findings across different approaches.

Metrics

In line with the goal of pursuing a high-accuracy model, we will
present only the parameters from the model that demonstrates the
strongest associations (i.e., maximum accuracy) on the testing data
set. Traditional accuracy is not an apt metric for tasks with
significant data imbalance because high accuracy can be achieved
merely by always guessing that a case belongs to the majority class
(e.g., did not aggress). Instead, we utilized balanced accuracy,
sensitivity, and specificity as our evaluation metrics. Balanced
accuracy offers a more comprehensive insight into a model’s
performance, especially in imbalanced binary classification scenar-
ios (García et al., 2010). Balanced accuracy, calculated as the mean
of sensitivity and specificity, can estimate the accuracy of a model in
identifying associations within a population where researchers have
no prior knowledge about the distribution of events (i.e., aggressive
acts in daily life) in a population.
The area under the curve is also reported for the final model.

However, it was only reported as a reference as it is biased under
imbalanced data (Jeni et al., 2013; Saito & Rehmsmeier, 2015). All
the metrics reported in this study are based on the model’s
performance on the testing data set. The models were compared
based on their performance on the metrics, and the model with the
best performance in each stage was selected.

Platform and Selection of Package

The analysis was conducted in R (R Core Team, 2013) and R
Studio (RStudio Team, 2020). The caret package (Kuhn, 2022) was
used to implement cross-validation and model fitting. DMwR
(Torgo, 2016) was used for the confusion matrix analysis. The car
package (Fox & Weisberg, 2019) was used for variance inflation
factor (VIF) calculation, and the rms package (Harrell, 2022) was
used for logistic regression model fitting. The glmnet package
(Friedman et al., 2010) was used for elastic net model fitting. The
package MLmetrics (Yan, 2016) was used for metric calculation.
The package pROC (Robin et al., 2011) was used for area under
the curve. The code is provided in Supplemental Materials titled
“R code.”

Results

In this section, we provide a comparison of the six models across
two stages, including detailed information on the proposed model.

Furthermore, we present the detailed results of stepwise logistic
regression with no specific sampling method applied to contrast the
machine learning models with common practice methods.

Results for Stage 1 Analysis

Table 1 presents the performance of the six models, including (1)
the stepwise logistic regression model fitted using the original
training data set; (2) the stepwise logistic regression model fitted
using the SMOTE oversampling method on the training data set; (3)
the stepwise logistic regression model fitted using undersampling on
the training data set; (4) the elastic net model fitted using the original
training data set; (5) the elastic net model fitted with the SMOTE
oversampling method in the training data set; and (6) the elastic net
model fitted with the undersampling in the training data set.

Model 1 served as the control in this study, andwe anticipated that
models employing machine learning methods would exhibit
superior performance compared to the control model.

Both Models 2 and 3 utilized rebalanced training data sets using
logistic regression without adjusting for the bias–variance trade-off.
We anticipated that they might deliver a more balanced accuracy.
However, we also expected the number of items in these models to
remain consistent with the control model since no penalties for
complexity are included in the fitting function.

On the other hand, Model 4 was designed to address the bias–
variance trade-off. We expected that it would encompass fewer
items than the control model but would achieve the same or
marginally improved performance relative to the control.

Both Model 5 and Model 6 utilized rebalanced training data sets
without adjusting for the bias–variance trade-off. We anticipated
that they might deliver a more balanced accuracy. However, we also
expected the number of items in these models to remain consistent
with the control model. In other words, these two models were
expected to have the best-balanced accuracy with fewer items than
the control model and the other models.

In the first stage of analysis, only the 23 EMA items were
included. Multinomial items are one-hot coded. After the listwise
data-cleaning procedure, about 65.9% of the data remained in the
data set. There were 7,990 rows of data reporting no aggressive
behavior (i.e., DV = 0) and 544 rows of data reporting aggressive
behavior (i.e., DV = 1) from 255 participants with the EMA design.
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Table 1
Models Performance on Testing Data Set in the Stage 1 Analysis

Model LG LGS LGU EN ENSa ENU

Sensitivity 0.99 0.85 0.83 0.99 0.85 0.85
Specificity 0.27 0.68 0.65 0.27 0.68 0.64
Balanced accuracy 0.63 0.76 0.74 0.63 0.76 0.75
AUC 0.84 0.79 0.79 0.84 0.83 0.85

Note. LG = logistic regression model; LGS = logistic regression model
fitted by the SMOTE oversampling method in the training data set;
LGU = logistic regression model fitted by undersampling the training data
set; EN = elastic net model fitted by the original training data set; ENS =
elastic net model fitted by the SMOTE oversampling method in the
training data set; ENU = elastic net model fitted by undersampling the
training data set; AUC = area under the curve; SMOTE = Synthetic
Minority Oversampling Technique.
a The model is selected as the final proposed model.
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With participant divisions, 6,655 (78%) rows of data were assigned
to the training data set, and the remaining 1,879 (22%) rows of data
were assigned to the testing data set.
Both the training data set and testing data set were highly

imbalanced. In the training data set, there were 6,228 rows of data
with DV = 0 and 427 rows of data with DV = 1. With the SMOTE
method, more aggressive behavior cases were simulated with IV
features in the training data set, resulting in 6,228 rows of data with
DV = 0 and 6,228 rows with DV = 1 for the rebalanced data set.
With the undersampling method, someDV= 0 cases were excluded,
resulting in 427 rows of data with DV = 0 and 427 rows of data with
DV = 1 for the rebalanced data set. In the testing data set, there were
1,762 rows of data with DV = 0 and 117 rows of data with DV = 1.
Table 1 displays the results of the stepwise logistic regression for

the original data set. The logistic regression provided a model with
pseudo R2 = 0.343, χ2(13) = 926.50, p < .001. All of the items have
VIFs less than 5, which means that the multicollinearity is within a
reasonable level. The balanced accuracy for this model on the testing
data set is .6302.
Across all models, the highest balanced accuracies came from the

logistic regression model fitted with SMOTE oversampling training
data set, which has a balanced accuracy of .7635, and the elastic net
model fitted with the data set with SMOTE oversampling training,
which has a balanced accuracy of 0.7604.
On balance, two elastic net models were selected as the optimal

models. This is because the performances of these two models are
similar. Yet, SMOTE oversampling stepwise logistic regression
uses less IVs in the model (22 vs. 35 after one-hot coding). The
coefficient for SMOTE oversampling stepwise logistic regression
and the coefficient of the proposed elastic net model are provided in
Supplemental Materials.

Results for Stage 2 Analysis

In the second stage of analysis, the EMA and main study data sets
were combined to implement a further round of models, following
the same structure as the model fitting with only the EMA data.
There were 63 IVs in this stage of analysis. Table 2 displays the
performance of the six models, which is the same as the Stage 1
analysis, that is, the stepwise logistic regression model fitted using
the original training data set, the stepwise logistic regression model

fitted using the SMOTE oversampling in the training data set, the
stepwise logistic regression model fitted using undersampling on the
training data set, the elastic net model fitted using the original
training data set, the elastic net model fitted with the SMOTE
oversampling method in the training data set, and the elastic net
model fitted with the undersampling training data set.

Both the training data set and testing data set were still highly
imbalanced. In the training data set, there were 5,652 rows of data
with DV = 0 and 393 rows of data with DV = 1. In the testing data
set, there were 1,474 rows of data with DV = 0 and 108 rows of data
with DV = 1. With the SMOTE method, more DV = 1 cases were
simulated, resulting in 5,652 rows of data with DV = 0 and 5,652
rows of data with DV = 1 for the rebalanced data set. With the
undersampling method, some IV = 0 cases were excluded, resulting
in 393 rows of data with IV= 0 and 393 rows of data with IV= 1 for
the rebalanced data set.

Table 2 displays the results for the traditional stepwise regression.
The logistic regression provided a model with pseudo R2 = 0.411,
χ2(32) = 1032.32, and p < .001. All items have VIF less than 5,
which means there were no issues with multicollinearity. The
balanced accuracy for this model in the testing data set is .6417.
Details of this model are presented in Supplemental Materials.

The elastic net model, fitted using undersampling on the training
data set, showed the best-balanced accuracy of .7874 among all six
models in the testing data set. In the best models, there are three trait
measure items and seven state measure items. The three trait
measures in the elastic net model are the Political and Religious
Violence Scale (0.0474; Nivette et al., 2017), Psychopathy Scale
(0.1180; Jones & Paulhus, 2014), and the Self-Reported Indirect
Aggression Scale (0.0713; Tremblay et al., 1991). The state measure
items in the elastic net model are (coefficients in parentheses)
“In the last 30 min (I felt)… hostile” (−0.0970); “upset” (−0.3901);
“unable to control the important things in my life” (0.0167);
“someone insulted me” (−0.2586); “someone prevented me from
doing something I wanted” (−0.2473); “I thought about a time when
someone had annoyed me” (−0.4498); and “someone tried to start
an argument with me” (−0.0363). The full details of all models are
presented in the Supplemental Materials.

Discussion

This study explored the extent to which momentary aggressive
behavior can be associated with data collected in the course of
people’s daily lives using brief smartphone-based surveys, with and
without background trait data.

As shown in Table 1, the immediate proximal factors are
associated with momentary aggressive behavior. Therefore,
Hypothesis 1, which states that momentary aggression is associated
with state measures alone, is supported. Comparing Table 1 with
Table 2, the set of models that used both immediate proximal factors
and the traits of the participants had better performance than the set
of models that used only immediate environmental stimuli.
Therefore, Hypothesis 2, which states a model incorporating both
state and trait measures will show stronger associations with
momentary aggression compared to a model using trait measures
alone, is supported. As we mentioned above, the elastic model with
oversampling method has about the same performance (i.e.,
balanced accuracy = .76) as the logistic regression with the
rebalancing method in Stage 1 analysis with fewer numbers of IV
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Table 2
The Models Performance on Testing Data Set in Stage 2 Analysis

Model LG LGS LGU EN ENS ENUa

Sensitivity 0.96 0.84 0.79 0.99 0.83 0.82
Specificity 0.32 0.57 0.66 0.23 0.67 0.76
Balanced accuracy 0.64 0.71 0.72 0.61 0.75 0.79
AUC 0.81 0.78 0.74 0.78 0.83 0.85

Note. LG = logistic regression model; LGS = logistic regression model
fitted by the SMOTE oversampling method in the training data set;
LGU = logistic regression model fitted by undersampling the training data
set; EN = elastic net model fitted by the original training data set; ENS =
elastic net model fitted by the SMOTE oversampling method in the
training data set; ENU = elastic net model fitted by undersampling the
training data set; AUC = area under the curve; SMOTE = Synthetic
Minority Oversampling Technique.
a The model is selected as the final proposed model.
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after one-hot coding (22 vs. 35). Based on the information provided
in Table 2, the elastic model with undersampling has the best
performance across all other models in Stage 2 analysis, with far
fewer IVs (10) included in the model than logistic models. Based on
these findings, Hypothesis 3, which states the elastic net model fitting
procedure will outperform the ordinary least squares model in terms
of association strength and the number of features included in the
model, providing more parsimonious models, is generally supported.
Our analyses drew on existing established theories and were not

focused on identifying novel factors associated with momentary
aggression. Indeed, our findings replicated many associations
identified in past research. Future research could potentially improve
the extent to which the variation in momentary aggression can be
explained by additionally examining novel risk factors.
The innovation in this study lies in the feature selection, which

means the significance of a feature, even the significance of a feature
with control on other features to the DV, does not have a close
relationship with the inclusion/exclusion of the feature in a model
finding the maximum association with the model.
When comparing the two models with only EMA items, we

observed that including nonsignificant items from the logistic
regression can enhance the performance of the elastic net-fitted
model. For example, alcohol consumption, though not significant in
logistic regression and hence excluded from that model, improved
performance when included in identifying associations in an
independent data set (i.e., testing data set). Conversely, when both
EMA and main study IVs were considered, we found that including
significant IVs from the logistic regression does not necessarily
enhance the performance of an independent data set. For instance,
while participant gender and education status were significant in the
regression model, they were not incorporated into the elastic net
model. However, the elastic net model, which performed well, did
include self-reported indirect aggression, a nonsignificant IV in the
control model. From the above comparisons, it is evident that an
IV’s significance in prediction or association tasks does not
necessarily imply its inclusion will yield better performance and
vice versa.
While there is theoretical support for these IVs’ associations with

aggressive behavior, the exclusion of other factors from the elastic
net model with similar theoretical relationships posited between the
other items and aggressive behavior merits discussion. A plausible
explanation, from a machine learning perspective, hinges on the
elastic net’s bias–variance trade-off. It is conceivable that the
measurements of the excluded factors exhibit high variance, leading
to their omission from the model based on hyperparameters
determined through cross-validation. This illustrates a key advan-
tage of using cross-validation when the goal is to find maximum
associations that are likely to generalize to future applications.

Limitations

It is also important to consider the limitations of the present study.
We did not apply an experimental design in this study; therefore, we
cannot conclude that the associations identified are causal.
In addition, the EMA subsample is a convenience sample from

the main study. As Ribeaud et al. (2022) noted, the data set for the
main study comprises young people growing up in an urban
environment in one of the most affluent cities in the world (i.e.,
Zurich, Switzerland). In addition, this study also suffers from some

common limitations of EMA studies. As suggested by Murray,
Eisner, et al. (2022), participants may feel less motivated to respond
when in a negative affective state, or they may be less likely to
respond if their attention is captured in an interpersonal conflict.
Finally, the data collection platform is an application for smartphones.
Although most young people have smartphones, this can still cause
some minor bias in representativeness.

Another limitation of this study is the use of a listwise data-cleaning
procedure for missing data. Although this method is commonly used
in examining associations of aggressive behavior (e.g., Bentley et al.,
2021; Jensen et al., 2019; Rath et al., 2019), we are aware this method
can cause bias as data may not be missing completely at random.
However, a method like full information maximum likelihood (e.g.,
Murray et al., 2023) was not applied in this study because we were
concerned about the issue of leakage. As we mentioned above, the
training and testing data sets should be completely independent to
avoid a boost in performance, and using the information from the full
data set in missingness treatments can cause leakage. Currently,
available implementations of machine learning with full information
maximum likelihood and cross-validation do not provide a practical-
to-implement solution to this issue.

Future Research Directions

Two future research directions can be derived from the present
study. First, the design could be replicated in other samples that are
more representative of the general population or of populations
exhibiting higher levels of aggression where the prediction of
aggression may be of considerable interest (e.g., forensic groups,
high alcohol use groups). This design would also help determine the
predictability of aggression across different contexts with experi-
mental design. Predictability and specific key IVs could vary across
contexts; for example, environmental constraints and triggers could
vary according to populations’ levels of aggression and develop-
mental stage. We would also encourage researchers to apply the
model fitting method used in this study to fit models when
parsimony and high accuracy are required. The design and the code
of this study can be used as a reference.

In addition, we believe a better model to identify associations with
aggressive behavior can be fitted when further information is
provided. For example, biological information such as heart rate can
be passively collected by a smartwatch and could contribute to
aggression prediction (Wilson & Scarpa, 2014). This approach will
be explained in the next section.

Prevention Implications

While our results provide a first step toward utilizing trait and
momentary data to prevent acts of aggression, there are a number of
further steps and challenges to be overcome before this could be
implemented in practice. For example, it will be necessary to assess
the feasibility of utilizing the collection of momentary data in
populations at high risk of aggression and to evaluate the extent to
which a high degree of adherence can be achieved in these
populations, as the biases caused by noncompliance from self-
reported momentary features remain a recognized problem that may
hurt the performance of the model (Markowski et al., 2021). This
challenge could potentially be mitigated by using passive data
collection for markers (e.g., physiological data, locations, voice
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tone) that may be associated with aggression (Ben-Zeev et al., 2013;
Gustafson et al., 2014), but this will require future research. It will
also be valuable to validate the findings with other measures of
aggression (e.g., using body-worn cameras or sound recorders, or
informant reports) to ensure that the findings identified via self-
report are accurate. Ultimately, it will be necessary to select
interventions that can be triggered when the risk of aggression is
indicated to be high and to evaluate the effectiveness of utilizing
these interventions in combination with momentary aggression risk
data. Finally, there will be ethical issues to consider, such as those
associated with triggering an intervention based on the potential for
an aggressive act to occur, rather than on an aggressive act itself.
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