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Abstract

Intimate partner violence (IPV) is harmful and prevalent, but leaving abusive partners is often challenging due to investments
(e.g., children, shared memories). ldentifying warning signs of abuse early on is one prevention strategy to help people avoid abu-
sive long-term relationships. Using university and online samples, the present studies identified warning signs and protective fac-
tors that predicted overall, physical, psychological, and sexual abuse cross-sectionally (Study |) and prospectively over 6 months
(Study 2). These studies demonstrated that the number of warning signs a person experienced and the frequency with which
they experienced those warning signs predicted overall abuse. Seven warning signs emerged as predictors in both studies (e.g.,
“My partner acted arrogant or entitled”), suggesting that they are particularly important for identifying potentially abusive rela-
tionships. This is the first research to identify warning signs that prospectively predict abuse; findings have implications for IPV

prevention efforts in academic and public contexts.
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Intimate partner violence (IPV)—physical, psychological,
or sexual violence committed by individuals toward their
romantic partners—is prevalent and often leads to serious
physical and psychological health consequences (Black
et al., 2011; Campbell et al., 2002; Capaldi et al., 2012).
Unfortunately, there is a dearth of research on indicators
that reliably precede and predict the onset of abuse in
developing relationships, which could help people avoid
violent relationships. In the present studies, we seek to
identify prospectively predictive warning signs of abuse
that can inform future research and public interventions to
prevent IPV.

Leaving Is Not Easy

“Why did you stay?” is a frequently heard and dreaded
question asked of abuse victims, as many people do not
understand the difficulty of leaving a violent relationship.
Researchers have identified many reasons why people do
not leave their abusers, including having no alternative
means of economic support, concern for children, and lack
of social support (World Health Organization [WHO],
2012). Crucially, survivors are often invested in their rela-
tionships by the time violence occurs. Based on interdepen-
dence theory (Kelley & Thibaut, 1978), the investment
model (Rusbult, 1980) posits that relationship satisfaction,
quality of alternatives (e.g., other partners, being single),
and investments (e.g., children, shared memories)

contribute to people’s commitment to their relationships.
This model can help explain why people stay in dissatisfy-
ing relationships: they may lack alternatives or have too
many investments. Taken a step further, the investment
model can help us understand why people stay with abu-
sers. Although IPV decreases relationship satisfaction
(Rhatigan & Street, 2005; Rusbult & Martz, 1995; Yoon &
Lawrence, 2013), many of the barriers described above can
be considered investments (e.g., children) or lack of alterna-
tives (e.g., no social support), which can lead to dissatisfied
people staying with abusers. Supporting this, Rusbult and
Martz (1995) found that abused women at a shelter
reported stronger relationship commitment when they had
poorer alternatives and greater investments. Furthermore,
women were more likely to return to their abusers if they
were more committed. Ultimately, these difficulties demon-
strate that more efforts are needed to help people avoid
investing in what may become a violent relationship.
Helping people evade violence before it occurs by identify-
ing warning signs could therefore be more efficient than
helping people overcome barriers and investments, so that
they can leave after violence has begun.
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Warning Signs of IPV

Identifying warning signs of violence, or red flags, is a pro-
mising avenue for helping people avoid abusive relation-
ships. These thoughts, feelings, and behaviors occur early
in relationships and may precede violence (Murphy &
Smith, 2010). Jealousy, checking on whereabouts, and
using extreme charm are examples of warning signs
(Murphy et al., 2012; Short et al., 2000). Survivors and
researchers have indicated that information about warning
signs may be helpful for keeping people out of future abu-
sive relationships (Hughes & Rasmussen, 2010; Short &
McMahon, 2008). Furthermore, the dyadic slippery slope
model (Murphy et al.,, 2012) proposes that seemingly
innocuous behaviors, such as warning signs, may be pre-
cursors to serious abuse, and research in related fields (i.e.,
criminal risk assessments) suggests that observations of
nonviolent behaviors (e.g., seeking to be the center of
attention) can predict future violence and other forms of
misconduct (Hausam et al., 2018).

Previously, researchers identified warning signs by inter-
viewing survivors or asking individuals to describe poten-
tially harmful relationship behaviors. Similar warning signs
tend to emerge among people from different backgrounds
and across different studies (e.g., Murphy et al., 2012;
Short et al., 2000). However, despite empirical progress,
the current warning signs literature has some key draw-
backs. Although it is generally assumed that warning signs
covary with experiences of violence, no research to our
knowledge has quantitatively tested this association. More
importantly, no longitudinal research on IPV warning
signs exists: the extent to which red flags actually predict
future violence is unknown. Finally, scholars have noted
that identifying warning signs is difficult because some
behaviors may not be problematic if occurring in isolation
or rarely, but that the intensity, frequency, or “constella-
tion” of warning signs may be what is associated with vio-
lence (Kearney & O’Brien, 2021; Short et al., 2000). Thus,
whether violence is associated with different numbers of
warning signs and the frequency with which they appear
should be investigated.

The Current Study

We conducted a series of studies to identify warning signs
of IPV: thoughts, feelings, or behaviors that positively pre-
dict abuse, but are not themselves abusive. What indicators
of future abuse can people observe and identify early on in
their relationships before barriers to leaving become diffi-
cult to overcome? Given the diversity of ways in which
warning signs have previously been identified, we strove
for a data-driven and bottom-up approach with the present
research. We first conducted two pilot studies (see
Supplemental Materials) to differentiate abusive and non-
abusive (i.e., potential warning signs) behaviors, as well as
estimate when these behaviors first occur. We then used

machine learning to detect warning signs that predict IPV
cross-sectionally (Study 1) and over time (Study 2).

Hypotheses

We hypothesized that we would identify warning signs that
predicted overall abuse (i.e., an aggregate of all types of
abuse), physical abuse, psychological abuse, and sexual
abuse (H1-H4). Based on research about warning signs in
isolation or “constellation” (Kearney & O’Brien, 2021; Short
et al., 2000), we also predicted that the number of different
warning signs people experience (HS), and the frequency
with which they experience them (H6) would predict overall
abuse. In addition, we explored the robustness of the overall
abuse model against overfitting via cross-validation (E1)
and determined the extent to which warning signs predicted
abuse above and beyond earlier experiences of violence (E2).

Pilot Studies

We conducted two pilot studies to develop the list of abu-
sive behaviors and potential warning signs used in this
research (see Supplemental Materials).

Study |

The goal of Study 1 was to identify warning signs of over-
all, physical, psychological, and sexual IPV using random
forests analyses in a cross-sectional sample. We also sought
to determine whether the number and frequency of warning
signs a person experienced predicted overall abuse. Study 1
was pre-registered at https://osf.io/4vb8e; pre-registration
deviations, materials, code, and de-identified data can be
viewed at https://osf.io/48hwn/.

Method

Participants. One hundred fifty-seven individuals were
recruited from Prolific in February 2021. Inclusion criteria
included residing within the United States or Canada (see
https://osf.io/4vb8e for all criteria). Participants were told
the study was about early events in individuals’ dating lives,
that they would be asked to recall when certain experiences
occurred, and that some questions would inquire about
abusive behaviors. Participants were compensated £3.35.
The final sample was 147 participants because 10 failed to
meet inclusion criteria. Table 1 displays demographic infor-
mation. Sample size was determined by budget.

Clear rules for determining sample size in random for-
ests using regression trees have yet to be established. Our
key random forests model included 17 features predicting a
continuous outcome variable. Thus, we conducted a power
analysis based on the equivalent linear regression model
using the WebPower package in R (Zhang et al., 2022). The
obtained sample size of 147 participants has 97% power to
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Table |. Demographic Information for Studies | and 2

Study | (N = 147) Study 2, Time | (N = 355)

Demographics M (SD) M (SD)
Age in years 24.48 (6.75) 21.98 (3.90)
Partner age in years 25.03 (6.67) 22.55 (4.33)
Relationship length 6.25 (2.83) 3.71 (1.40)
in months
N % N %
Gender
Women 85 57.82 264 74.37
Men 57 38.78 90 25.35
Identified otherwise 5 3.40 | 0.28
Partner gender
Women 66 44.90 98 27.61
Men 77 52.38 256 7211
Identified otherwise 4 272 | 0.28
Ethno-racial background
Asian 23 15.65 110 30.99
Black I 7.48 4 1.13
East Indian 0 0.00 20 5.63
Hispanic 5 3.40 8 2.25
Indigenous I 0.68 0 0.00
Middle Eastern I 0.68 I 3.10
Multiple identities 23 15.65 21 5.92
White 83 56.46 167 47.04
Identified otherwise 0 0.00 13 3.66
Partner ethno-racial background
Asian 2| 14.29 88 24.79
Black 9 6.12 9 2.54
East Indian 0 0.00 21 5.92
Hispanic 4 272 9 2.54
Indigenous I 0.68 0 0.00
Middle Eastern 0 0.00 15 4.23
Multiple identities 36 24.49 15 4.23
White 76 51.70 185 52.11
Identified otherwise 0 0.00 12 3.38

detect a predictor with a small effect size (# = .10) in a lin-
ear regression model with 16 other predictors.

Materials and Procedure. We presented a list of 200 abusive
and non-abusive thoughts, feelings, and behaviors to parti-
cipants. To develop these items, we reviewed relevant peer-
reviewed literature on IPV and warning signs (e.g., Short
et al., 2000), warning signs scales (e.g., Murphy et al.,
2012), and public informational websites about warning
signs (e.g., Rape, Abuse & Incest National Network
[RAINN], 2017). When this search was saturated (i.e., we
could no longer find new warning signs), we created a list
of 309 abusive behaviors, likely warning signs, and neutral
behaviors based on the review. Details of this process are
provided here https://osf.io/t7Tpvy. Then, we conducted
Pilot studies (see Supplemental Materials) to determine
which behaviors should be considered abusive versus non-
abusive (Pilot 1) and most likely to emerge in early stages
of romantic relationships (Pilot 2). Resulting items included

physically, sexually, and psychologically abusive behaviors
committed by the partner, as well as potential warning
signs. Behaviors are referred to as “potential” warning signs
unless they are shown to predict abuse in the random for-
ests analyses.

Participants indicated how frequently each item had
occurred since they had started dating their partner (I =
Never, 4 = Sometimes, 7 = Frequently). Participants who
practiced BDSM (bondage, discipline/dominance, and sub-
mission/sadomasochism) were asked to report on only non-
consensual behaviors. Eight items were inappropriate for
the Likert-type scale (e.g., “My partner and I moved in
together™), so participants responded to these by checking
a box (1 = yes, 0 = no). Individual potential warning signs
were used as predictors, and aggregate abuse variables were
created and used as outcomes in random forests analyses.

We determined that 86.39% of the sample (n = 127)
experienced at least one instance of abuse (i.e., responded
with anything other than “never” to at least one abuse
item), but the mean frequency with which participants
experienced abuse was low. All abuse variables had skew-
ness levels above 2, and two had kurtosis levels above 7,
indicative of a skewed distribution (West et al., 1995).
Table 2 displays descriptive statistics.

Data Andlytic Strategy. Random forests, a nonparametric
machine learning technique (Breiman, 2001), is capable of
identifying key variables from a large number of predic-
tors, even with low sample sizes and non-normal outcome
distributions. The random forests procedure involves train-
ing a model on a “forest” of decision trees made of many
different samples of the data and predictors to generate a
set of forecasts (i.e., predicted values; Breiman, 2001).

All analyses were conducted in R 4.1.1 (R Core Team,
2021). We conducted four random forests analyses using
the randomForest package (Liaw & Wiener, 2018) to
establish which individual warning signs predicted aggre-
gate physical, sexual, psychological, and overall abuse
variables. We used regression trees because outcome vari-
ables were continuous. Each model was constructed from
5,000 trees, each built on a different bootstrapped sample
of two thirds of the data set (with replacement). One
third of the total number of predictors was randomly
sampled at each split. Prior to conducting each random
forests analysis, 149 potential warning signs were entered
into VSURF (Genuer et al., 2019), a package that elimi-
nates variables that fail to reduce each model’s error rate.
Notably, VSURF can identify variables at either liberal,
moderate, or stringent cutoffs (Genuer et al., 2015, 2019);
we retained variables that reached the moderate (i.e.,
“interpretation”) cutoff. Using variable selection is pre-
ferable to running random forests with all possible vari-
ables, as some predictors may not add to the model’s
predictive strength, and variable selection ensures those
are not included, which simplifies interpretation.
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Table 2. Descriptive Statistics for Abuse Variables for Studies | and 2

Type of Abuse N M SD Skewness Kurtosis
Overall abuse
Study | 147 1.28 0.38 2.46 6.90
Study 2
Time | 354 1.38 0.47 2.64 9.12
Time 2 355 1.36 0.47 2.86 11.36
Physical abuse
Study | 147 .14 0.36 5.14 36.35
Study 2
Time | 354 I.16 0.37 4.02 21.07
Time 2 355 15 0.37 4.61 27.72
Psychological abuse
Study | 147 1.37 0.48 2.19 5.26
Study 2
Time | 354 1.55 0.66 2.10 5.02
Time 2 355 1.50 0.63 2.14 5.42
Sexual abuse
Study | 147 1.26 0.49 3.28 12.54
Study 2
Time | 354 1.29 0.50 2.90 10.08
Time 2 355 1.31 0.52 2.92 10.43

Note. The scale ranged from | = Never to 4 = Sometimes to 7 = Frequently.
Sample sizes are different between time points in Study 2 because one
participant skipped abuse items at Time | but not Time 2.

Accounting for Non—-Normal Dependent Variables. Random for-
ests are, in principle, robust against non-normality (Berk,
2010). However, given the skewed distributions of the
dependent variables (see Table 2), we probed this assump-
tion by creating four baseline models with random forests.
Specifically, we used the grand mean of each form of abuse
to predict the same form of abuse (e.g., the grand mean of
physical abuse predicting physical abuse). Variance
explained by the models ranged from —1.38% for psycho-
logical abuse to —1.33% for physical abuse. This absence
of an effect indicates that the non-normal distributions of
the dependent variables were not responsible for any of the
variance predicted in the pre-registered models.

Results and Discussion

Predicting Overall Abuse. Analyses revealed that 17 predictors
accounted for 60.89% of the variance in overall abuse,
MSE = 0.06, providing support for the first hypothesis
(H1) that we would identify warning signs of overall abuse.
We examined the relative importance of each individual
predictor as indicated by the %IncMSE (i.e., percentage
increase in mean squared error; see Figure 1). The
%IncMSE score represents the percentage by which the
model’s mean squared error increases when the variable’s
values are randomly shuffled (note that these values cannot
be meaningfully compared across models). A higher mean
squared error indicates poorer model fit. Thus, if randomly
shuffling a variable increases this value, that suggests that
the model would be less predictive without the variable.

Higher %IncMSE values indicate greater importance (i.e.,
a larger contribution to the model’s overall performance).

As the random forests technique is nonparametric, the
contribution of each variable within the model may or may
not be linear. However, we examined correlations between
each predictor and overall abuse to determine which vari-
ables were likely functioning as warning signs (i.e., positive
correlates) versus protective factors (i.e., negative corre-
lates). One predictor was a protective factor (“My partner
valued my abilities and opinions”), whereas the remaining
16 variables were warning signs.

Predicting Physical, Psychological, and Sexual Abuse. We con-
ducted additional random forests models to determine pre-
dictors of physical, psychological, and sexual abuse. After
VSURF’s variable selection process, two variables
accounted for 31.75% of the variance in physical abuse,
MSE = 0.09; 11 variables accounted for 73.06% of the
variance in psychological abuse, MSE = 0.06; and seven
variables accounted for 47.42% of the variance in sexual
abuse, MSE = 0.12. These findings support Hypotheses
2-4 asserting that we would identify warning signs for each
type of abuse. We examined the relative importance of
each predictor, as well as each predictor’s correlation with
the corresponding abuse variable. We identified one pro-
tective factor for psychological abuse, one protective factor
for sexual abuse, and no protective factors for physical
abuse. See Figures S1-S4 in the Supplemental Materials
for the predictors of each type of abuse, their importance,
and correlation statistics.

Cross-Validation. In principle, random forests analyses are
robust against overfitting because they test each tree on a
subset of data not used to fit that tree. However, one can
directly verify this by manually training the model on one
sample and testing it on another. This process, called cross-
validation, tests the true predictive power of the model by
predicting values not used to build the model. Cross-vali-
dation therefore provides a more accurate estimate of out-
of-sample performance (Yarkoni & Westfall, 2017).

For the present study, we explored the robustness of the
model predicting overall abuse (E1) by randomly splitting
the data into training (N = 73) and testing data (N = 74).
VSUREF identified eight predictors in the training data. We
used the training data to build a random forests model that
predicted overall abuse using those eight predictors. Next,
we fed the predictor variables from the testing data into the
algorithm to generate predicted abuse values. Note that the
model did not have access to the real abuse scores from the
testing data: it estimated the values solely by plugging the
predictor variables into the model built with the training
data. Predicted abuse values were then compared with the
actual reported abuse values in the testing data to determine
how well the model was able to predict abuse. Results
showed that 40.48% of the variance in the testing data could
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My partner and I had sex, even though I wasn't
in the mood

I felt like I couldn't say no to my partner
My partner did not admit when they were wrong

My partner compared me to other people

My partner reacted negatively when I said no

to something they wanted

My partner disregarded my reasoning or logic
because it did not agree with theirs

1 found it difficult to concentrate on work because
thoughts of my partner were occupying my mind
My partner created an uncomfortable situation

in public

My partner acted arrogant or entitled
My partner tried to change me

My partner was unsupportive of me
My partner criticized me

My partner valued my abilities and opinions

My partner has unrealistic expectations for our
relationship

My partner avoided me
My partner did something I asked them not to do

My partner threatened to leave me

o
w —

Percentage Increase in Mean Squared Error (%IncMSE)

T I T T T 1
10 15 20 25 30 35

Figure 1. Importance of Predictors of Overall Abuse in Study |

Note. Variables with higher %IncMSE are more important to the model because randomly shuffling their values causes a higher increase in

mean squared error, which is indicative of poorer model fit.

be explained by the model generated with the training data,
MSE = 0.10. This demonstrates that the model is robust
against overfitting, as it can predict a substantial proportion
of variance in abuse (40.48%) using untouched data.

Number and Frequency of Warning Signs. We hypothesized
(HS5) that the number of warning signs experienced would
predict overall abuse. Using the 16 previously identified
warning signs, we created a standardized count variable
representing the number of warning signs each participant
experienced (95% of participants experienced at least one
warning sign). We used this to predict overall abuse in a
linear regression, and found a moderately sized effect, B =
0.28, #(145) = 12.70, p < .001, 95% CI (0.23, 0.32). We
also hypothesized (H6) that the frequency with which peo-
ple experienced warning signs would predict overall abuse.
We created a standardized mean representing the frequency
with which people experienced warning signs and used this
as a predictor in a linear regression, with overall abuse as
the outcome. We found a moderately sized effect, B =
0.32, #(145) = 17.84, p < .001, 95% CI (0.28, 0.35). Given
the non-normal distributions of the dependent variable, we
also conducted log transformations on overall abuse, which
did not change the patterns of results.

Study 2

In Study 1, we cross-sectionally identified warning signs
associated with overall, physical, psychological, and sexual
abuse, and showed that the number of warning signs a per-
son experienced and the frequency with which they experi-
enced those signs predicted overall abuse. In Study 2, we
sought to replicate and extend Study 1 by identifying warn-
ing signs that prospectively predicted violence 6 months
later. We also examined whether the number of warning
signs a person experienced, and the frequency with which
they experienced them, would predict overall abuse 6 months
later. Study 2 was pre-registered at https://osf.i0/6389b; pre-
registration deviations, materials, code, and de-identified
data can be viewed at https://osf.io/dctzw/. Some pre-
registered hypotheses are presented in the Supplemental
Materials.

Method

Participants. Recruitment took place between May 2020
and July 2021. Most participants were recruited from the
University of Western Ontario’s Mass Email Recruitment
listserv (95%), although some were recruited from social
media (1%) and Prolific (4%). Participants were told the
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study was about individuals’ early dating lives, that some
questions would inquire about abuse, and that they would
be asked to recall past experiences. Participants met several
inclusion criteria, including having been dating their partner
for 6 months or less (see https://osf.i0/6389b for all criteria).
Prolific participants were compensated £8.50 per survey. All
other participants were compensated with a $10 USD or $15
CAD gift card. Sample size was determined by budget.

Six hundred ninety-eight individuals submitted the first
survey. Of those, 181 participants failed to meet inclusion
criteria, and 162 participants experienced a breakup by the
second wave and were excluded from the present analyses
(see Supplemental Materials). The final sample included
355 participants. See Table 1 for demographic information.
A power analysis conducted with WebPower in R (Zhang
et al., 2022) suggests that this sample size has 99% power
to detect a predictor with a small effect size (/* = .10) in a
linear regression model with 11 other predictors.

Materials and Procedure

Time |. Asin Study 1, participants were asked to indicate
how frequently each of 200 abusive and non-abusive items
had occurred within their romantic relationship since they
started dating their partner (1 = Never, 4 = Sometimes,
7 = Frequently). Potential warning signs were used as pre-
dictors in random forests analyses.

Time 2. Six months later, participants were presented with
43 abusive behaviors and asked to indicate how frequently
each behavior had occurred within the past 6 months. These
items were used to calculate means for physical, psychologi-
cal, sexual, and overall abuse, which were used as outcome
variables in random forests analyses.

Although most participants (88.98%, n = 315) experi-
enced at least one instance of abuse (i.e., responded with
anything other than “never” to at least one abuse item), the
mean frequency with which participants experienced abuse
was low at both time points (see Table 2). As described in
Study 1, we created baseline models in Study 2 to determine
whether the non-normal distributions affected our results,
and we found no effects.

Results and Discussion

Predicting Overall, Physical, Psychological, and Sexual Abuse.
Random forests analyses were conducted using the same
strategy described in Study 1. The model predicting overall
abuse at Time 2 (T2) revealed that 12 variables accounted
for 54.45% of the variance, MSE = 0.10, supporting H1.
The importance of each predictor was assessed via
%IncMSE (see Figure 2). Further random forests analyses
were conducted predicting physical, psychological, and sex-
ual abuse at T2, respectively. Two predictors accounted for
22.86% of the variance in physical abuse, MSE = 0.11;

eight predictors accounted for 55.15% of the variance in
psychological abuse, MSE = 0.18; and 14 predictors
accounted for 45.54% of the variance in sexual abuse,
MSE = 0.15; these findings provide support for the sec-
ond, third, and fourth hypotheses. We examined correla-
tions between each predictor and its respective outcome
variable and no protective factors (i.e., positive correla-
tions) were found. See Figures S5-S8 in the Supplemental
Materials for the predictors of each type of abuse, their
importance, and correlation statistics. Seven warning signs
emerged in Study 2, which also appeared in Study 1; these
are displayed in Table 3.

Cross-Validation. We used cross-validation to better estimate
of out-of-sample performance for the model predicting
overall abuse (E1). Data were randomly split into training
(N = 177) and testing (N = 178) sets. VSURF identified
eight predictors in the training set that were then used in
the random forests analysis. We then ran this model on the
test data to generate predicted scores for overall abuse, and
we compared scores with the true overall abuse values in
the test set. Results revealed that 45.42% of the variance in
the testing data was explained by the model created with
the training data, MSE = 0.11. We did not use Study 2
data as the test sample for the Study 1 model because we
wanted to determine whether different warning signs would
emerge in a longitudinal rather than cross-sectional context.

Hierarchical Model. We next explored the extent to which
the identified warning signs could predict abuse at T2
above and beyond the predictive power of abuse at Time 1
(T1; E2). To do this, we compared the results of a random
forests analysis that included important abuse items from
T1 as predictors to a model with both important abuse
items and warning signs, and examined whether the second
model accounted for more variance than the first. This
method is analogous to the design of a hierarchical regres-
sion (see Joel et al.,, 2020 for a similar example).
Specifically, we conducted a VSURF analysis using the 43
abusive behaviors at T1 as predictors and overall abuse at
T2 as the outcome variable. VSURF identified four predic-
tors (i.e., My partner . . . “treated me like I was stupid,”
“tried to manipulate or control me,” “made me feel like I
was crazy,” and “did things that harmed my mental
health”) which were then entered into a random forests
analysis predicting overall abuse at T2; results showed that
these variables accounted for 52.70% of the variance in
overall abuse, MSE = 0.11. All predictors positively corre-
lated with overall abuse at T2. We ran a second random
forests analysis using these four variables and the 12 previ-
ously identified warning signs of abuse at T1 as predictors
of overall abuse at T2. Analyses revealed that these 16 vari-
ables accounted for 58.72% of the variance in overall
abuse at T2, MSE = 0.09, which is 6.02% more variance
accounted for compared with the abuse variables alone.
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My partner disregarded my reasoning or logic
because it did not agree with theirs

My partner refused to compromise on an
important decision

My partner had mood swings

My partner questioned me about where I had
been and/or who I was with

My partner resented being questioned
about how they treat me

My partner reacted negatively when I said
no to something they wanted

My partner blamed their ex for all the problems
in that relationship

My partner was financially irresponsible

My partner acted arrogant or entitled

My partner blamed others for his/her problems

My partner tried to make me jealous

My partner did not accept responsibility for
their actions

o -

5

Percentage Increase in Mean Squared Error (%IncMSE)

T T T T T 1
10 15 20 25 30 35

Figure 2. Importance of Predictors of Overall Abuse in Study 2

Note. Variables with higher %IncMSE are more important to the model because randomly shuffling their values causes a higher increase in

mean squared error, which is indicative of poorer model fit.

Table 3. Warning Signs That Predicted Abuse in Both Studies

Warning Signs That Predicted Abuse in Both Studies

My partner acted arrogant or entitled

My partner and | disagreed about something sexual

My partner and | had sex, even though | was not in the mood

My partner created an uncomfortable situation in public

My partner disregarded my reasoning or logic because it did not
agree with theirs

My partner reacted negatively when | said no to something they
wanted

My partner resented being questioned about how they treat me

Note. Warning signs are not presented in any particular order.

These findings suggest that abusive behaviors are the stron-
gest predictors of future abuse, but, to a limited extent,
warning signs can indeed predict abuse above and beyond
prior experiences of violence.

Number and Frequency of Warning Signs. We conducted a lin-
ear regression with a standardized count of the number of

the 12 previously identified warning signs a person experi-
enced at T1 (91% of participants experienced at least one
warning sign) predicting overall abuse at T2, and found a
moderately sized effect, B = 0.28, #(353) = 14.00, p <
.001, 95% CI (0.24, 0.32). Then, we conducted another lin-
ear regression model with the standardized mean frequency
with which a person experienced warning signs at T1 pre-
dicting overall abuse at T2; results revealed another moder-
ately sized effect, B = 0.35, #(352) = 20.59, p < .001, 95%
CI (0.32, 0.38). Patterns of results did not change if overall
abuse was log transformed. Thus, Hypotheses 5 and 6 were
supported. In addition, although not pre-registered, we
conducted these analyses controlling for overall abuse at
T1. Both predictors remained significant, indicating that
the number and frequency of warning signs a person experi-
ences are associated with increases in abuse over time.

General Discussion

These methodologically innovative studies are the first to
identify warning signs that, although not abusive them-
selves, cross-sectionally and prospectively predict abuse.
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Study 1 identified warning signs and protective factors
accounting for 60.89%, 31.75%, 73.06%, and 47.42% of
the variance in overall, physical, psychological, and sexual
abuse, respectively. Similarly, Study 2 identified warning
signs that prospectively predicted overall, physical, psycho-
logical, and sexual abuse occurring 6 months later, explain-
ing 54.45%, 22.86%, 55.15%, and 45.54% of the variance,
respectively. Seven warning signs emerged in both studies
that are likely especially important for predicting abuse.
Finally, both studies indicated that the number of warning
signs a person experiences, and the frequency with which
they experience them, predict future violence.

Importantly, these red flags accounted for meaningful
portions of variance in abuse. For comparison, an analyti-
cally similar study using 43 dyadic longitudinal data sets
from 29 laboratories found that actor-reported relationship
variables (e.g., relationship length, trust) accounted for
45% of the variance in relationship satisfaction and actor-
reported individual variables (e.g., age, personality)
accounted for 19% of the variance (Joel et al., 2020). Thus,
the warning signs in the present research are roughly as
good at predicting violence as variables like relationship
length and trust are at predicting relationship satisfaction,
and are better at predicting violence than variables like age
and personality are at predicting relationship satisfaction.

The warning signs identified here can provide support for
theories and models of IPV. Our findings show that rela-
tively innocuous behaviors (i.e., warning signs) can predict
future violent behaviors, which aligns with the dyadic slip-
pery slope model (Murphy et al., 2012). Furthermore, cer-
tain warning signs, such as “My partner tried to change me,”
hint at the presence of one partner attempting to control the
other; this finding aligns with power and feminist theories of
violence suggesting that power and gender dynamics under-
lie violence (Dardis et al., 2015). “My partner acted arrogant
or entitled” also emerged as a predictor, consistent with per-
sonality theories of violence arguing that perpetrators typi-
cally have certain personality traits (Dardis et al., 2015).
Demonstrating that items associated with different theories
are predictive of abuse provides support for the integration
of IPV theories (“theory knitting”), as this aligns with the
notion that no single theory has yet been shown to fully
explain all instances of IPV (Bell & Naugle, 2008; Dardis
et al., 2015). Gaining a deeper understanding of the intersec-
tions between warning signs and different IPV theories
would further illuminate the value of predictors of abuse.

Limitations and Future Directions

This research has several limitations. First, both studies
took place during the COVID-19 pandemic, which may
have affected the types and amount of warning signs and
abuse experienced. Second, although difficult to determine,
some participants may have inaccurately responded to the
abuse items, possibly to protect their partners or because of
selective memory issues. Third, both samples are not

representative of the general population and are limited by
their low proportions of men, people of color, and gender
diverse individuals. Future research should explore whether
unique warning signs exist for those from marginalized
backgrounds, especially because people from these groups
are at an elevated risk of violence (Capaldi et al., 2012).
Fourth, Study 1 was cross-sectional, and similar levels of
abuse were happening at both time points in Study 2. Thus,
the warning signs identified here are limited in their pro-
spective predictive validity because they were conflated with
abuse. Despite this unanticipated effect, our findings are
still informative because they identify non-abusive beha-
viors that on average precede abuse (see Pilot 2 in the
Supplementary Materials), are associated with abuse (Study
1), and predict abuse 6 months later (Study 2). Finally,
abuse frequency in both studies was relatively low, suggest-
ing that these warning signs may be more indicative of
situational couple violence (SCV), which is less severe, fre-
quent, and controlling, opposed to coercive controlling vio-
lence (CCV), which is more frequent, severe, one-sided, and
typically perpetrated by men (Johnson, 1995, 2010; Kelly &
Johnson, 2008). Researchers should make extra efforts to
study CCV, such as by recruiting from high-risk popula-
tions, and determine the extent to which warning signs of
CCV and SCV differ.

Violence Prevention Efforts

Considering the difficulties of leaving abusers (e.g., high
investment; Rusbult & Martz, 1995), researchers and inter-
vention developers can build upon the present findings to
help (potential) survivors avoid violent relationships. Given
that both warning signs and abuse can start appearing
within the first few months of relationships (see Pilot 2),
interventions should be directed toward people who are sin-
gle or newly dating to make responding to concerning
behaviors as easy as possible. Interventions should help
motivate and equip people to look for and address warning
signs in their own relationships (Fisher & Fisher, 2002),
and also recognize that this can be challenging because peo-
ple often wear “rose-tinted glasses.” Therefore, prevention
efforts should also include information for informal
(e.g., friends, family members) and formal (e.g., teachers,
medical professionals) supports, so that third parties can
look for warning signs in others’ relationships and provide
support or direct people to resources as needed. Ultimately,
by combining knowledge of warning signs with the ability
and incentive to respond to them, individuals and those
around them will have the best possible chance of prevent-
ing relationship violence.
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