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Abstract

Exposure to Intimate Partner Violence (IPV) has lasting adverse effects on the physical, behavioral, cognitive, and
emotional health of survivors. To this end, it is critical to understand the effectiveness of IPV treatment strategies
in reducing IPV and its debilitating effects. Meta-analyses designed to comprehensively describe the effectiveness
of treatments offer unique advantages. However, the heterogeneity within and between studies poses challenges in
interpreting findings. Meta-analyses are therefore unlikely to identify the factors that underlie disparities in treatment
efficacy. To characterize the effect of demographic and social factors on treatment effectiveness, we develop a compre-
hensive computational and statistical framework that uses Meta-regression to characterize the effect of demographic
and social variables on treatment outcomes. The innovations in our methodology include (i) standardization of out-
come variables to enable meaningful comparisons among studies, and (ii) two parallel meta-regression pipelines to
reliably handle missing data.
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partner violence. American Medical Informatics Association (AMIA) Informatics Summit, 2023.

Introduction

The Centers for Disease Control and Prevention (CDC) defines Intimate Partner Violence (IPV) as any “physical vio-
lence, sexual violence, stalking and psychological aggression (including coercive acts) by a current or former intimate
partner [1]”. National data from the US indicates approximately one-quarter of women (24%) experience severe vi-
olence by an intimate partner in their lifetime; the rates are lower but still substantial for men, with approximately 1
in 7 (14%) reporting IPV [2]. It is a complex and intersectional problem, particularly for women and disadvantaged
or marginalized groups. Risks for IPV and how individuals are influenced by it are often functions of the individuals
overlapping identities including socioeconomic status (SES), race, and migration status [3]. In that, IPV is related to
race and ethnicity, particularly in the context of how these factors relate to inequalities in SES, distribution of wealth,
and access to resources [2, 4, 5].

Although IPV is a problem for the entire spectrum of SES, individuals with lower SES have been shown to be ex-
posed to more violence, in terms of both prevalence and severity [6, 7]. The link between inequalities and IPV is
bidirectional, in that exposure to violence limits the victim’s ability to access resources. As a striking manifestation
of this relationship, IPV is found to have a strong negative effect on sustaining employment. It is discovered that each
year women in the US miss about 8 million days of work, and lose about $727 million in wages [8]. Furthermore,
low-income women who experience violent incidents have a harder time keeping their full-time employment for 6 or
more months [6]. Frequently observed mental health issues among the survivors of IPV, such as PTSD, depression,
and substance abuse problems also have a negative effect on the ability to sustain employment, school attainment, and
daily functioning [8, 6, 9].

Violent individuals compose a heterogeneous group that can be distinguished through various descriptive dimensions.
Regardless of the types of IPV, all perpetrators receive standard treatment. Standard treatment for IPV involves gender-
specific group treatments (anger management groups for offenders and support groups for victims/survivors), which
overlook the complexities of violence [10]. The nature of violence and rates of recidivism often fluctuate along
with demographic factors, but treatment models do not account for this disparity as well. This paper aims to help
individuals overcome treatment inequalities that arise from age, race, education, income, and other socioeconomic
and demographic factors. Current IPV treatments do not take violence characteristics and demographic variations into
account, so not all groups are given equal opportunities for recovery.



Figure 1. Proposed approach to handling missing data in meta-regression to characterize discrepancies. Left:
Filtering of studies missing outcome variables. Center: Full model meta-regression (i.e., including all demographic
variables) using imputation for missing data. Right: Individual meta-regression model for each demographic variable
by filtering out studies that do not report the variable.

Our objective in this study is to assess the association between demographic variables that may underlie disparities
in the treatment effectiveness for intimate partner violence (IPV). This involves identifying individuals who respond
similarly to treatment which can be accomplished through subgroup analysis [11]. To achieve this we utilized data
that was pooled from literature via meta-analysis. While meta-analysis is a powerful tool in integrating results from
multiple studies, it presents challenges in studying the association between the outcome variables and other factors,
including those that may underlie disparities. This is because studies report these variables using descriptive statistics
across the study population (as opposed to individual-level data). Nonetheless, this information is still highly valuable
as it can potentially shed light on the importance of study design, heterogeneity of the study population, and the effect
of population characteristics on the conclusions of a study.

Methods

We use meta-regression to characterize the association between treatment outcome and the variables that potentially
underlie the disparities in the treatment of IPV. In addition to the environmental nature of these associations, there are
additional challenges in meta-regression: 1) Not all studies measure all variables, thus there can be many missing data
points. 2) The distributions and ranges of variables can vary drastically between studies, making it difficult to make
meaningful comparisons. In the following subsections, we first describe our meta-analysis dataset and then present
how we address these two challenges.

Description of Data The set of studies we consider is shown in Table 1, which is an improved version of the set
of studies in our meta-analysis on the treatment of perpetrators of IPV [12]. This meta-analysis included 17 studies
published between 1997 and 2018, which were selected based on whether a treatment is used, whether the mean
outcome values were reported, and whether the measurements were done using the Conflict Tactics Scale (CTS) [13].
Detailed study criteria are provided in Karakurt et al [12]. Using the same criteria, we identified and evaluated 598
studies published from 2018 to 2022, from PubMed [14], PsychINFO [15] and Cochrane [16]. We found that no study
published since 2018 met our inclusion criteria. The resulting set of studies consists of 17 studies, which applied
19 different treatments and measured 12 demographic variables. These variables reported by each study are listed in
Table 1.



Table 1. Characteristics of the studies used in our analyses. The study size, percentages, and the mean values of
demographic variables for the perpetrators in each study are shown.

Study Post-
test
Sample
Size
(N)

White
(%)

Black
(%)

Asian
(%)

Native
American
(%)

Hawaiian
(%)

Hispanic
(All
Races)
(%)

Age Edu.
Years

Having
Children
(%)

Income
($)

Employ-
ment
(%)

Morell-2003-0 [17] 41 32.00 30.00 3.00 2.00 0.00 2.00 34.70 12.10 21600 100.00
Stuart-2013-1 [18] 73 72.10 10.10 0.00 0.00 0.00 15.10 31.60 11.70 25332
Stover-2011-2 [19] 30 49.00 1.20 0.00 0.00 0.00 9.10 38.00 10.92 68.00 70.00
Stuart-2013-3 [18] 69 71.50 8.10 0.00 0.00 0.00 20.30 31.50 11.40 21452
Schumacher-2011-
4 [20]

11 69.56 30.43 0.00 0.00 0.00 0.00 32.30 5.21 53.85

Lila-2018-5 [21] 80 95.00 2.50 0.00 0.00 0.00 12.50 46.36 7.10 10443 47.50
Dutton-1997-6 [22] 62 100.00 0.00 30.12 0.00 0.00 30.12 35.20 12.00
Murphy-2017-7 [23] 21 57.10 38.10 0.00 0.00 0.00 0.00 31.90 13.19 31071
Chan-2004-8 [24] 13 0.00 0.00 100.00 0.00 0.00 0.00 43.50 9.18 100.00 70.59
Morell-2003-9 [17] 33 60.00 30.00 3.00 2.00 0.00 2.00 34.70 13.10 21600 100.00
Lawson-2009-
10 [25]

49 36.70 42.90 0.00 0.00 2.00 18.40 31.73 11.10

Easton-2007-11 [26] 29 49.00 33.00 0.00 0.00 0.00 10.00 38.10 9.36 70.60
Lila-2018-12 [21] 80 95.00 2.50 0.00 0.00 0.00 12.50 46.36 8.04 10443 47.50
Taft-2015-14 [27] 49 84.60 0.00 0.00 0.00 0.00 15.40 37.50 41.50
Murphy-2017-
15 [23]

21 33.30 47.60 4.80 0.00 0.00 9.50 36.86 12.76 28571

Mbilinyi-2011-
16 [28]

42 65.00 17.00 1.10 4.00 3.00 6.10 39.40 12.92 74.00 40001 80.00

Handling Missing Data Our objective is to assess, at the study level, the relationship between treatment effectiveness
and the 12 demographic variables that may underlie discrepancies in the treatment of IPV. We use meta-regression for
this purpose. However, as seen in Table 1, studies differ drastically in the variables they report. For this purpose,
we develop a two-armed approach that aims to utilize all available data, while also controlling for the effects of data
imputation. This approach is illustrated in Figure 1. As seen in the figure, we start by exporting the data from all
studies on the treatment of perpetrators of IPV. First, we remove the studies with missing outcome variables (here, pre-
treatment and post-treatment mean and variance of violence as measured by CTS). Subsequently, using these studies,
we compute the ”effect size” of each demographic variable using two meta-regression models: 1) In the full model, the
missing values for demographic variables are imputed using k-Nearest Neighborhood imputation [29] using k = 5,
and the resulting data is used in meta-regression to fit a full model for the outcome variable where all demographic
variables are considered as independent variables. 2) In the individual model, the studies for which the independent
variable is not available are removed for each independent variable. Then, for each demographic variable, using data
from remaining studies, a separate meta-regression is fit for the outcome variable where the only independent variable
is the demographic variable of interest. The resulting effect sizes are the regression coefficients of the demographic
variable in the respective models (one for the full model, one for the individual model). In addition to the effect
sizes, we also calculate the associated statistics (p-value, confidence interval, etc.) using a standard meta-regression
framework.

The idea behind our two-armed approach is as follows: As compared to individual models, full models can be more
informative as they assess the effect of each the independent variable in the presence of others. However, to be able
to use all studies in the full model, missing data needs to be imputed, which may introduce noise and bias [30]. In
contrast, missing data imputation can be avoided for individual models, as the individual model can be fit using only
the studies that report the variable of interest. Thus, by performing both analyses simultaneously, we can provide a
comprehensive perspective on the association between each demographic variable and the outcome variable.

Normalization and Transformation of Outcome Variables for Meaningful Comparisons The pre-treatment and
post-treatment mean and standard deviation of violence reported by each study is shown in Figure 2. As seen in the
figure, these values are highly variable across studies, making it difficult to draw meaningful comparisons between



Figure 2. Normalization of outcome variables to facilitate meaningful comparisons. Bottom Panel: The outcome
variables as reported by each study. Upper Panel: Normalized outcome variables we compute to assess the mean
improvement in treatment relative to mean violence in the study (left) and the reduction in the heterogeneity of
violence in the study (right).

studies. For this reason, we use two outcome variables that are designed to capture the relative improvement on
average, as well as the reduction in the heterogeneity of violence in the study sample. For study k, we compute the
Difference Normalized by Pre-Treatment Mean DNPMk as:

DNPMk =
Posttreatment Meank − Pretreatment Meank

Pretreatment Meank
(1)

Here, Pretreatment Meank and Posttreatment Meank denote respectively the mean pre-treatment and post-
treatment violence across all participants in study k. Consequently, DNPMk provides a measure of the relative
average reduction in violence observed in study k, regardless of the overall degree of violence among the participants
in the study. Since this measure does not consider study heterogeneity (i.e., the variance of violence among study
participants), we consider an additional measure that aims to characterize the change in variance between pre- and
post-treatment. For study k, we compute Variance Fold Change V Fk as:

V Fk = log2

(
Posttreatment SDk

Pretreatment SDk

)
(2)

where PosttreatmentSDk and PretreatmentSDk respectively denote the standard deviation of violence among
the participants of study k pre- and post-treatment. The normalized outcome variables DNPM and VF for each study
are shown in Figure 2. As seen in the figure, this transformation maps the outcome variables to an interpretable range
and renders different studies comparable in terms of their outcomes. For example, a DNPM of -0.5 (2, upper left
panel) indicates a 50% reduction in violence on average across all participants in the study, while a VF of -2 (2, upper
right panel) indicates 22 = 4-fold reduction in the variance of violence among study participants.



Figure 3. Distribution of Outcome Variables across Studies

Assessment of The Effect of Demographic and Social Factors We use meta-regression to assess the effect of
demographic and social factors on outcome variables (namely average reduction in violence and reduction of the
variance in violence among study participants). Based on the variations in predictor variables (demographic and social
factors) and the observed effects (outcome variables), meta-regression builds a regression line that can be used to
predict the effect size of studies that the model has never encountered before. The demographic and social variables
are entered into meta-regression models as continuous predictors and each variable represent the fraction of a group
among the study participants. The meta-regression line is fitted with Weighted Least Squares (WLS), which ensures
that studies with a smaller standard error are given a higher weight. The true effect sizes deviate less from an optimal
regression line, which indicates that the predictor variable can account for some of the heterogeneity variances in the
meta-analysis. For every unit increase in the independent variable, the regression weight estimate tells us that the
effect size of a study is expected to rise or fall proportional to that regression weight. Thus, we can see how disparities
affect the effect sizes of outcomes, as well as the significance of those effects.

While fitting the meta-regression models, we use the information reported by each study on the distribution of de-
mographic and social variables among study participants. Since these variables are usually reported in the form of
averages, this analysis does not provide information at the level of individuals - e.g., we are not looking to identify as-
sociations such as “this type of treatment is more effective for participants in this age group”. Rather, meta-regression
provides environmental information on the association between demographic/social variables and treatment outcomes
- e.g., we can identify associations such as “studies that enroll younger participants report less reduction in violence
on average”. This information is highly valuable from the perspective of characterizing discrepancies in treatment, as
discrepancies that may go unnoticed by the individual can be more visible at the group level.

Since studies differ broadly in terms of the variables they report, a large fraction of data on demographic and social
variables is missing. For this reason, we use a two-armed approach to handling missing data, as illustrated in Figure 1:

1. For each demographic/social variable x(i), we compute an individual meta-regression model by focusing on the
studies that include x(i), in which x(i) is the only independent variable:

ŷk = α+ β
(I)
i x

(i)
k + ϵk + ζk (3)

Here, yk denotes the value of the outcome variable (DFNM or VF) in study k, x(i)
k denotes the value of the

predictor in study k (the fraction of a specific group in the study), β(I)
i denotes the regression coefficient for

predictor x(i), ϵk and ζk denote error terms, and α denotes the intercept value. While fitting this meta-regression
model, all studies for which x

(i)
k is available are entered into the model.

2. We fill the missing data using k-Nearest Neighborhood imputation [29] and then compute a single full meta-



regression model by including all studies, and entering all variables as independent variables:

ŷk = α+
∑
i

β
(F )
i x

(i)
k + ϵk + ζk (4)

While fitting this meta-regression model, all studies in Table 1 are entered into the model.

In all meta-regression models, the outcome variables are the two normalized outcome variables, namely Difference
Normalized by Pretreatment Mean (DFNM) and Variance Fold Change (VF). Therefore, for each demographic/social
variable — outcome variable pair, we obtain two effect sizes: (i) the coefficient of the variable in its own individual
model (β(I)

i ), and (ii) the coefficient of the variable in the full model (β(F )
i ).

We expect that true effects will be highly heterogeneous between studies. The studies we use differ in many different
ways, including differences in target populations, differences in treatment length and intensity of violence, etc. There-
fore, we use a random-effects model to account for the fact that individual studies do not only vary because of sampling
error alone but there is another source of variance due to the fact that the studies come from different populations. In
this case, the effect sizes we output are the distribution of true effect sizes, and the modeling will estimate the mean of
that distribution. The variance of the distribution of true effect sizes is (τ2). Sidik-Jonkman estimator [31] is used for
estimating (τ2) since we believe there is a large degree of heterogeneity in our sample, and avoiding false positives is
highly important.

Results

The effect sizes and p-values of each of our outcome variables, Difference Normalized by Pre-Treatment Mean
(DNPM) and Variance Fold Change (VF) are plotted for independent variables of demographic information. The
results obtained from full model and individual models are displayed side to side, to display the effect imputation had
on our results. The color represents the significance of the effect size found. For DNPM, the blue color denotes a
positive effect size, meaning that the violence increased, hence the variable is indirectly associated with the decrease
in violence. The red color denotes a negative effect size, meaning that the violence decreased, which is a plausible
result. For VF, the blue color denotes the study has become more heterogeneous by the effect of the independent
variable, whereas the red color denotes the study has become more homogeneous.

Using bubble plots, we were able to identify the slope and effect size of the meta-regression. According to the size of
the bubbles, a study with a greater weight has a greater size. In order to facilitate interpretation of the results, we use
values without standardization for the demographic variables. Because our summary measurement is the standardized
mean difference, the y axis of the bubble plots represents a variable’s effect on either DNPM or VF on overall violence
across studies.

Race/Ethnicity Variables Figure 5 shows the effect sizes of socio-economic variables. We can see from the DNPM
outcome in Figure 4(a) that IPV treatments failed to reduce overall violence in studies with Hispanic (all races) and
White perpetrator groups. Native American and Hawaiian Pacific Islander perpetrators, where the results for Native
American perpetrators are the most significant, benefited the most from the treatment. The difference between the
effect sizes for Individual and Full models also shows that imputation increases the effect sizes a lot for positive effect
sizes. The IPV treatments resulted in a more homogeneous group of study participants for Asian, Native American,
and Hawaiian Pacific Islander perpetrators, as shown in Figure 4(b). When employed among Hispanics (all races),
Whites, and Blacks, the treatments resulted in a more heterogeneous study group.
In Figure 4, we can see that a positive slope corresponds to a positive effect size. We can also see how the distribution
of variables affects the effect size we observe in our model, as well as how outlier studies affect it. Supplementary
Figure 1 [32], presents the regression slopes of racial variables we have observed using our studies as weighted data
points, for the Individual Models.

Socio-Economic Variables The Individual Model results show that the education year is directly related to the ef-
fectiveness of IPV treatment in terms of overall violence. The average age of the study group is indirectly related



(a) Difference Normalized by Pretreatment Mean (b) Variance Fold Change

Figure 4. Effect size of race and ethnicity variables on IPV treatment outcomes. For each ethnicity and race,
each row shows the regression coefficient of the fraction of the ethnicity/race among study parents on the respective
study outcome for the individual model (left) and the full model (right). Tones of red show negative effect, tones of
blue show positive effect, intensity shows significance.

to the effectiveness of the IPV treatment. From Figure 5(b), study groups high percentages of having children, em-
ployment, and education years result in a more homogeneous study group posttreatment. The regression slopes of
socio-economic variables are also shown in more detail in Supplementary Figure 2 [32].

Discussion

Intimate partner violence (IPV) is a worldwide prevalent public health issue that results in substantial global mental
and physical health burdens. IPV treatment strategies are limited and have not been thoroughly researched. In this
study, we aimed to identify the treatment effects of IPV studies and the relationship between overall violence and
demographic variables. To achieve this aim, we used meta-analyses to characterize how different treatment models
work for individuals who vary across these demographic and socioeconomic dimensions. We presented an extensive
analysis of pooled data of batterer treatment programs to characterize the impact of demographic factors on treatment
effectiveness.

Based on our findings for Racial/Ethnicity variables, IPV treatments did not reduce overall violence in studies with
Hispanic (all races) and White perpetrator groups. Furthermore, in terms of violence severity, the treatments resulted
in more heterogeneous groups among Hispanics (all races), Whites, and Blacks. For Asian, Native American, and
Hawaiian Pacific Islander perpetrators, IPV treatments led to more homogeneous groups of study participants, as
shown in Figure 4(b). Meaning, a reduction in the variance of violence among study participants. This may be due to
small sample sizes in study groups.

Statistics for IPV among Latinas have nuances. Overall, statistics have been shown to be similar to the global average
that during their lifetime about 30 percent of Latina women experience IPV. However, studies also noted a paradigm
called ”the immigration paradox” in that IPV rates are lower among Mexican immigrants as compared to Mexicans
born and raised in the US [33]. It is possible that the intersection of migration stress, socioeconomic context, and lack
of supportive systems might be associated with the increased risk for IPV, and the lower benefit from the treatment
[3]. On the other hand, IPV Against American Indian and Alaskan Native Women are highly prevalent, statistics
indicate that over 84% of Native women experience violence during their lifetimes [34]. Statistics also indicate that
about half of Native women experience physical intimate partner violence and 66% experience psychological abuse
from their intimate partner [34]. Interestingly, our results indicated that among the native American men who attended
the treatment for perpetrators the success rate is relatively high.

Based on the results of our meta-regression for socio-economic variables, we found that the education year directly



(a) Difference Normalized by Pretreatment Mean (b) Variance Fold Change

Figure 5. Effect size of socio-economic variables on IPV treatment outcomes. For each variable, each row shows
the regression coefficient of the value (average across all participants in the study) on the outcome variable for the
individual model (left) and the full model (right). Tones of red show negative effect, tones of blue show positive effect,
intensity shows significance.

affects the effectiveness of IPV treatment in terms of overall violence (Figure 6). Lack of resources, access to re-
sources and the limited number of available treatments are important risk factors for higher rates of IPV [35, 34, 36].
Particularly for marginalized individuals due to race, ethnicity and SES [36, 37, 38]. Based on the results of our
meta-regression, the age of the study group is indirectly related to the effectiveness of IPV therapy. In groups that
reported information about having a high percentage of families with children, higher employment rates, and longer
education years, the group post treatment was more homogeneous (Figure 6(b)). This effect might be due to various
types of violence that are more common among different age groups [3]. For example, situational couple violence
was found to be more common among young adults [36, 37, 38].

Limitations. Since subgroup analyses are observational, it is important to keep in mind that effect differences may also
be caused by confounding variables. Since the analyses are performed at the study-level, our conclusions remain at the
environmental level, but they provide pointers for the design of studies to investigate disparities using individual-level
data. Despite these limitations, our results highlight the importance of understanding the context of the individuals
and their families, and the resources available to support the needs of the communities and can help clinicians select
the effective IPV treatment for each specific relationship.

Conclusion. Overall, it is essential to understand the disparities between the perpetrators so that effective treatment
and support can be provided. Living in impoverished areas and lacking the means to seek extensive assistance and
support, the absence of differentiated research into treatments has a serious negative effect. Using IPV study results, we
identified subgroups based on disparities between perpetrators. Using these results, consolidative treatment strategies
can be formed. These findings will be analyzed and used to determine which subgroups may respond to treatment in
similar ways.
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