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Abstract

Intimate Partner Violence (IPV) remains a significant global health issue with severe consequences ranging from
physical injury to death, with rates rising in recent years. Prediction of recidivism is critical for prevention and
treatment. Using data from a four-year clinical study, we develop interpretable machine-learning models to identify
features for physical assault recidivism among IPV offenders. To standardize clinician-assigned severity scores and
address non-linear associations, we apply filtered target encoding, which reduces subjectivity and bias in assessment.
We find that combining self-reported and partner-reported variables enhances predictive power. Through feature
importance analyses, we identify factors associated with lower recidivism risk, including decreased substance use
and avoiding partner contact, while separation processes correlate with higher reoffending likelihood. These findings
advance IPV risk assessment by providing a deeper understanding of risk factors critical for improving treatment
effectiveness and addressing disparities in IPV management.

1 Introduction

Intimate partner violence (IPV) is physical, sexual, or emotional abuse by a current or former partner [1], and affects
roughly one in four women globally, carrying substantial morbidity and mortality. IPV disproportionately impacts
women and marginalized groups, driven by systemic inequities, limited access to quality care, and adverse childhood
experiences [2, 3, 4].

IPV’s adverse effects span acute physical injuries (bruises, lacerations, fractures), disabilities (e.g., vision or hearing
damage), chronic conditions (headaches, chronic pain), systemic ailments (asthma exacerbations, hypertension, irrita-
ble bowel syndrome), and mental-health disorders (depression, PTSD, substance use, suicidality) [5, 6, 7, 8, 9]. Pre-
dicting who will reoffend is critical for reducing repeat harm, guiding scarce clinical resources, and informing policy.
Recidivism rates for IPV range from 20–35% even after intervention, perpetuating cycles of injury and psychological
trauma for survivors [10]. Early identification of high-risk individuals enables targeted interventions (counseling, case
management) and multi-agency responses shown to lower reoffense rates and improve safety outcomes [11].

Existing studies laid important groundwork: Pham et al. (2023) [12] showed ODARA and SARA yield modest
discrimination (AUC ≈ 0.59); Yu et al. (2023) [13] reported registry-based Cox models on 27,456 Swedish DV arrests
achieving AUC ≈ 0.75 for general reoffending but only 0.63 for DV-specific rearrest; and Collins et al. (2021) [14]
found prior DV arrests and longer case-processing times predict higher recidivism. Our approach builds on these
by transforming interviewer-rated severity into dynamic, case-specific risk signals rather than relying on fixed or
population-level scores.

The Minneapolis Domestic Violence Experiment found initial benefits of mandatory arrest in reducing reoffend-
ing [15], but later studies observed attenuated effects [16, 17], spurring more counseling-based and personalized
interventions. A variety of court-mandated and voluntary programs (from Duluth sociocultural models to cognitive-
behavioral and group therapies) have shown mixed results [18, 19, 20, 21, 22].

Despite numerous established risk indicators, existing assessment tools often perform little better than chance [21, 23].
Exploratory models can fill this gap by detecting treatment lapses early [24] and enabling tailored, multi-agency
interventions before violence escalates [25].

In this study, we enhance insights from predictive models of IPV recidivism. We first benchmark multiple machine
learning models and analyze feature importances, noting prevalent non-linear relationships in subjective scores. To



Table 1: List of the variables used in the predictive models, sorted with respect to feature importance (according to our results). The linearity of
the relationship of each ordinal or continuous variable with the outcome variable, according to our results, is shown in the last column. Please see
Methods for the description of the procedure for determining the linearity or non-linearity of the variables

Variable Definition Data Type Linearity
O1 Outcome Variable: Was there a re-assault incident that occurred between the 3rd and 15th month of follow-up? Binary –
P3SEVX Have you ever committed a severe assault, ranging from kicking to sexual assault? Binary –
S3TMP Have you been tempered in the past 3 months? Binary –
P3TOTX What is the frequency with which your partner has taken actions toward you, whether in self-defense, fear, revenge, or for any

other reason?
Ordinal Linear

B3TOTX2 In the past 3 months, how many times have you tried to control or engage in aggressive behaviors toward your partner, such as
limiting her social interactions, affecting her finances, or causing verbal or physical harm?

Ordinal Linear

P3MINX Have you ever engaged in minor forms of physical aggression, such as pushing or slapping? Binary –
ATKWN2 Has any partner you’ve been involved with physically attacked you in the last 3 months? Binary –
B3VRBX2 In the past 3 months, have you engaged in any verbal aggression, property damage, or harm to pets towards your partner? Ordinal Linear
DRUN How often were you drunk or high? Ordinal Linear
DHPRT How often was your partner drunk or high? Ordinal Linear
DHPRTX How often was your partner drunk or high? (Reported by the partner) Ordinal Non-linear
RPPLC Has any partner ever sought shelter, legal action, or professional help as a result of your behavior towards her? Binary –
P3TKN Has your partner ever threatened you with a knife? Binary –
DOFT How often do you drink alcohol or use drugs? Ordinal Non-linear
FRSTMX When was the last time your partner started severely physically assaulting you? (Reported by the partner) Binary –
TMINV How long have you been intimately involved with your current partner? Continuous Non-linear
DDFRQ2 Are you using alcohol or drugs more or less in the past 3 months? Ordinal Non-linear
SELIVA2 What is the frequency of your encounters with the partner you’ve abused in the past three months? Ordinal Non-linear
MARSTX What is your current marital status? Categorical –
DDPRT How often does your partner drink alcohol or use drugs? Ordinal Non-linear

standardize interviewer-assigned severity and mitigate bias, we develop a filtered target encoding technique that pre-
serves ordinal information while smoothing inconsistencies. Our key contributions are:

• A novel encoding method that refines ordinal variables based on training-outcome statistics and adjacent-
category smoothing, improving model interpretability and reliability.

• Comprehensive feature-importance analyses and visualizations of risk-factor relationships with recidivism.
• Demonstration that integrating self- and partner-reported variables enhances understanding of recidivism pre-

dictors.

2 Methods

Data Source

Batterer intervention programs target men arrested for domestic violence. Here, we utilize data from four different
batterer intervention programs, spanning 840 participants and their female partners, including initial and subsequent
partners [26]. Data was collected longitudinally from treatment programs in Denver, Pittsburgh, Dallas, and Houston.

At the beginning of the program, demographic details and baseline measures of personality and alcoholism were gath-
ered using the Millon Clinical Multiaxial Inventory, Version III (MCMI-III), and the Michigan Alcoholism Screening
Test (MAST). Severe psychopathology was indicated by scores above 74 on any of the six MCMI clinical subscales,
and a score above 4 on the MAST suggested likely alcoholism. Additional intake data included demographic char-
acteristics, employment status, education level, substance use, living situation, and history of violence. Follow-up
interviews were conducted by phone at three-month intervals about re-assault as well as other forms of abuse, partner
contact, substance use and abuse, further arrests, and the use of additional services and treatment. Complete data from
batterers, their initial partners, and any new partners available for 65% of the sample over 15 months. For more details,
please see Gondolf et al.’s study [18]. A subset of 109 men and their female partners from the initial pool remained
active in the study, with regular quarterly interviews being conducted, yielding 32 recidivism-positive cases and 77
recidivism-negative cases. These responses were further supplemented by a thorough examination of arrest records,
and new variables were created to monitor the accounts provided by the participant and their partner [27].

An earlier examination of this data indicated that men from Sites II-IV, despite variations in their program structures,
showed no significant differences in recidivism rates. In contrast, some differences were noted at Site I, as documented
in the study by Gondolf [28]. Taken together, these observations indicate significant heterogeneity between and within
treatment programs, suggesting that interpretable machine learning can inform personalized treatment of batterers.



Figure 1: Feature importance analysis using Shapley Additive Explanations (SHAP) before and after encoding features. For each feature,
the SHAP value assigned to the feature for each instance of the support vector machine (SVM) model is shown. Features are ordered from most
important to least important. The red color signifies the feature value being high and the blue color signifies the low feature value for positive
samples. The model before encoding is shown on the right, and the model after encoding is shown on the right. Encoded variables are highlighted
with a green frame. Arrows indicate features that have risen in the order of feature importance after encoding.

In the following discussion, we refer to the men who are enrolled in these programs (and represent one instance in our
data) as the participant and their female partners who are subjected to violence as the partner.

Variables

In our experimental setting, we use the background survey data. The survey consists of various questions assessing
the nature and frequency of aggressive behaviors, substance use, consequences of behavior, and relationship dynamics
among participants. We represent the responses to survey answers as binary, categorical, ordinal, or continuous vari-
ables as applicable (Table 1). We define the outcome variable as physical re-assault between 3-15 months follow-up.

Predictive Models

We train a range of traditional machine learning algorithms to predict recidivism using all available features, including
SVM, logistic regression, Naı̈ve Bayes, K-nearest neighbor, Random Forest, XGBoost, AdaBoost and CatBoost. Since
the number of samples is relatively low, we do not consider deep learning. We evaluate the performance of the resulting
models using 5-fold cross-validation and observe that the models exhibit modest accuracy in predicting recidivism,
with accuracy plateauing around 60% for most algorithms. While this can be attributed to the relatively small sample
size, delineation of the complexity of the relationship between recidivism and other variables may provide insights
in the prediction of recidivism and may inform decision-making in treatment. Motivated by this consideration, we
analyze feature importance in detail to elucidate this relationship.

We use SHAP [29] to assess feature importance in the SVM model and focus on the top 20 most important features
(Fig. 1). We observe that several variables exhibit non-linear association with recidivism. For example, the SHAP
values of Partner-reported Frequency of Alcohol or Drug Use (DHPRTX) are clustered into three groups, with a
large purple group concentrated close to 0. To investigate the reason for this behavior, we assess the distribution
of this variable for instances with vs. without recidivism (Fig. 5, Row 3, Column 1). As seen in the figure, the
recidivism-negative group shows a consistently decreasing pattern (53%, 32%, 15%), while the recidivism positive
group exhibits a U-shaped distribution (44%, 25%, 31%) with category 3 (‘Often/Very often’) showing higher values
than category 2 (‘Sometimes’). While this non-linear pattern makes it challenging for a predictive model to effectively
utilize DHPRTX to predict recidivism, the association is evident in the distributions.
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Figure 2: Comparison of classification algorithm performance in predicting recidivism. Performance metrics (Balanced Accuracy, AUC,
Precision, and Recall) are shown for eight classification algorithms using filtered target encoding (darker tops, window size W = 3) versus no
encoding (lighter bottoms). Error bars represent 95% confidence intervals from 10-fold cross-validation.

Filtered Target Encoding

To improve the ability of machine learning algorithms to capture non-linear associations, we develop a Filtered Target
Encoding technique to transform variables. Encoding of variables is particularly suited to our application and the
nature of the data since most variables are coded based on the subjective interpretation of participants and interviewers.
In machine learning, Target Encoding [30] uses the training instances to replace the categories in a variable with
the means of the outcome variables for those categories. This helps the classifier resolve the complex relationships
between each variable and the outcome. An additional benefit Target Encoding directly offers is the ability to interpret
the association between each individual variable and the outcome.

As seen in Table 1, most of the variables that require transformation (marked as non-linear) are discrete ordinal
variables that are coded somewhat subjectively. For example, the variable DOFT (Alcohol or Drug Consumption
Frequency) takes integer values from 1 to 9, where 1 indicates never drinking and 9 indicates drinking everyday.
Clinicians often use ordinal variables to assess physical or mental health. However, these evaluations can vary between
clinicians; one practitioner may assign a ‘1’ for a variable, whereas another may assign a ‘2’ for the same symptom
severity. Similarly, a response of “2” to this question may indicate slightly different frequencies of alcohol or drug
consumption. The reliability and validity of downstream statistical models can be impacted by such inconsistencies,
introducing noise and bias into the analysis.

We address this challenge by developing a novel encoding method derived from target embeddings of ordinal variables.
Our technique is based on the premise that closer values of such ordinal variables indicate similar levels as compared
to more distant values. Thus by applying a filter function over a window, i.e., by calculating a weighted ratio of
outcomes associated with each ordinal value, our technique aims to “standardize” these ordinal values. Letting xi

denote a specific value of variable X , we use the training instances to compute the encoding for xi as follows:

Encoding(xi) =

∑w
j=−w αj × Count(X = xi+j , Y = 1)∑w

j=−w αj × Count(X = xi+j)
(1)

In this formulation:
• xi denotes a specific value of variable X (For example, if X is DOFT, xi could be any integer between 1 and 9)
• Count(X = xi+j , Y = 1) denotes the number of training instances where X = xi+j and Y = 1, where Y is

the binary outcome variable
• Count(X = xi+j) denotes the number of all training instances where X = xi+j

• w = (W − 1)/2 where W denotes the window size (an odd number), representing the range of values in the
neighborhood of xi that are considered when computing the encoding

• αj denotes the filter function weights, where:

– α0 = 2 (giving double weight to the exact value xi)

– αj = 1 if 0 < |j| ≤ w (equal weight to neighbors within window), αj = 0 otherwise (zero weight to
values outside window)



A step-by-step example of the formulation is presented in the Appendix. The encoding can be tuned by adjusting
the window size W and the filter function α. In our computational experiments, we consider different values of W
ranging from 1 to 5 and assess the predictive performance of the machine learning models as a function of W (Fig. 3).
It is important to note that while this filtering approach with window size W > 1 is applied to ordinal variables (where
neighboring values have semantic relationship), categorical variables such as MARSTX (Marital Status) use a window
size of W = 1. This is because categories in purely categorical variables (as opposed to ordinal categories) have no
inherent ordering or proximity relationship that would make averaging across neighboring categories meaningful. In
other words, there is no logical “neighboring” relationship between being single, married, or divorced that would
justify applying the filtering window.
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Figure 3: Filtering and window size effects on IPV recidivism predic-
tion. Bars display SVM performance comparing filtered features (darker tops)
across window sizes (W = 1, 3, 5) vs. original features (lighter bottoms) us-
ing four performance criteria. Error bars show 95% confidence intervals from
10-fold cross-validation.

Once an encoding for each variable is computed, we
replace the values of the variables for each training
instance with the encoded value and train the ma-
chine learning model on the encoded training data.
When a test instance comes in, the values of vari-
ables are similarly transformed using the encoding
function, and the model is applied to the encoded in-
stance to predict the outcome for that instance. This
strategy avoids data leakage as the test instances are
never considered while computing the encoding and
no normalization or any other pre-processing is ap-
plied to transform the values of training instances
alongside test instances.

3 Results

We assess the effectiveness of the proposed target en-
coding technique using a range of traditional and state-of-the-art classification algorithms (Fig. 2). Notably, conven-
tional algorithms like SVM and Naive Bayes benefit more from target encoding as compared to contemporary methods
like XGBoost. However, more sophisticated models do not outperform SVM and Naı̈ve Bayes when filtered features
are used. This could be because of the limited size of the training data, suggesting that more sophisticated models may
benefit from more extensive training data.

When we examine the effect of encoding and window size on SVM model’s performance (Fig. 3), it is evident that
encoding non-linear variables enhances classification performance. Furthermore, the variance in the prediction perfor-
mance of the classifier diminishes when non-linear variables are encoded, suggesting that encoding also enhances the
reliability of the models. Notably, optimal performance is achieved with a window size of 3, indicating that filtering
is indeed useful, but excessive smoothing of variables can hamper performance. Filtered target encoding enhances the
predictive model’s recall (with about 30% improvement for W = 3), suggesting that encoding can drastically improve
a model’s ability to catch cases with potential for recidivism. In addition to enhancing predictive model performance,
filtered target encoding reveals relationships between recidivism and its predictors. Next, we present insights from our
feature importance analyses using this encoding.

Participant’s Frequency of Alcohol and Drug Usage. This variable is measured based on both participant’s (DOFT)
and partner’s (DHPRTX) reports. Inspecting Fig. 1, we observe that infrequent users of alcohol or drugs are more
distinctively characterized as less likely to re-offend, since the model emphasizes the negative correlation between low
substance use and recidivism. The transformation of this variable makes its distribution clearly more separated for
participants with or without recidivism become more clearly separated (Fig. 5, Row 4, Column 3)), emphasizing the
impact of encoding techniques on enhancing the predictive ability of important features.

The encoding map of the participant-reported substance use variable (DOFT) in an inverted U-shape (Fig 5, Row 4,
Column 2) reveals that there is a range of increased substance use that is most strongly associated with recidivism.
In contrast, the encoding map of the partner’s report (DHPRTX) is monotonically increasing (though not linear) -
suggesting that the non-linear relationship of the participant-report variable with recidivism may be due to reporting



(a) Using Original Data (b) Using Encoded Data

Figure 4: Relationship between the participant’s self-reported (DOFT) and partner-reported (DHPRTX) alcohol/drug consumption fre-
quency and its association with recidivism. Dots represent individual cases colored by recidivism status (orange = recidivism positive, purple =
recidivism negative). Contour lines show the density distribution of cases for each recidivism group. (a) Using original data shows overlapping
distributions with limited separation between recidivism groups. (b) Using target-encoded data reveals clearer patterns; partner reports (encoded
DHPRTX) gain predictive importance when participants report moderate substance use (encoded DOFT).

inconsistency, e.g., high-substance-use participants may be under-reporting their use of alcohol or drugs. To investi-
gate this further, we scatter-plot the DOFT and DHPRTX variables (Fig. 4) to see whether there are any inconsistencies
between the partner-reported and self-reported alcohol or drug consumption frequency. While there is some inconsis-
tency between reports provided by the participant and partner, inconsistency is not necessarily indicative of recidivism
by itself. Based on this observation we conclude that these variables should be used together such that if the participant
reports a high frequency of substance use, the partner’s report gains importance, whereas if the participant reports a
medium frequency of substance use, recidivism is more likely independent of the partners’ report. This observation
also highlights the need for more biologically reliable measurements of drug and alcohol usage.

Partner’s Frequency of Alcohol and Drug Usage (DDPRT). The SHAP values for this variable are near zero before
encoding, suggesting that the model considered partners’ substance use frequency somewhat neutral. However, there
is distinct separation in SHAP values assigned to this variale after encoding, suggesting that recidivism has a stronger
relationship with partner’s substance use frequency. Inspection of the encoding map (Fig. 5, Row 2, Column 2)
suggests that moderate frequency of substance use by the partner is associated with a decreased likelihood of recidivism
as compared to rare or no substance use by the partner. However, the highest frequency of substance use by the partner
are associated with the highest likelihood of recidivism.

Participant’s Frequency of Encountering the Partner in the Past 3 Months (SELIVA2). Before encoding, the histograms
of this variable for cases with and without recidivism have similar shapes, where most participants rarely encounter
their partner, but there are representatives of all frequencies in both groups (5, Row 5, Column 1). After encoding, the
relationship becomes more nuanced, where the distribution of the encoded variable is bi-modal for both recidivism
and non-recidivism, and the left-side peak for recidivism almost diminishes (5, Row 5, Column 3). Inspection of the
encoding map (5, Row 5, Column 2) suggests that this is due to recidivism being associated with either very low
frequency of encounters or high-frequency encounters. The encoding map also suggests that highest frequency of
encounters between the participant and the partner are linked to a reduced likelihood of recidivism.

Participant’s Alcohol and Drug Consumption Frequency over The Past 3 Months (DDFRQ2). The SHAP values for
this variable between -0.01 and 0.01 (Fig. 1) show that an individual’s recent substance use frqueency is marginally
informative on potential recidivism. However, when we consider the encoded variable (Fig. 5, Row 1), we observe
a monotonic but non-linear relationship between recent substance use and recidivism, where the more the recent
substance use, its association with recidivism goes up.



4 Discussion

The key objective of this study is to understand the factors that contribute to recurrent IPV. Improving batterer treatment
programs requires a deeper understanding of risk factors for future violence. While numerous risk indicators have
been identified, existing risk assessment tools often struggle to accurately predict future violence, often performing
marginally better than chance. To address this limitation, it is essential to examine the dynamic progression of violence
within intimate relationships and individuals’ responses to treatment by reducing bias that stems from the subjective
coding of variables. Developing models that capture these patterns can help bridge a critical gap by enabling early
identification of individuals at risk of reoffending. We also aim to enhance the accuracy and interpretability of the
predictive models’ by transforming the coding of target variables that are reported by participants and interviewers.

The encoded values are calculated to directly reflect the distribution of the outcome variable, which is recidivism,
within the context of the original feature values. The encoding process, especially with a method like filtered target
encoding, can capture non-linear relationships between the feature and outcome. This is because it considers the
context of neighboring values, or the “window,” when determining the encoded value. This can reveal patterns that a
simple linear encoding might miss. Additionally, we can observe how encoding enhances the discriminatory value of
the variables based on the separability of two peaks in the density plots (Fig. 5 - Encoded Distribution Column).

Our findings suggest that substance use patterns should be assessed in combination, considering that self-report and
partner-report are two of the most critical factors in predicting recidivism (Fig. 4). Specifically, when participants
report high frequency of substance use, their partner’s account becomes more influential in predicting recidivism. In
contrast, moderate substance use by the participant is associated with a higher likelihood of recidivism, regardless of
the partner’s report. This may be due to a potential association between truthfulness in reporting and recidivism, e.g.,
those who are likely to reoffend may be under-reporting their own substance use. Since it would be difficult to assess
truthfulness in reporting, this observation suggests that effective integration of self-report and partner-report data is
essential in assessing the likelihood of reoffending.

Moderate substance use by the offender’s partner appears to be associated with a lower risk of recidivism compared to
rare or no substance use. Recent substance use is increasingly associated with recidivism, suggesting a dose-dependent
relationship between substance use patterns and the risk of repeat IPV. The amount consumed is possibly not clear,
emphasizing the need for more objective, biologically reliable measures of drug and alcohol consumption. However,
many biomarkers of substance use issues are not specific enough to be used reliably [31] . Intermittent or occasional
alcohol consumption may exert little effect on peripheral inflammatory markers, while chronic and frequent alcohol use
is associated with more pronounced clinical and biological consequences, similar to neuroimaging biomarkers [32].

By recognizing key progression thresholds early, these models allow for timely intervention adjustments, potentially
preventing escalation into more severe violence. Incorporating substance abuse treatment into IPV interventions
yielded better results compared to programs that did not have these components [20]. Past research also found that
motivational enhancement techniques improve preparedness for change and reduce resistance and high dropout rates
during the treatment process [33, 34]. Taken together, our results suggest that dynamic modeling of the interplay
between relationship factors, risk factors of conflict and violence in the relationship, and combined data interpreta-
tion during treatment hold the key to accurately predicting treatment effectiveness and guiding decisions. Although
our method outperforms traditional tools, accuracy remains modest (≈60%), underscoring the inherent difficulty of
predicting IPV recidivism. Factors such as unobserved or underreported psychological, relational, and contextual
variables, the evolving nature of violent behavior, and unreliable self- or partner-reports all add noise. Moreover, with
only 32 recidivism-positive cases, our estimates may lack generalizability and have high variance.
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Appendix

Step-by-step example for target encoding DOFT DOFT is the self-reported “Alcohol or Drug Consumption Fre-
quency” on a scale from 1 (never) to 9 (daily). Suppose at training time you see these counts for values near “3” on
DOFT (occasionally):

• Recidivism-positive cases: DOFT = 2 (“rarely”): 5 people re-offended; 3 (“occasionally”): 12; 4 (“some-
times”): 7.

• Total cases: DOFT = 2: 20 participants; 3: 40; 4: 30.

1. Why gather neighbors? Raw DOFT “3” might come from different interviewers or subjective assessments
(some “3”s are closer to “2” in risk, others closer to “4”). Pulling in counts at 2, 3, 4 smooths out that noise.

2. We weight the center more and compute the weighted “risk” numerator: We set α0 = 2 for DOFT=3 (in
order to trust the exact “occasionally” value more) and α−1 = α+1 = 1 for its neighbors. We are counting “how
many re-offenders” are around that level (while giving extra weight to the exact category): 1×5+2×12+1×7 =
36.

3. We compute weighted total denominator: We are counting “how many total people” are around that level:
1× 20 + 2× 40 + 1× 30 = 130.

4. We get the encoded value: We can now interpret “3” not as the raw category but as a 27.7% “risk score” of
recidivism:Encoding(3) = 36

130 ≈ 0.277.

5. Model uses the risk score instead of “3”: In both training and testing, we replace the raw DOFT=3 with 0.277.
That way, the classifier sees a smoother and probability-like signal instead of an arbitrary integer.
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Figure 5: The effect of filtered target encoding on select variables’ association with recidivism. Each row represents a variable. Left: Original
distribution of the variable in cases with and without recidivism. Middle: Encoding map showing the correspondence between the original value
and the encoded value for the variable, also indicating the likelihood of recidivism given the value (and its neighborhood, as the encoding is filtered).
Right: Distribution of the encoded variable in cases with (in orange) and without (in purple) recidivism.


