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ABSTRACT
In our work, we investigate biases in judicial decisions using data

analytics. Specifically, we are interested in analyzing the impact

of the gender of both the judge and the plaintiff on the probability

of winning a case. With this aim, we analyze a dataset comprising

information from over one thousand second-instance appeals for

child custody in Spain. Our results indicate significant differences in

how legal arguments and facts are utilized in the final sentences, de-

pending on the gender of the plaintiff. We also examine the impact

of the requested type of custody (sole or joint) on the probability

of winning a case, with a focus on its relationship to the plain-

tiff’s gender. Moreover, our analysis reveals statistically significant

differences in the winning probability of a case depending on the

judge’s gender. To further understand these findings, we conduct

additional analysis to establish the causal relationship between the

judge’s gender and the probability of winning, revealing weak but

consistent patterns. Our research provides a consistent methodol-

ogy for evaluating biases in judicial systems and offers intriguing

insights into the context of child custody in Spain.

CCS CONCEPTS
•Mathematics of computing → Exploratory data analysis; •
Applied computing→ Law.
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1 INTRODUCTION
The term “implicit bias” refers to attitudes or stereotypes that un-

consciously influence our understanding, decision-making, and

behavior [16]. In this study, we conduct a data-driven analysis to

quantify the potential effects of implicit biases related to gender in

the context of child custody sentencing in Spain.

Recent data from the Spanish National Institute of Statistics

(INE)
1
shows that the number of divorces in Spain has been increas-

ing year after year. In 2021, there were 86,851 divorces, representing

a 12.5% increase from 2020. Furthermore, 21.5% of these cases were

contentious divorces requiring judicial consideration in courts of

first instance. Among these cases, 56.8% involved marriages with

underage or economically dependent children, requiring a deter-

mination of child custody type. This means that just in 2021, more

than 10,000 child custody sentences were issued in Spain, highlight-

ing the importance of identifying potential gender biases in this

domain.

Although good intentions and objectivity are assumed in judicial

decisions, unintended effects of implicit biases may still influence

judicial outcomes. An example of the harm unintended biases may

cause in the judicial system is the “the hungry judge effect”, which
suggests that judges are more likely to make favorable rulings be-

fore breaks [8]. Effects like this can lead to significant inequalities

at the individual level, causing similar cases to receive different

sentencing. However, the presence of gender bias can be more dan-

gerous due to its nature as a group-based bias, leading to systematic

loss of opportunities for individuals of the specific gender that is

given unprivileged treatment.

We argue that, although it can be challenging, raising awareness

is a crucial initial step towards mitigating the effects of implicit

biases. To contribute to this effort, we study gender biases present in

historical records and analyze an annotated dataset containingmore

than 1,800 second-instance sentences in the context of child custody

in Spain. We consider the gender of the plaintiff and the judge, as

well as additional factors such as the type of custody, family home

allocation, and maintenance payment allocation. Additionally, we

examine the legal principles and facts highlighted in each sentence.

Machine learning (ML) systems are increasingly being adopted in

the judicial system, with applications ranging from risk prediction

1
INE, Divorce statistics in Spain. https://www.ine.es/prensa/ensd_2021.pdf
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to the detection of borderline cases [15, 17, 1]. In ML, data is often

referred to as “an initiator of biases” that reflects social stereotypes

and prejudices [5, 13]. Previous research in the context of the judicial

system has emphasized the importance of addressing fairness before

deploying ML systems [1]. Our work studies this potential input

data with the aim of describing the child custody resolution process

through gender lenses to get a deeper understanding of how gender

affects it. That way, possible biases present in the data can be taken

into account or mitigated before training subsequent ML systems

on the analyzed dataset [22].

The analyzed dataset contains second instance judgments, which

refer to cases in which a court re-hears and delivers a judgment on

a case that was originally heard in a court of first instance. In these

cases, the plaintiff of the second instance appeals the judgment

of the first instance. In order to quantify gender biases, we take

into consideration the gender of both the plaintiff and the judge.

In our experiments, we treat gender as binary, as it is represented

in the analyzed dataset. In addition to the gender of the judge and

plaintiff, the dataset contains information about the plaintiff’s re-

quest in terms of (i) type of custody (sole custody vs joint custody);

(ii) family home allocation (suppression vs attribution), and; (iii)

maintenance payment allocation (suppression vs attribution). Addi-

tionally, it contains an annotated collection of legal principles and

facts highlighted by each of the sentences.

Our research presents a robust methodology for assessing bi-

ases within judicial systems. The approach involves an extensive

exploratory data analysis, with a special focus on gender, which

can be found in Section 3. Subsequently, in Section 4 we investigate

the direct effect of gender through feature importance analysis to

detect any blatant gender bias. Furthermore, we perform an indirect

effect analysis in Section 5, utilizing methods to identify other ways

in which gender can influence the judicial outcome through other

variables. In addition, in Section 7 we incorporate an analysis that

employs counterfactual fairness to identify how gender can impact

similar sentences. Overall, this methodology offers a comprehen-

sive framework for evaluating biases in judicial systems, and we

believe it will be useful for future research in this field.

2 RELATEDWORK

2.1 Implicit bias in judicial decisions
The role of implicit biases in judicial decisions has been widely

studied in the literature. Among the extensive body of research

that has been conducted in the area, we begin by highlighting two

highly influential works in the broad domain of judicial decisions,

and then focus on the field of child custody and family law cases.

In 2011, researchers highlighted the “hungry judge effect” [8],

which revealed that judges were more inclined to be lenient after

a meal but more severe before the break. This suggests that the

scheduling of cases might have a direct effect on their outcome and

duration.

One year later, Kang et al. [16] provided an extensive introduction

to implicit bias and analyzed two different real cases, evidencing

the presence of implicit biases that had an effect on legal outcomes.

They proposed various intervention strategies to mitigate implicit

bias and limit its effect on behavior. Among the strategies they

proposed is the need to question one’s objectivity and improve

decision-making conditions. Our work is highly related to this

strategy, as identifying systematic biases in judicial decisions might

help judges question their objectivity when applying legislation.

Focusing on the context of family law cases, Costa et al. [7]

studied the role of gender stereotypes in child custody decisions

in Argentina, Brazil, and the United States. Among other interest-

ing findings, their work points to asymmetries in custody awards,

driven by the tendency to ascribe to mothers traits such as friend-

liness, generosity, or trustworthiness, which are often associated

with females over males. This tendency caused higher custody

awards for female applicants in their analyzed dataset.

Additionally, more recent findings [18] show that “Pro Se liti-

gants” - those who are unrepresented by legal counsel - are dis-

advantaged by the presence of cognitive biases in legal officials -

judges and attorney-mediators - in the court of family law cases.

Considering that whether parties are represented or not in family

law cases largely depends on whether parties have the ability to pay

for a lawyer, the presence of such cognitive biases implies system-

atic disadvantageous treatment against individuals with lower eco-

nomic capacities. This corresponds to another example of how un-

intended biases can lead to systematic biases against demographic

groups in the same domain where our study was conducted.

Autonen-Vaaraniemi [3] performed a qualitative analysis to ex-

amine divorce professionals’ attitudes and stances in response to

common criticisms of how they deal with divorce outcomes for

fathers. The interviewed professionals agreed on the need of treat-

ing both parents equally but at the same time strove to position

themselves as gender-neutral and promoters of equality between

mothers and fathers. These findings suggests the presence of sys-

tematic biased attitudes against fathers between different types of

professionals working in the field.

Our study aims to contribute to the understanding of poten-

tial biases in the context of child custody sentencing in Spain by

analyzing a dataset of second-instance sentences, and examining

the gender of the plaintiff and judge, as well as additional factors

such as the type of custody, family home allocation, and mainte-

nance payment allocation. Additionally, we have examined the legal

principles and facts highlighted in each sentence.

The results of our study have the potential to inform interven-

tions and policies aimed at reducing the influence of implicit biases

in the judicial system and promoting fairness in child custody sen-

tencing. Furthermore, by identifying potential biases in the input

data, our study can also inform the development and deployment

of machine learning systems in the legal domain, with the goal of

ensuring fairness and reducing bias.

In conclusion, our study adds to the growing body of literature

on the impact of implicit biases in the judicial system and high-

lights the importance of considering the role of gender in child

custody sentencing. The results obtained in this study may not be

generalizable to other jurisdictions, cultures, or domains, but it can

serve as a starting point for further research on the topic and to

raise awareness about the presence of bias in the legal system.
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2.2 Data analytics for quantifying biases in
justice system

The use of data-driven analysis in judicial systems has been gaining

increasing attention as a means of identifying unintended biases.

With the growing adoption of machine learning (ML) systems in

the field, data-driven analytics can play a crucial role in building

“fair” and “bias-free” ML-based systems.

Previous research has highlighted the importance of addressing

fairness and bias issues in ML-based legal systems. For example,

Ashley K.[1] reviewed the use of ML in the field of law and empha-

sized the need to address these issues to ensure the applicability

of these systems. Similarly, Bex et al.[4] reviewed ML algorithms

used to predict legal outcomes and emphasized the importance of

transparency in understanding and mitigating potential biases in

the predictions.

In the criminal justice system, Karimi-Haghihi et al.[17] proposed

a methodology to improve algorithmic fairness in ML predictions

of recidivism risk.

Additionally, studies in the field of family law, such as Costa

et al.[7], have highlighted the presence of gender stereotypes and

asymmetries in child custody decisions.

Data-driven analysis is a powerful tool for identifying and under-

standing biases in the judicial system, particularly in child custody

sentencing. It involves using data, statistical methods, and machine

learning techniques to identify patterns and relationships that may

indicate the presence of bias. As other works in the general domain

of judicial decisions have done previously, our study uses data-

driven analysis to quantify the influence of gender-based implicit

biases in child custody sentencing in Spain.

3 DATASET AND DATA PRE-PROCESSING

The data for this study was collected by the Bidaraciv project,

conducted by Universidad de Zaragoza and Aragón’s Technological

Institute ITAINNOVA [9] [10].

3.1 Overview
The dataset used encompasses 1884 second-instance child custody

rulings issued in Spain between 2015 and 2020
2
. These records

provide valuable insights into the legal system’s handling of child

custody matters during this time period. It’s important to consider

that the analyzed dataset is limited to second-instance sentences,

which should be kept in mind when drawing general interpretations

from the results in this study. Each record in the dataset provides

information about the plaintiff’s requests, arguments used by the

court, and court decisions. It also includes gender information for

the judge, plaintiff, and defendant.

Between the set of available features related to the plaintiff’s

request, there is information about the type of custody requested by

the plaintiff together with economic features related tomaintenance

payments and family home. The type of custody is represented by

a binary attribute with values 0 (sole custody) or 1 (joint custody).

Regardingmaintenance payments, the plaintiff can request for them

to be established or for their amount to be increased (referred to as

“attribution”), or for them to be suppressed or decreased (referred

2
Example of a sentence: http://labje.unizar.es/sentencias/APA_2018_3010.pdf

to as “suppression”). For the family home, the plaintiff can ask for

its attribution, or its suppression.

The court arguments are mainly categorized as legal principles

(LP) or facts (FC). The ontology applied to label the data consists of

four legal principles and eight facts, as listed in Table 3.

The court decision variables are related to the resolution of the

plaintiff’s request. A “won” sentence is one where the requested

and resolved custody types are the same. In this study, the “victory

condition” is used as the target variable.

3.2 Data pre-processing
We employ web scraping to retrieve unique and anonymous IDs

for the judges involved in each sentence, as well as the regions of

Spain where the sentences were issued. Based on that, we identify

314 unique judge IDs with a 60% prevalence of males. Additionally,

we observe a non-uniform distribution of cases across regions, with

the highest number of cases (321) in Catalonia and the lowest (3)

in Melilla. The mean number of sentences per region is 94.2, with

a standard deviation of 91.37. The availability of unique judge IDs

enables performing analysis at a judge level, comparing sentences

across various judges or for each of them individually.

Sentences where the plaintiff and defendant have the same gen-

der are excluded from further analysis due to the small sample size

(only 3 out of 1884 records).

The dataset is normalized using Min-Max scaling, to scale all

features that are neither binary nor categorical to a range of [0,1].

3.3 Descriptive statistics

We conduct an exploratory analysis that evaluates the base rates

between gender variables in the dataset. Specifically, we analyze

variables such as court decision, request type, and victory condition

in relation to the plaintiff and judge genders. After identifying some

disparities, we perform hypothesis testing to determine the statisti-

cal significance of these, using a two-sample proportion z-test.

3.3.1 Plaintiff. Male comprise 60.03% of the plaintiffs in the dataset.

When examining court decisions, 82.22% of the cases have a deci-

sion that is opposite to the plaintiff’s custody type request, while

only 17.78% have a decision that is in favor of the plaintiff’s custody

type request. The dataset includes 54.81% joint custody requests

and 45.19% sole custody requests. Sole custody requests have a

victory rate of 13.48%, while joint custody requests have a victory

rate of 21.34%. This represents a relative difference of 58% in favor

of joint custody requests.

Furthermore, our analysis shows that female plaintiffs tend to

request sole custody at a higher rate (86.45%) compared to males

(17.86%) whereas male plaintiffs are more likely to request joint

custody (82.14%) compared to females (13.55%).

In terms of winning condition, where the requested and granted

custody type match, females win 14.34% of the cases, while males

win 20.07%. However, we hypothesize that these differences are a

result of males being more likely to request joint custody, which has

a higher success rate, as previously mentioned. This hypothesis is

supported by the results of the two-sample proportion z-test, which

shows that while there is a significant difference when looking at

http://labje.unizar.es/sentencias/APA_2018_3010.pdf
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all the data (p-value of 0.001), this difference is not present when

analyzing data by request type (p-values of 0.31 and 0.14 for sole

and joint custody, respectively). This suggests that the observed

differences are driven by the disparate request types made by each

gender group.

Additionally, we observe that females have relatively similar

chances of winning regardless of whether they request sole or

joint custody (14.13% and 15.69% respectively). However, for males,

the difference in winning rates between sole and joint custody is

greater (11.39% and 21.96% respectively). It’s important to note that,

despite males having higher overall victory rates, they have lower

chances of winning sole custody compared to females, but higher

probabilities of winning when requesting joint custody.

3.3.2 Judge. In the dataset, 63.38% of judges are male and 36.62%

are female. There are 314 unique judge IDs. Out of these, 59.24% are

male and 40.76% are female. The assignation of sole and joint cus-

tody sentences among male and female judges is evenly balanced,

with both genders receiving joint custody cases slightly more often.

Females are assigned 45.07% of sole custody cases and 54.93% of

joint custody cases, while males are assigned 45.39% and 54.61%,

respectively.

The victory rate, or the rate at which the requested custody is

granted, reveals a 28% difference between female and male judges.

The percentage of won cases among the ones seen by female and

male judges is 20.58% and 16.16% respectively. When dividing the

data by custody type, for sole custody, victory rates are 16.72% and

11.62% for female and male judges respectively. For joint custody,

victory rates are 23.75% and 19.94% for female and male judges

respectively. The two-sample proportion z-test shows a significant

difference in the victory rates among genders (p-value=0.015). How-

ever, this significant difference only holds when analyzing all data

or data for sole custody cases. No significant difference is found in

joint custody cases.

Continuing our analysis of the victory rates, we tested the hy-

pothesis that judges tend to favor plaintiffs of the same gender [6].

Our findings show that a female judge increases the chances of

winning for both male and female plaintiffs, and male plaintiffs are

more likely to win regardless of the judge’s gender.

The higher victory rates for male plaintiffs and female judges

prompted further investigation to determine the extent to which

these differences can be attributed to biases.

3.4 Economic features
There are two economic features related to the plaintiff’s request:

maintenance payments and family home. These features give in-

sight into the economic state of the plaintiff, with differences be-

tween the two genders potentially indicating disparities in eco-

nomic needs or economic dependence. Parts of the analysis are also

performed on data separated by request type, given our observation

that economic features are highly tied to the type of custody re-

quested. For instance, sole custody requests are more likely to also

ask for the attribution of maintenance payments (39.04%) compared

to joint custody requests (3.01%).

Our analysis of economic features shows an imbalanced ratio be-

tween requests for attribution and suppression of resources across

genders. Females are more likely to request attribution while males

are more likely to request suppression. This pattern holds true

when dividing the data by custody type in the case of maintenance

payments, as seen in Table 1. The same pattern is seen for family

home requests in sole custody cases, but not in joint custody cases

(see Table 2).

Overall, females more often ask for economic support in the

form of maintenance payment and/or family home attribution and

males are more likely to request the suppression of these resources,

suggesting that they were allocated more frequently to females in

the first instance judgements.

Table 1: Maintenance payments request percentage by plain-
tiff gender

Sole custody Joint custody

Attr. Supp. Attr. Suppr.

Female plaintiff 41.94% 8.76% 6.86% 41.18%

Male plaintiff 29.7% 31.19% 2.58% 58.23%

Table 2: Family home request percentage by plaintiff gender

Sole custody Joint custody

Attr. Supp. Attr. Suppr.

Female plaintiff 12.29% 0.61% 6.86% 4.9%

Male plaintiff 7.43% 1.98% 8.29% 6.57%

Figure 1 shows minimal variation in the grant rate of requests. In

most cases, granted and not granted requests are evenly distributed,

with roughly equal chances of approval. However, there are excep-

tions, such as asking for the suppression of maintenance payments

or for the attribution of the family home, where the denial rate is

higher. Nonetheless, it is higher for both gender groups.

Despite the balanced grant rate, the rightmost part of Figure 1

reveals an imbalance in the total percentages of granted attribution

or suppression across genders, which is caused by the unequal

distribution of requests between genders.

Females requesting and receiving more economic support clearly

reflects female economic dependence. This is likely due to the

ongoing gender wage gap in the country [20], where males earn

an average of 24.22% more than females
3
.

Furthermore, divorced females are a particularly vulnerable

group, having potentially lost independence and power during their

marriage and while raising children. In many cases, in order to care

for the children and due to the lack of paternal co-responsibility,

females are compelled to reduce their working hours or forego

professional development. Meanwhile, males frequently continue

to advance professionally and attain higher salaries. As a result,

there is a disparity in economic circumstances between the genders

in divorce cases [14].

3
INE, Average yearly wage across genders in Spain. https://www.ine.es/ss/Satellite?L=

es_ES&c=INESeccion_C&cid=1259925408327&p=1254735110672&pagename=Prod

uctosYServicios%2FPYSLayout&param1=PYSDetalle&param3=1259924822888

https://www.ine.es/ss/Satellite?L=es_ES&c=INESeccion_C&cid=1259925408327&p=1254735110672&pagename=ProductosYServicios%2FPYSLayout&param1=PYSDetalle&param3=1259924822888
https://www.ine.es/ss/Satellite?L=es_ES&c=INESeccion_C&cid=1259925408327&p=1254735110672&pagename=ProductosYServicios%2FPYSLayout&param1=PYSDetalle&param3=1259924822888
https://www.ine.es/ss/Satellite?L=es_ES&c=INESeccion_C&cid=1259925408327&p=1254735110672&pagename=ProductosYServicios%2FPYSLayout&param1=PYSDetalle&param3=1259924822888
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Figure 1: Distribution of maintenance payments (MP) and
family home (FH) attribution/suppression requests and reso-
lutions for each plaintiff gender

.

4 DIRECT GENDER EFFECT

To assess the direct influence of gender features on court deci-

sions, we train a collection of classification models and use feature

importance analysis. This analysis is motivated by the tradition in

Explainable AI (XAI) to use a surrogate model to understand the

decision-making process and determine the importance of features

in relation to outcomes [24]. In our work, we use models to analyze

historical decisions. We train a court decision prediction model

that allows us to mimic the decision-making process of a judge.

Furthermore, we train predictors for the gender of both the plaintiff

and the judge to determine which features are most related to the

gender variables.

This methodology may contain some degree of error as it is an

approximation. Nonetheless, it is a well-established andwidely used

technique that enables us to quantify and simplify the reasoning

process.

4.1 Feature importance analysis
Feature importance assigns a score to each feature based on their

importance to predict the output. We study feature importance

across three different ML classifiers. The features used by the classi-

fiers are the features related to the court arguments listed in Table

3, the plaintiff’s request features, and the gender variables. Each

classifier aims to predict a different target variable:

(1) Plaintiff gender. Predicts the gender of the plaintiff in-

volved in a sentence.

(2) Judge gender. Predicts the gender of the judge involved in

a sentence.

(3) Court decision. Predicts the victory condition, specifically,

whether the requested and resolved custody types are the

same.

For training each ML classifier, we train five different models

using cross-validation (5-fold) and select the one that yields better

performance. The comparison is done between:

(1) Logistic Regression. random_state=0, C=1, max_iter=1000,

solver=’lbfgs’

(2) Random Forest. n_estimators = 1000

(3) Support Vector Classification with linear kernel func-
tion. gamma=’auto’

(4) Support Vector Classification with Radial Basis Func-
tion kernel. gamma=’auto’

(5) AdaBoost classifier. n_estimators=1000, random_state=0

Given that the dataset is not well balanced across genders or

in terms of victory condition, we use balanced accuracy as the

performance metric to evaluate model predictions. The balanced

accuracy is computed as:

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑠𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐𝑖𝑡𝑦
2

where the sensitivity is the true positive rate and the specificity is

the true negative rate.

4.1.1 Plaintiff side. In the prediction of plaintiff gender, the Logis-

tic Regression classifier performs the best, with a balanced accuracy

of around 85%, indicating a significant difference in the character-

istics of sentences involving male and female plaintiffs. However,

when dividing the data by custody type request, the model’s perfor-

mance decrease, with a balanced accuracy of 58% for sole custody

cases and 51% for joint custody cases. This suggests that the ini-

tial model is heavily relying on the request type feature, which is

consistent with the strong correlation identified between plaintiff

gender and request type in Section 3.3.

For the court decision prediction, the Random Forest classifier

shows the best performance with a balanced accuracy of around

88%. Training the classifier without the plaintiff gender feature

results in a similar accuracy, indicating that this feature is not

crucial for the model’s learning process. This conclusion is also

reached when training models with data divided by request type.

For the same court decision classifier, we evaluate the disparities

in feature importance coefficients across genders, with the data

divided by request type. We create a disparity score to reveal the

features with the greatest variation in coefficients for different

genders, reflecting the features unequal impact on court decisions.

We observe that for sole custody requests, only two arguments

have a disparity higher than the threshold of 0.01, “Best interests

of the child” and “Parents’ readiness”. In contrast, when looking

at joint custody requests, seven arguments have a disparity higher

than the threshold, indicating greater differences in the arguments

used in joint custody cases compared to sole custody cases.

4.1.2 Judge side. With respect to the judge gender prediction, the

classifier with the highest performance is the Ada Boost classifier

with a balanced accuracy of 52%. This suggests that no classifier

is able to effectively differentiate between judge genders. Similar

performance was found when training the classifiers for the two

types of custody.

In the analysis involving the court decision classifier, when the

classifier is trained without the judge gender feature, the accuracy

is similar, indicating that the judge gender is not highly important

for the model.

Furthermore, when comparing the feature importance across

genders, only “Circumstances of the children (fact)” has a disparity

score above the threshold 0.01, being more important when the

judge is female. This is also the only argument with disparity score
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above threshold when performing the same evaluation with the

data divided by request type. In these cases, the disparities are more

pronounced, with a double disparity for sole custody cases and four

times greater for joint custody cases.

5 INDIRECT GENDER EFFECT

In this section, we quantify the indirect effect of gender on court

decisions using propensity score matching and exact matching.

Although randomized controlled experiments are the best way to

estimate causal effects of an intervention or treatment, in many

cases - as ours -, we are under observational studies where the

assignment of the intervention is not controlled or may not be

randomized [21]. In such scenarios, propensity score matching and

exact matching can be used to control confounding variables. We

use both methods for the same evaluation to provide robustness

to the results and conclusions [12]. Moreover, although propensity

score matching is mathematically suitable, it is not fully suitable

theoretically as gender is not a treatment we apply. Exact matching

is more theoretically suitable for our case as it is more appropriate

to evaluate the concept of inherent gender.

In our case, we consider the gender as the “intervention” and

the winning label as the “effect”. Males are considered the “treated

group” and females the “control group” - as an analogy of usually

privileged and unprivileged groups of the protected attribute. Our

objective is to detect if there are confounding variables present

i.e., if the arguments used by the court are related to both the

winning probability and the probability of belonging to a particular

gender [11]. If such results are found, it suggests that gender may

be embedded in the court’s arguments and influence the decision.

5.1 Propensity score matching
The propensity score is the probability of receiving a treatment

given specific baseline characteristics and it acts as a balancing

score to simulate a randomized controlled experiment [2].

In our propensity score analysis, we divide cases into buckets

based on the probability of belonging to a gender group, specifi-

cally, the “treated” group consisting of males. This probability is

calculated using the confidence of the gender classifiers discussed

in Section 4.1. For each bucket, we determine the ratio of winning

sentences to identify any patterns that may indicate an indirect rela-

tionship between the treatment (gender) and the outcome (winning

label).

5.1.1 Plaintiff side. Figure 2 displays the results of the propensity
score matching analysis for the plaintiff gender. As observed, no

clear pattern is found. Although there is a rising trend appearing

in the first two buckets, it does not persist for the third, which

prevents us from drawing strong conclusions about the relationship

between the plaintiff’s gender and the likelihood of winning using

the propensity score matching method. Other visualizations with

different amount of buckets lead to similar conclusions.

5.1.2 Judge side. Figure 3 shows a clear trend in the correlation

between the judge’s gender and the winning label. In particular,

the buckets with cases that are more likely to be presided over by

a female judge seem to have a higher ratio of winning sentences.

Figure 2: Propensity score plaintiff gender
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Other visualizations with different amount of buckets lead to the

same conclusions.

Figure 3: Propensity score judge gender
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5.2 Exact matching
In exact matching, matched samples are created to intend to repli-

cate a randomized experiment and balance the distribution of co-

variates i.e., variables that may affect the final outcome (excluding

the actual treatment), between the treated and control groups [23].

The process we follow to create the matched samples is illus-

trated in Figure 4. We start by dividing the data into two groups

using the judge ID, which is assumed to be random and allows us

to avoid double matches. Group 0 includes sentences with even

judge IDs and group 1 includes sentences with odd judge IDs. Then,

we extract a sample 𝐴 from group 0, consisting of sentences with

female plaintiffs. Then, for each sentence 𝑥 ∈ 𝐴, we search for a

male plaintiff sentence 𝑦 in group 1 that minimizes the distance

𝑑 (𝑥,𝑦). Finally, we select the 25% of most similar sentences to create

the collection of matched samples.
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The distance 𝑑 (𝑥,𝑦) between each pair is computed using three

different matching criteria:

(1) D1. Euclidean distance considering all the arguments used

by the court as well as all the request variables.

(2) D2. Weighted euclidean distance with the most important

variables in the probability of winning, where the weights

are proportional to the importance for the probability of

winning.

(3) D3. Weighted euclidean distance with only the 10 most im-

portant variables in the probability of winning, where the

weights are proportional to the importance for the probabil-

ity of winning.

The most relevant variables and their weights are extracted

from the feature importance analysis. More precisely, from the

coefficients in the court decision predictor. The judge id and the

gender of the plaintiff is not considered in any of the distances. This

analysis is done separately for each type of custody request: sole

and joint.

The gender effect, once matched samples are extracted, is com-

puted as 𝐸𝑋 [𝑤𝑖𝑛] − 𝐸𝑌 [𝑤𝑖𝑛], where X is the sample containing

female plaintiffs and Y the sample containing male plaintiffs.

Figure 4: Exact matching methodology
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5.2.1 Plaintiff side. The results for the exact matching technique

for the plaintiff side are presented in Figure 5. We can see that

for sole custody requests, the female sample has slightly higher

victory rates, indicating that a female is more likely to win a sole

custody case. The same results are found for all similarity functions.

This effect is not observed (or appears reversed, with much higher

differences) in joint custody cases. Different results are found for

different similarity functions, making the insights less robust. We

hypothesize that the observed differences in sole custody sentences

are caused by the affirmative that females tend to win sole custody

cases at a higher rate as seen in Section 3.3.1.

5.2.2 Judge side. Figure 6 displays the results of the exact match-

ing technique applied to the judge side. As depicted, all similarity

Figure 5: Differences in the victory rates between matched
groups (plaintiff)
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functions show positive effects for female judges, for both sole and

joint request types. The strongest effects are observed for D2, which
utilized the most important features for calculating similarity.

The results suggest that female judges are more likely to grant

the requested custody type, resulting in higher victory rates when

a female judge is assigned to a case.

Figure 6: Differences in the victory rates between matched
groups (judge)
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6 DOCTRINE UNIFICATION
“Recurso de casación para unificación de doctrina” is a legal term in

Spain meaning “appeal for the unification of doctrine”, which can be

used in child custody matters. It is an extraordinary appeal whose

purpose is to promote consistency and coherence in the application

of the law. It is used when legal interpretations are contradictory

with previous judgments involving the same litigants or similar
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parties, concerning the same circumstances and based on similar

facts, arguments, and claims.
4

In line with this concept, we conduct an analysis to identify

cases where this appeal could be used and examine the influence

of gender. Our hypothesis is that if there exist similar cases that

only differ in gender features but have different resolutions, it could

reveal evidence of bias.

In order to find those similar cases with different resolutions

we use counterfactual fairness. In the context of counterfactual

fairness, a decision is considered fair for an individual when it

remains unchanged for both the individual and their counterfactual

counterpart, which is an alternate version of the same individual

who belongs to a different demographic group [19].

To find “candidates for doctrine unification” we seek for the most

similar sentences that differ in the court decision. We use various

similarity functions for robustness purposes. The three distance

functions employed are the same to those previously discussed in

detail in Section 5.2. To select the candidates, we sort the pairs of

sentences by their similarity according to each similarity function

and then use an ad-hoc threshold to select a reasonable number of

sentences that could be manually evaluated (20 sentences for each

similarity function). Finally, we analyze the frequency of the differ-

ing features between the selected subset of most similar sentences

with different label.

6.1 Doctrine unification results
Figure 7 displays the frequency at which feature categories differ

among the 20 most similar sentences for each of the three aforemen-

tioned distance computation methods. The plot corresponds to a

radar chart where each label represents a category. Values indicate

the portion of sentences differing in each feature category, for each

of the similarity functions analyzed. The categorization of court

arguments is detailed in Table 4.

Figure 7: Differing feature categories

4
“Recurso de casación para unificación de doctrina”(appeal for unification of

doctrine): https://guiasjuridicas.laleynext.es/Content/Documento.aspx?params=

H4sIAAAAAAAEAMtMSbF1jTAAAkNDC1MjU7Wy1KLizPw8WyMDAwsDcwMLkEB

mWqVLfnJIZUGqbVpiTnEqAN4cKl41AAAAWKE

In our results, the gender factor only emerges as a difference

when using the distance function 𝐷3. Further investigation reveals

that this gender difference corresponds to the judge’s gender, which

is found to differ in 8 out of the 20 most similar sentences computed

with 𝐷3. However, the gender factor does not appear as a differ-

ence when using𝐷1 and𝐷2. Other categories that vary consistently

across all three distance functions include “Economic aspects”, “Sub-

jectivity (parents)”, “Legal principles (general)”, “Location” and the

judge’s ID.

It’s worth noting that while the last two features may suggest

doctrine variations across locations and among judges, we cannot

confirm that these variations are solely caused by these features.

All the identified pairs of most similar cases also differ in at least

one other category of legal principles and/or facts, which could be

a valid reason for the judge to assign different outcomes.

7 CONCLUSIONS AND FUTUREWORK

In our study, we investigate gender biases in the context of

child custody sentences in Spain. To do this, we analyze a dataset

containing manually-labeled information from over 1,800 cases.

Our findings reveal significant differences in economic factors,

with female plaintiffs more frequently requesting the attribution of

maintenance payments and the family home, while male plaintiffs

are more likely to request their suppression (see Table 1 and Table 2).

Although the direct influence analysis did not reveal a strong

correlation between the gender of the plaintiff or the judge and

the final outcome, it does indicate significant differences in the

features present in sentences for male plaintiffs compared to female

plaintiffs.

Our results from the indirect effect analysis do not reveal a strong

or systematic difference between genders of the plaintiffs. However,

our findings reveal a significant correlation between the gender of

the judge and the outcome of the child custody cases in Spain. This is

a noteworthy result that merits further investigation and attention,

as it highlights the potential for gender biases in the judicial system.

It is crucial to understand the underlying causes of these disparities

to ensure fairness and equity in the legal process. To address this

issue, it may be beneficial to implement measures such as bias

detection, mitigation and training to prevent any potential biases

in the future.

7.1 Policy implications
The obtained results leave an open door for an abuse, where trying

to be assigned with a female judge could increase the winning

chances for a given plaintiff in most of the cases. This section

discusses potential policy implications of the observed disparities.

7.1.1 Judge assignation. Although we know that judges are as-

signed randomly, the size and consistency of observed disparities

suggest that it is insufficient. The fact that even with a random

assignation the observed disparities are present, makes them even

more significant, suggesting the need for other ways of mitigating

their potential effects.

https://guiasjuridicas.laleynext.es/Content/Documento.aspx?params=H4sIAAAAAAAEAMtMSbF1jTAAAkNDC1MjU7Wy1KLizPw8WyMDAwsDcwMLkEBmWqVLfnJIZUGqbVpiTnEqAN4cKl41AAAAWKE
https://guiasjuridicas.laleynext.es/Content/Documento.aspx?params=H4sIAAAAAAAEAMtMSbF1jTAAAkNDC1MjU7Wy1KLizPw8WyMDAwsDcwMLkEBmWqVLfnJIZUGqbVpiTnEqAN4cKl41AAAAWKE
https://guiasjuridicas.laleynext.es/Content/Documento.aspx?params=H4sIAAAAAAAEAMtMSbF1jTAAAkNDC1MjU7Wy1KLizPw8WyMDAwsDcwMLkEBmWqVLfnJIZUGqbVpiTnEqAN4cKl41AAAAWKE
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7.1.2 Need for more unified criteria. An analysis of how the usage

of certain terminology varies among sentences corresponding to

judges of different genders suggest different criteria between them.

Figure 8: Terms proportion shift between judge gender sen-
tences

To evaluate the differences in the doctrine among judge genders

we use Proportion Shift. This technique highlights those terms

whose relative frequency varies the most between two corpus of

text. With 𝑝
(1)
𝑖

being the frequency of word 𝑖 in the first corpus

and 𝑝
(2)
𝑖

in the second corpus, the Score shift is calculated as 𝛿𝑝𝑖 =

𝑝
(2)
𝑖

− 𝑝
(1)
𝑖

. Higher values of 𝛿𝑝𝑖 indicate terms whose frequency

varies the most between judge gender.

In our analysis, the first corpus contains the texts from female

judges and the later contains the text of male judge sentences.

As can be seen in the Proportion Shift plot depicted in Figure 8,

female judges use terminology related to family structure with

higher rates (using terms such as “parents”, “child”, “custody”, “fam-

ily home”, among others). In the case of male judges, their sentences

seem to reflect higher rates of legal anchors usage (with terms such

as “regime”, “visits”, “recourse”, among others).

This suggests that there is still space for the implementation of

stronger doctrine unification approaches that could help to ensure

an equal doctrine among judges of different gender.

7.2 Limitations and future work
This research utilizes a substantial dataset of samples, which is a

noteworthy accomplishment given the complexity of annotating

this type of data. However, it is important to note that this dataset

is only a subset of all the sentences issued in Spain and there is

no information on the sampling methodology used. This raises the

possibility that unintended biases may be present in the results

derived from the data.

Furthermore, the dataset is comprised of second-instance sen-

tences from the specific domain of child custody in Spain, which

may limit the generalizability of the findings to first-instance sen-

tencing, other domains, geographic regions, and/or cultures. Ad-

ditionally, more research could be done on the effects of other

demographic factors, in case they were made available. Other de-

mographic factors that could be studied include the age, race, ed-

ucation level, and socioeconomic status of both the plaintiffs and

judges. Additionally, studying the impact of the lawyer’s demo-

graphic characteristics on the outcome of the trial could also be an

interesting area of research. Another factor that could be studied is

the length of service of the judge and how it affects the decision

making. Furthermore, it would be interesting to explore how the

gender composition of the court panel affects the outcome of the

trial and whether there are any significant differences between solo,

two-judge and three-judge panels.

7.3 Reproducibility
Open-source code and the data generated and used throughout

the research are available at: https://github.com/juliariera/gender-

disparities-in-child-custody-sentencing-in-Spain
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Table 3: List of court arguments divided by legal principles
and facts: code and description.

Legal principles

LP_BI Best interests of the child

LP_PE Parents equality

LP_RA Proportionality in the responsibilities

LP_RJ Res judicata

Facts

FT_RP Psycho-social report

FT_CW Opinion of children

FT_CC Circumstances of children

FT_CR Roots of children

FT_RA Parents’ relationship and attitude

FT_RD Parents’ readiness

FT_PD Parents’ previous dedication

FT_AG Parents’ agreements

Table 4: Categorization of court arguments.

Feature Category

LP_BI Legal principles (general)

LP_PE Legal principles (general)

LP_RA Economical aspects

LP_RJ Procesal (economia del procedimiento)

FT_RP Personal circumstances (parents, children)

FT_CW Subjectivity (children)

FT_CC Personal circumstances (children)

FT_CR Subjectivity (children)

FT_RA Subjectivity (parents)

FT_RD Economical aspects

FT_PD Subjectivity (parents)

FT_AG Subjectivity (parents)
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