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Abstract

As machine learning (ML) models are increasingly integrated into criminal justice systems
(CJS), concerns around algorithmic fairness, accountability, and transparency have
intensified. This paper proposes a structured auditing framework grounded in fairness
constraints and counterfactual reasoning to evaluate and mitigate ethical concerns in ML
deployments within the criminal justice context. The framework introduces an auditing
pipeline that operationalizes group fairness metrics alongside counterfactual explanations
to diagnose and redress potential biases. We analyze the application of this framework
through case studies, discuss the implications for policy and governance, and highlight
challenges in balancing predictive utility with ethical compliance. Our findings contribute to
the development of responsible Al practices in high-stakes decision-making environments.
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1. Introduction

Machine learning technologies are increasingly deployed in critical domains such as
healthcare, finance, and criminal justice. In the criminal justice system, algorithms have been
used for risk assessment, parole decisions, and predictive policing. However, these uses raise
significant ethical concerns regarding fairness, bias, and accountability, especially when

algorithmic decisions disproportionately affect marginalized groups.

This paper presents a structured auditing framework that integrates fairness

constraints and counterfactual explanations to ensure ethical compliance in algorithmic




systems. We argue that embedding fairness evaluations and interpretability mechanisms
during both development and post-deployment phases is essential for sustaining public trust

and avoiding discriminatory outcomes.

2. Literature Review

Algorithmic fairness and interpretability have been extensively studied in the last
decade, particularly in relation to high-stakes domains like the criminal justice system. Early
efforts focused on statistical definitions of fairness such as demographic parity (Dwork et al.,
2012), equalized odds (Hardt et al., 2016), and calibration across groups (Kleinberg et al.,
2017). These measures revealed the inherent trade-offs between different fairness

definitions, highlighting the need for context-specific implementations.

Counterfactual explanations emerged as a powerful interpretability tool. Wachter et al.
(2017) defined them as minimal changes to input features that would flip the output
prediction. Counterfactual reasoning allows stakeholders—judges, defendants, and
policymakers—to understand algorithmic decisions in intuitive terms. In criminal justice,

this is especially critical given the opacity and social consequences of automated decisions.

Despite the advancement of fairness-aware modeling techniques and the introduction
of explainability tools, few frameworks combine these concepts into a coherent auditing
mechanism. Selbst et al. (2019) and Raji and Buolamwini (2019) emphasized the importance
of ethical audits but acknowledged a gap in scalable, actionable frameworks tailored to

justice systems.

3. Methodological Framework
3.1 Fairness Constraints in ML Models

The framework begins by integrating fairness constraints directly into model training

or post-processing stages. We adopt group-based metrics—such as equal opportunity and




predictive parity—to quantify discrimination risks. These constraints are embedded using

fairness-aware optimization techniques (e.g., adversarial debiasing, reweighting).
We propose a tri-level metric analysis:
e Group fairness (e.g., disparate impact ratios)
o Individual fairness (e.g., similar individuals receive similar outcomes)
o Error distribution (e.g., false positive rates by demographic group)
These metrics are evaluated pre- and post-deployment to detect systemic imbalances.
3.2 Counterfactual Explanations for Interpretability

In addition to fairness metrics, the framework leverages counterfactual explanations to
generate human-understandable insights into decision logic. For example, if an algorithm
denies bail, a counterfactual explanation might state: "Had the defendant’s age been 3 years

higher, bail would have been approved.”

This promotes transparency and offers legal recourse for affected individuals. We use
generative methods like DiCE (Mothilal et al., 2020) to produce diverse and plausible

counterfactuals across protected groups.

Table 1: Examples of Fairness Metrics and Counterfactual Explanation Use Cases

Fairness Metric Description Criminal Justice Application

Equal true positive rate across

Equal rtunit Bail 1 ist

qual Opportunity aroups ail approval consistency
Predictive Parity Equal PPV across groups Risk assessment scores
Counterfactual Feature changes for parole out-

Minimum input perturbations
Changes putp come




4. Auditing Workflow and Pipeline
4.1 Workflow Overview

The proposed auditing workflow is designed to systematically evaluate machine
learning models deployed within criminal justice systems, emphasizing fairness and
accountability. The framework integrates both fairness constraints and counterfactual
explanations to assess not only the outcomes of algorithmic decisions but also the rationale
behind them. The auditing process is structured into a modular pipeline that includes: (1)
data preprocessing, where datasets are examined for representational biases and sensitive
attributes are clearly identified; (2) model interrogation, where fairness metrics such as
demographic parity, equal opportunity, and disparate impact are calculated to detect
potential inequities; (3) counterfactual analysis, which evaluates individual-level decisions
by generating plausible alternative scenarios to test whether different outcomes would
result from changes to protected attributes; and (4) report generation, which synthesizes
statistical findings and counterfactual insights into a transparent audit report suitable for
stakeholders, including legal experts and policy makers. This workflow not only supports
retrospective audits but can also be embedded within continuous monitoring systems,

ensuring that model behavior aligns with evolving legal standards and ethical expectations.
The proposed auditing workflow involves four main phases:
1. Model Profiling: Analyze existing models using fairness diagnostics.
2. Constraint Definition: Apply normative principles to define fairness criteria.
3. Counterfactual Audit: Generate and evaluate counterfactual scenarios.

4. Remediation and Reporting: Adjust models and document findings.




4.2 Diagram of the Auditing Framework

FIGURE 1: DIAGRAM OF THE ETHICAL
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Figure 1: Diagram of the Ethical Algorithm Auditing Pipeline

5. Auditing a Risk Assessment Model
5.1 Model Context and Setup

We apply the framework to a publicly available risk assessment dataset (e.g., COMPAS).
The binary classifier predicts recidivism risk. Key features include age, prior offenses, race,

and gender.
We first test for fairness constraints:
o False positive rate for Black vs. White individuals
e Demographic parity in recidivism predictions
5.2 Findings and Interpretations

Initial analysis shows that the model exhibits a higher false positive rate for Black

individuals (45%) compared to White individuals (23%), violating equal opportunity.




Counterfactual explanations indicate that changing race alone shifts predictions in several

cases, suggesting model bias.

Table 2: Disparity Metrics in Risk Assessment Model

Group  |False Positive Rate Counterfactual Sensitivity
Black 45% High
White 23% Low

These results underscore the utility of the framework in identifying specific areas for

algorithmic remediation.

6. Discussion and Ethical Considerations
6.1 Regulatory and Legal Implications

The integration of fairness constraints and counterfactual explanations aligns with
emerging Al governance frameworks such as the EU Al Act and U.S. federal Al principles.
Algorithmic audits can serve as due diligence tools to document compliance and defend

against liability claims.

Furthermore, interpretability mechanisms support procedural justice, offering

individuals actionable insights into decisions that affect their rights and freedoms.
6.2 Limitations and Future Directions

While the framework is adaptable, it depends on data quality and transparency from
vendors—often unavailable in proprietary criminal justice tools. Moreover, there remain
unresolved tensions between competing fairness definitions that require stakeholder input

and normative judgment.

Future work may extend the framework to causal fairness modeling and integrate

participatory design involving affected communities to co-define audit criteria.




7. Conclusion

This paper introduces a comprehensive ethical auditing framework for machine

learning models in criminal justice systems, combining fairness constraints with

counterfactual explanations. Through theoretical modeling and case study analysis, we

demonstrate how the approach can diagnose and mitigate algorithmic harm. The framework

supports a shift toward accountable and interpretable Al systems, particularly in high-stakes,

rights-sensitive domains.
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