Uncertainty and Explainability for Equitable
Recidivism Prediction: An Analysis of
Algorithmic Asymmetry

Alessandro Del Prete! *[0009-0004-5768—7867] ' 7,hida Mashaallah®, and Flora
Amatol! [0000—0002—5128—5558]

! Dept. of Electrical Engineering and Information Technology (DIETI),
University of Naples "Federico II", Via Claudio 21, 80125, Naples, Italy,
{alessandro.delprete3, zahida.mashaallah, flora.amato}@unina.it

Abstract. This study presents an Uncertainty-Aware Explainable Al
(XAI) pipeline for auditing the COMPAS recidivism dataset. By inte-
grating a Tabular Transformer architecture with Monte Carlo dropout,
the approach quantifies epistemic uncertainty and its influence on algo-
rithmic fairness. Empirical analysis reveals a systematic uncertainty gap,
with minority profiles and younger defendants exhibiting significantly
higher epistemic variance. Additionally, the Transformer-based architec-
ture captures more nuanced uncertainty patterns than the linear baseline,
such as Logistic Regression, thereby supporting its increased complexity.
Gradient-based counterfactuals are used to differentiate between action-
able and structural features, establishing a computationally grounded
framework for auditing judicial Automated Decision Systems (ADS). A
novel uncertainty sensitivity analysis identifies key features, including age
and juvenile records, as primary drivers of model ignorance, underscor-
ing critical areas for data governance and bias mitigation. These findings
underscore the importance of incorporating uncertainty quantification
into judicial Al to promote accountability and reduce systemic bias.

Keywords: Explainable AT (XAI) - Uncertainty Quantification - Algo-
rithmic Fairness - Recidivism Prediction.

1 Introduction

The convergence of deep learning and judicial administration has initiated a
paradigm shift toward "algorithmic governance" [1-4]. In criminal justice, Au-
tomated Decision Systems (ADS) such as COMPAS are widely used to estimate
recidivism risk [5]. These automated risk assessments influence key judicial de-
cisions, including pretrial bail, parole, and sentencing, thereby positioning com-
putational algorithms as central gatekeepers of individual liberty [6-8].
Delegating judicial authority to opaque models presents significant challenges
to constitutional principles, including due process and equality before the law [9,
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10]. Classical machine learning models often violate these principles by operating
as opaque black boxes that learn complex, non-linear patterns from historical
data, thereby perpetuating and amplifying structural racism and socio-economic
disparities [11,12]. While extensive algorithmic fairness research has established
group equity criteria such as demographic parity and equalized odds [13-15],
conventional auditing frameworks exhibit systemic limitations that undermine
their democratic legitimacy [16-18].

Traditional classifiers frequently exhibit two systemic flaws: (i) deterministic
delusion, in which models provide point-estimate probabilities without convey-
ing knowledge boundaries [20-22]; and (ii) over-generalization bias, where indi-
vidual virtuous behavior is suppressed in favor of group-level historical statistics
[23-25]. To address these issues, a multi-tiered uncertainty-aware explainable ar-
tificial intelligence (XAI) pipeline is developed. This approach employs a tabular
Transformer [26,27] integrated with Monte Carlo (MC) dropout [28,19,29] to
extract epistemic variance for each defendant. The pipeline is further enhanced
with SHAP values [30] and gradient-based counterfactuals [31] to identify precise
feature contributions and actionable defense strategies. Unlike previous studies
that evaluate predictive performance, fairness metrics, or explainability sepa-
rately, our objective is to integrate uncertainty estimation, feature attribution,
and counterfactual auditing into a unified post-hoc evaluation framework.

The investigation reveals a pronounced "uncertainty gap": minority profiles
are associated with higher epistemic uncertainty, indicating that the most severe
errors occur where the model exhibits the greatest ignorance. The approach
is further validated against a Logistic Regression baseline, and an uncertainty
sensitivity analysis is introduced to identify the drivers of algorithmic ignorance.

2 Related Work

The application of predictive algorithms in judicial decision-making has led to ex-
tensive interdisciplinary research. Following ProPublica’s investigation of COM-
PAS [5], early studies demonstrated that multiple fairness criteria—demographic
parity, equalized odds, and predictive rate parity—cannot all be satisfied when
base recidivism rates differ across groups [32]. Subsequent research introduced
bias-mitigation strategies, including pre-processing [33], in-processing regulariza-
tion [34], and post-processing calibration [14]. However, these methods generally
assume static, deterministic models and often neglect uncertainty in model con-
fidence. Concurrently, Explainable AI (XAI) has produced advanced methods
for interpreting black-box models. LIME [27] and SHAP [30] offer local feature
attributions, while counterfactual explanations [31] provide actionable feedback
by identifying minimal changes required to alter a prediction. Simultaneously,
deep learning for tabular data has evolved with architectures such as the FT-
Transformer [26], which introduce self-attention mechanisms to categorical and
numerical datasets that were traditionally managed by gradient-boosted trees.
However, the intersection of XAlI, deep tabular models, and uncertainty quan-
tification remains largely unexplored within legal contexts. Bayesian neural net-
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works and approximations such as MC dropout [19] are widely adopted in high-
stakes domains, including autonomous driving and medical imaging [29], yet
they are seldom employed to audit structural societal bias. Theoretical studies
indicate that epistemic uncertainty, defined as model ignorance resulting from
insufficient representative data, disproportionately impacts marginalized groups
[22]. This research addresses this gap by integrating tabular Transformers, MC
dropout, and gradient-based counterfactuals into a unified, uncertainty-aware
fairness auditing framework.

3 Methodology

Algorithmic asymmetry in the COMPAS dataset is rigorously characterized us-
ing an end-to-end analytical framework that integrates deep representation learn-
ing, probabilistic inference, and post-hoc adversarial explainability.

Figure 1 presents the complete architecture. The pipeline consists of four
stages: (1) ingestion and preprocessing of tabular judicial data; (2) probabilis-
tic risk modeling using a tabular Transformer and Monte Carlo dropout; (3)
forensic auditing through cooperative game-theoretic attributions (SHAP) and
gradient-based counterfactuals; and (4) synthesis of systemic biases, including
error asymmetry, uncertainty gaps, and over-generalization.
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Fig. 1: Architectural flowchart of the proposed uncertainty-aware XAI pipeline.
The diagram shows the data flow from COMPAS pre-processing through the
Tabular Transformer, which extracts the predictive risk score (¢) and epistemic
uncertainty (02) via Monte Carlo dropout (T=200 passes), and concludes with
post-hoc fairness audits (SHAP and counterfactuals).

3.1 Tabular Transformer Architecture

In contrast to traditional decision trees for tabular data, the predictive baseline
employs a custom tabular Transformer with Multi-Head Self-Attention [26]. The
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input « € R? denotes a tabular vector representing a defendant’s profile, such as
age, prior count, and charge degree. Each scalar feature 2 is linearly projected
into a shared d,,oqc-dimensional embedding space:

W) = W) 4 pld) (1)
where, W) and b\) are learned, feature-specific parameters. The resulting em-
beddings constitute the token sequence E = [e(l),e(2), . 7e(d)], which is pro-

cessed by L Transformer encoder layers (with L = 2 in this study). Each layer
consists of Multi-Head Attention and a Feed-Forward Network, incorporating
layer normalization and residual connections. The final representation is pooled
and fed into a dense classification head with a sigmoid activation to yield the
predicted recidivism probability § € [0, 1].

3.2 Epistemic Uncertainty via MC dropout

A standard deep neural network produces a single deterministic estimate, pro-
viding no mathematical characterization of uncertainty. To model epistemic un-
certainty arising from model ignorance or an unrepresentative training submani-
fold, MC dropout is employed [19]. MC dropout maintains dropout layers active
(rate p = 0.25) during inference. For each input z, T' = 200 stochastic forward
passes are performed, yielding an empirical predictive distribution. Let ¢; de-
note the output probability from the ¢-th pass. The final expected probability
of recidivism p(x) is computed as the empirical mean:

T
pla) = 7 S )

Epistemic uncertainty o?(x) is quantified as the predictive variance across the
T samples:

1 Z
02(1’) =7 Z (9t — H(I))Q (3)

Mapping the standard deviation o(x) across demographic subgroups enables
dynamic auditing to assess whether the algorithm exhibits greater uncertainty
when evaluating African-American defendants than Caucasian counterparts.

3.3 Global and Group-Level SHAP Attributions

To interpret the Transformer’s complex, non-linear interactions, SHAP (SHapley
Additive exPlanations) [30] is applied. The GradientExplainer method back-
propagates gradients across attention heads. SHAP approximates game-theoretic
Shapley values, allocating output variance to input features through the local
explanation model g for a prediction f(x):

d
g(z") = do+ > 6,7 (4)
j=1
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In this context, ¢o denotes the global expected value, z; € {0,1} indicates
whether feature j is present in a coalition, and ¢; represents its marginal contri-
bution. Aggregating local values and partitioning them by the sensitive attribute
(Race) reveals explanatory biases, whereby the model disproportionately assigns
larger feature contributions to factors such as prior crimes based solely on a de-

fendant’s demographic group.

3.4 Gradient-Based Counterfactual Optimization

Whereas SHAP explains why a decision is made, counterfactuals reveal how
to reverse it by identifying the minimal profile changes required for a low-risk
classification [31]. This process is framed as an adversarial optimization, in which
a high-risk vector Zorig (Yorig = 1) is perturbed to obtain a vector z.y that yields
the target class (Yiarget = 0) by minimizing:

Lef(xer) = Lpcr (f(Tef), Ytarget) + A Ter — Torigll3 (5)

The binary cross-entropy (BCE) term directs the prediction toward the low-risk
threshold, while the L2 penalty (A = 0.15) maintains proximity to the original
profile. This dual-objective approach quantifies the behavioral shifts required to
overcome algorithmic stigma.

4 Experiments and Results

4.1 Experimental Setup and Pre-processing

The proposed pipeline was evaluated on the COMPAS dataset [5], with standard
preprocessing filters applied to ensure data quality and statistical relevance. The
analysis centers on the two most-represented demographics: African-American
and Caucasian. The tabular Transformer was optimized using AdamW (Ir = le—
3) with a Cosine Annealing scheduler over 120 epochs. Epistemic uncertainty was
captured using Monte Carlo dropout with a dropout probability of 0.25 and 200
stochastic passes. In response to concerns regarding model complexity, a Logistic
Regression baseline was established for comparative performance analysis.

4.2 Empirical Analysis of Algorithmic Asymmetry

The pipeline identifies significant violations of judicial neutrality across predic-
tive disparity, error asymmetry, and epistemic ignorance. As shown in Table 1,
the Transformer achieves predictive performance comparable to the Logistic Re-
gression baseline, yielding a marginally higher AUC (0.7190 vs. 0.7131) despite
a slight reduction in overall accuracy. However, the results also reveal persistent
observed biases. Importantly, the "uncertainty gap" is not simply a scalar differ-
ence. Aggregated analysis using distribution plots demonstrates that the African-
American cohort exhibits a significantly higher density of high-variance predic-
tions. Additionally, epistemic uncertainty is positively correlated with model
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error, particularly in False Positive cases for minority defendants. These find-
ings suggest that a higher false-positive burden is frequently driven by model
ignorance rather than representative evidence.

Table 1: Fairness and Uncertainty Metrics across Racial Groups (COMPAS
Dataset)

Metric Caucasian African-American Abs. Gap
Positive Rate (Dem. Parity)  0.3025 0.5389 0.2364
Fualse Positive Rate (FPR) 0.2242 0.3561 0.1319
False Negative Rate (FNR) 0.5846 0.2946 0.2900
Overall Accuracy 0.6282 0.6761 0.0479
Mean Uncertainty (o) 0.0431 0.0461 0.0031
High Uncertainty Rate 0.1954 0.2871 0.0918

Baseline: Logistic Regression (Accuracy: 0.6720, AUC: 0.7131)
Model: Tabular Transformer (Accuracy: 0.6560, AUC: 0.7190)

Structural Disparities in Error Rates. The model exhibits a substantial
demographic parity gap (23.64%) between African-American and Caucasian de-
fendants, indicating marked disparities in positive risk predictions across demo-
graphic groups (Fig. 2).
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Fig. 2: Comparison of classical error rates by racial group. The analysis reveals
a substantial False Negative Rate (FNR) gap (29.00%), indicating a system-
atic leniency toward Caucasian defendants. Conversely, the False Positive Rate
(FPR) gap (13.19%) highlights the disproportionate over-punishment of African-
American individuals.
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A dual-error mechanism is identified as a driver of systemic bias:
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1. FNR Disparity (Differential Leniency): The false negative rate (FNR) is
58.46% for Caucasians compared to 29.46% for African-Americans, repre-
senting a 29.00% gap. This disparity indicates that the model is significantly
more likely to incorrectly assign low risk to Caucasian defendants who sub-
sequently recidivate.

2. FPR Disparity (Over-punishment): The false positive rate (FPR) is 35.61%
for African-Americans and 22.42% for Caucasians, resulting in a 13.19%
gap. This suggests a higher likelihood of misclassifying African-Americans as
high-risk, which may contribute to the imposition of harsher bail conditions.

Although these metrics provide valuable insights, they do not characterize the
model’s confidence boundaries. The following section presents a more detailed
forensic audit by examining epistemic uncertainty and its relationship to these
error patterns.

Quantifying the Epistemic Uncertainty Gap. In addition to point esti-
mates, the integration of Monte Carlo (MC) dropout enables a formal mapping
of the model’s confidence bounds. As illustrated in Fig. 3, epistemic uncertainty
(02) is not uniformly distributed across demographic groups.

Uncertainty Sensitivity: Which features drive model ignorance?

of Epistemic Uncertainty by Racial Group

Cauchsian o

02 01 00 o1
race Correlation with Epistemic Uncertainty

(a) Uncertainty Distribution (Violin Plot) (b) Uncertainty Sensitivity Analysis

Fig. 3: Analysis of Epistemic Ignorance. (a) The extended upper quartile for the
African-American cohort reveals a systematic uncertainty gap (9.18% higher rate
of high-variance predictions). (b) Correlation analysis identifies Age (r ~ —0.35)
and juvenile records as the primary drivers of model ignorance.

Quantitatively, the proportion of predictions exceeding the 75th-percentile
uncertainty threshold is 9.18% higher for African-American defendants (28.71%)
than for Caucasian defendants (19.54%). This "uncertainty gap" is associated
with insufficient representative data for specific sub-populations. As shown in
Fig. 3b, age is identified as the primary negative driver of uncertainty, indicating
that the model exhibits lower confidence when evaluating younger defendants.
Given the dataset’s demographic composition, this epistemic uncertainty is as-
sociated with the observed fairness disparities and may partially explain the
heterogeneous error patterns across demographic groups.
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4.3 Global XAI and Intersectional Bias

SHAP attributions were employed to interpret the internal logic of the Tabular
Transformer [30]. The global summary plot (Fig. 4a) identifies Age and Priors
Count as the dominant features influencing risk scores. To address the intersec-
tional nature of algorithmic bias, the SHAP dependence of Priors Count on Race
was further examined (Fig. 4).
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Fig. 4: Global XAI Analysis via SHAP. (a) Ranking of predictive vectors, where
Age and Priors Count dominate. (b) The plot compares feature attribution across
racial groups, highlighting that the model relies more heavily on criminal history
when evaluating African-American defendants than for Caucasians.

The results indicate systematic differences in feature attribution: for iden-
tical levels of prior offenses (e.g., 3 to 5 priors), the Transformer assigns larger
positive SHAP contributions to African-American defendants than to Caucasian
defendants. This non-linear interaction suggests that criminal history is weighted
differently across demographic contexts. The ability to capture these context-
dependent interactions provides complementary auditing insights beyond those
obtainable from a linear baseline.

4.4 Qualitative and Systematic Auditing via Counterfactual Probes

To demonstrate methods for investigating algorithmic rigidity, gradient-based
counterfactual generation is employed. Case 51 (an African-American false pos-
itive) is presented as a qualitative probe to illustrate the model’s localized be-
havior (Fig. 5, Left). The optimizer calculates the necessary shifts to achieve a
low-risk classification. For this defendant, the model requires significant alter-
ations to non-actionable (immutable) features, such as artificially increasing age
and erasing historical prior counts.

To ensure this observation is not an isolated anomaly due to selection bias,
counterfactual generation is extended to a comprehensive sample of 52 African-
American False Positive cases in the test set (Fig. 5, Right). The aggregate



Uncertainty-Aware XAT for Recidivism Prediction 9

Counterfactual Reversal: Analysis of Requi
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Fig. 5: Counterfactual Analysis. (Left) Delta Plot for Case 51, showing changes
in non-actionable features (Age, Prior Counts) needed to reverse the high-risk
prediction. (Right) Aggregate Delta Visualization for 52 African-American false
positives. The large shifts in immutable features (—0.85 for Priors, +0.52 for Age)
indicate a structurally limited algorithmic recourse beyond individual cases.

visualization confirms a consistent pattern: on average, the model requires sub-
stantial modifications to immutable attributes to grant recourse. For example,
an average scaled shift of -0.85 for Prior Counts and 0.52 for Age. Although age
and prior records are non-actionable in practice, their inclusion in the counter-
factual optimization is highly revealing. This is not a methodological flaw but
rather empirical evidence of structural constraints: the minority population may
have limited actionable recourse under the current decision boundary.

5 Conclusion

This study presents an uncertainty-aware XAI pipeline utilizing deep tabular
Transformers and Monte Carlo dropout to assess the COMPAS dataset. Results
show that standard metrics may mask empirical disparities: a 29.00% False Neg-
ative Rate gap reflects systematic leniency toward Caucasian defendants, while
a 13.19% False Positive Rate gap disproportionately impacts African-American
individuals. In this experimental setting, the Transformer captures uncertainty
patterns more effectively than the considered linear baseline. Age emerges as
the main driver of model uncertainty, and counterfactual analysis highlights al-
gorithmic constraints that prevent risk reclassification. These results underscore
the reliance of algorithmic fairness on data quality and representativeness. This
study has several limitations. The analysis is restricted to the COMPAS bench-
mark, epistemic uncertainty is estimated exclusively through MC dropout, and
the counterfactual explanations intentionally include immutable attributes for
auditing purposes rather than actionable recourse. Consequently, the findings
should be interpreted as evidence within this experimental setting and validated
on additional judicial datasets. Future work should address uncertainty dispar-
ities by improving loss functions and promoting transparency through robust
data governance.
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