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H I G H L I G H T S

• SHIELD uses CMI-driven dissimilarity across multiple grouping strategies.

• Decoder-mapped SHAP preserves attribution in the original variable space.

• Grouping reduced explanation disparity across three healthcare datasets.

• Fairness gains were accompanied by context-dependent predictive trade-offs.
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A B S T R A C T

Machine learning models are increasingly deployed in healthcare, but their complexity can propagate biases 

and obscure decision-making that disproportionately affect vulnerable populations. While existing explainability 

methods focus on variable-level attribution, they often fail to capture how predictions and explanations be­

have at the instance level. To address this gap, we introduce SHIELD: a SHapley and Information-theory based 

framework for Equitable Learning via Dissimilar variable grouping. In this framework, variables are grouped us­

ing conditional mutual information to weaken correlations that may encode sensitive attributes. Group-specific 

autoencoders learn latent representations that preserve a mapping to the original variables, allowing SHapley 

Additive exPlanations (SHAP) to be computed in the original variable space for faithful instance-level attribu­

tion. Experiments on three clinical datasets demonstrated that dissimilarity-based grouping produced a more even 

distribution of variable importance and increased total attribution magnitude, suggesting broader usage of vari­

ables in model decision-making. On average, grouping improved the six evaluated fairness measures, covering 

both outcome and explanation disparities by 17.09%. Nevertheless, predictive performance decreased by 6.18% 

across six metrics. These changes represent a context-dependent trade-off rather than directly comparable gains 

and losses. Overall, SHIELD provides a principled and reproducible framework for equitable and explainable 

machine learning in health informatics, with code available to support future research. 

1 . Introduction

Artificial Intelligence (AI) and Machine Learning (ML) systems are 

increasingly used in healthcare for diagnosis, triage, and decision sup­

port, where model outputs directly affect patient outcomes. In such 

high-stakes settings, explanations must reliably justify individual predic­

tions. When the basis of a prediction is opaque, clinicians cannot assess 

whether a model is reasoning appropriately for a specific patient, and 

failures in transparency have already contributed to disparities in care 

[1,2]. Recent literature emphasises that explainability must combine 

interpretability, fidelity, and clinical value [3,4].

Most existing explainability approaches target variable-level attri­

bution, identifying which variables contribute to a model’s predictions 

[5–7]. While valuable, this perspective does not capture how predictions 

and explanations behave for individual patients. Instance-level explana­

tions are therefore essential for clinically trustworthy predictions across 

diverse patient groups.
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These challenges are further amplified in clinical data. Clinically rel­

evant outcomes, such as diagnosis or risk prediction, are often rare, and 

minority groups are underrepresented [8–10]. In addition, imbalance, 

sparsity, and heterogeneity in clinical datasets increase error rates and 

can yield unequal explanation quality across patients [9,11]. These prop­

erties make it particularly difficult to ensure both accurate and equitable 

model behaviour.

Unfairness in ML models often arises when variables are correlated 

with sensitive attributes, allowing models to rely on proxy signals that 

indirectly encode protected information and lead to systematic dispar­

ities across patient groups [12]. Standard training further exacerbates 

this issue by prioritising a small number of dominant predictors [13], 

potentially amplifying hidden dependencies and producing mislead­

ingly concentrated variable contributions [11,14]. Popular explainers, 

such as SHapley Additive exPlanations (SHAP) [5], provide a princi­

pled way to attribute model predictions to individual variables and 

instances. However, transparency alone does not guarantee fairness, as 

models can produce plausible explanations while still relying on biased 

or proxy-driven decision pathways.

Many fairness interventions attempt to reduce dependence on sen­

sitive attributes by modifying latent representations. While effective 

in improving statistical fairness metrics, such approaches can obscure 

clinically meaningful variables and reduce interpretability [15,16]. In 

healthcare, where decisions must be transparent and justifiable, this 

trade-off poses a significant limitation. Clinicians rely on explanations 

grounded in the original variable space to assess whether model rea­

soning is appropriate for individual patients. Achieving fairness without 

sacrificing such interpretability would enable more trustworthy and 

equitable decision support in clinical practice.

This study addresses these challenges by proposing and validating 

an instance-level analysis of SHIELD: a Shapley and Information-theory 

based framework for Equitable Learning via Dissimilar variable group­

ing. By redistributing reliance across variable groups and analysing how 

dissimilarity-based grouping affects both predictions and local SHAP 

explanations, this study investigates the relationship between predic­

tive performance, explanation behaviour, and group fairness. SHIELD is 

used to characterise these trade-offs across datasets, models, and group­

ing configurations, rather than assuming that improvements in fairness 

compensate for reductions in predictive performance.

2 . Methodology

2.1 . Data collection

All data used in this study were existing, de-identified clinical 

datasets obtained from the UCI Machine Learning Repository [17]. 

Ethical approval for the secondary analysis of these publicly available 

datasets was granted by The Australian National University Human 

Research Ethics Committee (Protocol H/2025/0248).

The tasks of classifying Diabetes, Heart Disease, and Obesity were 

selected for their clinical relevance and prior use in the literature 

[18–20] (Table 1). The datasets collectively covered various multiclass 

tasks, continuous/categorical predictors, varying ratios of variables to 

instances, and different sensitive attributes. In particular, the group fair­

ness analysis compared Caucasians and non-Caucasians in the Diabetes 

dataset, and males and females in the Heart Disease and Obesity datasets 

(Section 2.5.3).

Table 1 

Datasets used in the study [21–23].

Attribute Diabetes Heart Disease Obesity

𝐷 (# of variables) 47 13 16

𝑁  (# of instances) 101,766 303 2111

𝐶 (# of classes) 3 5 7

Class balanced? No No Yes

Sensitive attribute Race Sex Sex

2.2 . Data preprocessing

Preprocessing involved imputation, encoding, and standardisation. 

Missing values were imputed using an XGBoost-based classifier [24], 

which captures nonlinear relationships in heterogeneous clinical data 

better than mean or mode imputation [25]. Categorical variables were 

encoded using one-hot, ordinal, or label encoding as appropriate [26]. 

Z-score standardisation was applied to reduce scale effects [27].

2.3 . Variable grouping by dissimilarity

Variable grouping encouraged equitable learning of models by reduc­

ing the influence of correlated and proxy variables that can implicitly 

encode sensitive information [2,14]. Grouping by dissimilarity (not sim­

ilarity) distributed correlated/proxy variables across different groups, 

weakening their joint effect and reducing the risk of biased latent repre­

sentations [28]. If similar variables are grouped together, their com­

bined influence may reinforce dependencies with sensitive attributes 

[14,29], so spreading them apart instead could attenuate this effect and 

act as a natural regulariser.

All grouping strategies relied on a dissimilarity matrix derived from 

conditional mutual information (CMI) [30]. For variables 𝑋𝑖 and 𝑋𝑗
and target variable 𝑌 , CMI measures how much information the two 

variables share given the outcome:

𝐼(𝑋𝑖;𝑋𝑗 ∣ 𝑌 ) =
∑

𝑥𝑖 ,𝑥𝑗 ,𝑦
𝑝(𝑥𝑖, 𝑥𝑗 , 𝑦) log

𝑝(𝑥𝑖, 𝑥𝑗 ∣ 𝑦)
𝑝(𝑥𝑖 ∣ 𝑦)𝑝(𝑥𝑗 ∣ 𝑦)

.

Dissimilarity was defined as the complement of CMI:

𝐷𝑖,𝑗 = 1 − CMI𝑖,𝑗 ,

where higher values denote more distinct pairs.

Two metrics assessed grouping quality. For each group 𝐺𝑘 contain­

ing variable indices 𝑖, 𝑗 ∈ 𝐺𝑘, diversity measured average intra-group 

dissimilarity [31]:

Diversity =
∑

∀𝑘∈{1,…,𝐾}

∑

(𝑖<𝑗)∈𝐺𝑘

𝐷𝑖,𝑗

𝐾|𝐺𝑘|
,

where 𝐾 is the number of groups. Dispersion enforced a conservative 

minimum dissimilarity threshold [31]:

Dispersion = min
∀𝑘∈{1,…,𝐾}

{ min
(𝑖<𝑗)∈𝐺𝑘

{𝐷𝑖,𝑗}}.

To examine whether the grouping strategies produced structurally dis­

tinct partitions, grouping behaviour was evaluated across 𝐾 = 2,… , 10
using diversity and dispersion. Random grouping was also included as 

an unstructured control.

2.3.1 . Bicriterion approach

Bicriterion anticlustering [31] jointly maximised diversity and dis­

persion via a weighted objective:

obj = 𝛼 ⋅ Diversity + 𝛽 ⋅ Dispersion,

where 𝛼, 𝛽 quantified the priorities of each criterion. It used local search 

heuristics to swap variables between groups whenever the objective 

improved (Appendix A). This prevented configurations where groups 

appeared diverse overall but contained a tightly related subset of proxy 

variables (as the search also considered dispersion).

2.3.2 . 𝐾-plus anticlustering approach

𝐾-plus anticlustering [32] generalised 𝐾-means anticlustering by 

matching higher-order distributional statistics, including variance, 

skewness, and kurtosis, across groups (Appendix B). Polynomial vari­

able expansions 𝑋(2), 𝑋(3),… , 𝑋(𝑟) were constructed, and the composite 

𝐾-plus objective combined standard Sum of Squares Error (SSE) with 

additional moment-based SSE terms weighted by 𝜆1,… , 𝜆𝑟. Similar to 

the bicriterion method, variable swaps between groups were accepted 
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when they reduced the overall objective. This produced groups that 

were internally heterogeneous while statistically aligned across multiple 

higher-order moments.

2.3.3 . Greedy approach

This study introduces a deterministic Greedy dissimilarity-grouping 

procedure (Appendix C). Unlike Bicriterion and 𝐾-plus anticlustering, 

which rely on iterative optimisation or higher-order distributional ob­

jectives, the proposed method selects globally dissimilar seed variables 

and assigns remaining variables according to their average dissimilarity 

to each current group. It therefore provides a computationally simple, 

directly CMI-driven alternative that preserves the study’s core objective 

of separating conditionally dependent variables.

2.3.4 . Latent representations of groups

Each variable group was compressed using an autoencoder with a 

nonlinear encoder and a linear decoder. For group 𝑘, the encoder con­

sisted of an affine transformation followed by a Rectified Linear Unit 

(ReLU), while the decoder consisted of an affine output layer with 

identity activation. The encoder was therefore defined as

𝑓𝑘(𝑥) = ReLU
(

𝑊 (𝑘)
enc𝑥 + 𝑏(𝑘)enc

)

,

and the decoder as

𝑔𝑘(𝑧) = 𝑊 (𝑘)
dec 𝑧 + 𝑏(𝑘)dec.

Although the decoder was linear, the complete reconstruction mapping 

𝑔𝑘◦𝑓𝑘 remained nonlinear because of the ReLU activation in the en­

coder. This allowed the autoencoder to represent potentially nonlinear 

relationships without being restricted to a single linear projection, as in 

commonly used dimensionality reduction techniques such as Principal 

Component Analysis (PCA). Meanwhile, the decoder weights preserved 

an explicit mapping from the latent coordinates to the original variables.

Formally, let 𝑋(𝑘) ∈ ℝ𝑛𝑘×𝑑𝑘  denote the matrix of 𝑑𝑘 variables in group 

𝑘 across 𝑛𝑘 instances. The autoencoder had a shallow architecture 𝑑𝑘 →
𝑚𝑘 → 𝑑𝑘, where 𝑚𝑘 denoted the bottleneck dimension. The encoder 𝑓𝑘 ∶
ℝ𝑑𝑘 → ℝ𝑚𝑘  and decoder 𝑔𝑘 ∶ ℝ𝑚𝑘 → ℝ𝑑𝑘  were trained by minimising the 

mean squared reconstruction loss:

min
𝑓𝑘 ,𝑔𝑘

(

1
𝑛𝑘

𝑛𝑘
∑

𝑖=1

|

|

|

|

|

|

|

|

𝑋(𝑘)
𝑖 − 𝑔𝑘

(

𝑓𝑘
(

𝑋(𝑘)
𝑖

))

|

|

|

|

|

|

|

|

2
)

.

Candidate bottleneck dimensions 𝑚𝑘 ∈ {1,… , 5} were evaluated se­

quentially. The smallest dimension achieving a validation mean squared 

reconstruction error of at most 10−2 was selected. The resulting latent 

vector 𝑧 = 𝑓𝑘(𝑋
(𝑘)
𝑖 ) served as the representation of group 𝑘 for instance 𝑖. 

To preserve interpretability, SHIELD used the linear decoder weights to 

redistribute latent space SHAP attributions across the variables within 

each group. Under the column-vector convention,

𝑊 (𝑘)
dec ∈ ℝ𝑑𝑘×𝑚𝑘 ,

where each column of 𝑊 (𝑘)
dec  described the contribution of one latent coor­

dinate to the original variables 𝑑𝑘. Let the latent-space SHAP attribution 

vector for group 𝑘 be

𝜙(𝑘) =
[

𝜙(𝑘)
1 ,… , 𝜙(𝑘)

𝑚𝑘

]𝑇
.

The absolute decoder weights were first obtained as

|

|

|

𝑊 (𝑘)
dec

|

|

|𝑖𝑗
= |

|

|

𝑊 (𝑘)
dec [𝑖, 𝑗]

|

|

|

.

For each latent coordinate 𝑗, weights were then normalised across 

original variables to sum to one:

𝑊̃ (𝑘)
𝑖𝑗 =

|

|

|

𝑊 (𝑘)
dec

|

|

|𝑖𝑗
∑𝑑𝑘

𝑖′=1
|

|

|

𝑊 (𝑘)
dec

|

|

|𝑖′𝑗

 for (𝑖 = 1,… , 𝑑𝑘; 𝑗 = 1,… , 𝑚𝑘).

The final variable-level attribution vector was then

𝜙(𝑘)
original = 𝑊̃ (𝑘)𝜙(𝑘) ∈ ℝ𝑑𝑘 ,

with each variable receiving

[

𝜙(𝑘)
original

]

𝑖
=

𝑚𝑘
∑

𝑗=1
𝑊̃ (𝑘)

𝑖𝑗 𝜙(𝑘)
𝑗 .

Concatenating these decomposed vectors across all 𝐾 groups yielded 

full-variable attributions, enabling both instance-level explanation anal­

ysis and fairness auditing after dimensionality reduction. Importantly, 

autoencoders were trained only once on the training split and then 

fixed to ensure application of identical encoding functions 𝑓𝑘 to the test 

data. This prevented information leakage, avoiding drift that could have 

biased downstream evaluation.

2.4 . Training

This study evaluated the effectiveness of fairness-aware vari­

able grouping strategies via Logistic Regression [33], Support Vector 

Machine (SVM) [34], Multi-Layer Perceptron (MLP) [35], Random 

Forest [7], and XGBoost [24]. This heterogeneity allowed for a robust 

assessment of the generalisability and fairness implications of the pro­

posed methodology [13]. Hyperparameters (Appendix D) were tuned 

using 30 iterations of Bayesian optimisation with five-fold stratified 

cross-validation on the training set [36–38].

2.5 . Evaluation

2.5.1 . Performance metrics

Predictive performance was evaluated using accuracy and macro-

averaged versions of precision, recall, F1-score, Receiver Operating 

Characteristic–Area Under the Curve (ROC-AUC), and Average Precision 

(AP). Macro averaging weighted each outcome class equally regardless 

of prevalence, thus reducing the influence of majority classes in imbal­

anced datasets. For each class, ROC-AUC and AP were calculated by 

treating that class as positive and all remaining classes as negative. Class-

specific scores were then averaged with equal class weights. Each metric 

was reported for the ungrouped baseline and all dissimilarity-grouped 

configurations to highlight predictive trade-offs introduced by grouping 

strategies.

2.5.2 . SHAP

SHAP provides instance-level additive attributions grounded in coop­

erative game theory, ensuring the axiomatic properties of local accuracy, 

missingness, and consistency [5]. For an input 𝑥 and model 𝑓 , the SHAP 

value for variable 𝑖 is:

𝜙𝑖 =
∑

𝑆⊆𝐹⧵𝑖

|𝑆|!(|𝐹 | − |𝑆| − 1)!
|𝐹 |!

[𝑓𝑆∪𝑖(𝑥) − 𝑓𝑆 (𝑥)],

where 𝐹  is the full variable set and 𝑆 is a coalition excluding 𝑖.
For ungrouped models, SHAP values were computed directly for each 

variable. For grouped models, explanations were produced via the la­

tent representation 𝑧𝑘 for group 𝑘. SHAP values were first obtained in 

latent space and then mapped back to original variables, as explained in 

Section 2.3.4.

2.5.3 . Fairness metrics

Group fairness was evaluated by comparing model behaviour across 

demographic groups defined by binary sensitive attribute 𝐴 (race and

sex in this study). Equal Opportunity, Equalised Odds, and Predictive 

Parity [39] were measured as group-level fairness metrics. Equal 

Opportunity required equality of true positive rates, ensuring that 

individuals who genuinely should qualify for a beneficial outcome 

are treated similarly across demographic groups. Equalised Odds ex­

tended this by also enforcing equal false positive rates. Predictive Parity 
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evaluated the equality of positive predictive values across demographic 

groups. Group-level differences alone could be misleading (e.g., with 

small demographic groups). Using the mean 𝜖𝑖 and variance 𝜎2𝑖  of 

group-specific error rates, the 𝑁-Sigma index accounted for statistical 

uncertainty [40]:

𝑁-Sigma =
|𝜖1 − 𝜖0|
√

𝜎21+𝜎
2
0

2

.

This normalised disparity reduced the risk of over-interpreting noisy 

fairness gaps.

Explanation bias was evaluated through differences in SHAP attribu­

tions because outcome-centric metrics alone would not guarantee fair 

internal reasoning (seemingly fair models at the prediction level could 

still produce biased explanations, undermining trust in (healthcare) 

contexts where interpretability is critical) [11]:

𝐵exp
𝑗 = |

|

|

𝔼[𝜙𝑗 ∣ 𝐴 = 1] − 𝔼[𝜙𝑗 ∣ 𝐴 = 0]||
|

.

This explanation parity was plotted against prediction parity on a 

Cartesian plane called the ‘bias quadrant’. Two complementary met­

rics were then used to quantify fairness behaviour in this space. First, 

the average distance to the origin measured the magnitude of com­

bined prediction-explanation bias at the instance level. With points 𝑝𝑖 =
(𝜙(𝐴)

𝑖 , 𝑝̂𝑖 − 𝜇𝐴𝑖
) after base-rate centring, this metric was computed as

dist = 1
𝑛
∑

𝑖
‖𝑝𝑖‖2,

where smaller values indicate closer alignment with ideal fairness at the 

origin.

Separability quantified how strongly privileged and unprivileged de­

mographic groups diverged. This was measured using the Bhattacharyya 

distance between empirical Gaussian approximations of the distributions 

of the two demographic groups:

𝐷B = 1
8 (𝜇1 − 𝜇2)

⊤Σ̄−1(𝜇1 − 𝜇2) +
1
2 ln

(

det Σ̄
√

det Σ1 det Σ2

)

,

where Σ̄ = 1
2 (Σ1 + Σ2); larger values indicated greater divergence 

between group-specific prediction-explanation behaviour in the bias 

quadrant [41].

3 . Results

3.1 . Grouping behaviour

Fig. 1 shows the CMI-based pairwise dissimilarity matrix for the 

Heart Disease dataset. The matrix exhibited a non-uniform structure, 

indicating that the variables shared different degrees of outcome-

conditioned information. Several relationships were consistent with 

plausible clinical dependencies. For example, age showed comparatively 

lower dissimilarity with resting blood pressure, trestbps (0.704), and 

serum cholesterol, chol (0.654), reflecting the known association of 

ageing with blood pressure and serum cholesterol levels [42,43]. In 

contrast, pairs such as age and sex had higher dissimilarity (0.938), 

indicating that they retained relatively little shared information af­

ter conditioning on the disease outcome. These patterns suggest that 

the CMI-based measure captured meaningful differences in variable 

dependence rather than treating the feature space as homogeneous.

Fig. 2 shows that the grouping behaviour was method-dependent 

and generally most stable for values up to 𝐾 = 6, for which singleton 

groups were not structurally required in the 13-variable Heart Disease 

dataset. Bicriterion provided the most balanced performance over this 

range, maintaining a relatively high diversity of 0.911-0.940, while 

simultaneously increasing dispersion from 0.65 to 0.91. This reflects 

its explicit optimisation of both the average and minimum pairwise 

Fig. 1. CMI-based dissimilarity matrix for the Heart Disease dataset. Lower 

values indicate stronger similarity.

dissimilarity, allowing it to form groups that were broadly heteroge­

neous without retaining a highly similar variable pair. 𝐾-plus achieved 

the highest diversity increasing from 0.936 to 0.951, but with substan­

tially lower dispersion of 0.63–0.76. This is consistent with its objective 

of balancing higher-order statistical properties across groups rather than 

directly maximising the minimum CMI-based dissimilarity, meaning that 

groups could be diverse overall while still containing at least one rela­

tively similar pair. The proposed Greedy method showed a comparable 

upward trend in both measures up to 𝐾 = 6–7, indicating that se­

quentially assigning variables according to their average dissimilarity 

produced structured and increasingly heterogeneous groups, although it 

did not optimise the worst-case pair as directly as Bicriterion. In contrast, 

Random grouping fluctuated across 𝐾 without a clear trend, demonstrat­

ing that favourable diversity or dispersion at an isolated value of 𝐾 could 

occur by chance rather than through systematic use of the dissimilarity 

matrix.

Beyond 𝐾 = 6–7, the increasing number of singleton and two-

variable groups made the metrics dependent on fewer multi-variable 

groups. For Greedy, highly dissimilar seed variables could remain as sin­

gletons and therefore be excluded from the pairwise metrics. Bicriterion 

operated over increasingly constrained swap configurations, while the 

sharp 𝐾-plus increases at 𝐾 = 9–10 reflected only a few remaining dis­

similar pairs. Thus, the high-K values indicated increasing fragmentation 

rather than a general improvement or degradation across all groups.

Overall, Bicriterion produced the strongest balance between average 

and worst-case dissimilarity, 𝐾-plus prioritised broad diversity over min­

imum separation, Greedy provided a computationally simple structured 

alternative, and Random grouping lacked consistent behaviour across 𝐾.

3.2 . Performance metrics

Accuracy consistently appeared as the highest-performing metric 

across all datasets and grouping strategies (Table 2) which is a common 

pattern in medical classification settings where class imbalance may in­

flate overall correctness without improving sensitivity. This was most 

evident in Diabetes and Heart Disease, where recall and F1-scores were 

44.4% and 56.6% lower than accuracy, respectively. Dataset-specific 

variation exceeded grouping effects, with average standard deviations of 

26.36% and 4.20% across datasets and grouping methods, respectively.

On average, grouped models performed worse than the ungrouped 

baseline across all metrics, with reductions of 5.31% in accuracy, 

7.13% in F1-score, 9.14% in precision, 5.26% in recall, 2.16% in ROC-

AUC and 8.09% in AP. The reduction was smaller for ROC-AUC than 
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Fig. 2. Diversity and dispersion versus the number of groups 𝐾 on the Heart Disease dissimilarity matrix (Fig. 1) for the grouping strategies.

Table 2 

Mean predictive performance across datasets and grouping methods. The best value within each dataset 

and metric is shown in bold.

Dataset Grouping method Accuracy F1-score Precision Recall ROC-AUC AP

Diabetes Bicriterion 0.558 0.341 0.496 0.262 0.625 0.430

𝐾-plus 0.559 0.337 0.368 0.315 0.624 0.427

Greedy 0.555 0.338 0.506 0.255 0.630 0.434

Random 0.565 0.354 0.471 0.284 0.637 0.438

Ungrouped 0.570 0.359 0.505 0.279 0.654 0.456

Heart Disease Bicriterion 0.624 0.256 0.255 0.259 0.801 0.392

𝐾-plus 0.656 0.302 0.324 0.284 0.798 0.430

Greedy 0.634 0.271 0.256 0.287 0.801 0.403

Random 0.619 0.264 0.274 0.257 0.799 0.403

Ungrouped 0.633 0.285 0.295 0.280 0.798 0.418

Obesity Bicriterion 0.886 0.883 0.883 0.882 0.978 0.905

𝐾-plus 0.741 0.733 0.735 0.731 0.955 0.830

Greedy 0.860 0.855 0.856 0.854 0.979 0.905

Random 0.791 0.785 0.787 0.783 0.954 0.822

Ungrouped 0.933 0.932 0.932 0.932 0.997 0.981

Average Bicriterion 0.689 0.493 0.545 0.468 0.802 0.576

𝐾-plus 0.652 0.457 0.476 0.443 0.792 0.562

Greedy 0.683 0.488 0.539 0.465 0.803 0.581

Random 0.658 0.468 0.511 0.441 0.797 0.555

Ungrouped 0.712 0.525 0.577 0.497 0.816 0.618

for AP, indicating that grouping had a more pronounced effect on 

precision-recall performance than on overall class discrimination. 𝐾-

plus presented a notable exception. On the Heart Disease dataset, it 

outperformed the baseline on every metric, with gains up to 9.83% 

in precision and 5.96% in F1-score. In contrast, it underperformed 

other grouping methods across all metrics by an average of 9.85% 

on the Obesity dataset. These findings indicate that the effectiveness 

of a particular grouping strategy depends on dataset complexity and 

class imbalance, although grouping as a whole systematically introduced 

reductions in predictive performance. 

3.3 . SHAP and fairness metrics

3.3.1 . Instance-level explanations

At the instance level, grouped waterfalls consistently displayed fewer 

extreme bars and smoother transitions from the base value to the fi­

nal output than the ungrouped baseline (Fig. 3). This indicated that no 

single variable dominated the prediction, and that contributions were 

instead distributed across a broader set of variables. Bicriterion and 

𝐾-plus showed the most pronounced smoothing, consistent with their 

higher intra-group heterogeneity. These visual patterns aligned with 
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Fig. 3. Comparison of SHAP plots for Heart disease classification by Random Forest across grouping methods, including the ungrouped case.

the global summary trends and illustrated the core mechanism through 

which grouping reduces explanation concentration.

Table 3 quantified these instance-level effects by aggregating ab­

solute SHAP magnitudes into the sums contributed by the top nine 

variables versus the rest. Grouping consistently increased the ‘rest’ com­

ponent across all models, ranging from the smallest increase for Logistic 

Regression (0.15 to 0.23) to the largest increase for Random Forest 

(0.06 to 0.48). These expansions were accompanied by increases in total 

absolute attribution averaging 52.9% and approximately doubling for 

SVM and MLP. This implied that grouping simultaneously redistributed 

attributions equitably and amplified total explanatory signal, reducing 

reliance on narrow, potentially proxy-driven pathways.

3.3.2 . Bias quadrant analysis at the instance level

The bias-quadrant analysis (Fig. 4) evaluated whether these changes 

in the explanation structure translated into reduced fairness disparity 
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Table 3 

Decomposition of total absolute SHAP magnitude into the top 9 variables and 

the remaining 21 variables for ungrouped and grouped (𝐾-plus) configurations 

on the Diabetes dataset.

Model Configuration Top 9 

variables

Rest

(21 variables)

Total 

|SHAP|

Logistic Regression Ungrouped 0.78 0.15 0.93

Grouped 0.79 0.23 1.02

SVM Ungrouped 0.31 0.15 0.46

Grouped 0.53 0.35 0.88

MLP Ungrouped 0.34 0.13 0.47

Grouped 0.46 0.50 0.96

Random Forest Ungrouped 0.66 0.06 0.72

Grouped 0.38 0.48 0.86

XGBoost Ungrouped 0.80 0.08 0.88

Grouped 0.66 0.57 1.23

at the instance level. Grouping consistently moved points toward the 

vertical axis, indicating lower disparities in local SHAP attributions 

for protected attributes. 𝐾-plus produced the tightest clustering in the 

low-bias region and avoided quadrants I and IV, where explanation bi­

ases were high. Bicriterion also contracted points toward the origin but 

showed a distinctive pattern. The degree of contraction was stronger 

for instances with negative prediction deviation values (quadrants III 

and IV) than for those with positive attributions, which was consis­

tent with its conservative emphasis on minimum intra-group similarity 

(dispersion). Greedy and Random were more variable, often landing in 

quadrants where biases at prediction and explanation levels diverged. 

In the ungrouped case, privileged and unprivileged instances occupied 

largely distinct regions of the bias quadrant, with privileged instances 

concentrated in quadrants I and IV and unprivileged instances in quad­

rants II and III. Variable grouping substantially reduced this separation, 

producing greater overlap between demographic groups, as shown in the 

remaining panels of Fig. 4. These quadrant patterns provided comple­

mentary evidence that grouping reduced explanation bias, even when 

outcome disparity was only partially improved.

3.3.3 . Fairness metrics

The effect of grouping on outcome-based parities depended strongly 

on the dataset (Table 4). The exception was Heart Disease, where 

grouping reduced Equal Opportunity and Equalised Odds by 46.2% on 

average relative to the ungrouped case, but the effect was negligible 

or inconsistent in other datasets. 𝑁-Sigma also did not systematically 

improve under grouping, indicating that some apparent fairness gains 

were not statistically robust after accounting for variance and size of 

each demographic group.

In contrast, explanation-parity metrics showed a clearer pattern. 

Grouping reduced average bias-quadrant distance by 8.04%, with the 

largest reductions under Bicriterion (9.47%) and 𝐾-plus (16.60%). 

Similarly, the separability decreased significantly by 89.65% on aver­

age, with the largest reductions under 𝐾-plus (94.35%) and random 

(97.64%).

4 . Discussion

4.1 . Clinical safety and ethical interpretation of fairness-performance 

trade-off

The reductions in predictive performance require careful interpre­

tation in healthcare settings. Improvements in statistical fairness or 

explanation parity do not, by themselves, justify lower predictive per­

formance, because fairness and predictive metrics quantify different 

properties and do not share a common utility scale. They should there­

fore be considered jointly rather than combined into a single measure of 

net benefit. In particular, reductions in recall or AP may increase the risk 

of missed positive cases, whereas reduced precision may expose patients 

to unnecessary treatment. The consequences of these changes depend 

on the clinical task, outcome prevalence, decision threshold, and rela­

tive harms of false-negative and false-positive predictions. Accordingly, 

SHIELD should not be used as an automatic rule for replacing an un­

grouped model with a grouped configuration. A candidate configuration 

should first satisfy task-specific predictive requirements, after which its 

fairness and explanation behaviour can be considered as additional se­

lection criteria. For example in an acute care triage setting, a small 

reduction in sensitivity may be unacceptable even if explanation parity 

improves. In a lower-risk retrospective auditing setting, the same con­

figuration may still be informative for mitigating dependence on proxy 

variables and guiding further model development.

4.2 . Principal findings

Grouping variables by CMI and decoding latent attributions into the 

native variable space improved instance-level explainability and sev­

eral fairness measures, but these changes were accompanied by dataset 

and method dependent reductions in predictive performance. Across 

datasets, grouped models redistributed explanatory credit more evenly 

across instances and variables, reducing over-reliance on a narrow set 

of correlated variables. The accompanying MIT-licensed code release 

[44] supports reproducibility through an auditable implementation of 

SHIELD.

4.3 . Significance of the study

These findings have practical implications for the design and eval­

uation of clinical prediction models. First, by distributing explanatory 

attribution across a broader set of variables, SHIELD can reduce the 

extent to which model explanations are dominated by a small num­

ber of correlated or proxy variables. Second, decoder-mapped SHAP 

preserves traceability to the original variables, ensuring that any re­

tained variables remain clinically interpretable and auditable. Finally, 

the improved instance-level fairness, reflected by reduced SHAP con­

centration and lower separability and average distance in the bias 

quadrant, suggests that SHIELD produces more consistent explanations 

across privileged and unprivileged groups. This consistency may sup­

port fairness auditing when developing and validating clinical prediction

models.

4.4 . Limitations

The search over grouping and model hyperparameters was restricted, 

especially for the number of groups 𝐾. Although Bayesian optimisation 

was used in principle, practical runtime constraints limited the breadth 

of configurations explored, meaning that some fairness or accuracy 

improvements may depend on non-optimal selections.

The evaluation relied on conventional stratified splits. Without ad­

versarial splits or splitting that is aware of distribution-shift [45], 

robustness might be overestimated, particularly in edge cases where 

populations differ from the training distribution. This may have limited 

the sensitivity of the evaluation to changes in the 𝑁-Sigma error rate.

Fairness assessments covered outcome metrics and explanation-level 

audits, but these captured only selected definitions of fairness and did 

not consider individual fairness and causal/counterfactual criteria [46]. 

The group fairness analysis considered one sensitive attribute at a time 

and did not examine intersectional groups. Consequently, the reported 

fairness results may not reveal disparities affecting intersectional groups 

defined jointly by sensitive attributes, such as race, sex, and age.

The evaluation used static tabular benchmark datasets and did not 

include an external site, temporal holdout, or geographically distinct 

cohort. Therefore, the results demonstrate methodological feasibility 

within the evaluated datasets but do not establish generalisability across 

institutions, time periods, or patient populations [47]. Contemporary 
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Fig. 4. Comparison between bias quadrant plots of the Obesity dataset via SVM across different grouping methods.

electronic health record data may also differ in coding practices, miss­

ingness, temporal structure, and variable availability. Applying SHIELD 

in such environments would require separate data harmonisation, sys­

tem integration, and prospective validation work beyond the scope of 

this study. Hence, SHIELD should be interpreted as a framework for re­

search design and model development or validation rather than as a 

deployment-ready clinical system [47].

4.5 . Future work

Future evaluations should extend the group fairness analysis to mul­

tiple sensitive attributes and their intersections, including race–sex and 

sex–age groups, where adequate sample sizes permit reliable estima­

tion. Future work should develop theoretical bounds linking grouping-

induced excess risk to encoder–decoder distortion. Stability analyses for 
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Table 4 

Mean fairness metrics across datasets and grouping methods. Lower values indicate lower disparity for all metrics. The best value within 

each dataset and metric is shown in bold.

Dataset Grouping method Equal Opportunity Equalised Odds Predictive Parity 𝑁-Sigma Average Distance Separability

Diabetes Bicriterion 0.004 0.016 0.021 0.042 0.108 0.034

𝐾-plus 0.002 0.004 0.036 0.073 0.106 0.022

Greedy 0.004 0.025 0.034 0.067 0.105 0.005

Random 0.003 0.010 0.021 0.046 0.113 0.003

Ungrouped 0.005 0.013 0.024 0.052 0.111 2.306

Heart Disease Bicriterion 0.232 0.214 0.660 0.233 0.113 0.695

𝐾-plus 0.373 0.373 0.750 0.282 0.104 0.193

Greedy 0.312 0.281 0.850 0.359 0.131 0.152

Random 0.214 0.241 0.511 0.315 0.148 0.077

Ungrouped 0.520 0.520 0.647 0.175 0.136 2.095

Obesity Bicriterion 0.091 0.099 0.074 0.133 0.197 0.044

𝐾-plus 0.219 0.221 0.158 0.200 0.169 0.056

Greedy 0.128 0.122 0.063 0.146 0.206 0.511

Random 0.103 0.116 0.138 0.123 0.183 0.027

Ungrouped 0.030 0.063 0.050 0.148 0.216 0.826

Average Bicriterion 0.109 0.110 0.252 0.136 0.139 0.258

𝐾-plus 0.198 0.199 0.315 0.185 0.126 0.090

Greedy 0.148 0.143 0.316 0.191 0.147 0.223

Random 0.107 0.122 0.223 0.161 0.148 0.036

Ungrouped 0.185 0.199 0.240 0.125 0.154 1.742

decoded SHAP attributions could clarify when reconstructed explana­

tions remain faithful, while information-theoretic analyses of CMI could 

formalise how grouping restricts fairness leakage. Extending SHIELD to 

regression tasks would further test whether dissimilarity-based group­

ing yields similar fairness and explainability benefits for continuous 

prediction outcomes.

4.6 . Broader impact statement

This work contributes to methodological research on equitable and 

explainable AI-based decision support by providing a model-agnostic, 

auditable pipeline for analysing instance-level explanations under vari­

able dependence. SHIELD does not introduce opaque adversarial com­

ponents or modify clinical ground-truth labels. Instead, it enhances 

interpretability directly in the native variable space, emphasising repro­

ducible and clinically meaningful evaluation rather than model novelty 

alone. Although evaluated on static tabular datasets, the framework pro­

motes important principles for model development, including fairness 

auditing, methodological transparency, and reproducibility. By outlin­

ing the need for external, temporal, and prospective validation, the 

study provides a foundation for further methodological and transla­

tional research rather than evidence of immediate clinical deployment 

readiness.

5 . Conclusion

This study introduced SHIELD, a dissimilarity-based variable group­

ing framework for equitable and explainable clinical prediction. By 

combining CMI-driven grouping with decoder-mapped SHAP, SHIELD 

redistributed attributional mass away from dominant proxy variables 

while preserving traceability to the original variable space. Across 

healthcare datasets, grouping broadened attribution use, reduced ex­

planation bias, and improved several fairness metrics, with variable 

predictive trade-offs. These findings suggest that structured redistribu­

tion of variable dependence offers a methodological direction toward 

more accountable AI systems in healthcare.
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Appendix A . Pseudocode for bicriterion anticlustering

Algorithm 1 Bicriterion Anticlustering.

1: Input: Dissimilarity matrix 𝐷, number of groups 𝐾, weights 𝛼, 𝛽
2: Randomly initialise groups 𝐺1, … , 𝐺𝐾
3: repeat

4: Compute Diversity and Dispersion for current partition 𝑃
5: for each pair of variables (𝑥, 𝑦) in different groups do

6: Swap 𝑥 and 𝑦 if it improves obj(𝑃 )
7: end for

8: until no further improvement in objective 

9: Output: Optimised groups maximising bicriterion objective
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Appendix B . Pseudocode for 𝑲-plus anticlustering

Algorithm 2 𝐾-plus Anticlustering.

1: Input: Variable matrix 𝑋, number of groups 𝐾, maximum order 𝑟, 
weights 𝜆1, … , 𝜆𝑟

2: Construct polynomial variables 𝑋(2), … , 𝑋(𝑟)

3: Initialise groups using 𝐾-means++ or random assignment 

4: repeat

5: Compute SSEK+ for current partition 

6: for each pair of variables (𝑥, 𝑦) in different groups do

7: Swap 𝑥 and 𝑦 if it reduces SSEK+
8: end for

9: until convergence or no improvement 

10: Output: Balanced variable groups with matched statistical proper­

ties

Appendix C . Pseudocode for greedy variable grouping

Algorithm 3 Greedy Variable Grouping.

1: Input: Dissimilarity matrix 𝐷 ∈ ℝ𝑑×𝑑 , number of groups 𝐾
2: for each variable 𝑖 ∈ {1,… , 𝑑} do

3: Compute its row-wise dissimilarity score:

𝑟𝑖 =
𝑑
∑

𝑗=1
𝐷𝑖𝑗

4: end for

5: Select the 𝐾 variables with the largest values of 𝑟𝑖 as seed variables 

6: Initialise each group 𝐺𝑘 with one distinct seed variable 

7: Let 𝑈  be the set of all remaining unassigned variables

8: while 𝑈 ≠ ∅ do

9: for 𝑘 = 1,… , 𝐾 do

10: if 𝑈 = ∅ then

11: break

12: end if

13: for each variable 𝑓 ∈ 𝑈  do

14: Compute its average dissimilarity to the current group:

𝑎(𝑓,𝐺𝑘) =
1

|𝐺𝑘|

∑

𝑗∈𝐺𝑘

𝐷𝑓𝑗

15: end for

16: Select the remaining variable

𝑓 ∗ = argmax
𝑓∈𝑈

𝑎(𝑓,𝐺𝑘)

17: Assign 𝑓 ∗ to 𝐺𝑘
18: Remove 𝑓 ∗ from 𝑈
19: end for

20: end while

21: Output: 𝐾 dissimilar groups

Appendix D . Description of hyperparameters

See Table D.5.

Table D.5 

Hyperparameters used in variable grouping and model training.

Symbol and/or Name Range

Variable Grouping Stage

𝐾: Number of groups [2, 10]

𝛼, 𝛽: Bicriterion weights [0, 1]

𝑤2 , 𝑤3 , 𝑤4: Moment weights [0, 1]

𝜖: Smoothing constant [10−10, 10−6]

Model Training Stage

𝐶: Regularisation (LR, SVM) [0.01, 100]

𝛾: Kernel coefficient (SVM) [0.001, 1]

Number of trees (RF, XGB) [50, 500]

Maximum tree depth (RF, XGB) [3, 15]

Learning rate (XGB, MLP) [0.001, 0.3]

Hidden layer sizes (MLP) Varies

𝐿2 penalty (MLP) [0.0001, 0.1]

Data availability

All data used in this study are publicly available at the UCI Machine 

Learning Repository [17].
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