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Abstract
Machine learning models are increasingly applied in clinical and biomedical settings, yet their complexity can obscure
the transparency in decision-making processes and risk propagating biases. This issue needs to be found and fixed
early before applying the models in real patients. Synthetic healthcare data can be an efficient way to test preliminary
models, yet prone to implicitly learning the bias from the original source. To address these concerns, this paper proposes
"SHIELD: A SHapley and Information-theory based framework for Equitable Learning via Dissimilar variable grouping".
SHIELD combines dissimilarity-driven variable grouping with transparent latent representations to mitigate proxy bias
and enhance equitable learning of the resulting model. By constructing a dissimilarity matrix based on conditional
mutual information, variables are grouped to weaken spurious correlations that may amplify unfairness. Group-specific
autoencoders learn latent representations while preserving their decoders to map back to the original variables for
interpretability. This automation is more effective than clustering similar variables, fixes problematic groups post-hoc,
and produces a more equitable distribution of variable importance than ungrouped cases. Experiments on Australian
synthetic healthcare data demonstrate the following two key findings: First, the three proposed grouping approaches
(greedy, bicriterion, and K-plus) achieved notable improvements in various fairness metrics by 13.32% on average.
Second, while an average reduction of 1.38% in predictive performance was observed, it remained within acceptable limits
for clinical applications, demonstrating the feasibility of this fairness-performance trade-off. Overall, SHIELD integrates
dissimilarity-based grouping, latent representation learning, and explanation-level auditing to promote equitable and
explainable machine learning for health informatics.
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Introduction

Artificial Intelligence (AI) and Machine Learning
(ML) systems are increasingly deployed in healthcare
to assist with diagnosis, triage, and treatment
planning. Here, AI refers to computational methods
that emulate human cognitive tasks (e.g., pattern
recognition, reasoning, and decision-making) in clinical
workflows, whereas ML is a subset of AI that
learns predictive functions directly from data rather
than via explicit rule-based programming1. Their
application in healthcare is significant, as model outputs
can directly influence clinical decisions and resource
allocation2. When the reasoning behind a model’s
prediction is opaque, clinicians may be unable to
verify or contest its recommendations, and patients
may lose trust in automated systems. Failures in
transparency can also obscure insights about the
fairness of models3; for instance, some models have
been found to allocate fewer resources to patients
with minority demographics, and some risk prediction
tools have systematically underestimated disease risk for
disadvantaged groups3,4. Explainable and interpretable
approaches (i.e., objective of eXplainable AI (XAI))
are therefore increasingly advocated in healthcare,
both to reduce diagnostic and treatment errors and

to support meaningful human oversight of AI-assisted
decisions5–7. As recent editorials in the Journal of the
American Medical Informatics Association (JAMIA)
note, explainability in clinical ML should be evaluated
not only by interpretability and fidelity but also by
clinical value8,9. Hence, this paper aims to make
the explanations both understandable to humans and
faithful to the underlying model, while supporting
equitable and safe care.

In parallel with these developments, synthetic health-
care data have emerged as a promising complement
to real-world datasets. Synthetic data can be shared
without infringing patient privacy, allowing research
and algorithmic benchmarking under fewer regulatory
constraints. Recent reviews highlight that well-designed
synthetic data resources can accelerate the development
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and validation of medical AI/ML systems while mit-
igating ethical and privacy risks inherent in the use of
real patient records10,11. In particular, platforms such as
Synthea produce detailed patient-level electronic health
records that emulate real clinical encounters using gen-
erative rules based on medical logic modules and epi-
demiological statistics12. These datasets can potentially
expedite proof-of-concept modelling and enable large-
scale fairness analyses that would otherwise be infeasible
under data-access restrictions. However, the use of syn-
thetic data does not automatically guarantee fairness or
fidelity. If the synthetic generator reflects biased priors
or incomplete real-world distributions, it can propagate
or even amplify inequities present in the source data13.
Thus, models trained on synthetic records may learn
spurious or proxy associations that misrepresent clinical
reality, particularly for under-represented subgroups.

Methodologically, the intersection between synthetic
data, XAI, and algorithmic fairness remains underex-
plored. Many structured clinical datasets contain highly
correlated or redundant variables (in ML, variables tend
to be called features). During training, unconstrained
optimisation can encourage models to rely heavily on
dominant predictors, which can overshadow the influ-
ence of weaker but clinically meaningful variables2,14.
When these dominant predictors correlate with sensitive
attributes or their proxies, models inadvertently learn
biased decision boundaries. This issue can also persist
in synthetic datasets, as generative processes are typ-
ically designed to reproduce the statistical dependen-
cies present in the original data, which may include
proxy relationships15. Post-hoc explanation methods
can reveal such imbalances by attributing high impor-
tance to correlated variables16, but understanding these
feature reliance patterns alone does not determine the
fairness of models, motivating the need to consider
fairness alongside explainability.

Moreover, while fairness interventions can be intro-
duced during model training, many existing approaches,
such as adversarial debiasing or fairness regularisa-
tion, modify latent representations in ways that dimin-
ish interpretability for clinicians17,18. However, ideally,
methods that aim to promote fairness in healthcare
modelling should preserve explanatory clarity in the
variables included in (or excluded from) the model in
a way familiar to domain experts; the lack of explain-
ability is recognised as a major barrier to clinicians’
confidence and trust in AI/ML systems with XAI being
identified as a step towards system trustworthiness16.

This paper addresses these methodological and ethical
concerns through the proposed SHIELD: a Shapley
and Information-theory based framework for Equitable
Learning via Dissimilar variable grouping. SHapley
Additive Explanations (SHAP)19 is a game-theoretic
method that quantifies each variable’s marginal
contribution to a prediction. Grounded in Shapley
values from cooperative game theory, SHAP satisfies key
statistical properties, local accuracy, missingness, and
consistency, making it an advanced, principled approach
for evaluating model reasoning. SHIELD constructs
a Conditional Mutual Information (CMI) matrix to

identify and separate highly correlated or proxy
variables, thereby weakening spurious associations that
can amplify bias. Each group is encoded using a
dedicated autoencoder whose decoder is retained to map
latent representations back to the original variables,
ensuring interpretability through SHAP attribution
based on the decoder weights, where SHAP provides
model-agnostic, statistically consistent estimate of
variable influence beyond conventional performance
metrics. That is, rather than merely an explainability
aid, this paper deploys SHAP as a statistical evaluation
tool (e.g., Figure 4) for fairness auditing across
prediction and explanation levels. The aim is to
redistribute model reliance more equitably across
variables, thereby improving parity in both what and
why the model predicts, while monitoring predictive
performance to ensure that gains in fairness and
explainability do not come at unacceptable cost.

Methodology
This section details the end-to-end methodology of
SHIELD which shows how data collection, data
preprocessing, variable grouping, model training,
and evaluation interconnect (Figure 1). This study
experiments with a tabular synthetic healthcare dataset,
meaning the dataset consists of columns (variables)
and rows (instances or individual patient records),
which the SHAP analysis is focused at variable
level. Once the dataset is collected, the SHIELD
pipeline begins by preparing the input variables through
imputation, encoding, and standardisation, ensuring
that all variables are usable later. These preprocessed
variables are then split into training/validation folds and
a hold-out test set.

On the training side, SHIELD computes a CMI
dissimilarity matrix to identify pairs of variables
to group dissimilar variables together through dif-
ferent grouping methods (Greedy, Bicriterion, and
K-plus). Each resulting group is encoded into a
compact latent representation by a group-specific
autoencoder. These grouped latent variables, as well
as the original variables in the ungrouped base-
line, are then used to train several ML models
(Logistic Regression (LR)20, Multi-Layer Perceptron
(MLP)21, and XGBoost (XGB)22), whose hyperparam-
eters are tuned using five-fold stratified cross-validation.
After the best model is selected, it is retrained on the
full training data and evaluated on the test set.

The evaluation has three interconnected layers.
Predictive performance metrics (accuracy, precision,
recall, and F1-score) assess the correctness of the
model’s outputs. Fairness metrics (equal opportunity,
equalised odds, predictive parity, N-Sigma error rate,
distance to origin, and separability in bias quadrant)
assess prediction-level and explanation-level parity
across protected groups (i.e., race in this study).
Finally, SHAP analysis is performed to attribute model
predictions back to individual variables. In grouped
configurations, SHAP is first computed at the latent
level and then decomposed back to the original variables
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Figure 1. End-to-end workflow of SHIELD.

using decoder-based attribution redistribution, ensuring
traceability to the original clinical variables.

Types of learning
SHIELD blends unsupervised structure discovery
with supervised prediction to support equitable and
interpretable learning. Unsupervised methods23 learn
structure directly from the input variables without using
class labels, whereas supervised learning24 requires
labelled outcomes during model training to learn a
predictive mapping from input variables to the target
variable. SHIELD integrates both these types of learning
in its end-to-end workflow (Figure 4) as follows:

The CMI computation, the construction of the dis-
similarity matrix, and the dissimilarity-based grouping
are all unsupervised, as they rely solely on relationships
between input variables. The autoencoders used to
derive latent representations for each variable group are
also unsupervised, because they aim to reconstruct the
input variables rather than predict labels.

In contrast, the classifiers are supervised models,
trained on labelled data to predict disease outcomes.
Furthermore, the evaluation pipeline, including perfor-
mance metrics, fairness metrics, and SHAP analysis,
results in from supervised models, since classification
accuracy, group-parity measures, and attributional con-
sistency must all be computed against known ground-
truth outcomes.

Data collection and preprocessing
All data used in this study were pre-existing, synthetic
and publicly available from Commonwealth Scientific

Attribute Value
D (# of variables) 45
N (# of instances) 89, 419
C (# of Classes) 4
Diabetes prevalence 56%
Hypertension prevalence 43%
Chronic kidney disease prevalence 28%
Alzheimer’s prevalence 3%

Table 1. Australian synthetic healthcare data with Synthea 25.
Note that each encounter (row) could have diagnosed with
multiple diseases (hence the sum of prevalences is over 100%).

and Industrial Research Organisation (CSIRO) with
Creative Commons Attribution 4.0 International
Licence25. The dataset, synthetically generated by
Synthea12, covered a range of clinical classification
tasks (Table 1). Some diseases had an imbalanced
prevalence distribution (e.g., chronic kidney disease and
Alzheimer’s) as a typical inherent property of medical
datasets, while others had balanced prevalence (e.g.,
diabetes and hypertension). This reflects a conditional
sampling of synthetic patients who are more likely to
be diagnosed with diseases that prompt them to visit
healthcare facilities than the general population.

The following three core operations formed the
backbone of the preprocessing pipeline: First, classifier-
based imputation with XGB22 replaced missing
values so that each observation remained usable for
model training. This imputation was most suitable
given the context of the datasets, as it supports
complex variable interactions and high missing rates
without requiring full data encoding upfront. Second,
categorical variables were encoded as numerical
representations for compatibility with most algorithms.
Specifically, this was done via one-hot encoding26 for
unordered predictors, label encoding for the target, and
ordinal encoding of ranked predictors. Third, Z-score
standardisation27 mitigated the dominance of variables
measured on larger numerical ranges.

Variable grouping by dissimilarity
In this study, variable grouping served a critical
role in promoting fairness28–30, beyond just enhancing
dimensionality reduction31. The central idea was to
separate variables that were highly correlated with
each other, particularly those that might have acted
as proxy variables for sensitive attributes, into distinct
groups. Proxy variables, although not explicitly labelled
as sensitive (e.g., socioeconomic status in place of
race), could still lead to biased model behaviour
if their collective influence remained unchecked3,32.
Hence, the notion of grouping variables by dissimilarity,
rather than by similarity, was a deliberate strategy
to mitigate such risks33. If similar variables, including
potential proxies, were grouped together, their joint
effects might become more pronounced, leading to
biased representations in latent space. Thus, grouping
by similarity intended to consolidate correlated variables
would require subsequent adjustments to explicitly
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manage proxy variables. Conversely, spreading them
across different groups through dissimilarity-based
partitioning weakened their impact at the group level
and provided a natural form of regularisation against
undue influence.

All three grouping methods used in this study relied
on an underlying dissimilarity matrix31. This matrix
quantified the degree to which each pair of variables
provides different information with respect to the target
variable. In particular, dissimilarity was computed as
the complement of CMI34 between variables to identify
variables that contribute unique, non-redundant signals
to the prediction task.

Let Xi and Xj denote two input variables, and
Y be the target variable. The dissimilarity between
Xi and Xj was defined using their CMI given Y ,
which captured the shared information between the
two variables conditional on the outcome variable35.
Mathematically, CMI is expressed as

I(Xi; Xj | Y ) =
∑

xi∈Xi

∑
xj ∈Xj

∑
y∈Y

p(xi, xj , y) log
(

p(xi, xj | y)
p(xi | y)p(xj | y)

)
,

where Xi, Xj , and Y denote the sets of all possible values
of the random variables Xi, Xj , and Y , respectively,
and p(·) denotes the corresponding joint and conditional
probability mass functions. To standardise the scale of
CMI and obtain a bounded measure of dissimilarity, it
was normalised through the sum of marginal entropies:

Normalised CMIi,j = I(Xi; Xj | Y )
H(Xi) + H(Xj) + ϵ

, (1)

where H(X) is the Shannon entropy of feature X and
ϵ is a small constant to prevent division by zero. The
resulting dissimilarity was computed as

Di,j = 1 − Normalised CMIi,j .

The matrix D with entries Di,j is symmetric and
encodes how dissimilar each pair of variables is, serving
as the foundational input for all subsequent grouping
strategies. Normalised CMI is bounded between 0 and
1, where larger values indicate stronger conditional
dependence given Y 34,35. Consequently, dissimilarity
Di,j is also in the same interval [0, 1], with larger values
indicating more distinct variables.

Each grouping method, despite relying on different
heuristics or optimisation strategies, fulfilled a common
objective: maximising dissimilarity within groups to
weaken the collective impact of correlated or proxy
variables. Two primary metrics were used to assess the
quality of variable grouping as follows.

First, diversity36 quantified the average dissimilarity
between variables that belonged to the same group.
Formally, for each group Gk containing variable indices
i, j ∈ Gk, the diversity was computed as

Diversity =
∑

∀k∈{1,...,K}

∑
(i<j)∈Gk

Di,j

K|Gk|
,

where K is the number of groups. A higher diversity
indicated that variables within each group were more
distinct from each other.

Second, dispersion36 was a more conservative non-
negative metric, focusing on the minimum pairwise
dissimilarity between any two variables within a group.

Dispersion = min
∀k∈{1,...,K}

{ min
(i<j)∈Gk

{Di,j}}.

Maximising dispersion ensured that even the most
similar pair within each group was as dissimilar
as possible, thus enforcing strong baseline for intra-
group heterogeneity.

Finding a partition that had the highest possible
value for both diversity and dispersion would be ideal.
However, such a partition did not always exist as they
innately conflicted with one another to a degree. For
instance, one could simply merge variables into larger,
more varied groups to raise diversity, but this would
decrease dispersion, as some pairs within those groups
could inevitably be more similar than others.

Greedy approach. The naïve variable grouping strategy
adopted a greedy approach that relied on the
dissimilarity matrix derived from CMI. The method
proceeded as shown in Algorithm 1 given the
dissimilarity matrix D and number of groups K:
Initial seeds for the groups were selected based on
the highest average dissimilarity scores across all
variables, ensuring that each group begins with a
representative variable that was maximally distinct
from others. The algorithm then iteratively assigned
the remaining variables to the group for which they
exhibited the highest average dissimilarity with existing
group members. This greedy assignment continued until
all variables were allocated. The simplicity and intuitive
heuristic of this method makes it a useful baseline for
evaluating more sophisticated grouping approaches.

Bicriterion approach. The bicriterion anticlustering
simultaneously maximised two complementary criteria,
diversity and dispersion36 (Algorithm 2). It aimed to
avoid configurations where high overall diversity might
still allow clusters of closely related (potential proxy)
variables as it enforced relatively high dispersion at the
same time. The algorithm attempted to approximate a
Pareto-optimal set of groupings by using local search
heuristics, adjusting the assignment of variables to
groups to improve the following objective:

obj = α · Diversity + β · Dispersion,

where α, β quantified the priorities of each criterion.

K-plus anticlustering approach. The K-plus anticluster-
ing method extended traditional K-means anticluster-
ing by addressing not only the similarity in group
means but also discrepancies in high-order distribution
moments, such as variance, skewness and kurtosis31.
The objective was to form groups with maximum
internal homogeneity (as opposed to conventional K-
means objective), while being similar to each other
across multiple statistical dimensions.
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Algorithm 1 Greedy Variable Grouping
1: Input: Dissimilarity matrix D, number of groups K

2: Initialize K groups with variables having the highest
row-wise sum in D

3: while there are unassigned variables do
4: for each group g do
5: for each unassigned variable f do
6: Compute average dissimilarity between f and

all variables in g
7: end for
8: Assign variable with maximum average dissim-

ilarity to g
9: end for

10: end while
11: Output: K dissimilar groups

Algorithm 2 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

Algorithm 3 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 properties

Formally, this was achieved by constructing a set
of augmented variables derived from the original
attributes. These include squared deviations (for
variance), cubic deviations (for skewness), and so forth.
The combined objective function, known as the K-plus
criterion, was a weighted sum of the standard K-
means Error Sum of Squares (SSE) and additional SSE
terms for each higher-order moment31. This formulation
allowed for fine-tuned control over the statistical

similarity of groups. Optimisation was performed
through local search heuristics that iteratively swapped
variables between groups to improve the composite
objective (Algorithm 3).

Latent representations of groups. Once the variable
groups have been identified, it was essential to develop
appropriate latent representations for each group to
enable downstream model training. The primary goal
of this transformation was to condense the information
within each group into a compact, yet informative
vector that retained the group’s key statistical and
structural characteristics.

Unlike traditional variable grouping based on
similarity, where dimensionality reduction techniques
such as Principal Component Analysis (PCA)37 can
capture dominant correlated directions, the groups
in SHIELD were intentionally constructed to consist
of dissimilar variables. Consequently, summarisation
strategies relying on correlation or redundancy were
ineffective. Instead, a neural network-based approach
using group-specific autoencoders38 was adopted.

For each group, an autoencoder was trained to
learn an efficient encoding of the group’s variable set.
Formally, let X(k) ∈ Rnk×dk denote the matrix of dk

variables in the k-th group across nk samples. A group-
specific autoencoder learnt an encoding function fk :
Rdk → Rmk and a decoding function gk : Rmk → Rdk

such that the reconstruction loss was minimised:

min
fk,gk

(
1

nk

nk∑
i=1

∥∥∥X
(k)
i − gk(fk(X(k)

i ))
∥∥∥2
)

. (2)

The latent vector fk(X(k)
i ) thus became the represen-

tation of group k for sample i, encapsulating the non-
redundant, informative essence of the original variables.

To ensure model interpretability, a mapping between
each group’s latent representation and its original vari-
ables was retained. This mapping was essential for
decomposing SHAP values to approximate variable-level
attributions by analysing decoder weights and sensi-
tivity. It also allowed evaluating fairness metrics with
respect to individual variables, ensuring that potential
biases could be traced even after dimensionality reduc-
tion.

Concretely, under the setting of Formula (2), the
decoder’s linear layer was expressed as

gk(z) = W
(k)
decz + b(k), W

(k)
dec ∈ Rdk×mk ,

where z = fk(X(k)
i ) ∈ Rmk denotes the latent represen-

tation. Then, each column of W
(k)
dec described how one

latent coordinate contributed to all dk original variables.
Suppose a downstream classifier produces a vector of
latent-space attributions

ϕ(k) = [ϕ(k)
1 , . . . , ϕ(k)

mk
]T (3)

for group k, where ϕ
(k)
j denotes the attribution assigned

to the j-th latent coordinate. To distribute these back to
the original variables, the element-wise absolute weight
matrix was formed and each latent-to-variable mapping
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was normalised so that the contributions summed 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 element-wise absolute operator was applied to
the decoder weights to capture the magnitude of
the relationship between each latent coordinate and
the reconstructed variables. Decoder weights can take
positive or negative values depending on the direction
of reconstruction, whereas SHAP values already encode
the directional influence of each latent coordinate on the
model prediction. Taking the absolute value therefore
isolates the strength of the latent–variable dependency
while avoiding cancellation effects during attribution
redistribution. The subsequent normalisation ensures
that the contributions from each latent coordinate are
proportionally distributed across the original variables.
This operation is applied only during the attribution
decomposition step and does not modify the training
of the autoencoder. The final variable-level attribution
vector for group k was then

ϕ
(k)
original = W̃ (k)ϕ(k) ∈ Rdk , (4)

so that each original variable i inherited[
ϕ

(k)
original

]
i

=
mk∑
j=1

W̃
(k)
ij ϕ

(k)
j ,

capturing both the model’s sensitivity in latent space
and the decoder’s reconstruction-based mapping back
to raw inputs.

Because the variable groups form a partition of
the original feature space, each group-level attribution
vector ϕ

(k)
original ∈ Rdk corresponds to a disjoint subset

of the original variables. The global attribution vector
over the full feature space is therefore obtained by
concatenating these vectors in the original variable
order:

ϕoriginal =
[
(ϕ(1)

original)
T , . . . , (ϕ(K)

original)
T
]T

∈ Rd,

where d =
∑K

k=1 dk. This reconstruction preserves inter-
pretability at the original variable level, enabling both
SHAP-driven explanations and fairness assessments
after benefiting from the grouping through dimension-
ality reduction. Once trained on the training data, the
group-specific autoencoders were fixed and the same
encoding function of fk was reused to transform the test
set, avoiding leakage and preserving the integrity of the
learned transformations.

Training
This study evaluated the effectiveness of fairness-aware
variable grouping strategies across a diverse set of ML
models, including LR20, MLP21, and XGB22 to explore
linear, neural and tree-based approaches, respectively.
This heterogeneity allowed for a robust assessment of

Symbol Name Range
(Type)

Variable Grouping Stage
K Number of groups [2, 10] (inte-

ger)
α, β Bicriterion weights [0, 1] (float)
w2, w3, w4 Moment weights [0, 1] (float)
ϵ Smoothing constant [10−10, 10−6]

(float)

Model Training Stage
C Regularisation (LR,

XGB)
[0.01, 100]
(float)

n_estimators Number of trees [50, 500] (inte-
ger)

max_depth Maximum tree depth [3, 15] (inte-
ger)

learning_rate Learning rate (XGB,
MLP)

[0.001, 0.3]
(float)

hidden_layers Hidden layer sizes
(MLP)

Varies (tuple)

alpha L2 penalty (MLP) [0.0001, 0.1]
(float)

kcv number of folds in k-
fold CV

[3, 10] (inte-
ger)

Table 2. Hyperparameters used in variable grouping and
model training.

the generalisability and fairness implications of the
proposed methodology14.

Bayesian optimisation was used to tune hyperparam-
eters39 as defined in Table 2. The next step was then
to perform five-fold stratified cross-validation40 on the
training set, optimising the mean Receiver Operating
Characteristic Area Under the Curve (ROC-AUC) over
its validation set; ROC-AUC is a widely used classifica-
tion performance metric that evaluates a model’s ability
to distinguish between classes across all possible decision
thresholds by integrating the true positive rate and
false positive rate into a single scalar measure41. Each
Bayesian search was iterated 30 times, which empirical
studies have shown to be sufficient for convergence in
comparable settings42.

Evaluation
Performance metrics. In this study, four widely used
metrics, accuracy, precision, recall and F1-score, were
employed to provide complementary perspectives on
classifier behaviour, especially in datasets exhibiting
class imbalance. Although ROC-AUC is theoretically
superior to the four metrics as a threshold-independent
measure of discriminative performance (and was
therefore used during cross-validation), it was not
included among the primary evaluation metrics
because accuracy, precision, recall and F1-score directly
reflect the false-positive and false-negative behaviour
at the operating threshold in a more clinically
intuitive way. Since ROC-AUC already had ensured
strong discriminative capacity during training, the
final evaluation emphasised metrics that offer easily
interpretable and more efficient performance insights.
Each metric was reported for baseline, raw, and
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dissimilarity-grouped configurations to highlight trade-
offs introduced by the grouping strategies. While
accuracy captured overall correctness, it could have
obscured poor performance on the minority class for
imbalanced dataset43. To address this, the F1-score was
used as a harmonic mean of precision and recall.

SHAP. Explainability is an indispensable requirement
for any fairness-enhancing pipeline deployed in high-
stakes domains such as healthcare. SHIELD considers
this aspect through the use of SHAP, which quantifies
the contribution of each input variable to a model
prediction. Given a model f and an input x, the SHAP
value for variable j is formally defined as:

ϕj(f, x) =
∑

S⊆F \{j}

|S|!(|F | − |S| − 1)!
|F |! [fS∪{j}(x) − fS(x)],

where F denotes the full set of variables, S denotes
a subset not containing j, and fS(x) denotes the
model output when only the variables in subset S
are observed. This formulation captures the marginal
contribution of variable j, averaged across all possible
coalitions, thereby ensuring the axiomatic properties
of local accuracy, missingness, and consistency19.
This makes SHAP fundamentally different from, and
complementary to traditional performance metrics.
While performance metrics evaluate ‘how well’ a model
predicts, SHAP provides a statistical and functional
decomposition of ‘why’ the model predicts what it
does, and is therefore an analytical tool rather than a
performance measure19,44.

In the ungrouped configuration, SHAP values were
computed directly for each original variable. In the
grouped configuration, the explanation process is
mediated by the latent representation zk, where
SHAP values are first approximated at the latent
level via Equation (3). These latent attributions were
then decomposed to variable-level importances using
the decoder weight matrix W

(k)
dec via Equation (4).

This proportional redistribution ensures that the
contribution of each latent factor is faithfully allocated
across its constituent variables.

The integration of SHAP into SHIELD thus has a
dual role. First, it provides faithful explanations of
model predictions at both latent and variable levels,
enabling clinicians to scrutinise individual decisions.
Second, it serves as a diagnostic tool for evaluating
the fairness effects of grouping, since the distribution
of SHAP values directly reflects whether predictive
power is concentrated in a few variables or more
equitably shared. This duality moves SHAP beyond
its conventional use as a post-hoc explainability
method, positioning it as an integral component of the
fairness pipeline.

Fairness metrics. A core starting point in fairness
research was group fairness, which is to ensure model
performance metrics were comparable across subgroups
defined by sensitive attributes such as gender or
ethnicity. This research focused on equal opportunity
and equalised odds45.

Equal opportunity required True Positive Rates
(TPR) be equal across groups:

p(Ŷ = 1 | Y = 1, A = 1) = p(Ŷ = 1 | Y = 1, A = 0),

where A denotes a binary protected variable. This
ensured that individuals in all groups had an equal
chance of a beneficial outcome when they genuinely
qualified for it, which is a key concern when
model decisions could influence healthcare delivery or
treatment prioritisation.

Equalised odds strengthened this by also requiring
equal False Positive Rates (FPR):

p(Ŷ = 1 | Y = 0, A = 1) = p(Ŷ = 1 | Y = 0, A = 0).

However, equalised odds could sometimes conflict
with clinical realities if the underlying base rates
genuinely differed due to biological or demographic
variation. These datasets, consisting of objective clinical
records rather than subjective human ratings, were
less likely to reflect historical biases encoded through
human judgement. Consequently, equal opportunity
was particularly appropriate here since it corrected
for unfair treatment without forcing artificial equality
where medical evidence supported different base rates46.
This design choice demonstrated a balance between
fairness and respecting the clinical integrity of ground
truth labels.

While group fairness metrics exposed mean differ-
ences between groups, they did not account for uncer-
tainty due to small sample sizes or high variance in sub-
group distributions. Fairness improvements that appear
large in percentage terms might be statistically insignif-
icant when sample sizes are small47. N-Sigma index was
computed to safeguard against over-interpreting noisy
fairness estimates47:

N-Sigma = |ϵ1 − ϵ0|√
σ2

1+σ2
0

2

,

where ϵi and σ2
i denote the mean and variance of the

error rates for group i. This normalised gap ensured
that any apparent fairness gains were robust to sampling
variation. This step was important when working with
health records, where minority group sizes could be
limited in real-world hospital datasets.

Prediction parity alone did not guarantee the fairness
of a model’s internal reasoning. Models that appeared
fair at the prediction level could still produce biased
explanations, which could undermine trust in contexts
where interpretability was critical, such as patient-
specific risk scores or variable-driven diagnostic rules48.

Let f : Rd → R denote the trained prediction model
and let x ∈ Rd denote a specific input instance.
Let X = (X1, . . . , Xd) denote the random variable
vector representing the data distribution. The SHAP
framework decomposes the prediction into additive
feature attributions

f(x) = E[f(X)] +
d∑

j=1
ϕj(f, x),
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where ϕj(f, x) denotes the Shapley attribution assigned
to the j-th input variable.

To capture this, explanation bias was audited by
measuring differences in local SHAP attributions for
protected groups:

Bexp
j = |E[ϕj | A = 1] − E[ϕj | A = 0]| ,

where ϕj denotes the Shapley value for j-th
variable. This was then plotted in the bias quadrant
alongside prediction-level disparities to reveal how local
explanations align (or conflict) with model outcomes.
This visualisation allowed interpretation of the four
distinct bias regimes:

1. High prediction bias, High explanation bias:
Both the model’s outcomes and its explanations
unfairly favoured one group. For instance, if
a diabetes readmission model shows higher
TPR for males and the SHAP attribution
for ‘sex’ is consistently higher for males, this
suggests the model both behaves unfairly and
justifies it unfairly, which is perhaps the most
concerning scenario.

2. Low prediction bias, High explanation
bias: Predictions appear fair on average, but
explanations revealed that the protected variable
still influenced individual decisions in a biased
manner. For example, the TPR may be equal for
genders, but local attributions for ‘sex’ are higher
for males, suggesting hidden proxy effects.

3. Low prediction bias, Low explanation bias:
The ideal region, since predictions were equitable
and explanations confirmed no undue reliance on
sensitive variables. For example, ‘sex’ contributes
negligibly and equally across groups.

4. High prediction bias, Low explanation bias:
Predictions showed disparities, but explanations
did not attribute this to the protected variable
itself, indicating the bias likely came from other
correlated variables. For instance, the model’s
TPR is higher for males but ‘sex’ SHAP values
are balanced, suggesting a proxy like ‘employment
status’ might be driving hidden structural bias.

Two metrics were computed to quantify the models’
performance in the bias quadrant. First, the average
distance to the origin quantified bias magnitude at
the instance level by taking the Euclidean norm of
each point’s coordinates and the origin. Formally, with
points pi = (ϕ(A)

i , p̂i − µAi
) after base-rate centring,

the metric was computed as 1
n

∑
i∥pi∥2, where smaller

values indicated closer proximity to the ideal (0, 0)
and therefore lower combined prediction-explanation
bias. Second, separability measured how far the
privileged and unprivileged groups diverged in this joint
space using the Bhattacharyya distance between their
empirical Gaussian approximates as follows:

DB = 1
8 (µ1 − µ2)⊤Σ̄−1(µ1 − µ2) + 1

2 ln
(

det Σ̄√
det Σ1 det Σ2

)
,

where Σ̄ = 1
2 (Σ1 + Σ2) and larger DB indicating greater

distributional divergence of prediction-explanation
behaviour across groups49. Hence, the distance to the

origin (bias magnitude) and Bhattacharyya separability
(group divergence) provided complementary views of
fairness in the bias quadrant.

Results

Performance metrics
All configurations of grouping methods and datasets
achieved high predictive scores across all metrics
ranging from 0.814 to 0.999. On average, the grouped
configurations showed a marginal yet systematic
reduction of of 1.38% in predictive performance
compared with the ungrouped baseline. This minor
decline corroborates the fairness and explainability
gains from SHIELD were not achieved at the significant
expense of predictive capability. Among the grouping
strategies, K-plus consistently yielded the lowest
performance, with an average decrease of 4.37%. As
shown in Figure 2, the colour intensity is largely uniform
within each column. This suggests the variation between
datasets, rather than the choice of grouping method,
primarily accounted for the observed differences in
absolute scores.

The relatively weaker performance of K-plus can
be attributed to its algorithmic emphasis on higher-
order moment matching, such as variance, skewness,
and kurtosis, during the anticlustering process. While
this constraint enhances statistical balance among
groups, it can distort the discriminative structure of
the input space by distributing predictive variables
across multiple groups. This diffusion of signal
likely reduced the effective separability of the latent
representations learnt by downstream models, leading
to a measurable decline in accuracy, precision, and
recall. In contrast, the bicriterion and greedy methods
explicitly optimise pairwise dissimilarity directly from
the matrix D, thereby preserving dominant variable
relationships while still mitigating potential proxy bias
and redundancy, which explains their near-parity with
the ungrouped baseline.

Performance patterns also varied systematically
across disease datasets. The chronic kidney disease
(CKD) task exhibited the lowest precision and recall,
which directly impacted its F1-score. This result aligns
with the dataset’s pronounced class imbalance, where
the minority class instances were underrepresented and
harder to detect. The model thus tended to favour
specificity over sensitivity, yielding higher false-negative
rates. Conversely, the Alzheimer’s classification task
recorded the highest scores across all metrics, despite its
extreme imbalance. This counterintuitive outcome arises
because Alzheimer’s cases in the synthetic dataset were
simulated with strong, distinctive variable patterns that
sharply differentiate positive from negative cases. The
distinguishing variable patterns that enabled this strong
predictive separability in Alzheimer’s also resulted in
distinct explanation-level fairness outcomes, as further
discussed in the next subsection.
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Figure 2. Mean accuracy, F1-score, precision, and recall of models across datasets and grouping methods.

SHAP and fairness metrics
Grouped versus ungrouped. A consistent pattern across
datasets was that grouped representations led to more
equitable use of variables and instances compared to
the ungrouped baseline. As illustrated by Figure 3,
the ungrouped case was dominated by a small subset
of variables, producing steep drop-offs in importance
and leaving many variables with near-zero contribution.
This concentration implied that large portions of the
variable space were underused, and in some cases entire
variables contributed nothing to the model’s decision-
making. Grouping counteracted this effect by flattening
the SHAP distribution: more variables were assigned
moderate levels of importance and fewer instances were
associated with zero SHAP values. In practice, this
meant that grouped models make more use of the
available data, essentially reducing ‘waste’.

The degree of equitable distribution of the variable
attribution was further analysed as follows: A few outlier
variables were within a dominating SHAP range (e.g.,
0.3 and 0.6) while the entire box and whisker plots
sat near 0.0 (Figure 4). All grouping methods resolved
this concentration to a different degree, as their boxes
were visibly wider with fewer outliers. The number
of completely unused variables (dots on the 0.0 axis)
decreased from five to one as a result of grouping via
dissimilarity. K-plus anticlustering widened the SHAP
ranges the most (0.18 median and 0.32 range), followed
by random (0.05 median and 0.13 range) and bicriterion
(0.04 median and 0.14 range).

Comparison between grouping methods. While grouping
generally improved fairness relative to the ungrouped

baseline, the extent of improvement differed markedly
between methods. Random grouping was the most
variable, as it achieved results comparable to more
principled methods in some cases, but it also performed
the worst in others. For example, in Diabetes, Random
achieved the N-Sigma error rate of 0.018, very close to
Bicriterion at 0.017, and better than K-plus at 0.024.
However, in the Alzheimer’s task, Random resulted
in relatively poor separability of 0.020 compared to
Bicriterion’s 0.005 and K-plus’ at 0.002.

Greedy grouping, despite its higher computational
cost, did not consistently outperform Random. It often
produced weaker fairness outcomes than Bicriterion and
sometimes even worse than the ungrouped case. For
instance, in CKD, Greedy resulted a N-Sigma error rate
of 0.019 compared to 0.014 and 0.017 with Bicriterion
and ungrouped, respectively. A similar trend was
observed in average distance, where Greedy recorded
0.364 in CKD, which was the worst among all methods
and worse than the ungrouped baseline at 0.345.
Nevertheless, it still achieved the second highest fairness
improvement of 19% on average. This indicates that the
heuristic strategy of locally maximising dissimilarity did
not guarantee globally fairer or more balanced group
structures, but still diminished the unjust influence of
sensitive attribute to some extent.

Bicriterion consistently produced the strongest and
most stable fairness results in both outcome and
explanation parity. By explicitly optimising both
diversity (high average dissimilarity between groups)
and dispersion (ensuring no group is too similar), it
led to the highest improvement of fairness metrics
on average by 25%. These results confirm that
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(a) Bicriterion method (b) K-plus anticlustering

(c) Greedy method (d) Random grouping

(e) Ungrouped

Figure 3. Comparison between SHAP beeswarm plots of CKD classification via LR across different grouping methods. The term
‘Feature’ in this figure refers to a variable in the ML context.

an explicit optimisation of diversity and dispersion
provided a systematic advantage over heuristic or
random strategies.

K-plus excelled at mitigating explanation-level
disparities, consistently achieving the lowest bias
magnitude and group separability across all datasets.
It was the only method to attain near-zero average
distance (< 0.01) in every task and almost halved
both distance and separability compared with other
approaches in Alzheimer’s. This indicates that K-plus
effectively reduced attributional divergence between
privileged and unprivileged groups, yielding nearly
indistinguishable local SHAP patterns. However, this

strength in explanation parity did not translate to group
outcome parity, which was by far the weakest among
all methods. It resulted in 111% decline of average
equal opportunity, equalised odds and predictive parity
compared to ungrouped cases. This highlights that
geometric balance in latent representations did not
necessarily ensure equitable predictive behaviour.

Comparison between classifiers. The model-wise SHAP
summaries reinforce that the grouping effect was
not model-specific. Flatter importance spectra were
observed than their ungrouped counterparts across all
classifiers (Figure 5), suggesting less reliance on a few
dominant variables. The most contributing variables
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(a) Bicriterion method (b) K-plus anticlustering

(c) Greedy method (d) Random grouping

(e) Ungrouped

Figure 4. Comparison between box and whisker plots of the SHAP ranges for classifying Diabetes via MLP across different
grouping methods. The term ‘Feature’ in this figure refers to a variable in the ML context.

(e.g., enc_has_hypertension, enc_has_diabetes, and
enc_has_ckd) remained unchanged across different
models for ungrouped cases, while they were not fixed
for grouped cases. This implies that grouping adjusted
the use of variables appropriately for a given model as
opposed to the ungrouped case with more emphasis on
the inherent structure of the dataset that outweighed
the choice of model when making predictions.

Discussion
Principal findings and the significance of
the study
This study investigated whether grouping variables
by conditional dissimilarity in synthetic healthcare
datasets and mapping grouped representations back
to the original space via a decoder could make
ML models both more explainable and equitable to
support clinical decision. SHIELD integrated three
core components: a dissimilarity-driven grouping stage,
a decoder that localises latent effects to original
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(a) LR (ungrouped) (b) LR (grouped)

(c) MLP (ungrouped) (d) MLP (grouped)

(e) XGB (ungrouped) (f) XGB (grouped)

Figure 5. Comparison between SHAP beeswarm plots of Alzheimer’s classification with bicriterion grouping across different
models. The term ‘Feature’ in this figure refers to a variable in the ML context.

variables, and an audit suite that couples attributional
analyses with group-parity metrics. SHIELD was
evaluated across various clinical classification tasks
via multiple classifiers, including linear, neural, and
tree ensembles, to test for model-agnostic effects. The
use of synthetic data enabled comprehensive fairness
and explainability evaluation under reproducible, bias-
controlled conditions without risking patient privacy.

Empirically, the approach consistently reduced the
concentration of importance in a few dominant vari-
ables. Global SHAP summaries showed flatter spectra
under grouped representations relative to ungrouped
baselines, indicating broader participation of variables

in the decision process. These findings corroborated the
hypothesis that the grouping can mitigate bias pat-
terns inherited from synthetic data generation processes,
where latent dependencies between demographic and
clinical variables are often preserved from source distri-
butions. Fairness analyses complemented the explain-
ability findings. Using six standard metrics, including
equal opportunity, equalised odds, predictive parity, N-
Sigma error rate, average distance from origin in the
bias quadrant, and Bhattacharyya distance based sep-
arability, ungrouped cases often exhibited substantial
disparities, which were improved to a different degree
across grouping methods.
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Figure 6. Equal opportunity, equalised odds, predictive parity, N-Sigma error rate, the average distance and separability in the
bias quadrant across datasets and grouping methods. Note that lower is better for all fairness metrics above.

In particular, the bias-quadrant view provided an
integrated perspective by plotting prediction parity
against explanation parity on protected attributes.
Grouping reliably contracted points toward the origin
along the attribution axis, signalling reductions in
explanation disparity, even when prediction disparities
persisted across the observed range. This underscored
a key insight: improving how decisions are justified
does not automatically equalise outcomes, so methods
need to be assessed on both axes. In this view, K-
plus most consistently contracted toward the low-bias
region, though this geometric stability did not always
translate to the best scores across all fairness metrics. In
this respect, Bicriterion was the most reliable method,
delivering consistent fairness gains across datasets and
metrics. Therefore, Bicriterion should be the preferred
grouping strategy in fairness-critical applications, while
K-plus might serve as a complementary method in
contexts where geometric balance is prioritised.

Different grouping methods exhibited different trends.
Bicriterion, which balances diversity and dispersion
during grouping, was the most reliable across tasks.
K-plus often excelled at reducing geometric bias
magnitude but was less consistent on parity metrics.
Random grouping occasionally matched stronger
methods in certain configurations but lacked robustness.
Greedy strategies were computationally heavier without
commensurate gains. These patterns, together with the
attributional evidence above, suggested that explicitly
optimising both diversity and dispersion is a pragmatic
choice if equitable learning needs to be promoted.

From a translational perspective, the compatibility
of SHIELD with respect to synthetic data offers a

governance-compliant environment for evaluating fair-
ness interventions before real-world deployment. In
practical terms, the results suggested that dissimilarity-
based grouping with decoder mapping could deliver
benefits beyond metric gains. By drawing signal from
a broader share of variables and instances, grouped
models are more sample-efficient and can reduce par-
ticipant burden in prospective studies, since accept-
able behaviour of models may be achievable without
continuously enlarging the cohort. A more equitable
reliance on variables also supports parsimonious testing
designs and data collection protocols, saving acquisi-
tion and processing costs while keeping explanations
traceable to native clinical variables through decoder-
mapped SHAP.

Limitations and future work
Nevertheless, the study’s scope and design placed
boundaries on external validity. All experiments used
structured tabular data with supervised classification
endpoints and cross-validation. However, the study
did not evaluate time-to-event outcomes, free-text
modalities, nor conduct prospective clinical validation.
Hyperparameter search spaces were finite, and the
number of groups was not systematically optimised.
Finally, the proposed claims were empirical and
aligned with the domain knowledge but were not
yet corroborated by formal guarantees on risk or
attributional faithfulness after decoding.

Future work should extend SHIELD beyond variable-
level explainability to incorporate instance-level attri-
bution. While this study focused on how conditional
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dissimilarity reshapes variable importance and fair-
ness parity between sensitive attributes, the frame-
work treats all training instances uniformly. Recent
approaches, such as Data Shapley50 and Residual Shap-
ley decomposition (RSHAP)51 offer principled ways
to quantify the influence of individual training points
on predictive behaviour. Integrating SHAP methods at
instance level with SHIELD’s decoder-based attribution
could further reveal whether unfair decision patterns
originate from specific influential patient records rather
than general variable structure as a whole. This com-
bined analysis would strengthen SHIELD’s capacity
to diagnose bias source within synthetic datasets and
support more granular, clinician-aligned auditing in the
bias quadrant space.

Future work should also consider applying SHIELD to
semi-synthetic datasets, where records are incrementally
anchored to real-world distributions52. This middle
ground between real and synthetic datasets would
allow fairness interventions to be stress-tested under
controlled yet clinically realistic conditions, enhancing
SHIELD’s translational relevance for digital health
governance and model auditing workflows.

Comparison with prior work
Several preprocessing approaches have been proposed
to enhance fairness in ML by modifying the training
data prior to model learning. Representative examples
include reweighing, which adjusts the importance
of training samples across protected groups18, and
Disparate Impact Remover (DIR), which transforms
feature distributions to reduce statistical dependence
between predictors and protected attributes53. These
methods primarily target prediction-level fairness
and do not explicitly evaluate whether explanatory
importance is equitably distributed across variables.

Figure 7 compares these prior preprocessing tech-
niques with SHIELD grouping strategies across
predictive performance, outcome-level fairness, and
explanation-level fairness metrics. Performance metrics
(Accuracy and F1-score) remain largely comparable
across methods, indicating that fairness interventions do
not substantially degrade predictive capability for this
task. However, differences emerge when examining fair-
ness metrics. Traditional preprocessing methods such
as DIR and Reweighing reduce disparities in outcome-
level metrics, primarily the equal opportunity, but they
exhibit substantially larger values in the explanation-
level metrics, particularly the separability. This indi-
cates that even when prediction outcomes appear rel-
atively balanced across groups, the internal attribution
structure of the model may still diverge substantially.

Additionally, the results of this study are consistent
with prior evaluations of SHIELD on real-world
clinical datasets54. In both settings, dissimilarity-
based grouping reduced the concentration of SHAP
importance in a small subset of variables and produced
a more balanced attribution distribution across the
feature space. This suggests that the fairness-oriented
regularisation effect of dissimilarity grouping is not
specific to a particular dataset type. However, the

synthetic experiments in this study reveal additional
distinctions among grouping strategies: bicriterion
grouping consistently achieved balanced improvements
across fairness metrics, whereas K-plus more strongly
reduced geometric bias magnitude but was less
consistent in outcome-level parity.

These results highlight an important distinction
between SHIELD and prior preprocessing methods.
While techniques such as Reweighing and DIR operate
by adjusting sample distributions or feature represen-
tations to reduce statistical dependence on protected
attributes, SHIELD instead modifies the structural
organisation of variables through dissimilarity-based
grouping. This mechanism targets proxy bias arising
from correlations among predictors and encourages a
more distributed pattern of explanatory importance
across the feature space. Because SHIELD retains
decoder mappings from latent representations back to
the original variables, it also preserves interpretability,
enabling fairness evaluation at the level of clinically
meaningful variables.

Broader impact statement
The findings of this study highlight how synthetic
healthcare data can serve as a powerful environment
for developing and auditing equitable ML systems
before they are introduced into real clinical workflows.
By uncovering how attributional imbalance at the
variable-level can emerge even in privacy-reserving
synthetic datasets, SHIELD illustrates the importance
of evaluating not only predictive performance but also
the fairness and explainability of the decision-making
process. This contributes to the wider effort of building
digital health systems that are trustworthy, explainable,
and safe for diverse patient populations.

More broadly, grouping by dissimilarity provides a
lightweight intervention that is model-agnostic, data-
efficient, and immediately applicable within existing
health informatics pipelines. It supports synthetic data’s
role as a safe tool for early fairness evaluation by
offering an interpretable mechanism to weaken spurious
dependencies before real-world deployment at variable-
level. These properties align with the broader goals
of digital health research, which are to promote
equitable, reproducible, and trustworthy AI systems
that can be scrutinised by clinicians, regulators, and
patients. This work contributes to a scalable pathway
towards responsible adoption of AI in healthcare
by demonstrating the potential to improve fairness
and explainability without sacrificing practicality and
predictive performance.

Conclusion
In conclusion, the results showed that grouping
dissimilar variables via CMI, auditing both outcomes
and explanations, and preserving traceability back
to clinical variables form a coherent path toward
transparent and equitable decision support. While
there remains work to do on theory, instance-
level attributions, and broader task coverage, the

Prepared using sagej.cls



Yun et al. SHIELD Framework 15

Figure 7. Comparison of performance, outcome fairness, and explanation fairness across SHIELD and prior methods on
Hypertension classification.

contributions of this study provide a concrete step from
concept to practice. By leveraging synthetic healthcare
data as a validation substrate, SHIELD demonstrates
how equitable and transparent AI can be developed
responsibly within privacy-preserving ecosystems.
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