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Abstract

trustworthy healthcare Al applications.

The nature of decisions in the healthcare domain necessitates accurate, interpretable, and reliable Al solutions.
Explanation Guided Learning (EGL) explores the integration of explanation annotations into learning models to
align human and model explanations. In this paper, we propose Explanation Constraints Guided Learning (ECGL),
a novel approach inspired by the augmented Lagrangian method that integrates domain-specific explanation
constraints directly into model training. The goal is to enhance both predictive accuracy and interpretability,
making machine learning models more trustworthy. Experimental results on both tabular and image datasets
demonstrate that ECGL maintains high accuracy while incorporating fairness and interpretability constraints.
Specifically, ECGL improves predictive accuracy on the diabetes dataset compared to the base model and
enhances feature alignment, with SHAP analysis. On average, a 36.8% increase in SHAP importance demonstrates
that ECGL effectively aligns model explanations with domain knowledge. Furthermore, ECGL improves the
identification of clinically significant regions in pneumonia X-ray images, as validated by both improved Equalized
Odds Ratio (EOR) and GradCAM visualizations. ECGL achieves a 13% improvement in the EOR fairness metric,
indicating better consistency of predictive performance across different groups. These results confirm that ECGL
successfully balances performance, fairness, and interpretability, positioning it as a promising approach for
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Introduction

The nature of decisions in the healthcare domain neces-
sitates accurate, interpretable, and reliable Al solutions.
Explainable artificial intelligence (XAI) techniques aim
to explain the inside of a black box in deep neural net-
works (DNNs) [1]. The majority of the research body in
XAI focuses on generating such explanations, while ques-
tions like whether the generated explanations are reason-
able and accurate have received less attention [2]. In
response to such questions, a research direction referred
to as Explanation Guided Learning (EGL) studies the
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integration of explanation annotations into the learning
models in order to align human and model explanations
[2-6]. This ultimately enhances machine learning mod-
els’ interpretability and generalizability. This is due to a
better grasp of the correct rationale and becoming more
robust to artifacts and noises that interfere with model
predictions [2]. Thus, in EGL, explanations are not just
outputs used for human interpretation but are protago-
nists in guiding the model’s training process with the aim
of building models that are not only accurate but also
transparent and trustworthy. This is particularly impor-
tant in domains where understanding the reasoning
behind decisions is critical, such as healthcare and medi-
cal image analysis [7, 8].

The success of EGL depends on the quality and rel-
evance of the explanations used. Moreover, integrat-
ing explanation feedback into the training process can
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be computationally intensive, especially if explanations
need to be generated and evaluated at every iteration
[9]. The literature addresses the computational issue by
discussing the scalability and introducing the trade-offs
between explainability and performance by leveraging
the approximation techniques [9], and utilizing adaptive
learning algorithms that select only a prominent subset
of explanation constraints [3]. Pre-computed explana-
tion modules or partial explanation constraints have also
been proposed to reduce the computational complex-
ity [2]. Rieger et al. penalize the explanations that do
not align with existing human knowledge to reduce the
overhead with generating explanations at every iteration
[5]. Although these pre-computed explanations or partial
explanation constraints have been effective in reducing
the computational complexity, they may fail in adapting
to the model’s training. This is because in deep learning
models, the decision boundaries continuously change as
the training progresses, while the pre-computed expla-
nation constraints are static and remain unchanged.
This might reduce the effectiveness of such constraints
to provide high-quality explanations. It also limits the
ability of the model to optimize interpretability along
with accuracy. Adaptive learning algorithms address
the issue of pre-computed explanations. However, these
methods might overlook interactions between multiple
constraints by selecting a prominent subset of explana-
tion constraints. In cases where the existing knowledge
is incomplete or inconsistent, penalizing the non-aligned
explanations might also introduce biases.

The main idea of this paper is to formulate specific
constraints on the explanations and to adopt the rewrit-
ing used in the Augmented Lagrangian method to inte-
grate these constraints directly into model training. More
specifically, unlike traditional and standard EGL where
explanation annotations are taken as a fixed supervisory
signal, we start by viewing a new formulation for guid-
ing learning through explanations as Explanation Con-
straints Guided Learning (ECGL). Novelty in ECGL
occurs in three areas: 1) supporting a large variety of spe-
cific constraints from different domains such as fairness,
relevance of features, etc. in a common optimization
framework; 2) employing adaptive Lagrange multipli-
ers and penalty parameters which enable the model to
balance accuracy, fairness, and interpretability during
training and not using fixed hyperparameters; and 3) for-
mulation such that the constraints are iteratively refined
by the model’s state and thus are capable of filling avail-
able gaps instead of being static. These constraints will
be used to design specific criteria, such as background
knowledge satisfaction and fairness requirements, that
the explanations should meet. The importance assigned
to each constraint is refined iteratively based on its con-
tribution to optimizing the overall objective function.
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This ensures a comprehensive inclusion of constraints,
adaptability during training, and a more balanced optimi-
zation of multiple objectives.

The Lagrangian method takes the objective function
and the constraints as input and transforms the original
objective function by integrating components that quan-
tify the constraints’ satisfaction. The method involves
adding extra variables, called Lagrange multipliers, to
represent the importance of each constraint. Thus, the
violations of the more important constraints are penal-
ized more harshly than violations of the less important
constraints. The modified objective function is opti-
mized over the original variable space, making sure that
the Lagrange multipliers are set correctly to find the best
upper and lower bounds that can be reached for the orig-
inal problem [10]. Therefore, the importance of the con-
straints is not defined a priori but is discovered by design.

By integrating constraints on the explanation directly
into model training, we aim to perform an optimiza-
tion on both the prediction accuracy and the quality of
explanations simultaneously and we try to ensure that the
model does not sacrifice interpretability for accuracy or
vice versa. In a technical sense, adaptive Lagrange mul-
tipliers and penalty parameters let the model constantly
find the best balance between fitting the training data
and meeting the explanation constraints. We focus on the
healthcare domain to better highlight the performance of
the proposed method on both tabular and medical image
datasets.

Organization

The rest of this paper is organized as follows: Section
2 reports the related works dealing with explainabil-
ity and fairness issues in the context of the healthcare
domain. ECGL is presented in Sect. 3, where we discuss
the problem formulation, the incorporation of explana-
tion constraints, and the construction of the Augmented
Lagrangian function. The experimental setup, utilized
datasets, and evaluation metrics, followed by a detailed
discussion of the results, are provided in Sect. 4. We per-
formed experiments on healthcare datasets for diabetes
risk prediction, pneumonia, and multi-label Chest X-ray
classification, showing improvements in accuracy, fair-
ness, and interpretability. Finally, Sect. 5 concludes the
paper with a summary of findings and potential future
research directions.

Related works

It is crucial for humans to understand the decision-mak-
ing processes of complex learning models, particularly
in domains such as healthcare [8]. Several studies have
focused on developing trust, transparency, and inter-
pretable techniques. In the following, we provide an
overview of the state-of-the-art methods dealing with
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explainability and fairness issues in the context of the
healthcare domain.

Explainability

XAI methods are commonly categorized into three main
groups, providing a clearer understanding of their appli-
cation and orientation. A widely used taxonomy of XAl
methods classifies them into:

1. Gradient-based methods, which propagate
backward the influence of input features on the
output. Representative techniques include Saliency
Maps [11], Integrated Gradients [12], and
GradCAM [13], along with later variants. These
methods are computationally efficient and directly
tied to the model parameters, but they are often
noisy and sensitive to perturbations [14].

2. Perturbation-based methods, which provide
explanations by observing the responses to
modification or occlusion of input features. LIME
[15] and SHAP [16] are prominent examples. They
can produce more intuitive explanations but are
computationally expensive and may lack stability
across runs [17].

3. Surrogate-model methods, which approximate
the behavior of a complex black-box model with a
simpler interpretable model, such as decision trees
or linear models [18, 19]. These methods are easy
to interpret but risk oversimplifying the underlying
model, leading to fidelity issues.

Compared to perturbation- or surrogate-based
approaches, gradient-based methods are especially
appealing in medical imaging contexts because they
scale well to high-dimensional data, provide explanations
tightly coupled with the learned representations, and
can be directly integrated into training to guide optimi-
zation. For these reasons, our work is closest in scope to
the first category, as we use gradient-based explanations
to influence the training process itself. Building upon this
taxonomy, we next review the studies tailored to XAl,
particularly focusing on medical data analysis.

Van der Velden et al. [8] provide a comprehensive
overview of existing XAI methods within the context of
medical image analysis. The review highlights the impor-
tance of understanding the underlying rationale behind
model predictions. Dong et al. [20] attempt to address
the issue of bias and lack of transparency in deep neural
networks by proposing a graph-based object-guided con-
sistency interpretation enhancement (OCIE) method.
Their approach aims to improve the interpretability and
ensure fair feature learning. Their experimental results
show the effectiveness of focused explanations on the
reliability of the network estimations. Zhao et al. [21]
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focused on lung cancer diagnosis and developed a robust
and explainable detection framework for pulmonary
nodule detection, incorporating explanation supervision
and imputation methods. Similarly, the authors in [22]
and [23] demonstrated the practical applications of XAl
in the medical domain, with a system being developed for
brain tumor surgery. These studies underscore the criti-
cal role of explainability in deep learning models, espe-
cially in the medical domain. By providing insights into
model decision-making, XAl can foster trust between cli-
nicians and Al systems.

Pukdee et al. [3] proposed a theoretical framework for
learning from explanation constraints, shedding light on
the potential benefits of integrating explanations into the
learning process. The authors in [5, 24] have delved into
the interpretability and regularization of deep learning
models, further emphasizing the growing significance of
explainability in this field. In [24] the authors focus on
explaining and regularizing models by examining and
selectively penalizing their input gradients, resulting
in efficient explanation generation and regularization.
Whereas the method proposed in [5] enables practitio-
ners to leverage existing explanation methods to improve
predictive accuracy, prioritizing model performance over
explanation generation. While both studies demonstrated
the effectiveness of their respective approaches in pro-
viding explanations and enhancing model performance,
their suitability may vary depending on specific applica-
tion requirements and prioritizing either model explain-
ability or prediction performance.

Several studies have focused on improving the quality
and effectiveness of explanations [25-28]. For instance,
Zhang et al. [25] investigated the challenges posed by
noisy and missing annotations in explanation supervi-
sion, while Yan et al. [26] utilized human explanations
to identify meaningful categories within social images.
In contrast, Gao et al. [29] addressed the limitations of
human explanations by handling inaccurate boundar-
ies, incomplete regions, and inconsistent data distribu-
tions. Additionally, the authors in [28] improved visual
explanations through the incorporation of an attention
mechanism. Selvaraju et al. [13] introduced GradCAM,
a widely adopted technique for generating visual explana-
tions that emphasize crucial regions within images. The
authors in [30] explored the use of explanation-guided
training to enhance the focus of deep learning models
on relevant image features. Some researchers have also
delved into the potential risks and challenges associated
with XAI For instance, the authors in [31, 32] indicate
that there is a need for careful consideration of pri-
vacy concerns, in addition to considering the trade-oft
between model transparency and faithfulness, in order to
improve explanation plausibility and user trust.
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Overall, even though perturbation- and surrogate-
based XAI provide interpretation and intuitive explain-
ability, they are rather expensive and tend to suffer from
unmatched fidelity when applied to extremely high-
dimensional tasks such as those found in medical imag-
ing. In contrast to these two methods, gradient-based
methods, despite being sensitive to noise, can provide a
fair mix between scalability, faithfulness, and trainability
that encourages their application in the present study.

Fairness

Fairness addresses the identification and mitigation of
biases in learning systems that may result in discrimi-
natory outcomes affecting specific groups. This is par-
ticularly important in domains such as healthcare, where
biased predictions can have significant negative conse-
quences [33, 34]. Several studies have highlighted the
biases that can arise in deep learning models, leading
to discriminatory outcomes against certain groups [33,
34]. Tian et al. [34] provide a comprehensive survey on
fairness protection methods, emphasizing the impor-
tance of addressing fairness in machine learning models.
These methods are generally categorized into three main
approaches: data-level, model-level, and post-processing
techniques. Data-level techniques aim to address biases
in the training data, while model-level approaches focus
on modifying the model architecture or training process,
and post-processing techniques involve modifying the
model’s predictions after training [35-38]. The authors
in [33] explore various bias-reducing methods for fair-
ness-aware neural networks in the context of vision and
language, stressing the importance of addressing algo-
rithmic biases and proposing a novel taxonomy to orga-
nize the literature on bias neutralization methods. This
survey offers valuable insights into the state-of-the-art
de-biasing techniques and challenges in achieving fair-
ness in deep learning.

The authors in [39] evaluated the impact of popular
fairness models on overcoming biases across subgroups
in medical image analysis. Their findings demonstrate
the effectiveness of these models in mitigating fairness
issues but also highlight the potential trade-offs with
uncertainty estimation. This underscores the importance
of carefully considering the implications of fairness mod-
els in real-world applications. Moreover, there are sev-
eral challenges in relation to considering fairness in deep
learning models. Namely, the literature lacks a single,
universally accepted definition of fairness in machine
learning [40]. Common notions of evaluating fairness
include demographic parity, equal opportunity, and
disparate impact. These definitions can conflict, mak-
ing it difficult to choose the most appropriate one for a
given application. Similarly, many deep learning models
exhibit an inherent complexity that renders them difficult
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to interpret. This complexity poses significant chal-
lenges in comprehending how fairness is being attained
or undermined, as well as in recognizing and addressing
biases [15]. It has also been shown that biased training
data (data bias) may potentially lead to discriminatory
outcomes against marginalized groups, resulting in algo-
rithmic discrimination [41-43]. Furthermore, ensuring
fairness frequently might necessitate making compro-
mises with accuracy, as a model may need to forfeit some
predictive capability in order to prevent discrimination
against specific groups [44]. Addressing these challenges
requires a multi-faceted approach, including meticu-
lous data curation, thoughtful and deliberate algorithm
design, and continual monitoring and assessment of
model performance.

ECGL in the context of explanation guided learning

ECGL, while inspired by the EGL paradigm, gives a com-
pletely different optimization philosophy. In most cases,
traditional methods of EGL involve using human expla-
nations as a kind of soft regularization, therefore, adding
a specific loss term dedicated to penalizing the variations
with respect to a given explanation map (like £Lg, in Eq.
1). Usually, this term comes with a weight-fixed trading-
off (a), making it very challenging to tune. In contrast,
ECGL puts the explanations in a promise set within the
Augmented Lagrangian formalism. Hence, it has more
flexibility and is adaptable. Deciding whether an expla-
nation constraint should be satisfied or not becomes
dynamic instead of using a fixed hyperparameter, and it
is handled by the Lagrange multipliers A and the penalty
term y. In this manner, ECGL is much more suitable to
have many conflicting constraints inserted and to adapt
these constraints during the training phase.

Proposed method

We assume that the reader is familiar with the base
machine learning and explainability techniques and start
defining the problem of Explanation Guided Learning
(EGL). Intuitively, EGL integrates human explanation
annotations into the learning models in order to align
human and model explanations. The problem has been
formalized in [2] as follows:

Definition1 (EGL) Letfbeadifferentiable model with the
parameterized 6 that learns to fit inputs X € RV*? and
the corresponding one-hot class labels Y € RV*X where
N denotes the total number of data samples, D denotes the
input dimension, and K denotes the number of classes. An
explainer g is chosen to extract the explanation M from
the model f given its parameters 6 and a set of data points
(X,Y). The objective function of the EGL problem is:
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min £ppea(f(X),Y) + aLpap(g(f, (X, V), M)
TaskSupervision

+ pQg(f, (X, Y)))
N——

ExplanationRegulization

ExplanationSupervision (1)

where M incorporates the right explanation provided by
human annotations a and /3 are regulator parameters.

In practice, the explainer function g is usually real-
ized by the existing differentiable XAI explainers like
GradCAM [13]. In task supervision, a loss such as cross-
entropy is used, while in explanation supervision and
explanation regularization, some general properties, such
as maintaining the sparsity of the explanation, are forced.

Let’s present Explanation Constraints Guided Learn-
ing (ECGL). The idea is to see the same problem of EGL
under different perspectives: define it as the combination
of the task supervision problem with the so-called expla-
nation constraints, able to design specific criteria such
as background knowledge satisfaction, fairness require-
ments, sparsity, or relevance that the explanations should
meet.

Definition 2 (Explanation Constraint) An explanation
constraint is a specific constraint of the form:

gi(0) <0, ie{l,...,m} (2)
where m is the number of conditions and g; represents a
specific i-th condition on the generated explanations.
We propose to incorporate the explanation constraints
into the learning process. This integration introduces
high computational complexity, especially when con-
straints are incorporated into the model during each
iteration. To handle these tasks efficiently, we adopt the
rewriting used in the Augmented Lagrangian method.
Following it, the constrained optimization problem is
relaxed into an unconstrained problem whose objective
function (called the Augmented Lagrangian function) has
two additional components that take into account the
satisfaction of constraints, whose importance is deter-
mined by the additional variables called Lagrangian mul-
tipliers. The formal statement is as follows:

Definition 3 (Augmented Lagrangian [45]) Given a
constrained optimization problem:

Minimize L(0) subject to g;(8) <0,for i € {1,...,m} (3)
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where L(f) is an objective function and g¢;(f) with
i € [1..m] are constrains, the Augmented Lagrangian
function L 4 is formulated as follows:

m

EA(H’ )‘7”) = L(e) + ; /\'L'gi(e) + g; InaX(O,gi(e))Q (4)

where 0 represents the parameters or decision variables,
A;s are the Lagrange multipliers associated with each con-
straint g;(0), ¢ is a positive penalty parameter that inten-
sifies the penalty for violated constraints as it increases,
and max(0, g;(0))? represents the penalty terms for each
constraint, squared and applied only when constraints
are not met (i.e., when g;(6) > 0).

Such a method provides a robust framework for solv-
ing constrained optimization problems. The very premise
of these methods would make one combine the Lagrang-
ian with a quadratic penalty on constraint violations. If
we think of convex optimization, where objective func-
tions and the constraints g; are convex, convergence is
assured to the global optimum by these methods. The
penalty parameter ;1 — oo will, in fact, cause the solution
to the unconstrained problem in Eq. 4 to converge to the
solution of the original constrained problem [46]. The
Lagrange multipliers A; would then correspond to dual
variables, estimating the shadow price of each constraint.
In the case of non-convex constraints (non-convex func-
tions g;), the augmented Lagrangian remains highly effec-
tive, although some degree of global convergence failure
is present. For this reason, the quadratic penalty term
max(0, g;(0))? smooths the landscape to better accom-
modate gradient optimization methods. Iterative updates
to A and u then steer the search towards a local minimum
that satisfies the constraints. And the term max(0, g;(6))?
is a continuously differentiable penalty, which is criti-
cal for the stability of adaptive optimizers, including
Adam. The rule for updating the Lagrange multipliers,
Ai A\ + p.max(0,g;(0)), denotes dual ascent in this
case. This stage modifies the price of constraint violations
according to the current state of violation. The adaptive
updating of the penalty parameter g is important in mak-
ing sure that constraints become more critical later on
in the optimization process to avoid the algorithm being
trapped at points optimal for the primary loss but which
violate the constraints.
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Algorithm 1 ECGL algorithm

1: Input: Training data (X,Y’), explanation requirements R, initial model parameters 6
2: Initialize: Lagrange multipliers A; = 0 for all ¢, penalty parameter p > 0, maximum iterations

N, learning rate 1

3: Define: Loss function L(6), domain-specific knowledge K

> Dynamic Constraint Formulation

4: Define initial explanation constraints g;(#) based on R and K, g; = ¢;(0)

5. for k=1to N do

> Begin Optimization Loop

> Augmented Lagrangian Construction

6: ‘CA(97 >‘a ,LL) «— L(H) + 5”9“% + Z:’;l ()‘zgz + %maX(Oagi)2)

7: 6 < Optimizer(VgL4,0,n)

for 2 =1 tom do
: Ai = A\ + pmax(0, g;(9))
10: end for

11: p — update_mu(p, 0)

12: gi < adjust_constraints(g;(0), €, \;)
13: end for

14: Return: optimized model parameters 6

> Optimization Step

> Lagrange Multipliers Update

> Adaptive Penalty Parameter Update

> Dynamic Adjustment of Constraints

The proposed ECGL method is presented as Algorithm
1. It takes in input the training data (X, Y), explanation
requirements R (if they exist), and initial model param-
eters 6, initializes the Lagrange multipliers A\; = 0 for all
i, the penalty parameter g4 >0, the number of maximum
iterations N, and the learning rate 7 (lines 1-2).

In the system setup, we define the loss (e.g., cross-
entropy loss for classification) and the prior knowledge
IC that guides the setting of explanation constraints (line
3). The initial explanation constraints are defined on line
4 and are updated during the training process on line
12. Explanation requirements R could be considered as
high-level qualitative goals. For instance, the request is
that the predictions should not be in favor of one gender
over another.

The algorithm iteratively updates the parameters
of the model, the Lagrange multipliers, the penalty
parameters, and the explanation constraints on lines
5-13. Line 6 defines the Augmented Lagrangian L4
based on the total loss function L(f) and the expla-
nation constraints. The total loss function L(6) can
be realized as L(9> = BlLaccuracy(a) + ﬁ2Lfairness(9)
33 Linterpretability (#), where 31, B2, f3 weights are balanc-
ing the importance of accuracy, fairness, and interpret-
ability. Observe that in our formulation, the Augmented

Lagrangian £ 4 also has an [2-regularization term 4||6]|3
to enhance robustness against noisy data.

The optimization step is performed on line 7. We
utilized the Adam optimizer in our experiments. The
Lagrange multipliers are updated on lines 8-10. The
adaptive penalty parameter y is updated in case the con-
straints are not sufficiently satisfied on line 11. In our
experiments, we realize the update mu function as
follows:

{u ¢ if 30 max(0,9(0))* > € 5)

7 otherwise

where there (>1 is an increase factor and ¢ is a
threshold for constraint violation tolerance. The
adjust _constraints function on line 12 can be real-
ized as ¢;(0) + v - VoL 4, where y is a learning rate spe-
cific to the constraint adjustment. Thus, the explanation
constraints are updated, taking into account the decision
boundaries of the model.

At the end, the optimized model parameters are
returned on line 14.
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Experiments

To evaluate our proposal, we considered three well-
known and publicly available healthcare datasets con-
taining data on diabetes patients, pneumonia, and NIH
Chest X-ray images, respectively. We have made the eval-
uation codes available.!

We conducted a comprehensive evaluation using
widely adopted fairness metrics and explainability tech-
niques to evaluate the efficacy of ECGL in enhancing the
overall fairness and explainability of machine learning
models. We evaluated the efficacy of our proposed ECGL
in (i) mitigating biases that may lead to discriminatory
outcomes and (ii) enhancing transparency into the mod-
el's decision-making process.

Evaluation

We utilized two prominent techniques to interpret
and explain the predictions of models: SHAP [47] and
GradCAM [48]. We employed SHAP (SHapley Additive
exPlanations) values to interpret the importance of fea-
tures in the models’ predictions (first experiment with
the diabetes dataset). SHAP values provide a measure
of how much each feature contributes to the difference
between a prediction and the average prediction of the
model. Therefore, SHAP values can reveal the most influ-
ential features in a model’s prediction, feature interac-
tion, and global and local explanations.

For the second experiment with the pneumonia X-ray
image dataset, we used GradCAM (Gradient-weighted
Class Activation Mapping) to visualize the regions of the
images that the model focused on when making predic-
tions. GradCAM generates heatmaps that highlight the
areas of the image that contribute most to the model’s
classification. These heatmaps offer insights into how the
models are making decisions, potentially revealing biases
or limitations. By analyzing the regions highlighted by
the heatmaps, we can identify which features (e.g., lung
nodules, anatomical structures) are most important for
the models’ predictions.

The utilized metrics on fairness are presented in [33,
34, 49] and reported below. The insights derived from
fairness metrics can effectively guide the model devel-
opment process toward mitigating biases. In our experi-
ments, dealing with medical datasets, we considered the
Equalized Odds Difference (EOD) and Ratio (EOR) as the
fairness metric. This metric evaluates the difference and
ratio of the true positive and false positive rates between
protected groups, respectively. A difference value of 0
and a ratio closer to 1 suggest that the model is equally
likely to classify individuals from different groups cor-
rectly or incorrectly. EOD and EOR focus on the fair-
ness of the model’s predictions rather than the overall

!https://github.com/ShahbazianR/AL-EGL

(2025) 25:403

Page 7 of 21

outcomes, ensuring that the conditional probability of a
positive outcome given a positive or negative prediction
is equal across different demographic groups. Moreover,
equalized odds does not enforce the same positive pre-
diction rates across different groups, allowing it to better
reflect differences in base rates of outcomes. This is par-
ticularly important in domains where certain conditions
may be more prevalent in specific demographic groups.

Additionally, we have utilized common metrics, includ-
ing Area Under Curve (AUC) and Accuracy to measure
the model’s performance. Overall, higher AUC and Accu-
racy values indicate a more accurate model, while lower
EOD and higher EOR represent a fairer model.

Experimental settings

To evaluate our proposal, we considered three well-
known and publicly available healthcare datasets contain-
ing data on diabetes patients and pneumonia and NIH
Chest X-ray images, respectively. The experiments on
diabetes and pneumonia datasets have been conducted
on a system with 2 Intel Xeon virtual CPUs and 12 GB of
RAM, using the Python programming language and Ten-
sorFlow library. The experiment on the NIH Chest X-ray
images was conducted using 2 T4 GPUs, 30 GB of RAM,
and 16 GB of GPU RAM. “Fairlearn” and “SHAP” librar-
ies have been used for fairness and explainability evalua-
tion purposes, respectively. The GradCAM visualization
has been implemented by the authors using the “Keras”
library. We have also used the “Scikit-learn” library for
data preprocessing and standardization.

Experiment I: diabetes dataset

The diabetes dataset? is a widely used benchmark in the
healthcare domain. This dataset comprises 768 instances
with eight attributes, including gender, body mass index
(BMI), blood pressure, skin thickness, insulin level,
glucose level, and diabetes pedigree function. The tar-
get variable is a binary class indicating the presence or
absence of diabetes. We evaluated the performance of
the proposed model across a range of different metrics,
including EOD, EOR, Accuracy, and AUC.

Model selection

The model architecture of the examined diabetes deep
learning network is illustrated in Fig. 1. We utilized a
sequential neural network, consisting of three dense lay-
ers with decreasing units (128 — 64 — 32), interspersed
with dropout layers to prevent overfitting. The final layer
has two output units with a softmax activation function,
producing probabilities for the two classes, referring to
the positive or negative case of diabetes.

Zavailable at: https://data.mendeley.com/datasets/wj9rwkp9c2/1
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Fig. 1 The architecture of the neural network was utilized for the experiment on the diabetes dataset

Table 1 Specific conditions used in experiment I. LB and HB refer to lower and higher bounds of feature values, respectively. P is the
empirical probability of diabetes for the specified range. Convexity indicates whether the constraint region defined by LB and HB is

convex
Positive Negative Convexity

Feature LB HB P LB HB P

Pregnancies 0 5 0.2572 0 5 0.7428 Convex
Glucose 170 - 0.8406 50 75 1.0000 Convex
Glucose (cont.) - - - 30 100 0.9271 Convex
Blood Pressure 100 - 0.6154 - - - Convex
Skin Thickness 60 - 1.0000 20 40 0.6311 Convex
Insulin 200 - 0.5412 0 200 0.7279 Convex
BMI 50 60 0.7143 0 20 1.0000 Convex
DPF - - - 0 0.25 0.7463 Convex

As for the training, we used the sparse categorical
cross-entropy loss function and the “Adam” optimizer.
The model has been trained considering 100 epochs in
total, with early stopping applied to avoid the potential of
overfitting.

Explanation constraints

To effectively define explanation constraints in our model,
we conducted a comprehensive analysis of the dataset
and leveraged expert domain knowledge. This analysis

allowed us to identify the relevant ranges and the correla-
tions of data features with the likelihood of a positive dia-
betes diagnosis. We identified the potential probability of
positive and negative diabetes cases corresponding to the
specified feature ranges reported in Table 1. We defined
the corresponding constraints and used them to refine and
guide the model’s predictions towards classification labels
aligning with the determined probabilities. Noteworthy,
we consider the normalized values of these conditions to
better align with loss values while training the model.
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Table 2 Performance of ECGL. base model is the model without
any explanation constraint. X model incorporates explanation
constraints for X, where X € {Pregnancies, glucose, blood
pressure, skin thickness, Insulin, BMI, DPF, and all Constraints}.
Bold represents the best in each column

Model Accuracy EOD EOR AUC
Proposed ECGL

Pregnancies 0.7597 0.1931 0.3428 0.7646
Glucose 0.7532 0.3412 03117 0.7232
Blood Pressure 0.7597 0.3888 0.2222 0.7101
Skin Thickness 0.7662 0.3029 0.3636 0.7454
Insulin 0.7727 0.3029 0.2380 0.7505
BMI 0.7727 0.3029 03117 0.7505
DPF 0.7597 0.3386 0.2449 0.7444
All Constraints 0.7857 0.3399 03174 0.7566
Base Model 0.7468 0.3399 0.3265 0.7162

In particular, each condition in Table 1 specifies a cor-
responding constraint violation function ¢(6), which
evaluates the inconsistency between the model pre-
dictions and expert probabilities under a given range
of a feature. For a sample whose features lay in a speci-
fied range (say Glucose>170), this constraint violation
is assessed concerning the probabilities output by the
model. For instance, should domain knowledge indicate
a high degree (e.g., 0.84) of a positive diagnosis for the
high glucose class, then this constraint term penalizes
the model when it predicts low probabilities for this class.
The violation itself is expressed as a smooth and differ-
entiable function of model outputs, which measures the
model’s failure to conform with the expert knowledge.
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Such a formulation easily lends itself to gradient-based
optimization in the Augmented Lagrangian framework.

The set of constraints in Experiment I is all defined
over closed intervals or threshold-based conditions for
individual features; hence, they define convex feasible
regions in the input space. In Table 1, the classification
of each condition with respect to convexity is presented.
This makes it compatible with convex constraint opti-
mization techniques; however, our framework remains
applicable even in non-convex scenarios because of its
iterative penalty-based scheme.

Results and discussion
The Base model was trained to optimize the output accu-
racy without any explanation constraints. Table 2 com-
pares the base network with ECGL variants that impose
explanation constraints on individual features or on
all features simultaneously. The All-constraints model
achieves the highest accuracy (0.7857, +3.89% over Base
Model) but does not improve fairness (EOD=0.3399,
identical to the Base model; EOR=0.3174 vs. 0.3265).
In contrast, several single-feature variants provide
meaningful fairness gains: the Pregnancies-only model
reduces EOD by 43% (0.1931) and raises AUC by 4.84%
(0.7646). Overall, imposing carefully chosen explanation
constraints can lower bias while preserving—or slightly
improving—predictive performance; combining all con-
straints maximizes accuracy at the cost of fairness.
Explainability analysis by using the SHAP values is
presented in Table 3. As shown in Table 3, the feature
importance values generally experience an increase when

Table 3 Comparing the importance of SHAP values obtained by applying the constraint-based ECGL models with the base Model,

and the corresponding improvement percentages

Model Pregnancies Glucose Blood Pressure Skin Thickness Insulin BMI DPF
ECGL Models - SHAP Values

Pregnancies 0.0823 0.2201 0.0507 0.0620 0.0580 01217 0.0665
Glucose 0.0324 0.2009 0.0329 0.0335 0.0604 0.0873 0.0496
Blood Pressure 0.0303 0.1725 0.0312 0.0277 0.0377 0.1093 0.0450
Skin Thickness 0.0351 0.1702 0.0249 0.0179 0.0295 0.0952 0.0430
Insulin 0.0269 01713 0.0408 0.0122 0.0274 0.1068 0.0400
BMI 0.0837 03412 0.0654 0.0297 0.0740 0.2333 0.1605
DPF 0.0377 0.2055 0.0529 0.0199 0.1193 0.1138 0.0691
All Constraints 0.0421 0.2037 0.0410 0.0303 0.0543 0.1060 0.0437
Base Model 0.0384 0.1733 0.0338 0.0142 0.0253 0.1182 0.0479
Percentage Improvements Compared to Base Model (%)

Pregnancies +114.3% +27.1% +50.0% +336.6% +129.2% +2.9% +38.9%
Glucose —15.6% +15.9% —2.7% +135.9% +138.3% —26.1% +3.5%
Blood Pressure -21.1% -0.5% —7.7% +95.1% +49.0% —7.5% —6.0%
Skin Thickness —8.6% -1.8% —26.3% +26.1% +16.6% -19.4% —10.2%
Insulin -29.9% -1.1% +20.7% -14.1% +8.3% —9.7% -16.5%
BMI +118.0% +96.8% +93.5% +109.2% +192.5% +97.4% +234.9%
DPF -1.9% +18.6% +56.4% +40.1% +371.9% -3.7% +44.3%
All Constraints +9.6% +17.5% +21.3% +113.4% +114.8% -10.3% —8.8%
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the associated explanation constraints are applied during
model training. For instance, integrating the constraint
associated with Pregnancies led to an approximate 9.6%
rise in the importance of this feature in the model’s final
prediction. Similarly, several features, such as Skin Thick-
ness and Insulin, exhibited substantial increases in their
SHAP importance values. However, a few features, such
as BMI and DPF, showed a slight decrease. Moreover,
by combining all constraints, the All Constraints model
achieves an overall improvement in feature importance
alignment compared to the Base Model, supporting the
effectiveness of ECGL in steering the model towards clin-
ically relevant explanations.

SHAP values can also help identify feature interactions,
which may be crucial for understanding the model’s
behavior. This means that the constraints, including one
feature, may also affect how the model adheres to another
one. As an example, applying constraints associated with
BMI indicates massive improvements across almost all
constraints (+93.5% to +234.9%). This suggests that BMI
could be considered a highly sensitive parameter to con-
straints with a critical role in predictions. The Insulin
under the Diabetes Pedigree Function (DPF) constraint
shows the highest value in the table. BMI and Insulin

High
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BMI
Insulin

DiabetesPedigreeFunction

Feature value

Pregnancies

BloodPressure

SkinThickness

-0.5 0.0 0.5 1.0
SHAP value (impact on model output)

(a) Base Model

Glucose

BMI

Insulin
DiabetesPedigreeFunction

Pregnancies

BloodPressure

SkinThickness -

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175
mean(|SHAP value|) (average impact on model output magnitude)

(c) Base Model
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might be seen as the most “constraint-sensitive” features,
since the gains are larger compared to other constraints.

Figure 2 presents SHAP summary plots for the Base
model and the proposed ECGL (All Constraint model),
which provide a visual representation of the feature’s
contribution to the prediction. The color and size of the
dots in SHAP summary plots represent the feature’s con-
tribution, while their position (being positive or negative)
indicates whether the feature increases or decreases the
prediction outcome. In Fig. 2(a) and 2(b), the Base model
highlights Glucose and BMI as the most influential fea-
tures, followed by DPF. Features like Pregnancies, Blood
Pressure, Insulin, and Skin Thickness show relatively
lower importance. However, the All Constraint model
demonstrates a shift in feature importance. While Glu-
cose and BMI remain the most significant features, the
importance of Insulin has increased significantly due to
the integration of explanation constraints. For instance,
the Base model assigns an importance value close to 0 or
negative for Insulin, whereas the All Constraint model
shows a larger range with more positive and extreme val-
ues. Similarly, the features Pregnancies, Blood Pressure,
and Skin Thickness exhibit increased importance, indi-
cating that the constraints effectively guide the model to
focus on these relevant features.

High

Glucose

BM

Insulin

DiabetesPedigreeFunction

Feature value

Pregnancies
BloodPressure

SkinThickness

Low
-1.0 -0.5 0.0 0.5 1.0 15

SHAP value (impact on model output)

(b) ECGL

Glucose

BMI

Insulin
DiabetesPedigreeFunction
Pregnancies
BloodPressure

SkinThickness

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
mean(|SHAP value|) (average impact on model output magnitude)

(d) ECGL

Fig. 2 SHAP value evaluation of the base model and ECGL (constraint model). (a) base Model. (b) ECGL. (c) base Model. (d) ECGL
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Fig. 3 Architecture of the model to evaluate the performance of the proposed ECGL and base model on pneumonia X-ray image classification

Figures 2(c) and 2(d) illustrate the mean absolute SHAP
values for different features, highlighting their relative
importance in predicting the target variable for the Base
model and the All Constraint model. These plots show
that applying constraints has slightly changed the over-
all feature importance. While Glucose remains the most
influential feature, the importance of other features has
increased, indicating that the constraints have guided
the model to focus more on these features. For example,
the importance value of Glucose increased from 0.175
in the Base model to 0.20 in the All Constraint model.
Additionally, the constraints had a significant effect on
features such as Insulin, Pregnancies, and Skin Thickness,
which were not utilized properly in the Base model. This
means that the constraints enhanced the model’s learn-
ing process, allowing it to better capture the relevance
of these features, resulting in improved predictions and
interpretations.

Experiment ll: pneumonia X-ray images

In this section, we explore the fairness and explainability
performance of the proposed ECGL on the pneumonia
classification task, using an X-ray image dataset.®> This
dataset contains 30,000 frontal-view chest radiographs
from the 112,000-image public National Institutes of
Health (NIH). We employed GradCAM to gain insights
into the model’s decision-making process, enabling us to
understand the rationale behind its predictions and iden-
tify the improvements gained by applying explanation-
guided learning on the model.

Model selection

The overall architecture of the model for Experiment II is
presented in Fig. 3. Considering the image data, we uti-
lized 2D convolutional layers with the ReLU activation

3 Available at: https://www.rsna.org/rsnai/ai-image-challenge/rsna-pneumo
nia-detection-challenge-2018
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function, accompanied by two max pooling layers with
a kernel size of 2. The model employs three output lay-
ers with a variety of sizes to predict different features.
The primary task output is responsible for predicting
the main classification labels, meaning pneumonia clas-
sification. The model also yields two more outputs, used
to integrate the gender-based and bounding box-based
explanations into the model and to guide the model
towards predictions more aligned with these constraints.
Moreover, the bounding box-based explanation layer
predicts the information that can be used to explain
the model’s focus on specific regions of the input X-ray
image, which increased the model’s transparency regard-
ing the decision-making process and the explainability of
the final predictions.

Each sample was converted to a 3-channel RGB
image with a size of 128 by stacking the original image
three times along the last axis while ensuring the image
remains clear with anti_aliasing enabled. Then, the data
were split into training and test data, considering an 80%-
20% ratio for training and validation, respectively. The
Base model was trained without any explanation con-
straints, while for the ECGL model, the explanation con-
straints were defined and taken into account. Both ECGL
and base models were trained for 30 epochs, using 2000
X-ray image samples of the pneumonia dataset, using the
Adam optimizer, and sparse categorical cross-entropy
and mean absolute error as loss functions for label and
bounding-box classification and gender prediction,
respectively.

Explanation constraints

To integrate fairness and explainability, we incorporated
two primary constraints, including gender-based and
bounding box-based constraints. By imposinga gender-
based explanation, we aimed to mitigate potential gender
bias in our model’s predictions. These explanation con-
straints are designed to ensure that the model’s outputs
are not systematically biased towards or against specific
genders. Moreover, the bounding box-based explanation
aims to enhance the explainability of our model’s pre-
dictions. These explanation constraints are intended to
guide the model to focus on relevant regions of the input
data, providing insights into the factors that influence its
decisions.

Table 4 Comparing the accuracy and fairness of the base model
and proposed ECGL

Model Accuracy EOD EOR AUC
Base Model 0.8700 0.01428 051412 0.88833
ECGL Model 0.8700 0.04761 0.64835 0.84666
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Results and discussion

Table 4 presents a comparative analysis of the Base and
ECGL models in terms of fairness, accuracy, and AUC.
The overall performance of the models reveals that both
models demonstrate comparable levels of overall accu-
racy of 87%, suggesting that the constraints imposed
on the ECGL model did not significantly compromise
its predictive power. By contrast, the Base model could
achieve a slightly higher AUC value, with a relatively
small difference of about 4%, while the ECGL model
exhibits relatively high performance in mitigating biases
and disparities.

Evaluating the EOD and EOR values demonstrates
slightly different results. While the Base Model achieves a
3% lower EOD compared to the ECGL Model, the ECGL
Model exhibits a noticeable 13% improvement in EOR.
As these metrics assess whether the model’s predictions
are equally distributed across different groups, the results
suggest that the ECGL-enhanced model achieves greater
uniformity and fairness in its predictive performance
when guided by explanation constraints.

Figures 4 and 5 depict the GradCAM Heatmaps and
Superimposed X-ray images of correctly and incorrectly
predicted pneumonia instances, respectively. The areas
in images that are highlighted in color represent the
regions that the model deemed most important for its
decision. Moreover, the overlay of the heatmaps on the
original X-ray images provides valuable information,
allowing us to assess whether the models are focusing on
relevant features. The superimposed images refer to the
original images combined with the heatmaps, provid-
ing a more comprehensible visual representation of the
focused regions. The illustrated heatmaps depict three
classification outputs corresponding to the labels 0, 1,
and 2, arranged from top to bottom, respectively. Label
0 indicates “No Lung Opacity,” which refers to patients
without diagnosed pneumonia. The other labels, 1 and
2, on the other hand, signify Lung Opacity and the pres-
ence of fuzzy white clouds in the lungs, associated with
pneumonia.

Likewise, Figs. 6 and 7 compare the proposed ECGL
model and the Base model in terms of explainability by
using GradCAM heatmaps. While both models generally
seem to be focusing on similar areas (central region) of
the chest X-rays, the color intensity in the heatmaps and
superimposed images obtained from the ECGL model
clearly shows a greater emphasis on certain regions
that are related to the respiratory system and pneumo-
nia disease. As it can be seen in Fig. 4(a) and 4(b) (cor-
rectly labeled instances), the highlighted regions of the
Base model are more blurred, hazy, and spread out across
the image, suggesting that the model’s decisions are
less interpretable and apparent to the experts. Whereas
the proposed ECGL model presents more focused and



Shahbazian et al. BMC Medical Informatics and Decision Making

Heatmap Super Imposed Image

Super Imposed Image

Heatmap

Heatmap

Super Imposed Image

(a) Base Model

(2025) 25:403

Page 13 of 21

Heatmap Super Imposed Image

Heatmap Super Imposed Image

Heatmap

Super Imposed Image

(b) ECGL model

Fig. 4 GradCAM Heatmaps and superimposed images of the (a) base model and (b) ECGL model for correctly labeled instances. The illustrated heatmaps
correspond to GradCAM visualizations for labels 0 (normal), T (pneumonia present), and 2 (pneumonia absent, abnormalities exist), arranged from top to

bottom, respectively. (a) base Model. (b) ECGL model

localized highlighted regions, showing that the model is
primarily relying on specific areas of the image, relating
to the particular region attacked by the disease, to make
its prediction. The ECGL model makes it easier to under-
stand the model’s reasoning and therefore presents more
explainability. In addition, the ECGL model produces a
more concentrated heatmap, indicating more confidence
in prediction.

Moreover, in spite of both models’ similar performance
illustrated in Fig. 5(a) and 5(b), the GradCAM visualiza-
tions clearly demonstrate noticeable differences. The
Base model resulted in a more scattered visualization that
may not correspond to the actual pathology. This indi-
cates that the Base model’s prediction can be based on
irrelevant features and not focused on the main required
regions. The proposedECGL model, on the other hand,
highlighted regions that are more relevant to the consid-
ered medical condition, suggesting that the constraints

have helped the model focus on more meaningful
features.

Unlike the Based model, the ECGL model’s heatmap for
the incorrect prediction is more localized, highlighting a
specific region in the lung. The overlay shows that there
is indeed an abnormality in this area, but it could have
been insufficient to confidently classify the image, which
resulted in an incorrect final prediction. While such false
predictions highlight the complexity of the task, the find-
ings suggest that adding the constraints and guiding the
model with domain-specific explanations through pro-
posed ECGL can enhance the model’s explainability even
when overall accuracy remains quite the same. Using
such explainability, the experts can better identify the
model’s deficiencies and limitations, leading to efficient
mitigation of them.

A bounding box (BBOX) is a rectangular region that is
commonly used to localize (highlight) the interest area.
Figure 8 illustrates the BBOX of some pneumonia disease
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Fig.5 GradCAM Heatmaps and superimposed images of the (a) base model and (b) ECGL model for incorrectly labeled instances. The illustrated heatmaps
correspond to GradCAM visualizations for labels 0 (normal), T (pneumonia present), and 2 (pneumonia absent, abnormalities exist), arranged from top to

bottom, respectively. (a) base Model. (b) ECGL model

instances predicted by the proposed ECGL model. The
red box refers to the ground truth BBOX stated for the
X-ray image, and the blue box demonstrates the pre-
dicted box by the ECGL model. It is important to note
that the Base model cannot generate BBOX due to the
lack of explanation constraints required for BBOX
prediction.

Looking at Fig. 8(a) and 8(b), it is evident that the pro-
posed ECGL correctly predicted the BBOX, aligning
with the true box, even though the model estimated a
larger area. This points out that considering the BBOX
constraints in the model as integrated explanation con-
straints is effective in highlighting the attention to more
relevant regions. Figure 8(c) presents a case where the
predicted BBOX is partially within the lung area and may
highlight the need for more refined BBOX constraints to
better capture the spatial extent of pneumonia.

ECGL seems promising; however, it also has many limi-
tations. First, we've only tried it on three datasets-one
for diabetes numbers and two for chest x-ray images.
As a result, we don't yet know how it will behave with
data from other hospitals or patient groups. Second, the
“explanation rules” that steer the model aren’t produced
automatically; they have to be written by clinicians using
their know-how plus SHAP plots, and that can be slow
and error-prone. Automated methods for discovering
constraints could be the theme of future research towards
improving scalability. For example, through multi-center
data to infer constraints using techniques such as meta-
learning, or through unsupervised approaches to detect
consistent patterns in model explanations that can, in
turn, be formalized as constraints. Third, we looked at
fairness for just one binary trait (male vs. female) and one
fairness metric (equalized odds). Real-world bias is mess-
ier than that. Fourth, the quality of ECGLs explanations
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Fig.6 GradCAM Heatmaps (left column) and Superimposed images (right column) of the (@) Base model and (b) ECGL model for correctly labeled instances.
The illustrated heatmaps correspond to GradCAM visualizations for labels 0 (normal), T (pneumonia present), and 2 (pneumonia absent, abnormalities

exist), arranged from top to bottom, respectively

is tied to Grad-CAM and SHAP; if those tools point in
the wrong direction, the constraints can too. Finally,
training with extra fairness-and-explanation losses takes
more computational resources and a bit of extra hyperpa-
rameter tuning. All of these gaps give us a clear to-do list
for the next round of work.

Experiment lll: NIH chest X-ray images

We assess the performance of our proposed ECG model
with an evaluation on the NIH Chest X-ray dataset.* This
is a large-scale anonymized collection of 112,120 frontal
views of chest X-ray images labeled via NLP techniques
from radiology reports across 14 thoracic disease catego-
ries. From this dataset, we have created a balanced subset
for a multi-label classification with at least 700 positive
samples per class, where we obtain 8,307 training images,
4,973 validation images, and 7,156 test images. Each

4 Available at: https://www.kaggle.com/datasets/nih-chest-xrays/data

image is resized to 128 x 128 pixels and normalized to
[0, 1]. Horizontal flips, brightness, and contrast pertur-
bations are used for image augmentation in training.
Gender is included as an auxiliary label to perform fair-
ness analysis. In order to conduct a fairness assessment
on demographic groups, especially the case with gender,
we will present multiple group fairness metrics: Demo-
graphic Parity Difference (DPD), Demographic Parity
Ratio (DPR), Equalized Odds Difference (EOD), Equal-
ized Odds Ratio (EOR), and Statistical Parity Difference
(SPD). These metrics assess the disparities concerning
model decision outputs and are computed across all the
disease labels in the multi-label setting.

Model selection

The architecture of the model has been given in Fig. 9.
The architecture has a sequential arrangement of four
convolutional blocks, each containing one 2D convolu-
tional layer with ReLU activation, batch normalization,
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Fig.7 GradCAM Heatmaps (left column) and Superimposed images (right column) of the (a) Base model and (b) ECGL model for incorrectly labeled instanc-
es. The illustrated heatmaps correspond to GradCAM visualizations for labels 0 (normal), 1 (pneumonia present), and 2 (pneumonia absent, abnormalities
exist), arranged from top to bottom, respectively
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Fig. 8 Ground truth (red) and predicted (blue) BBOX regions in X-ray images: (a) and (b) represent the samples where the model predicts an incorrect
label, while (c) corresponds to the case of the correct prediction
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Fig. 9 Architecture of the model to evaluate the performance of the proposed ECGL and base model on NIH X-ray multi-label image classification

Table 5 Comparing the accuracy of the base model and
proposed ECGL on NIH X-ray images

Model Accuracy AUC

Validation Test Micro Macro
Base 0.8805 0.7130 0.7006 0.6202
ECGL 0.8805 0.7130 0.6737 0.6208

and max pooling. The number of filters in the end convo-
lution outputs gradually increases in powers of 2, namely,
32, 64, 128, and 256. This allows the model to extract
more and more abstract spatial characteristics of inputs
from NIH chest X-ray images. The output generated by
the last convolutional layer is passed through a global
average pooling layer before going through dropout (at a
dropout rate of 0.5) to deal with overfitting. This is then
flattened and fully connected to a dense output line with
512 neurons and L2 regularization prior to a last output
layer containing sigmoid-activated neurons, indicating
the multi-label classification of diseases. This addresses
fairness at this level by adding constraints of explanation
based on gender, which causes the model to give similar
feature attributions for both genders, reducing demo-
graphic bias within the learned representations and pre-
dictions. Finally, the model is trained with a batch size of
128 and for 20 epochs.

Explanation constraints
Similar to experiment II, we introduced a gender-based
explanation bias as one of the constraints to reduce

possible gender bias in model predictions. Such a con-
straint would ensure that the predictions produced by the
model are not systematically affected by gender, promot-
ing equal treatment with respect to demographic groups.
By enforcing the same gender-based explanation consis-
tency, we guide the model to align certain attribution pat-
terns between genders, thereby lowering the likelihood
of any biased feature attributions arising in its decision-
making processes.

Results and discussions
Experimental results on the NIH Chest X-ray dataset
are shown in Table 5, while Table 6 reports a detailed
comparison between our proposed ECGL model and
the baseline CNN model in predictive performance and
fairness across demographic groups. With respect to
classification performances, both models attain identi-
cal validation and testing accuracy (0.8805 and 0.7130,
respectively). This means that including explanation
constraints in ECGL does not harm classification accu-
racy. Nevertheless, AUC scores reveal that ECGL has a
slightly lower micro-AUC (0.6737 vs. 0.7006) but a mar-
ginally better macro-AUC (0.6208 vs. 0.6202). This small
increase in macro-AUC may indicate more equitable
performance amongst disease classes, especially for rarer
conditions, which is one of the more desirable qualities
for multi-labels in medical diagnosis.

The major strength of the ECGL lies in the fairness
metrics. For most disease types, the ECGL model shows
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Table 6 Percentage improvement of ECGL model over base model across fairness metrics, on NIH X-ray images. Negative values of improvements indicate degradation

Improvement over Base Model (%)

DPD

ECGL Model

DPD

Base Model

DPD

Disease Type

SPD

EOR
471

EOD

DPR
0.00

SPD
0.39

EOR
0.89
0.88
0.78
0.90
0.86
0.86
0.77
0.39
0.98
0.97
0.81

0.84
0.84
0.85

EOD
0.05
0.03

0.1

DPR
0.99

SPD

EOR
0.85
0.74
0.73
094
0.82
0.91

0.77
0.00
0.98

EOD
0.07

DPR
0.99
0.76
0.93
0.95

-161.90

0.

—28.57
-72.73
—26.67
400.00

-11.11

0.003
0.03

-0.63
-0.75

0.29
0.15

2.8e-5
0.06
0.02

Atelectasis

00

1892
6.85

17.11

—50.00
—55.00
-57.14
—25.00

200.00

-0.75
0.28

0.89
0.96

0.98

Cardiomegaly
Consolidation

Edema

—345
6.67

3.23
3.16

4.65

0.009

—4.26
4.

0.04
0.08
0.05
0.07

0.003
0.06
0.06
0.01

0.008
0.09
0.02
0.07
0.06

0.007
0.08
0.02

-216.67
82.61

88

0.56
042

0.90
0.86
0.88
041
0.98
0.96
0.83

0.99

-048
0.23

0.86
0.90
097
0.93
0.99

Effusion

-549
0.

150.00
0.00

—4.44
-9.28
—5591
-1.01
435
6.4

Emphysema
Fibrosis
Hernia

—248
—55.00

8.06

00

150.00

0.118
0.009
0.67

0.121
0.02
0.62
0.34
0.27

0.004
0.002
0.005
0.03
0.06
0.

—88.33
25.00

250.00

0.007
0.01
0.01
0.05
0.07
0.03
0.06

0.007
0.01
0.01
0.05

0.00
543
8.00
5.00

100.00

0.008
0.02
0.07

Infiltration

Mass

—267.65
—-37037
-11.86

183.33

—50.00
—2857
-36.36
200.00
0.00

—66.67
-16.67
-95.00

200.00

-057
-0.73
-0.66

0.17
0.23

0.92
0.75
0.80
0.85
0.88

0.92
0.78
0.94
0.86
0.87

1

Nodule

532

0.001
0.03
0.01

-0.59
0.06
0.27

02

Pleural Thickening

Pneumonia

-1.18
-341

-2.33
10.34

0.84
0.96

0.01

0.06

0.01
0.03

-14.81

—66.67

Pneumothorax
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Table 7 Comparing the average computational cost of a single
training epoch

CPU GPU
Model Diabetes Pneumonia X-ray NIH Chest X-ray
Base 0.84 (s) 7885 (s) 405.36 ()
ECGL 340 (s) 84.64 (s) 409.82 (s)

a significant improvement in DPD, EOD, and SPD. For
example, the ECGL reduced the EOD for cardiomegaly
from 0.11 to 0.03 (73% improvement) and enhanced the
EOR by nearly 19%. The same applies to Pneumonia and
Pleural Thickness, where ECGL performs well in reducing
demographic disparities across various fairness metrics.
There are cases where classes have improved or degraded
to extremes. For instance, Mass and Nodule have very
high drops in SPD, meaning that there has been a large
change in the predicted positive rates between gender
groups. However, the sign flip in SPD from positive to
negative in these classes can be interpreted to mean that
fairness improved in one view but was perhaps overcom-
pensated. For Hernia, while DPD and SPD improved, the
EOR becomes undefined due to an original zero denomi-
nator in the base model, indicating instability in fairness
metrics for extremely underrepresented classes. Impor-
tantly, some diseases (Comnsolidation, Edema, Effusion,
Infiltration, Pneumonia, Pneumothorax) have seen ECGL
reducing fairness gaps or making EOR more balanced.
This shows that the model is robust at addressing gen-
der inequalities, presumably across medical model deci-
sions. These results demonstrate that explanation-based
fairness constraints can help the model easily engage in
fair behavior, especially in predicting cases that might be
biased toward some demographic attributes such as gen-
der. In all, ECGL model successfully balances fairness and
accuracy, most particularly by making the same level of
achievement as the base model while ensuring significant
improvements in demographic fairness. This gives cre-
dence to the view that integrating explanations as a con-
straint indeed can work as additional regularization for
fairer decision-making in medical imaging applications
entailing high stakes, such as multi-labels.

Computational overhead analysis

Table 7 compares the average training time per epoch of
the proposed ECGL method against the base model for
the three different dataset-and-machinery configura-
tions: CPU-based training for the Diabetes and Pneumo-
nia X-ray datasets, and GPU-based training for the NIH
Chest X-ray dataset. Thus, since ECGL imposes explana-
tion penalties according to the Augmented Lagrangian
method, its complexity mainly impacts the training stage;
average epoch time becomes a relevant measure of the
overhead.
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The results showed that ECGL incurs additional com-
putational costs compared to the base models in all data-
sets and hardware configurations. On the rather small
Diabetes dataset, using CPU, ECGL increased the aver-
age epoch duration from 0.84seconds to 3.40seconds,
thus increasing the training time by approximately four-
fold. This larger relative overhead can be laid against the
extra efforts required for computing constraint penal-
ties, updating the Lagrange multipliers, and integrating
explanation guidance within each training iteration. All
of which form a larger fraction of the total computation
being performed on smaller models and smaller datasets.
In contrast, the overhead appears less for the Pneumo-
nia X-ray dataset (also CPU-based); average epoch time
goes up from 78.85seconds to 84.64 seconds increase of
about 7%. This more modest relative increase reflects that
the base training cost for the deeper CNN model has a
major role in defining the total training time, thus sub-
sidizing the additional cost of ECGL constraints. Finally,
on the NIH Chest X-ray dataset being trained on a GPU,
which is a large-scale and more complex scenario, the
average epoch time changes negligibly from 405.36sec-
onds (base) to 409.82seconds (ECGL), representing less
than a 2% increase. This observation shows that in very
large deep learning settings that already have a substan-
tial baseline training cost, the extra overhead imposed by
the explanation constraints and augmented Lagrangian
updates is very small and practically negligible.

The findings say that although relatively measurable
computational overhead is introduced by ECGL, with
respect to the model and dataset complexity, its relative
cost decreases. Such behavior argues for the scalability
and efficiency of ECGL for large-scale medical imaging
tasks in real-world expectations, wherein the marginal
cost is more than compensated by improvements in fair-
ness and explainability. An increase in training time by a
small percentage is a worthy trade-off when you take into
account the advantages offered by combining domain
knowledge with explanation constraints that lead to the
generation of trustworthy and equitable models.

Limitations

Although the ECGL framework proposal constitutes
promising advances in the incorporation of explana-
tion constraints for fairness and interpretability for a
spectrum of datasets, some limitations are also present.
First, the experimental evaluation is at present limited
to only three datasets while looking primarily at gender
as the protected attribute. This can restrict the gener-
alizability of the results to other domains, and thereby,
protected groups like race or age is to be addressed in
future work. Another point is that while ECGL is able to
scale to larger models and datasets with reasonable com-
putational cost, in some extreme large-scale scenarios
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or resource-constrained environments, the complex-
ity resulting from the augmented Lagrangian methods
can be a bottleneck. In particular, the iterative updates
of multipliers and penalties. An in-depth inquiry into
the computational efficiency and potential optimization
methods remains an untapped venue for research.

Thirdly, the explanation constraints in ECGL require a
degree of expert knowledge in defining pertinent condi-
tions, which may prevent the scalability and applicability
of the method in settings where such input from domain
experts is not available. Future works may look into auto-
mated or data-driven methods to learn constraints to
weaken the need for manual annotation. Finally, the cur-
rent study concentrates on comparisons against baselines
without contrasting with any state-of-the-art fairness
and interpretability methods-including adversarial debi-
asing or alternative explanation frameworks. Extensions
on comparisons will be critical to position ECGL firmly
within a more extensive scope of methods for explainable
and fair Al rigorously. By explicitly acknowledging these
limitations, we aim to provide future research directions
concerning making explanation-constrained learning
frameworks more robust, much more applicable, and
much more efficient.

Conclusions and future directions

In this paper, we explored how integrating explanation
constraints directly into the training process can help
optimize both predictive accuracy and explanation qual-
ity. The proposed ECGL model shows strong potential
for improving the interpretability and fairness of deep
learning models, particularly in healthcare applica-
tions where understanding model reasoning is critical.
Through experiments on publicly available real-world
medical datasets, we demonstrated that ECGL improves
model behavior across multiple dimensions. On the tabu-
lar diabetes dataset, ECGL achieved a higher predictive
accuracy compared to the Base model, along with stron-
ger alignment between model explanations and clinical
knowledge, as shown by SHAP analysis. On pneumonia
X-ray images, although the predictive accuracies of the
Base model and ECGL were similar, GradCAM visu-
alizations suggest that ECGL provides more clinically
meaningful explanations by better highlighting relevant
regions of interest. Additionally, fairness evaluations
showed a 13% improvement in Equalized Odds Ratio
(EOR), reflecting more consistent performance across
demographic groups. Similarly, the ECGL maintained
comparable performance, while showing up to 100%
on Demographic Parity Difference (DPD) and Equally
Odds Difference (EOD), and over 17% improvement on
Demographic Parity Ratio (DPR) and EOR. While these
results are promising, ECGLs effectiveness depends
heavily on the availability and quality of domain-specific
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constraints. Future work could focus on developing
methods for automatically learning such constraints from
data and on validating ECGL across broader domains to
ensure its scalability and generalization. Overall, the find-
ings suggest that ECGL is a valuable step toward building
more trustworthy, interpretable, and fair AI models for
healthcare and beyond.

Abbreviations

ECGL Explanation Constraints Guided Learning

EGL Explanation Guided Learning

XAl Explainable Artificial Intelligence

SHAP SHapley Additive exPlanations

GradCAM  Gradient-weighted Class Activation Mapping

AUC Area Under the Receiver Operating Characteristic Curve
EOD Equalized Odds Difference

EOR Equalized Odds Ratio
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