Opening the ANN-blackbox with explainability
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Abstract. Artificial Neural Networks (ANNs) are opaque models de-
spite their predictive power. This causes a lack of trust in the ANN
models in decision-making contexts where decisions must be justified
and cannot rely on good but cryptic predictions. This paper introduces
a task-agnostic framework designed to decode the internal logic of an
ANN model to provide insights into the role played by explanatory vari-
ables so that a higher level of understanding of the model can raise trust
in it. Our proposal is based on the analysis of the marginal impact of
predictors through intensive computational procedures. To demonstrate
the versatility of the proposal, the framework was tested across multiple
datasets of different natures, featuring both qualitative and quantitative
target variables. The results demonstrate the influence of predictors in
the response variable, contributing to a significant improvement of the
explanatory models. Current approaches often rely on rankings of the
predictors but fail to analyze the form of their relationship with the
response variable.
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1 Introduction

Artificial Neural networks within the field of Artificial Intelligence (AI) are in-
spired by the human brain, where neurons convert input signals into electrical
impulses sent to other neurons, forming sequential networks. The artificial neu-
rons move the natural mechanisms of neurons to weights, activation functions,
and message passing, transforming several inputs into numerical values. While
the mechanisms of single artificial neurons are well understood and have clear
mathematical expressions, the intricate connections of the ANN architecture es-
tablish complex functional compositions that preclude human comprehension.



This is a serious limitation when the ANN is used to support decision-making,
as explaining the predictions becomes critical to trust in the ANN’s results and
to make the decision.

Despite Explainable Al advances in interpreting black-box models, most
widely used methods primarily focus on feature importance rankings (e.g., Shap-
ley values [1]), although some do capture detailed effects and interactions.

In this paper, we propose ANN-GFIV, a new generalized ANN task-agnostic
methodology to enhance explainability by mapping how predictors impact the
response variable using an experimental auxiliary dataset (EAD) derived from
the original training data. The EAD isolates the marginal impacts of each predic-
tor and proposes graphical representations to reveal the functional relationship
with the response variable. Applicable to any ANN architecture, this approach
supports both classification and regression tasks, revealing behavioral patterns
and influence from thresholds. We also use resampling to ensure stochastic sta-
bility across multiple simulations. Regarding the structure of this article, Section
2 reviews the state of the art; Section 3 describes the proposed methodology;
Section 4 presents its application across two real-world databases; and Section
5 offers the conclusions.

2 State of the art

2.1 Feature Importance

Feature importance methods explain model predictions by ranking the influence
of input variables [2|. They include sensitivity-based approaches, which assess
output changes through gradients or partial derivatives [3], and attribution-based
approaches, which estimate each feature’s contribution to a prediction. However,
these methods may be unstable due to input perturbations, baseline choices,
preprocessing, or model reparametrization, and may not always faithfully reflect
the model’s learned behaviour [4].

2.2 Surrogate Models

Surrogate models represent complex model behaviour through simpler and more
interpretable representations, facilitating the understanding of how input fea-
tures relate to outputs [5]. They can be global or local surrogate models.

Global techniques provide a complete description of the model. These tech-
niques require understanding the entire model structure and are, in practice,
difficult to implement for complex models [7]. An example is decision trees, as in
[8], where they are used to explain convolutional neural networks by capturing
the overall behaviour in a human-understandable form.

Local explanations focus on decisions made by specific instances [7]. LIME
(Local Interpretable Model-agnostic Explanations) fits a linear model in the
neighbourhood of an instance to identify the most influential features. For exam-
ple, in [9], LIME explains artificial neural network predictions for credit scoring.



Despite their interpretability advantages, some studies [10] have shown that
surrogate models do not always reliably capture the underlying causal relation-
ships between input variables and model outputs, which limits the robustness
and reliability of the explanations.

2.3 Shapley-Based Methods

Shapley values originate from cooperative game theory to distribute the total
gain among players by computing each player’s contribution across all possible
coalitions [1]. In machine learning, Shapley values computation requires evalu-
ating all possible feature subsets, resulting in exponential computational com-
plexity with respect to the number of input features.

SHAP [11] is a unified framework that connects Shapley values with additive
feature attribution methods for machine learning models. SHAP methods can be
broadly categorized into model-agnostic approrimation methods and model-type-
specific approximation methods. Several works have adapted SHAP to ANNs.
For instance, Kernel SHAP reformulates the problem as a linear approximation
based on Shapley values [12].

A key limitation of SHAP is the assumption that input features are indepen-
dent, which can lead to biased or unrealistic feature attributions when strong
dependencies exist between variables, as shown in [14].

2.4 Automatic Interpretation

Regarding quantitative outputs toward conceptual frameworks that enhance
stakeholder understanding, previous work includes the Traffic Light Panel (TLP)
(clustering interpretation based on traffic-light colour semantics methodology),
The Annotated TLP (aTLP) (incorporates within-class variability through colour
degradation based on the coefficient of variation [15]). The thermometer-based
TLP uses thermometer to automatically build the TLP integrating expert-defined
semantic ranges [16]

2.5 Explainability in Artificial Neural Networks

Deep learning models can effectively capture non-linear relationships and dis-
tributed representations, but their high internal complexity makes them inher-
ently opaque. This opacity limits their interpretability and usability, particularly
in decision-support contexts, where understanding the basis of predictions is es-
sential for trust, accountability, and adoption [17]|. Explainable ANN approaches
seek to reduce this opacity through self-interpretable models and post-hoc expla-
nations [18]; however, both strategies present limitations, either by constraining
model complexity or by producing unstable and inconsistent explanations [19].



2.6 Partial Dependence Plots

Partial Dependence Plots (PDPs), introduced by Friedman [20], are post-hoc
interpretability tools that estimate the marginal effect of one or two predic-
tors on model predictions by averaging over the remaining features. They have
been applied to improve ANN interpretability in contexts such as compositional
modelling [21] and nonlinear relationship analysis [22]. However, PDPs assume
feature independence, which may lead to misleading interpretations and unre-
alistic feature combinations when predictors are correlated; they can also be
computationally expensive for large datasets or complex models. In contrast,
ANN-GFIV isolates marginal effects via resampling and visualizes functional
trajectories, revealing thresholds and non-linearities more distinctly than PDPs
or SHAP dependence plots.

3 ANN-GFIV methodology

This study introduces ANN-GFIV (Graphical Functional Interpretation of Vari-
ables in ANN), a generalized methodology for the post-hoc interpretation of
ANN models. The primary contribution of this research is a methodology de-
signed to reveal the decision-making patterns of complex neural networks within
the Explainable Al paradigm. The methodology is engineered as an independent,
scalable workflow implemented, ensuring statistical robustness and cross-domain
relevance. This workflow comprises four key steps: (1) select predictors, (2) con-
struct EAD via resampling, (3) predict with ANN, and (4) visualize functional
trajectories.

Technical accuracy alone is insufficient if model behavior remains opaque;
thus, identifying and quantifying underlying drivers of a prediction is a funda-
mental requirement for translating high-dimensional model responses into ac-
tionable strategies.

Let x = [Xy,...,Xk] be a dataset of n observations and K predictive vari-
ables, and let f : X — Y be the function previously trained by an ANN that
predicts a response variable Y based on y. The objective of this strategy is to
decode the internal logic of the ANN so that the role of the predictors in f
becomes explicit. The steps proposed are:

1. Determine the subset T of predictors to be studied.

2. Building experimental domain values for predictors: To build EAD, a subset
of valid values for the explanatory variables is defined, so that they cover the
entire range of the variable and allow analysis of the functional relationships
between X and Y. A representative subset of M values is defined as Djy.
Specific processing is applied based on the statistical nature of the modalities
of the predictors:

— if X}, is qualitative: To optimize analysis relevance, Dy, contains the M
most prevalent modalities of Xj.



— if X} is quantitative: Dy contains M values between min and max cal-
culated as the mean value of the corresponding quantile. If M = 10, Dy
contains the mean of the values between deciles of X, and so on.

. Construction of an Experimental Auxiliary Dataset (Xg) for testing: Xg is

defined to systematically analyze the marginal impact of every predictor Xy

onY:

(a) Building a baseline experimental testing dataset (Xgo): A random sub-

set of n, instances is extracted from the original training dataset X. The
n, is selected much smaller than n to gain efliciency, but sufficiently high
to provide robustness [23]

(b) Creating the EAD: Instead of building a complete factorial experimental
design matrix, which would be too big and long to build, we propose to
substitute the values of the T selected Xj variable to be studied by a
random trial from the corresponding Dy, in the Xg . Let us call xg the
resulting EAD. In fact, yg is a sample of the complete factorial design
matrix for the T variables. .

. Use the target ANN model to predict the response Y for all instances in

XE. At this point, it is irrelevant if the combination of X values shown in a

row of xg makes sense or not, since we are only trying to understand the

functional behaviour of predictors.

. Compute Y|Dy: The average of predictions conditional on each specific

modality or decile of each variable is calculated. Formally, small new ma-

trices are created for each of the T selected predictors:

Xk = [Dy, E(Y|Dy = d)],Vd € Dy, (1)

. Represent the marginal influence of X, on Y: The concluding phase involves
the graphical representation of the xj; matrices, each of which contains in-
formation on the evolution of Y upon changes on X, revealing the direction
and magnitude with which X} influences the forecast.

. Additional robustness layer: To ensure scientific robustness and track the
prediction’s influence, resampling techniques are used to replicate the process
from step 3 to step 5 several times (R times). So step 5 represents the
aggregated mean of all curves provided by all independent simulation cycles
in a colored curve.

This methodological approach achieves a dual objective:

Predictive Logic Interpretation: The graphical representation of every yj
shows how Y changes with respect to the range of values of Xj, so that
we can appreciate if the marginal relationship is linear, quadratic, inverse,
sinusoidal, or others. Also, the slope of the representation indicates whether
X has a strong or weak influence on Y since horizontal shapes represent
situations where the changes in Xj, do not impact Y, and this is associated
with independence.

Stability Verification: The convergence of the independent simulation curves
toward the mean ensures that the extracted explanation is structural and
not dependent on random fluctuations or sampling noise within the EAD.



This strategy facilitates a rigorous comparative analysis of influence trajecto-
ries, aiding in the identification of critical drivers that govern the final forecast.

4 Case Study, Model Architecture, Estimation Process,
and ANN-GFIV

ANN-GFIV was evaluated on two case studies involving classification and regres-
sion tasks. The first predicted 30-day hospital readmission risk, while the second
estimated life expectancy using socioeconomic and health-related indicators.

To generate the EAD defined in section 3 the selected variables T" are the most
influential variables (T' < K) within the model f. This selection utilizes SHAP
values to isolate factors with the highest marginal impact on the prediction.
Also, the fixed parameters are n,, = 2000 and M = 10.

4.1 Modelling the probability of readmission after discharge in the
adult population

We tested our strategy in hospital readmission. The goal shifts from mere bi-
nary classification to quantifying the dynamics by which variables influence post-
discharge vulnerability. In adult populations where frailty is a primary determi-
nant [24], risk stems from complex, non-linear interactions, requiring a transition
toward identifying individual risk trajectories rather than isolated outcomes [25].

Data Preprocessing, Feature Engineering and Leakage Prevention This
study utilizes Hospital Discharge Records from AORN Sant’Anna e San Sebas-
tiano (Caserta), spanning July 2023 to December 2024 (N=12,844). To enhance
model stability and reduce statistical noise, ICD-9-CM codes were aggregated
into macro-areas and Major Diagnostic Categories (MDCs) [25]. Beyond stan-
dard clinical variables, the dataset was enriched with meteorological data to
account for environmental stressors affecting the adult population [24]. Clinical
complexity was addressed by integrating the Charison Comorbidity Index [26]
and the Elizhauser Comorbidity Index [27]. The numerical features were normal-
ized to the Z-score to optimize the convergence of the artificial neural network.
Categorical variables were managed via dummy encoding with a 1% collapsing
threshold for rare modalities, effectively reducing feature space dimensionality
and mitigating noise from low-frequency classes.

Designing the Artificial Neural Network Architecture The model uses
a Multilayer Perceptron (MLP) architecture.The network comprises two dense
blocks (128 and 64 neurons) using ReLU activation for efficient feature abstrac-
tion . To prevent overfitting, we implemented a multi-level regularization strat-
egy: L2 Weight Decay constrains parameter magnitude, while Dropout layers
(30% and 25%) reduce neuronal co-adaptation.



Training Strategy and Threshold Calibration To address class imbalance,
cost-sensitive learning with smoothed class weights was applied:

N P 1
T V/Neg/Pos + 1 @)

2

The model was optimized using Adam with Early Stopping and parameter re-
covery to improve generalization and reduce overfitting. The decision threshold
was calibrated by maximizing the Fj 5 score, prioritizing clinical precision while
enforcing Recall > 40% [31].

Model Performance and Operational Metrics The deep neural network
showed strong discriminative performance, achieving an AUC-ROC of 0.79 and,
at the optimal Fj 5-based threshold of 0.23, a Recall of 44.9%.

Experimental results: visualization of dynamic trajectories The logic
of model f is illustrated in Figure 1, showing how changes in Dy affect the
predicted readmission probability. The colored curves represent aggregated mean
predictions, while the horizontal dashed line indicates the global baseline risk,
enabling the comparison of feature states that increase or decrease vulnerability
relative to the global mean.

The model exhibits a clear monotonic increase in vulnerability: the CCI Score
shifts the risk from a baseline of 0.12 (D) to a peak of 0.26 (Dg), representing
an exponential positive function. The Van Walraven Score rises from 0.11 (Dy)
to 0.25 (Dg), showing an exponential function. Length of Stay shows a stable
risk profile for short-to-medium durations but reveals a sharp threshold effect
at Do (147 days), where the probability escalates to 0.21. The model shows an
exponential function. Age exhibits a downward trajectory, with the highest risk
observed in younger adults (0.18 at age 25.5; D;) and the lowest in the geriatric
population (0.11 at age 93; Djg), showing a kind of negative logistic function.
A similar downward trend is observed for the Number of Secondary Diagnoses,
decreasing from 0.16 (D;) to 0.11 (Ds), having a negative hyperbolic function.

4.2 Modelling the prediction of Life Expectancy from
Socioeconomic and Health Indicators

We also tested our approach in the context of predicting life expectancy, aiming
to capture the influence of several factors on population longevity.

Data Preprocessing, Feature Engineering, and Bias Control This study
uses the World Health Organization’s Global Health Observatory data repos-
itory, obtained from the Kaggle repository [35]. It contains health monitoring
variables The data spans from 2000 to 2015 for 193 countries (N = 2,938).
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Fig. 1. Marginal influence of X} on Y from case 1

Artificial Neural Network Architecture Design The model uses a MLP
with 3 dense ReLU layers of 64 neurons. Its linear output layer enables continuous
prediction, while the architecture balances modelling capacity and simplicity to
reduce overfitting risk.

Training Strategy and Model Performance The model was trained using
the Adam optimizer, with Mean Squared Error as the loss function and Mean
Absolute Error monitored for interpretation in life expectancy years. An internal
validation split of 20% was used to control convergence and prevent overfitting,
achieving strong predictive performance with R? = 0.916.
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Fig. 2. Marginal influence of X on Y of case 2



Experimental Results: Visualization of Dynamic Trajectories The model
logic is visualized in Figure 2, illustrating how variations in input features in-
fluence life expectancy. The dotted horizontal line represents the average life
expectancy and serves as a reference to identify feature values that increase or
decrease the target variable.

Adult Mortality Rate begins at the Dy (0.02) with a life expectancy of 69.98
years. Until Dy (0.22), it increases to 70.35, then until D7 (0.39) decreases to
69.78. From there, it is shown a steep downward slope, falling to 64.03 at the D1
(0.82). It indicates that higher adult mortality rates are associated with lower
life expectancy. The relation follows a concave decreasing exponential function.
Under-five deaths represents the ratio of deaths among children under five years
of age. From D; (0) to Dg (0.59), a nearly linear trend is observed. Finally, an
increase is observed at Dg (0.8), reaching a value of 68.46. Thinness 5-9 years
shows the proportion of undernourished children and displays a monotonically
decreasing linear function. At Dy (0.02), life expectancy is 70.71, declining to
66.33 at D10 (0.79). Overall, as the prevalence of thinness increases, life ex-
pectancy decreases. Income composition of resources, reflects the socioeconomic
development of a country, shows a linear relationship. Life expectancy starts
at 61.99 and increases to a final value of 75.74. High values of this feature
mean better access to resources and are associated with substantially higher
life expectancy. Diphtheria corresponds to the coverage of childhood vaccination
against diphtheria, tetanus, and pertussis. From D; (0.24) to D3 (0.66), the func-
tion exhibits a linear shape. However, from D3 to D7 (0.93), it shows a zigzag
pattern with slight fluctuations before stabilizing again. Beyond this point, the
relationship becomes lineal, reaching a life expectancy of 69.938 at D1q (1).

5 Conclusions

While the proposed ANN-GFIV is designed to be model-agnostic and can be
generalized to understand the marginal functional relationships of any super-
vised predictive method, this study deliberately validates it on Artificial Neural
Networks. ANNs are highly opaque models; their intricate connections establish
complex functional compositions that preclude human comprehension, despite
their undeniable predictive power. For intrinsically interpretable methods, such
a reconstructive approach would be largely redundant. However, for extreme
black-box architectures, it becomes strictly necessary.

Research on artificial neural network explainability has often been limited to
quantifying the relative importance of individual predictors, neglecting the de-
scription of the functional dynamics linking input to output. This study attempts
to bridge this gap by tracing the trajectories of the predicted response values
relative to each value of the predictor variables. The ANN-GFIV methodology is
not limited to measuring a static impact; rather, it isolates the marginal contri-
butions of the regressors X to visually reconstruct the behavior learned by the
network. Compared to the use of a traditional test set, the employment of an in-
tensive experimental matrix allows for questioning the system within controlled



and systematic scenarios, acting as a stress-test protocol that reveals insights
into marginal feature effects through independent simulation cycles. The result-
ing bivariate plots transform the system’s interpretive inaccessibility into ex-
plicit risk profiles. Furthermore, compared to traditional feature-response meth-
ods like Partial Dependence Plots (PDP), ANN-GFIV significantly mitigates
both computational and visual bottlenecks. By employing an intensive experi-
mental matrix, our framework ensures stability: the simultaneous visualization
of multiple independent simulation trajectories provides explicit evidence of the
model’s robustness. The framework has been validated on datasets of diverse na-
tures, demonstrating its effectiveness in complex and real-world problems, such
as classification within the healthcare domain. The analysis enabled the identi-
fication of different functional behaviors—ranging from exponential and linear
trends to complex sinusoidal functions, such as the drastic change in the pre-
dictive trend observed across the duration of the hospital stay. The convergence
of multiple independent simulation trajectories confirms the stability of these
findings, allowing for the precise isolation of high-vulnerability profiles across
both quantitative and categorical predictors.

While ANN-GFIV provides intuitive visual explanations, it has some con-
straints. First, it requires pre-selecting predictors, which may omit important
variables. Second, like PDPs, it may generate unrealistic feature combinations
during resampling, which could affect interpretation in datasets with strong de-
pendencies. Users should validate findings against domain knowledge. Also, our
empirical validation is currently limited to MLP architectures. Extending to
deeper networks (e.g., CNNs) is left for future work. Currently, ANN-GFIV
builds an automatic system that directly identifies an estimation made by a
model, which can represent Y as a composition of analytical models that pro-
vide a good approximation of the original Y, following what is done in surrogate
Models, but by combining different graphical shapes. So a future development,
in our case, is that we can have a functional, mathematical expression that is
different for each variable Xj. Currently, the discretization of quantitative vari-
ables relies on fixed quantiles Dy. Future developments aim to introduce adaptive
strategies driven by the local scale, dynamically intensifying the density of eval-
uation points in regions characterized by high volatility or sudden transitions.
This approach allows for higher-resolution capture of critical non-linearities and
inflection points while simultaneously reducing the computational burden in sta-
tionary zones of the response function. This contribution is intended as a prelimi-
nary step in the field of XAI, providing a functional window into black boxes and
transforming complex models into interpretable evidence for decision support.
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