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Abstract: Machine learning is a well-matured discipline, and exploration of datasets can be performed
in an efficient way, leading to accurate and operational prediction and decision models. On the
other hand, most methods tend to produce black-box-type models, which can be considered a
serious drawback. This is so, since in case of numerous practical applications, it is also required to
justify, explain, and uncover the inner decision mechanism so that an in-depth understanding of
the causal and functional dependencies becomes possible and some responsibility for the decision
can be considered. This paper addresses the critical need for model-driven eXplainable Artificial
Intelligence (XAI) by exploring the limitations inherent in existing explanatory mechanisms, such
as LIME or SHAP, which rely solely on input data. This seems to be an intrinsic limitation and a
conceptual error, as no expert domain knowledge can come into play, and no analytical models of
the phenomena under investigation are created. In order to deal with this issue, this paper puts
forward the idea of building open, white-box explanatory models. To do that, we propose employing
grammatical evolution tools combined with expert domain knowledge. The results demonstrate that
the developed models can effectively explain the structure and behavior of decision models in terms
of components, connections, causality, and simple functional dependencies.

Keywords: machine learning; explainable artificial intelligence; model-driven explainable artificial
intelligence; causal reasoning; functional dependencies; model discovery; grammatical evolution

1. Introduction

Machine Learning (ML) has become a well-matured sub-discipline of Artificial In-
telligence (AI) with a large collection of problem-solving tools and an extensive range of
practical applications [1]. Domains such as biomedical data analysis, natural language pro-
cessing, and large-scale technological systems have reported numerous successful projects
and implementations [2-5], along with significant progress regarding the variety of ML
algorithms and tools. However, it appears that the traditional machine learning paradigm,
e.g., as outlined in [6,7], which focuses on developing a finite-set decision-making classifier
or value prediction model, remains somewhat too restricted and conservative. There has
been little to no conceptual progress observed concerning the problem formulation [8]
within this framework. ML data repositories are typically based on the same simple scheme
of attributive decision tables , without incorporating any other knowledge-based compo-
nents . This seems to constitute a serious and inherent drawback when considering the
need to comprehend the semantics of the induced models and justify, explain and validate
the produced predictions and decisions.

Especially when encountering some of the most challenging Al issues of today,
which involve real understanding how intelligent systems function (e.g., model discov-
ery for model-based reasoning [9], explainable artificial intelligence (XAI) [10,11], trust-
worthy decision-making, and interpretable and explainable Al (https://www.bmc.com/
blogs/machine-learning-interpretability-vs-explainability / (accessed on 29 March 2024)),

Appl. Sci. 2024, 14, 5950. https:/ /doi.org/10.3390/app14135950

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app14135950
https://doi.org/10.3390/app14135950
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-7746-3781
https://orcid.org/0000-0002-6573-4246
https://www.bmc.com/blogs/machine-learning-interpretability-vs-explainability/
https://www.bmc.com/blogs/machine-learning-interpretability-vs-explainability/
https://doi.org/10.3390/app14135950
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app14135950?type=check_update&version=1

Appl. Sci. 2024, 14, 5950

20f21

among others), the advantages of some model-driven approaches seem to be hard to over-
estimate. To advance towards the building of model-driven XAl incorporating knowledge-
based components and more advanced function identification methods (e.g., symbolic
regression and grammatical evolution) appears necessary and promising.

Explainable artificial intelligence (XAI) aims to deliver Al solutions, decisions, and pre-
dictions that are comprehensible to humans. Most current ML techniques, such as deep
learning, rely on black-box models. To ensure an appropriate level of transparency, as well
as justifiability and trustworthiness, it is crucial for humans to understand the underlying
rules of the game.

XAl includes both transparent models and post hoc explainability techniques. Trans-
parent models (e.g., decision trees) are inherently interpretable (explainable by design),
allowing direct insight into their decision-making processes. In contrast, post hoc tech-
niques are focused on generating explanations based on the model output rather than its
internal architecture. For example, some common strategies include generating visual
explanations and employing surrogate models.

Various taxonomies can be proposed for post hoc explainability techniques [10-16].
The most popular ones are listed as follows:

*  Local (explaining individual prediction) vs. global explanations (providing an overview
of the model of the decision-making process);

*  Model-agnostic (can be applied to any model, regardless of its internal workings) vs.
model-specific explanations (customized for distinct model architectures).

The current approaches to XAl often employ shallow models, which prioritize simplic-
ity and interpretability over accuracy, constructing an easily comprehensible model on top
of one derived from classical ML techniques. They operate on a subset of the original input
data and lack the ability to integrate auxiliary knowledge. A broad and representative
selection of such methods and tools is discussed in [10,11].

Local Interpretable Model-Agnostic Explanations (LIMEs) [17] exemplify the concept
of explanation by simplification. The LIME algorithm creates an explanation for an in-
dividual prediction by creating a simple, interpretable linear model that approximates
the behavior of the opaque model in the vicinity of the prediction. Another significant
technique is SHapley Additive exPlanations (SHAPs) [18], which use a game-theoretic ap-
proach (Shapley values) to demonstrate feature importance for each prediction. Additional
methods include visualization techniques and explanations by example. We provided a
broad, critical overview of the current shallow approaches to XAl in [19,20].

The previously mentioned approaches are considered shallow because they offer
explanations at the same abstraction level at which decisions are made, without involving
a deeper theoretical investigation or understanding of the model’s underlying principles
and external declarative knowledge. An inherent limitation of shallow methods is their
inability to fully capture the model’s underlying complexity. Therefore, it is crucial that
these methods be used in conjunction with deeper, more transparent techniques to achieve
a more comprehensive understanding of the model’s behavior and structure.

Genetic Programming (GP) is increasingly used within the field of XAl, predominantly
through two primary methodologies that are in line with the current XAl taxonomy, namely
intrinsic and post hoc interpretability. The intrinsic interpretability approach involves the
development of GP models that are inherently interpretable by design. Such models
leverage symbolic components that naturally facilitate human comprehension. On the
other hand, post hoc interpretability in GP focuses on explaining (globally and locally)
models typically considered opaque by simplifying or approximating their decision-making
processes into forms that are more comprehensible to users, such as decision trees or linear
models [21]. GP is generally considered to be explainable, particularly when compared
to other ML methods (e.g., deep learning). However, more complex evolutionary models
can be challenging to understand, and different XAI techniques can be applied in order to
make them interpretable [22].
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This paper explores the issue of model-driven explainable artificial intelligence. In fact,
the proposed approach is related to concepts such as model discovery, model-based reason-
ing [9], symbolic regression, causal modeling [23], function discovery, and discovery by
design [24]. As mentioned before, machine learning is a well-matured discipline, and ex-
ploration of even large datasets can be performed in an efficient way, leading to accurate
and operational prediction and decision models. On the other hand, most methods tend to
produce black-box-type models only. In the cases of numerous practical applications, it
is also required to uncover the inner decision/prediction mechanism so that an in-depth
understanding of the causal and functional dependencies becomes possible and some
justification or responsibility for the decision can be considered. This is so in cases where
justification, explanation, and validation of the produced results are required, e.g., for
confirmation of correctness, safety, or reliability. Unfortunately, the explanatory mecha-
nisms developed so far, such as LIME or SHAP, are based on the same input data that
are the input for machine learning algorithms. This seems to be an in-born limitation and
an intrinsic conceptual error, as no expert domain knowledge can come into play. In this
paper, the idea of building open, white-box explanatory models is put forward. To do
that, we propose employing grammatical evolution tools supported by expert domain
knowledge. The resulting models are aimed at explaining the structure and behavior of the
decision model in terms of components, connections, and simple functional dependencies.
The primary contribution of this study is three-fold and summarized as follows:

*  We clearly put forward both the need for model-driven explainable artificial intel-
ligence (in opposition to existing post hoc approaches), as well as the conceptual
framework underlying this technology;

*  We outline the approach to put it into practice in the form of the 3C principle, which
points to the need to define causality, components, and structure (connections) to build
an explainable model of the analyzed phenomenon;

*  Finally, we point to grammatical evolution as a rational tool of choice for identification
of analytical models.

In fact, the proposed framework integrates causal relationships, functional dependen-
cies, grammatical evolution, and a priori expert knowledge to enhance the interpretability
and efficacy of AI models. While GE has been widely applied for feature construction
tasks [21], we postulate that a knowledge-based component (ingested by grammar) should
be part of the meaningful intermediate variable construction process.

This paper is structured as follows: Section 2 is subdivided into several parts, each
detailing a component of the methodology, namely (i) an example network that introduces
a diagnostic example of a feed-forward arithmetic circuit to illustrate the concept, (ii) a
motivational example that presents data and preliminary analysis to motivate the study;,
and (iii) an explanation and application of grammatical evolution to develop a model with
enhanced explainability. A conceptual framework for model-driven XAl and its application
to the generation of explanations for the Iris dataset are presented in Section 3. Section 4
reports on the implications of using MD-XAI, highlighting the advantages of GE in creating
interpretable models, as well as the encountered challenges and limitations. Section 5
summarizes the key findings and contributions of this study and suggests directions for
future research.

2. Materials and Methods

In this section, we briefly explain some ideas behind the model-driven explanation
concept. A classical example from the domain of model-based diagnosis serves as a core
of the discussion. The main aim is to provide some intuitions with respect to how a
transparent, explanatory model should look.

2.1. Example Network

Let us briefly recapitulate a classical example from the artificial intelligence domain
applied to diagnostic reasoning. This example is based on analysis of the behavior of a
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multiplier-adder circuit; it was presented and analyzed in a seminal paper by R. Reiter [25].
It has also been widely explored in a number of Al diagnostic readings, analyses, and investi-
gations, such as [26], as well as some of the second author’s papers, including [27-29].

Here, we focus on its causal structure and functional components.

The system has 5 numerical inputs, namely A, B, C, D, and E, and two numerical
outputs, namely F and G. As the very first approach, it can be modeled as a single black
box of 5 inputs and 2 outputs, perhaps equipped with an input-output data table of
arbitrary length specifying its behavior. However, such an approach would not be useful in
understanding how the system works and how the output is produced.

A better and deeper model of the system can be specified with a Directed Acyclic
Graph (DAG), as shown in Figure 1.
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Figure 1. An example of a logical causal graph, namely a multiplier-adder system; a variable

[Z] /32

observed to misbehave is marked with an asterisk symbol (F*).

The system has five input variables, namely A, B, C, D, and E. They influence further
intermediate variables, namely X, Y, and Z (the internal variables). Finally, these variables
shape the output variables, namely F and G.

A more detailed model of the system is composed of two functional layers. The first
one contains three multipliers, namely m1, m2, and m3, receiving the input signals, namely
A, B,C, D, and E. The second layer is composed of two adders, namely a1l and 42, producing
the output values of F and G. Only inputs (of the first layer) and outputs (of the second
layer) of the system are directly observable. The intermediate variables, namely X, Y, and Z,
are hidden and normally cannot be observed.

A schema of the circuit, presenting its inputs, intermediate variables, outputs, compo-
nents, and connections, is presented in Figure 2.
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Figure 2. An example of a simple network of components, namely the multiplier-adder case.

This kind of model, containing functional blocks as components, as well as specifica-
tion of intermediate variables and component connections, is the intuitive model we aim to
use for almost any kind of explanatory reasoning. Such a model can be used for output
prediction, abductive reasoning for finding possible inputs and generating the observed
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output, and even for complex diagnostic reasoning [25,27]. Such a case is considered below.
The aim is to show the potential of using such models.

Under normal conditions, the presented model allows for full explanation of the
behavior of the system so that the simulation or prediction task can be performed and
explained. This is enough to consider the current input values and propagate them forwards
in a systematic way so that the values of the output are received. In our case, we have
A =3,B=2,C=2,D=3,and E = 3; if all the components are working correctly, the predicted
output values should be F = 12 and G = 12. But having such a detailed model, one can
perform much more advanced diagnostic reasoning.

Since F = 10, we can conclude that the system is faulty. In model-based diagnosis, it
is typically assumed that faulty behavior is caused by a fault of a named component or a
simultaneous fault of a set of such components; no faults caused by faulty links, parameter
settings, or the internal structure are considered. A simple analysis of the scheme presented
in Figure 2 leads to the conclusion that one of the components producing the output at
F (m1, m2, or al) must be faulty. In fact, C; = {m1,m2,al} forms the so-called conflict
set [25], i.e., a subset of system components such that at least one of them is sure to be faulty.
Also note that only m1 and a1 being faulty can be considered a justified explanation for the
observed fault. Assuming that m2 alone is faulty is not a justified explanation for faulty
behavior, since it is not consistent with the observation of G = 12.

A bit more complicated analysis results in the observation that there exists another
conflict set, namely C, = {m1,al,a2,m3} [25,27]; if m3 and a2, are correct, the observation
that G = 12 leads to the conclusion that Y = 6, and this is in conflict with the assumption
that m1 and al are correct, yielding X =6 and Y = 4.

At this point, it is worth stating that C; and C, are of different types and origins. Here,
C; can be classified as the causal type (all the components directly influence the value of F).
On the other hand, C; is more of a constraint type, as it is discovered by the observation
that some mathematical constraint induced by the structure of the circuit is violated by the
current observations.

In the analyzed case, i.e., F being faulty and G being correct, the final (minimal) diag-
noses fully explaining the observed misbehavior for the considered case are calculated as
reduced elements of the Cartesian product of C; = {m1,m2,al} and C; = {m1,m3,al,a2}
[25,27]; these are the so-called hitting sets [25]. The following potential diagnoses are con-
sidered: Dy = {m1}, D, = {al}, D3 = {a2,m2}, and Dy = {m2,m3}. All the diagnoses,
although hypothetical, fully explain the observed misbehavior of the system.

The above example was presented in detail to introduce the motivation for a detailed
system specification for explanatory reasoning. In fact, one needs to know the components,
connections, and causal dependencies to fully understand the work of a complex system.
Some interesting analyses of the system concerning identification and explanation of
numerical faults are presented in [28,29], and an investigation of possible model discovery
is presented in [30].

2.2. A Motivation Example

In this section, we present a comprehensive motivation example. The role of this
example is to (i) introduce new ideas and some terminology underlying the proposed
approach, (ii) show the way of dealing with the data and the necessity of supplementary
knowledge introduction, and (iii) show why classical approaches to ML/XAI have some
intrinsic limitations.

The data table below is used as input for ML algorithms.

In fact, Table 1 gives only an idea of how the data look and covers only a very small
sample of the data in use. A complete data table consists of 100 observations.
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Table 1. A schematic presentation of the input data. The table contains a sample of the data used
for experiments.

a b C Decision
3 9 7 0
1 4 4 1
5 9 4 2

The structure of the data includes three independent input columns (labeled a, b,
and c) and one output or decision column (labeled decision). The input columns generally
contain real numbers, whereas the output is an integer with possible values of 0, 1, and 2.
Consequently, the input triples are deterministically classified into three distinct classes.
The ML task is to create a prediction model that can determine the output value (decision)
for any given set of input values.

Some ML paradigms selected for this experiment are Linear Regression (LR), Decision
Trees (DT), and Random Forest (RF). A series of experiments implemented in the R language
(using the stats and caret packages) was carried out in order to create models that attempt
to discover the decision function from example data. A total of 100 observations were
employed for training purposes, and the models were subsequently validated on an
additional set of 100 observations, which were distributed similarly to the training dataset.

Results of the experiments were assessed using the following metrics: Root Mean Squared
Error (RMSE), calculated as RMSE(y, ) = 1/ Y™, (y; — #;)%, and RMSE normalized by

n

the mean (NRMSE = %). The results are presented in Table 2 below.

Table 2. RMSE for selected ML techniques.

RMSE Train NRMSE Train RMSE Test NRMSE Test
Linear 0.8267 0.8026 0.8239 0.8368
Regression
Decision Tree 0.5431 0.5273 0.8142 0.8224
Random Forest 0.2284 0.2218 0.5883 0.5942

The experiment shows that the prediction results are far from being perfect. None of
the proposed techniques is capable of creating an accurate ML model. While LR returns the
mean decision value of training data and performs similarly on the test dataset, the DT and
RF models are overfit.

For the learned RF model, we applied the most popular XAI tools, namely LIME and
SHAP. The results for representative prediction are presented in Figure 3 below.

LIME suggests variable b has the biggest impact on the prediction, while variable ¢
contributes the least. In contrast to that, the SHAP explanation puts forward c as the most
impactful variable and b as the least important. Moreover, in LIME, both b and ¢ make
positive contributions to the outcome of the model, while in SHAP, the contribution of both
is negative. As there are considerable discrepancies between the explanations proposed by
LIME and SHADP, it is not straightforward to decide which explanation should be respected
as the correct one. Moreover, there is no single explanation technique that is universally
superior, and there are no common choice criteria with respect to which technique should
be used for explanation generation for the model. This is the reason a clear definition of the
purpose of the XAl task and key properties of explanation for a given case is needed.
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Case: 11
Prediction: 0.72783332
Explanation Fit: 0.048
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Figure 3. (A) LIME explanation and (B) SHAP explanation for a given prediction (green indicates
positive contribution, while pink negative).

In conclusion, it becomes apparent that this simple example exposes the nonsense of
trying to construct explanations without taking into account the semantics of the data.

Continuing this issue, note that while it is easy to measure the accuracy of the model,
there is no consensus on the quality measures of an explanation. Different metrics, e.g., fi-
delity, consistency, simplicity, generality, reliability, and causality, have been developed
in order to assess explanation quality [31,32]. If ML outputs align with intuitive human
reasoning, users are more likely to trust and effectively interact with the system. A human-
centric approach to explanation helps bridge the gap between complex ML algorithms and
practical applications, ensuring that technology serves and aligns with human values and
ethical standards. A model that performs well is generally considered more trustworthy
than a model that performs poorly. However, the trustworthiness of a model goes far be-
yond its performance and depends on various factors. For this reason, it may be beneficial
to explain less accurate models, as the explanation may help identify potential reasons
for the poor performance and highlight areas that need improvement or may lead to the
rejection of the model based on wrong assumptions. Nevertheless, the question of whether
the explanation of a wrong model may be correct is still an open issue.

Now, let us redefine the experiment using the same input data table but according to
the enhanced and extended methodology focused on in this paper, i.e., model-driven XAI
(MD-XAI).

The core concept of the proposed MD-XAI approach involves integrating a knowledge
component (KC). The KC comprises a set of definitions for (local) functional dependen-
cies among the input variables (The notion of a functional dependency comes from the
Relational databases) . A variable (Y) is functionally dependent on variables Xj, Xy, ..., X,
if, given the values of X = [Xj, X», ..., Xy], the value of Y is uniquely determined. This
relationship is represented as X — Y. For obvious reasons, we only consider minimal
functional dependencies, meaning that none of the X; can be removed from X without
losing the functional dependency.

Domain experts can provide some of the functional dependencies, which may be either
established knowledge in the field or hypothetical statements (thus, requiring validation).
Such hypothetical functional dependencies can also be found with help of specialized
algorithms; a good review of such algorithms for causal structure discovery is provided
in [33].

When discovering functional dependencies in the data, one can generally look for the
following:

¢ Internal functional dependencies, i.e., among the variables naming the columns in the
original set of input data;
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e External functional dependencies, i.e., concerning the situation when a new, external
variable is introduced, and it aggregates the knowledge represented by one or several
original variables;

*  Functional dependencies among the external variables, which can also be searched for,
leading to a kind of multi-level scheme of dependencies [34].

Since variables 4, b, and ¢ are independent, no internal functional dependency exists
among them (according to the knowledge provided by a domain expert). However, using
expert knowledge, one can suggest introducing an external knowledge aggregation variable
(d) such that [a,b, c] — d. The value of d is determined by the following formula defined
by an expert: d = b*> — 4ac. This slightly enigmatic example should now become clear.

The initial example is rearranged by incorporating the KC. First, the input data table
is completed. Table 3 presents the new, enriched dataset.

Table 3. An expert-extended version of Table 1 with a new, meaningful column d.

a b C d Decision
3 9 7 -3 0
1 4 4 0 1
5 9 4 16 2

The significance of parameter d is clear. Additionally, the classification rule becomes
evident and can be manually replicated using a three-level relay-type function. This is
confirmed by the results of the numerical experiments presented in Table 4 below.

Table 4. RMSE for selected ML models with KC.

RMSE Train NRMSE Train RMSE Test NRMSE Test
Linear 0.4778 0.4639 0.5779 0.5837
Regression
Decision Tree 0.0000 0.0000 0.0000 0.0000
Random Forest 0.0408 0.0396 0.0333 0.0336

The error of the linear classifier decreases, but still, the model performance is not
acceptable. The simple DT presented in Figure 4 classifies data with 100% accuracy and
clearly outperforms the much more complex RF model. Now, LIME and SHAP expla-
nations for the RF model that involves a KC are consistent, showing that parameter d
has is identified as the most crucial determinant for the model’s predictions, significantly
outweighing the influence of parameters a4, b, and ¢, whose contributions are not always
consistent but are comparatively negligible. However, neither LIME nor SHAP explains
why parameter d is the decisive parameter, i.e., the semantics behind it.
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Figure 4. Decision tree model.

2.3. Explaining Grammatical Evolution

Grammatical Evolution (GE) is a form of Evolutionary Algorithm (EA) that mimics
the process of biological evolution to seek solutions to problems [35]. Unlike a classical EA,
GE integrates genetic algorithms with the rules of formal language theory. User-defined
context-free grammars (CFGs) constrain the structure and syntax of the genome, which
allows for the generation of solutions with a well-defined structure. The core idea of GE
revolves around the process of mapping genotype to phenotype, which is achieved by
generating sentences according to a specified grammar. In this process, the genome guides
the selection of applicable production rules from the provided grammar. By imposing rules
and restrictions through context-free grammars, GE ensures that the solutions adhere to
specific syntactic patterns, enhancing their coherence and applicability to the problem do-
main and offering a framework for shaping and refining solutions, enabling the generation
of outputs that align closely with desired specifications and objectives. Each solution is
evaluated using a fitness value for a given objective function.

There are several implementations of GE algorithms. Notable examples include
gramEvol for R; PyNeurGen, PonyGE, and PonyGE2 for Python; GEVA and EC]J for
Java; and GELab for Matlab, among others (https://en.wikipedia.org/wiki/Grammatical _
evolution#Implementations (accessed on 29 March 2024)).

While GE is used primarily to generate variable-length linear genome encodings of
computer programs, it can also be employed for symbolic regression tasks and identification
of functional dependencies. GE utilizes a CFG defined as G = (N, T, P,S) , where N is a
set of non-terminal symbols, T is a set of terminal symbols, P consists of production rules,
and S is the start symbol. Each individual in GE is represented by a chromosome (a string
of integers that act as genetic material), guiding the selection of production rules from P
to convert non-terminals to terminals, thus constructing valid mathematical expressions
using a modulo operation based on available rule choices. The translation from genotype
(chromosome) to phenotype (expression) involves applying the production rules based
on gene values, iterating until a complete expression is formed, or the chromosome is
exhausted. Fitness is evaluated by how closely these expressions match target outputs
(e.g., with MSE). Evolutionary processes including crossover and mutation generate new
chromosomes, with selection based on fitness, perpetuating the cycle to evolve increasingly
accurate symbolic expressions.

The GE approach adds an extra layer of interpretability to the generated solutions.
Since each solution must conform to the rules defined in the grammar, it is possible to trace
back the decision-making process of the algorithm, providing insights into how specific
solutions were constructed. While shallow XAI techniques such as LIME or SHAP can
improve the understanding of black-box models by explaining their predictions in specific
cases, GE helps in creating inherently interpretable models. GE-based explanations are
directly derived from the model itself, without the need for approximation or additional
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modeling, which may reduce the errors typically associated with the approximations made
by post hoc explanations. The flexibility in how models are represented allows for more
adaptable and potentially understandable models. The application of GE can be particularly
advantageous in domains where the incorporation of expert knowledge into the model
is crucial, such as in health care, as user-defined grammars allow for the incorporation of
domain-specific constraints and guidelines. By optimizing multiple objectives (e.g., model
accuracy, complexity, and interpretability), GE can support the development of predictive
models that are both precise and understandable [36].

2.4. Application of Grammatical Evolution

We redefine the experiment and assume the domain expert has provided only nu-
merical values of the variable d as a column of experimental results. However, leveraging
domain-specific knowledge, the expert can offer insights into how d might depend on other
variables. In this phase of the experiment, the gramEvol package, a native R implementa-
tion of grammatical evolution, is utilized (it is also used in the subsequent experiments
outlined in this paper). We maintain the use of 100 observations, as in the previous stages,
but apply GE methods.

External knowledge can be represented as a context-free grammar and utilized as
input for the GE process. The following is an example of such a grammar:

<expr> ::= <var> | <op>(<n>, <var>) | <op>(<var>, <n>)
| <op>(<expr>, <expr>)

<0p> ce= MM | Nyt | nan

<var> ::=a | b | ¢

<n> ::=11]12 1] 31| 4

Since GE is capable of performing symbolic regression tasks, it can identify functional
dependencies within the data. The following expression for the d variable was derived
utilizing the GE approach after fewer than 30,000 iterations:

Best Expression: b"2 - ¢ * 4 * a

Using the derived formula for d, an additional component is incorporated into the
model. The three-class classification problem is simplified into three distinct binary classifi-
cation cases. Subsequently, a set of rules is established to determine the number of roots for
a quadratic equation tailored specifically to each case:

ifelse(d > 0, "two", "other no. of roots")

ifelse(d == 0, "one", "other no. of roots")

ifelse(d < 0, "zero", "other no. of roots")

The result of combined rules is a simple and human-interpretable classification rule:
ifelse(d > 0, "two", ifelse ( d == 0 , "one", "zero"))

It should be noted that although d > 0,d == 0, ord < 0is always included in the
resulting formula of the GE process, occasionally, more complex rules, e.g., ifelse((b
> min(b)) & (d == 0), "omne", "other no. of solutions") are proposed as the fi-
nal solution.

As might be expected, the classification model developed using the GE approach
achieves 100% accuracy.

The classification explanation is given by the functional structural diagram shown in
Figure 5. This diagram includes two functional components; the first calculates the value
of d, and the second determines the actual class based on the value of d.

g ——¥ 4 —* 0
b —————m » _|_|_ —* 1
L —————™ —» 2

Figure 5. The functional model.
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Note that in general, the diagram can take a more complex form of a directed acyclic
graph. A more precise statement of the underlying theory is presented in a subsection below.

Incorporating external knowledge components (auxiliary domain knowledge and
expert knowledge) can often enhance the levels of explainability and trustworthiness of Al
models. A well-fitting KC can improve interpretability, address ethical issues, provide con-
text, and boost model performance. Aligning the decision-making process with established
principles or rules makes it easier to comprehend and explain the model’s predictions. By
incorporating domain knowledge, logical constraints, or expert guidelines, models can
propose explanations that align with human reasoning. Additionally, domain expertise
allows the model to capture underlying patterns and relationships that may not be apparent
in the training data alone. This may result in better coverage and generalization of new,
previously unseen data.

While incorporating external knowledge into the explanation process can be advan-
tageous, it is crucial to verify the reliability and quality of the external source. Addi-
tionally, potential biases or limitations in the external information should be carefully
considered [34].

3. Results
3.1. A Conceptual Framework for Model-Driven Explainable Artificial Intelligence

In this section, we briefly explain the concept of model-driven XAI (or model-based
XAlI), somewhat in opposition to shallow XAI approaches such as LIME or SHAP. The
concept of causality plays the principal role in MD-XAI in addition to causal reasoning,
causal models, causal graphs, etc. [23] . The phenomenon of causality is a core mechanism
to explain the behavior of systems. It can be used both forwards—by a kind of deductive
reasoning or forward chaining—for predicting the results of certain input and backwards
for a kind of abductive reasoning or backward chaining—for finding potential causes of
some observed system outputs. Both forward reasoning and backward reasoning can be
multistep procedures based on a graphical framework constituted by a multi-level graph.
In [37], we presented a probabilistic causal model for biomedical data. It consists of a DAG
with clear presentation of the causal dependencies among variables. Here, we consider a
similar framework but a strictly deterministic one.

Here, we put forward the idea of the “3C principle”. In order to build an explainable
model, we propose that the following 3 concepts be used in common:

*  Causality —identification of causal dependencies among variables;
¢ Components —identification of system components; and
*  Connections —identification of the connections of inputs, components, and outputs.

The abovementioned picture comes from the ideas of systems science and automatic
control. A good example of such knowledge representation is the multiplier-adder circuit
introduced in the Reiter’s famous paper on model-based diagnosis [25]. Some other
examples used in ML/ Al are Bayesian Networks (BNs) [23,37].

In order to provide clear intuitions for further discussion, let us briefly refer to the
example network discussed in Section 2.1. It is the example of the famous multiplier-adder
system presented in detail in the seminal paper on model-based diagnosis [25]. In order
to focus on explanatory reasoning, we can follow the mode of Ligeza [30]. This example
clearly explains the intuitions behind the following concepts:

e  System inputs (A, B, C, D, and E);

¢  System outputs (F and G);

*  Meaningful intermediate variables (X, Y, and Z);

*  System components (three multipliers and two adders);

¢  Causality—the input signals and the defined work of components that cause the actual
values of the intermediate and output variables.

For MD-XAI, we need an extended input; apart from a data table, we also need to
incorporate some knowledge, e.g., the components, connections, intermediate values, etc.
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Definition 1. Let A = {A1, Ay, ... An} be a set of attributes denoting the input variables, and let
D be the output or decision variable. A table (T) of data specifications for a machine learning
problem takes the following form presented in Table 5 :

Table 5. A typical data table for ML.

Aq Ay v Ay D
a1, a1 e a1, dq
ap1 a2 ce a2, do
A1 A2 e A n dm

The basic task of ML is to induce a decision tool or procedure capable of predicting
the value of the decision column on the basis of the data columns.
The proposed approach consists of the following steps:

*  Selecting existing values or injecting new meaningful intermediate values;

. Determining the functions defining their values;

* Incorporating composition boxes;

*  Defining connections among composition boxes;

. Evaluating the parameters (such as simplicity, error rate, etc.);

*  Defining the exceptions uncovered by the model,

¢  Final simplification or modification/tuning of the structure and parameters.

The basic concept to be introduced is that of Meaningful Intermediate Variable (MIV),
which is defined as follows:

Definition 2. A meaningful intermediate variable (MIV) is a (new) variable satisfying the
following conditions:

* It has clear semantics; knowledge of its value is of some importance to the domain experts,
and it can be understood by the data analyzers;

*  Itswvalues are defined with a relatively simple function (for example, from a set of predefined,
admissible base functions);

e The input for the function is defined by the data table or other previously calculated MIVs.

A typical MIV defines a new, meaningful parameter that can be easily interpreted by
the users and that moves the discussion to an upper, abstract level. The function behind an
MIV can typically have 2-3 inputs. Therefore, the role of introducing MIVs is threefold,
including the following:

*  Reduction of the problem dimension by combining several inputs (from the initial
dataset) into a single, newly created meta-level parameter;

*  Catching the causal and functional dependencies existing in the dataset;

*  Moving the explanatory analysis to a higher, abstract level in order to simplify it.

Typical examples of MIVs include introducing/calculating the area of specific surface,
volume, density, ratio of coexisting values, etc. In the introductory example, it was the d
variable, as introduced in the 4th column of Table 3.

A perfect example from the medical domain is the Body Mass Index (BMI), which is

defined as follows:
W

H?’

where W is the weight of a person (in kilograms) and H is his height (in meters). The
BMI parameter is a MIV, while W and H are input data values. An experiment concerning
the explanation of BMI considering LIME and SHAP versus grammatical evolution was
reported in [38].

BMI =
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Note that the definition of MIVs constitutes an extra knowledge component and is not
included in the typical dataset from ML repositories. Invention and injection of MIVs may
correspond to a tradeoff between random selection from the base of available MIVsand
expert advice based on strong domain knowledge.

Also note that MIVs can be organized into several levels, and the outputs of some of
them may serve as inputs for others.

3.2. Explanation Examples: IRIS

In this section, we consider several white-box, model-driven XAI models for the
widely explored IRIS dataset. The IRIS dataset consists of 150 instances, where each
instance represents an iris flower sample. Each sample has four features/attributes, namely
sepal length, sepal width, petal length, and petal width. Based on these features, each
sample in the dataset is labeled with one of three classes, representing different species of
iris flowers, namely Setosa, Versicolor, or Virginica.

The dataset is balanced, with 50 samples for each of the three species. Moreover, it
demonstrates good separability among the different species of iris flowers. The simplicity
and small size of the dataset make it a popular choice for algorithm testing in the field
of ML.

Initially, we applied the GE approach to four features from the dataset (minimizing
the number of misclassified labels, allowing 1000 iterations, and with default parameters),
utilizing the following grammar:

expr = grule((expr) & (sub.expr),

(expr) | (sub.expr),
sub.expr),

sub.expr = grule(comparison(var, func.var)),

comparison = grule(‘>‘, ‘<¢, ¢==¢, ‘>=¢  ‘<=¢),

func.var = grule(num, var, func(var)),

func = grule(mean, max, min, sd),

var = grule(Sepal.Length, Sepal.Width, Petal.Length, Petal.Width),

num = grule(l, 1.5, 2, 2.5, 3, 4, 5)

Below, we present illustrative examples that demonstrate the separability of the dataset,
including the resultant formulas and plots for the Setosa (Figure 6) and Versicolor (Figure 7)
classes:

ifelse(Petal.Length <= Sepal.Width, "setosa", "other")

® @
[ ]
] 8
o '.I $ o...'
3- o0 @ ]
e .&o' e
- . ..'. o ' Y ! ¢ ¢ o Species
g ° o™ %o oo ° dase s
= . .. ] A class B
B2- L @ other
0
sefosa
14
0-
0 2 4 6
Petal Length

Figure 6. Setosa species classification using GE with sepal width and petal length parameters.

ifelse((Petal.Width <= 1.5) & (Petal.lLength >= 2.5), "versicolor", "other")
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Figure 7. Versicolor species classification using GE with petal width and petal length parameters.

While the classification accuracy for the Setosa species was perfect, the accuracy for
the other classes suggests potential for improvement (e.g., 94.66% for Versicolor).

To estimate confidence intervals (CI) for the accuracy of rule-based classification
models, which traditionally lack direct uncertainty measures due to their deterministic
nature, we applied a bootstrap resampling technique. Utilizing the boot package in R,
we performed 1000 resamplings of the IRIS dataset. Each sample was evaluated using
a predefined model that classifies instances as a given species or other based on fixed
thresholds of the input features. This process of recalculating the model accuracy for each
bootstrap sample generated a distribution of accuracies. From this distribution, percentile-
based confidence intervals were derived, quantifying the variability and reliability of the
model performance across different samples. The estimated CI (with a 95% confidence
level) for Versicolor is (0.9067, 0.9800).

To improve the classification, we introduced MIVs.

In order to maintain simplicity, several models are presented in order but according to
the same, simple scheme.

¢  Causal model—data flow;
* Input, output, and MIVs;
¢  Functional model;

e  Accuracy;

e Simplicity.

The first model is very simple; only one MIV is introduced, and it is a value intended
to be proportional to the petal area.
The inputs are petal.length and petal.width

PLmPW = petal.length x petal width 1)

We allowed for MIVs in the grammar definition. For each species, we enabled
1000 iterations of the evolutionary process. The complete functional model introduces
a simple comparison of the MIV value defined by Equation (1) with the threshold values
presented below.

ifelse(PLmPW <= 2, "setosa", "other")

ifelse((PLmPW <= 8) & (PLmPW >= 2), "versicolor", "other")

ifelse(PLmPW >= 8, "virginica", "other")

For intuition, in human-understandable terms, PLmPW can be interpreted as the
“rough area” of a petal . The rules can be put together to create the functional model shown
in Figure 8.
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Figure 8. Functional model for iris classification with an MIV .

The results of the classification process performed with the provided functional model
are depicted in Figure 9.

virginica - Ak

PredictedClass
w
€@©
& p.setosa
& versicolor- prrY v Y
c% F'S p.versicolor

p.virginica
setosa-
!
0 10 15
PLmPW

Figure 9. Three-class classification using a functional model with MIV = petal.length * petal width.

The classification model, although not perfect, achieves a relatively high accuracy
of approximately 95%. The model exhibits a high degree of simplicity, utilizing merely
two input variables and a single MIV, with the number of outliers limited to only seven.
The model is interpretable and easy to understand for humans. The 95% CI for the model
accuracy is (0.9200, 0.9867).

Functional models can incorporate more MIVs.

Now, let us introduce another MIV that estimates sepal area. The inputs are sepal.length
and sepal.width

SLmSW = sepal.length * sepal .width (2)

MIVs in the model can be derived not only from input parameters but also based
on other MIVs. An example of such an MIV is the petal-sepal area ratio based on MIVs
(1) and (2).

PdS = PLmPW /SLmSW 3)

Utilizing the GE approach, the following rules were generated based on the MIV value
defined by Equation (3):

ifelse(PdS <= 0.2, "setosa", "other")

ifelse((PdS <= 0.43) & (PdS >= 0.22), "versicolor", "other")

ifelse(PdS >= 0.43, "virginica", "other")

The rules come together to form the functional model shown in Figure 10.
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Figure 10. Functional model for iris classification with multiple MIVs .

The outcomes of the classification executed using the given functional model are
shown in Figure 11.

virginica -

PredictedClass

p.setosa
versicalor - Fry v % )
r'S p.versicolor

Species

p.virginica

setosa-

0.0 02 0.4 06 0.8
PdS

Figure 11. Three-class classification using a functional model with multiple MIVs.

The model shows slight improvement compared to the previous one. The number of
outliers is reduced to six (accuracy improved to 96%). The 95% ClI for the model accuracy is
(0.9267, 0.9867). The model is more complex than its predecessor yet remains interpretable
to humans.

Furthermore, in order to statistically compare the functional models shown in Figure 8
(Model 1) and Figure 10 (Model 2), we performed analysis of variance (ANOVA) on
1000 bootstrap samples for both models, specifically examining their respective accuracies.
The complete results of ANOVA are presented in Table 6. A low p-value (<2 x 1071¢)
indicates that there is a statistically significant difference in accuracy between the two tested
models. The significant F value (96.75) suggests a strong model effect on accuracy.

Table 6. ANOVA results.

Degrees of Freedom Sum of Squares Mean Square F-Value p-Value
Model 2 vs. Model 1 1 0.0278 0.027776 96.75 <2x10716
Residuals 1998 0.5736 0.000287

As ANOVA indicated significant differences between models, we performed Tukey’s
Honestly Significant Difference (HSD) test. The adjusted p-value (effectively zero) indicates
that the difference in mean accuracy between Model 1 and Model 2 is statistically significant.
Model 2 has a higher mean accuracy than Model 1 by approximately 0.745%, with a 95% CI
of (0.0060, 0.0089).
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4. Discussion

While GE is primarily used in the field of genetic programming, it can also be relevant
in the area of XAI due to its ability to generate human-readable and interpretable solu-
tions that resemble the human way of thinking. Grammars can restrict the structure and
components of possible explanations and indicate causality. GE can provide functional rep-
resentations of the model that mimics the decision-making process. These representations
can be analyzed by humans in order to gain insights into the model structure and way of
working and, thus, to allow for better understanding of the behavior of the Al system.

The presented experiments point to the necessity of including more complete external
declarative knowledge in building reliable and trustworthy AI models. The KC can help
to provide context information and include domain-specific expertise. By incorporating
this knowledge, models can better capture the problem and provide better predictions.
Incorporating external knowledge can enhance the model’s robustness against uncertainties,
incomplete information, noisy data, and hidden nonlinearities. Moreover, the use of expert
knowledge can aid in developing solutions that are robust and generalize well to new data
and diverse scenarios.

One of the major disadvantages of the GE approach is the problem with convergence
and reproducibility of the results. A GA does not guarantee finding optimal/any solutions
in all cases. The search space of many real-world problems is vast and complex, making it
difficult to guarantee finding the optimal solution. Selected experiments show that different
runs of GE algorithms can return different functional models as explanations, especially for
classification problems. Moreover, despite the demonstrated efficacy of grammatical evolu-
tion, the method can sometimes become trapped in local minima of the objective function,
leading to performance that may fall short of expectations. To address these challenges,
hybrid techniques combining local minimization algorithms with grammatical evolution
can be employed. However, as grammatical evolution involves integer optimization, these
techniques must be specifically tailored to suit this framework [39].

Context-free grammars can be employed to constrain the structure of an explanation
model. However, a growing demand for penalization of complexity and redundancy
within a model has arisen. Currently, there are no mechanisms to verify if the proposed
genome includes superfluous information, making it challenging to eliminate unnecessary
components. Additionally, estimating the number of building blocks necessary for a
functional model a priori remains difficult.

At this moment, numerical threshold optimization is not performed effectively by the
GE algorithm and is strongly dependent on user-specified numerical values. Future works
should involve the implementation of solutions for optimal cutoff point searches.

Ensuring ethical and legal compliance necessitates the incorporation of external knowl-
edge. Models must align with ethical guidelines, legal regulations, and privacy standards.
By including an external knowledge component that addresses these elements, models can
be constructed focusing on reliability and responsible decision making.

Our proposal introduces a novel application of GE in the area of XAI called model-
driven explainable artificial intelligence. This approach transcends the limitations of
traditional ‘black-box” AI models by providing a transparent, interpretable framework that
resembles human reasoning. By using GE for function identification, we not only enhance
the technical capabilities of Al but also bring it closer to human thinking patterns, making
Al decisions more understandable and trustworthy.

In the proposed approach, i.e., MD-XAI, there is a visible tradeoff between the sim-
plicity and interpretability of the model and its accuracy. Our point is that it may be
reasonable and desired to sacrifice the accuracy of the prediction in order to obtain a
simpler, transparent, and robust model composed of easy-to-understand variables (MIVs),
components, and functions. The number of building blocks of a functional model must be
limited by human perceptual capabilities, as overly complex models, although accurate,
may become incomprehensible to users. The accuracy of technical systems is never perfect,
while understanding the real nature of the phenomena is always an ultimate goal.
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Understanding functional dependencies in relational database systems (RDBSs) is
critical for more than just technical reasons. It involves knowing the specific needs of
different fields, making sure systems can handle unexpected changes and work with new
data. Following ethical rules and laws is also of primary importance for building trust with
users. Importantly, having experts check and assess the quality of these systems ensures
they are reliable and useful and and meet legal standards. This approach makes RDBSs not
only more effective but also trusted sources of information in our data-driven world.

Our experiments present several challenges, particularly in the areas of dataset char-
acterization, threshold optimization, and penalization of complexity and redundancy.
An intrinsic limitation arises from the need to carefully define the characteristics of the
target datasets, which is a prerequisite for tuning the operational parameters of the GE,
including the optimization of thresholds that balance sensitivity and specificity. In addition,
the penalty mechanism for complexity and redundancy is critical to refining the efficiency
of the model but introduces additional layers of decision complexity. A major concern
within this framework is the issue of GE convergence and reproducibility of results. The in-
herent variability in GE processes often prevents consistent results, raising questions about
the stability and determinism of the approach. While this variability reflects the dynamic
nature of evolutionary algorithms, it necessitates a deeper investigation into methods that
could improve the predictability and reliability of results, thereby moving towards a more
deterministic model. Addressing these challenges is critical to advancing the application of
GE in model-driven XAlI, ensuring that models not only capture the nuanced relationships
within the data but also do so with high degrees of reliability and reproducibility.

5. Conclusions

The presented experiments demonstrate that relying solely on shallow explainability
techniques can result in incorrect models and misleading or inconsistent explanations.
The discrepancies in explanations highlight the inherent limitations of the abstract, model-
agnostic approach. Whenever feasible, simple models and explanation techniques that
foster a deep understanding of the model’s structure and behavior should be preferred.

A promising technology for advancing and expanding the identification of inter-
pretable functional structures is grammatical evolution. GE can be effectively used to
identify functional dependencies within data. The presented experiments highlight the
benefits of generating an accurate model with a small amount of training data compared to
shallow methods, showcasing its potential in creating interpretable Al models and enhanc-
ing transparency. Models created using GE, even with limited amounts of training data, can
surpass those developed by more traditional, shallow techniques. The adaptability of GE
to different data types and its capacity to reveal complex patterns underline its robustness
and versatility.

This study underscores the importance of the 3C principle (Causality, Components,
and struCture) in enhancing the interpretability and effectiveness of model-driven XAI This
principle serves as a guideline for the construction of transparent and understandable Al
models. By emphasizing causality, identifying crucial system components, and elucidating
their interconnections, the 3C principle facilitates a deeper understanding of the underlying
mechanisms of Al decisions. Adopting this principle not only advances the development
of explainable models but also helps to build trust and reliability in Al systems.

The significance of meaningful intermediate variables is also paramount in the con-
struction of explainable Al models. MIVs, by providing an additional layer of abstraction,
help in reducing the complexity of data models while retaining essential information that
contributes to the interpretability of the Al decision-making process. These variables en-
able the encapsulation of complex relationships within the data into more understandable
and tangible concepts, thereby facilitating a more intuitive analysis and explanation of
Al models. Collaboration between computational techniques and external knowledge
(human expertise) is critical to the advancement of ethical and responsible Al, ensuring
that models are aligned with real-world applicability and constraints. By bridging the gap
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between raw data and high-level interpretations, MIVs play a crucial role in demystifying
Al operations and enhancing the accessibility of Al insights for domain experts and other
users of Al systems.

This study contributes to the field of XAl by offering a novel approach that bridges
the gap between the predictive power of machine learning and the human need for un-
derstanding and trust in Al systems. The insights gained herein pave the way for future
research efforts aimed at creating Al models that are not only powerful but also transparent
and in line with ethical standards.

Future work should focus on enhancing the efficiency and scalability of the MD-XAI
approach. One critical aspect under consideration could be the reduction of computational
complexity, which remains a significant challenge with respect to the broader adoption
and application of these methodologies. Efforts could be directed towards optimizing the
grammatical evolution process and the selection of MIVs to ensure that models can be
developed and interpreted with reduced computational resources, making the technology
more accessible for large-scale and real-time applications.
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Abbreviations

The following abbreviations are used in this manuscript:

ML Machine Learning
Al Artificial Intelligence
XAI eXplainable Artificial Intelligence

LIME Local Interpretable Model-Agnostic Explanations
SHAP SHapley Additive exPlanations

DAG Directed Acyclic Graph
LR Linear Regression

DT Decision Tree

RF Random Forest
MD-XAI  Model-Driven XAI

KC Knowledge Component
GE Grammatical Evolution
EA Evolutionary Algorithm
CFG Context-Free Grammar
CI Confidence Interval
MIV Meaningful Intermediate Variable

ANOVA  Analysis of Variance
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