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Abstract

Comprehending why an artificial intelligence—based agent makes certain predic-
tions is often discussed as one of the central issues that needs to be solved in
the near future to make such agents ubiquitously deployable. However, many
common black-box machine learning models are hard to analyse. Recently, we
proposed a new machine learning algorithm to construct concise sets of rules.
This algorithm, SupRB, creates compact, interpretable and transparent mod-
els. One key feature that differentiates it from many similar previously proposed
systems is that it optimizes the model selection tasks concerning rule discov-
ery and rule set composition separately. Therefore, users can tailor a model’s
structure more easily towards fulfilling use-case specific explainability require-
ments. Keeping the model selection tasks separate during optimization allows
for more clearly defined goals when compared to state-of-the-art systems and—
importantly—facilitates independent rule fitnesses, making the training process
easier to explain and the models easier to analyse post-hoc. In this paper, we
extend previous benchmarking of SupRB, where it was compared with XCSF,
a prominent rule set learning system, to also include Decision Trees (DTs) and
Random Forests (RFs) in our analysis. We find that—as expected—SupRB
performs comparable to XCSF, while allowing easier control of model structure
and showing a substantially smaller sensitivity to random seeds and data splits,
and it performs slightly worse than RFs; and better than DTs. Importantly, the
overall model size was substantially smaller with SupRB, making it the easiest
to interpret system while not falling significantly short in terms of prediction
errors.
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1. Introduction

Decision making agents that utilize machine learning models need to exhibit
not only a high degree of accuracy of the models, but also provide sufficiently
detailed explanations of the decisions made by them. Limitations in one of
these capabilities lead to reduced applicability due to scepticism among the
human stakeholders. An example for this are industrial settings, where seasoned
machine operators will not accept the recommendations of the model if these go
against their experiences and knowledge while not providing sufficient evidence
of their validity. Furthermore, models in real-world scenarios are hardly ever
perfect in every detail, as learning tasks are often complex and training data
may be scarce. This exacerbates the problem of acceptance by the human
stakeholders.

This leads to a necessity of increasing the stakeholders’ trust in the pre-
dictions made by digital agents, as only then their benefits can be exploited
comprehensively. Therefore, explanations are needed, not only for the processes
involved in producing the models, but also of the entire model itself. In some
cases, explainable models are even preferred over ones with better performance
but higher complexity. This makes rule-based learners, for example Learning
Classifier Systems (LCSs), a good fit for application in this kind of setting, as
they facilitate thorough explanations. [1]

LCSs [2] are rule-based learners that utilize a finite set of if-then rules, from
which their models are composed. They are considered as inherently transparent
and interpretable. In each rule, a simpler and more comprehensive submodel,
which is fitted to particular areas of the feature space, is included. Rules apply
under certain conditions, which are optimized during training, usually utilizing
an evolutionary algorithm for this process. In general, two main styles of LCSs
can be distinguished, depending on their approach on rule set generation: while
Pittsburgh-style systems evolve a population of sets of rules, which have a com-
bined fitness per set, Michigan-style systems modify only a single set of rules,
with each rule having an individual fitness. As these traditional styles have often
been hybridised in the past, we recently proposed a new classification system
that comprises four non-overlapping classes [3]. This leads to differences in the
evolutionary algorithm’s take on the optimization (the parameter space that the
evolutionary algorithm operates on as well as its objective function), but not in
its general goal of finding an “accurate and maximally general” [4] set of rules.
The optimization does usually not include explainability-related requirements as
a target when the more common Michigan-style systems are applied, although it
can partially be present in the concept of generality. Pittsburgh-style systems,
on the other hand, utilize the evolutionary algorithm to target error and rule
set size simultaneously; however, they need to optimize both the positioning as
well as the selection of rules. To this end, alterations of several rules in the set
are performed in each iteration, which can cause beneficial changes to a rule to
go unnoticed as they are not reflected in a corresponding change in the fitness
of the overall set, e.g. because the effects on the measured fitness caused by
different rules may cancel out. These rules might then be discarded, i.e. not



included in the next generation, and the suboptimal positioning of rules might
not influence the performance of the system, which is a problem when the rule
conditions or the training process are required in explanations. In contrast,
Michigan-style systems often generate and keep a large set of rules, containing
well-performing and suboptimal ones, which is much larger than actually re-
quired for the problem at hand. Therefore, additional procedures are applied
after training, including compaction techniques, that reduce the rules in the
population to the most relevant ones, therefore enhancing explainability [5, 6].

The main reason to employ LCS models rather than less transparent models
like artificial neural networks is to exploit their inherent properties that aid the
explainability of models. However, the design of LCS training algorithms is quite
challenging. As already mentioned, they should produce small but nevertheless
accurate models of a small number of rules to be easier read by humans (cf. also
Section 2 and [7]). For this type of model, no analytical solutions are known,
therefore, it can probably only be optimized heuristically, e.g. with evolutionary
algorithms. However, there is no global optimum to be found for the creation of
individual rules but only for a highly complex model consisting of a previously
unknown number of rules (cf. our discussion of the role of the optimizer of an
LCS within [3]) where individual rules should cover a diverse option of input
space partitions. However, individual rules’ decision boundaries also need to
be well placed without the option of global optimization. Combined with the
multiple objectives introduced by explainability requirements (e.g. following our
study in [8]) algorithm design for an LCS becomes a major challenge. The goal
of those algorithms is, however, quite clear and—with the increasing number of
ML models being deployed as decision makers in everyday life—becoming more
and more timely (cf. [9]): create ML models that function accurately at making
predictions but can be understood (and investigated for potential biases) by a
human supervisor.

A new LCS algorithm named SupRB in which the optimization of rule con-
ditions and of the composition of rules to provide a problem solution is sep-
arated was initially described in [10]. With this separation, the rule fitnesses
are independent from influences other than their conditions’ direct alterations,
which increases the locality and additionally improves the explainability of these
quality parameters. Furthermore, an improvement in terms of explainability is
achieved by directly controlling rule set sizes and by the optimizer pushing good
rules towards being more specific or more general.

This paper extends the investigations of SupRB’s capabilities, described in
Section 3, by comparing it to other well-known rule-based learning approaches.
These include a modern version of XCSF [11, 12], which is one of the most
developed and advanced LCSs, as well as Decision Trees (DTs) and Random
Forests (RFs). All systems are evaluated on a variety of different regression
datasets (cf. Section 4). This article is an extension of [13] where we explored
how SupRB and XCSF relate in terms of performance.

We find that, as expected, SupRB performs competitively to XCSF with
respect to prediction error across datasets, while producing substantially more
compact models directly. SupRB achieves better expected errors than DT while



still constructing smaller models and worse errors than RF, albeit, with vastly
smaller models than RF.

2. Related Work

A well-known representative of LCSs is the XCS Classifier System (XCS),
which can be utilized to solve all the major learning tasks through its many
derivatives and extensions [2]. To compare it to SupRB and other rule-based
learning systems on a set of supervised regression tasks with real-valued do-
mains, a specific derivative and configuration is required. XCSF provides the
basis for this, being designed specifically for supervised function approximation
by replacing the constant predicted payoff with a linear function [11]. Addi-
tionally, the binary matching function is replaced with interval-based ones to
enable applicability on real-valued problem domains [14]. There are more elab-
orate variants for replacing matching functions and linear models, which aim
at improving the performance, but, at the same time, reduce the overall model
transparency [15, 16].

Rule-based machine learning (RBML) systems and, therefore, also LCSs, are
considered transparent or intepretable by design due to their natural relation
to human behaviour. This means they do not necessitate the use of complex
post-hoc methods, e.g. visualisation or model transformation, to be explainable
to humans. There are, however, factors that can reduce the capabilities of these
models, even when they are inherently transparent. These include for LCS,
among others, the applied encodings, the number of rules in the model and the
complexity resulting from the complicated matching functions or submodels in
the individual rules. [7]

While it is common to control these limitations in LCSs by design, it is also
possible to utilize specialised post-hoc methods. Especially visualisation tech-
niques for classifiers, but also other strategies, aim at improving the model’s
interpretability [17, 18, 19]. Nevertheless, controlling interpretability by design
can be advantageous, as it does not require to devise designated post-hoc meth-
ods or adapt existing ones to the specific needs of the problem at hand, as well
as the model itself, which requires not only time but also sufficient expertise.
The design must therefore focus on understandable matching functions and pre-
dictive submodels, but still keep the predictive power acceptable. Other factors,
for example problem-dependent complex variables/features, can reduce the in-
terpretability and are additionally hard to influence, which is why a thoroughly
thought through design is important.

The interpretability of LCS and of rule-based learning systems in general
is also highly dependent on the resulting rule set sizes. For example, visual
inspections are much easier for smaller sets and the extensiveness of subsequent
analysis is reduced. For LCSs, the control of the rule set size is different for
Pittsburgh-style and Michigan-style systems. In Pittsburgh-style LCSs, the
optimization algorithm’s fitness function often combines several objectives, most
commonly the accuracy and the number of rules, therefore enabling rule set size
control. In GAssist [20], for example, the accuracy and the minimum description



length are combined into a single objective, while applying an additional penalty
for rule sets with too few rules. For Michigan-style systems, large populations
are generally beneficial during the training process and therefore they do not
control the rule set size using the fitness function. However, during training, two
rules can be merged if one fully encloses the other, a mechanism which is called
subsumption. Additionally, compaction can be invoked as a post-hoc method
to decrease the number of rules in the set [14, 6]. It removes redundant rules,
i.e. ones whose deletion does not decrease prediction accuracy. Compaction
methods are, however, commonly designed for classification tasks only.

In contrast to LCSs, Decision Trees (DTs)—the most well known RBML
method—are composed of a set of non-overlapping rules, whereas in LCSs rules
may overlap which enables a higher degree of generalization. Models based on
multiple DTs, such as Random Forests (RFs) using bagging or XGBoost using
boosting, are typically less interpretable than DTs and even LCSs. LCSs are
build from overlapping rules, while RFs and XGBoost models are build from
aggregations of trees which are in turn build from non-overlapping rules. For
an extensive discussion on how the concepts of bagging, boosting, and mixing
relate to and differ from LCSs see [3].

3. The Supervised Rule-based Learning System

The Supervised Rule-based Learning System (SupRB) is a new type of LCS,
with alternating phases of rule discovery and solution composition [10]. In the
first phase, rule conditions are optimized independently of other rules. Thereby,
a pool of diverse rules with convenient localizations is discovered. The subse-
quent second phase aims at composing an accurate but small solution to the
learning task. To this end, the system utilizes an optimization algorithm to
select a subset of all available rules, i.e. all rules that are in the pool after rule
discovery. Therefore, SupRB diverges from other LCSs, as the model selec-
tion objectives—identifying a number of well positioned rules and choosing a
set of these for the resulting model—are separated (cf. Figure 1). Note that
the quality of the positioning of rules depends on a tradeoff between the local
prediction error and the matched volume. Altogether, this enables the predic-
tion of any input with minimal error, but the smallest possible set of rules,
maintaining high transparency and interpretability. It is, however, difficult to
determine beforehand how many rules are required to compose a good solution.
Therefore, the two phases are applied in turns until a termination criterion is
reached, i.e. a specified number of iterations (cf. Figure 2 and Algorithm 1).
The alternating phases provide a unique advantage: subsequent rule discovery
stages can be guided towards less explored regions, which were up until then
only covered by no or only imperfectly placed rules. To achieve this, SupRB
incorporates in-sample performance information from the last solution compo-
sition phase. Note, however, that a rule, once it has been put into the pool, is
fixed and will never be removed during the training, which stands in contrast
to Pittsburgh-style LCSs.



Figure 1: Extracting a rule-based model from data by discovering appropriate areas of the
input space to place linear models in, creating individual rules. Afterwards, a subset of these
rules is selected (denoted by cross and checkmark) to compose the output model from. In the
example, we utilize three rules and use a mixing model where only the fittest rule per area is
used for predictions.

SupRB mainly aims at providing insights into model predictions. Therefore,
attaining simplicity and interpretability of its model is essential [10] which led
to the following choices being made:

1. Rules’ conditions use interval-based matching: A rule k applies for exam-
ple z iff z; € [lg i, ug,;] Vi with [ being the lower and u the upper bounds.

2. Rules’ submodels fi(z) are linear. They are fit using linear least squares
with a 12-norm regularization (Ridge Regression) on the subsample match-
ed by the respective rule.

3. When mixing multiple rules to make a prediction, a rule’s experience (the
number of examples matched during training and therefore included in
fitting the submodel) and in-sample error are used in a weighted sum.

Rule discovery (RD), as displayed in Algorithm 2, can be accomplished by
many different methods. While we use an evolution strategy (ES) in this paper,
we also have examined different variations of novelty search [21]. A single rule
discovery phase generates multiple rules to be added. Therefore, multiple runs



Algorithm 1 SupRB’s main loop [13]

1: pool <+ ()

2: elitist < ()

3: for i + 1,n_iter do

4: pool < pool U DISCOVER RULES(elitist)
5 elitist +— COMPOSE SOLUTION(pool, elitist)
6: end for
7: return elitist

Algorithm 2 SupRB’s Rule Discovery [13]

1: procedure DISCOVER RULES(elitist)

2 rules < ()

3 for i + 1,n_rules do > (1, A\)-ES for each new rule
4 candidate, proponent < INIT RULE(elitist)

5: repeat

6: children < 0

7 for k£ + 1, do

8 children « children U MUTATE(proponent)

9: end for

10: proponent < child with highest fitness

11: if candidate’s fitness < proponent’s fitness then
12: candidate < proponent

13: 70

14: else

15: j—i+1

16: end if

17: until j =§

18: rules <— rules U candidate

19: end for

20: return rules

21: end procedure
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Figure 2: Rule discovery and solution composition alternation in SupRB [10]. ng¢ is the
number of iterations for the solution composing optimizer and ngp is the number of iterations
performed for rule discovery.

of the (1, A)-ES are performed independently, enabling parallelization. For each
of those, an initial candidate, i.e. parent rule, is placed around a training exam-
ple which is chosen by applying roulette-wheel selection based on the in-sample
error of the current elitist (or intermediate solution). Thus, higher probabilities
of being selected are assigned to examples where the prediction exhibited a high
error. The next step is the creation of A children by repeatedly applying the
non-adaptive mutation operator. It increases the distance of the parent’s lower
and upper bounds to the center by adding values sampled from a halfnormal
distribution to each. The fittest child individual—based on its in-sample error
and the matched feature space volume—is selected as the new parent. Addi-
tionally, if its fitness is higher than that of the current candidate, it replaces
this individual. In rule discovery, the fitness is calculated as

(1+a?) 0102
F =t - = 1
(01, 02) a?- 01+ 02 M
with
01 = PACC = exp(—MSE - ), (2)
and

Ui—li

09 — V= I | ; .
A mingexy r; — MaXzex T;
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This metric (cf. eq. (1)) was adapted from [22], where the authors utilized it to
combine two objectives for a feature selection problem. The Pseudo-Accuracy
(PACC), eq. (2), compresses the Mean Squared Error (MSE) of a rule’s pre-
diction into a (0, 1] range, while the volume share V' € [0,1] (cf. eq. (3)) of its
bounds is used as a generality measure. The parameter 3 controls the slope of
the PACC and « weighs the importance of the objective 0; and o, against each
other. Multiple values for 3 were tested and we found 8 € {1, 2} to be suitable
defaults and selected a 8 of 1 for this article’s runs. For «, 0.05 can be used in
many problems but, ultimately, the value should always depend on the model
size requirements, which are task dependent. The optimization process termi-
nates if the candidate was not replaced within the last 6 generations, adding this
specific elitist to the pool. Overall, the process of discovering and adding new
rules is repeated until a predefined number of rules is reached. Note that the
optimizer does not aim at finding a single globally optimal rule—as would be
the case in most optimization scenarios—but the goal is to find many optimally
placed rules that allow a more accurate prediction for all inputs than a trivial
model, i.e. simply returning the mean of all data, would produce. To this end,
independent evolution is advantageous.

Algorithm 3 SupRB’s Solution Composition [13]

1: procedure COMPOSE SOLUTION(pool, elitist)

2 population < elitist

3 for i «+ 1, pop_size do

4: population <+ population U INIT SOLUTION()

5: end for

6 for i < 1, generations do

7 elitists «— SELECT ELITISTS(population)

8 parents <— TOURNAMENT SELECTION(population)
9

: children +— CROSSOVER (parents) > 90% probability n-point
10: population <~ MUTATE(children) > probabilistic bitflip
11: population < population U elitists
12: end for
13: return best solution from population

14: end procedure

The second phase, solution composition (SC), utilizes a genetic algorithm
(GA) to select the subset of rules from the pool to form a new solution. Nat-
urally, this phase can also utilize any optimizer, and in a previous experiment
in [23] we compared several options and found that the GA is an appropriate
choice. For indicating whether a rule from the pool is included in the solution,
a bit string representation is used. Pairs of parents are selected with tourna-
ment selection before being recombined utilizing n-point crossover, where the
crossover probability has a default setting of 90%. The resulting children are
mutated by probabilistically flipping bits, controlled by the mutation rate. For
the next generation, the children and some of the fittest parents (elitism) are



kept. While the number of elitists depends on the population size, we found
that, in our experiments, 5 or 6 elitists are most suitable for a population with
32 individuals. The fitness is also calculated based on the metric in eq. (1).
In this case, the objectives are the solution’s in-sample mean squared error and
the number of rules selected (the complexity). Altogether, each individual corre-
sponds to a subset of the pool. In contrast to other rule-based learning systems
and attributable to the two phases of rule discovery and solution composition,
rules in the pool remain unchanged by the optimizer of the SD phase and only
rules within the pool can form a solution candidate.

In general, SupRB is intended—and therefore conceptualised and designed—
as a regressor. This is reflected in the system’s description, as well as the
following experimental setup and evaluation. Nevertheless, adapting the system
so that it is able to solve classification problems is quite straightforward: An
appropriate classifier, e.g. a constant model, logistic regression, or any more
complex model (depending on the explainability requirements), can replace the
linear submodels. In addition, the fitness function needs to be based on accuracy
instead of PACC and MSE.

4. Evaluation

To evaluate SupRB, we compare it to a recent implementation of XCSF!
[11, 12] with hyperrectangular conditions and linear submodels (trained by re-
cursive least squares updates [24]). This configuration very closely corresponds
to the conditions and submodels used in SupRB. While we want to specifi-
cally acknowledge that some better-performing conditions, e.g. hyperellipsoids
[25], have been proposed for XCSF, we consider them substantially less inter-
pretable for average users, which worsens with increasing input space dimen-
sion. We expect XCSF to perform somewhat on-par with SupRB. Usually,
errors should be lower while the number of rules in the model (after model
compression/compaction) is higher. Additionally?, we compare SupRB with
Decision Trees (DTs) and Random Forests (RFs)?. As LCSs can be considered
as one option to generalize DTs (by dropping the assumption of non-overlapping
rules [cf. 3]) a comparison to them is very intuitive. We hypothesize that DTs
show worse errors than the other ML approaches while producing somewhat
easier-to-interpret models. Their interpretability is strongly supported by rules
not overlapping. However, this usually also makes for less precisely approxi-
mated functions (assuming equal number of rules before mixing), increasing the
error of the overall model. RFs combine a multitude of trees which, at first
glance, might look similar to LCSs since these trees are mixed together in order
to produce predictions, whereas, in LCSs, rules are mixed. As each individual

Thttps://github.com/rpreen/xcsf https://doi.org/10.5281/zenodo.5806708

2The comparison to XCSF has already been part of [13], although we performed a different
statistical analysis there.

3We use them as implemented in the Python package scikit-learn [26] v1.0.1.
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tree that is part of the RF consists of rules that fully cover the input space,
predictions are performed by mixing multiple rules (exactly one rule per tree
since there are no overlapping rules within each tree). However, due to how
RF are trained the training steps that lead to these rules are much harder to
trace. Furthermore, RFs typically use large numbers of trees, resulting in mixing
many more rules than we expect to see mixed for each prediction in SupRB. We
hypothesize that their errors will be lower than SupRB’s due to higher model
complexities being allowed and, probably, also lower than XCSF’s. The inter-
pretation of the models generated by RFs, on the other hand, can be expected
to be more difficult due to the high number of interacting trees.

4.1. Experiment Design

SupRB is implemented* in Python 3.9, adhering to scikit-learn [26] conven-
tions. We standardize the target and transform input features into the range
[—1,1]. These transformations improve SupRB’s training process as they remove
the need to tune error coefficients in fitness calculations, i.e. balancing complex-
ity versus error for each dataset, and help prevent rules from being placed in
regions where no samples exist (and therefore none would be matched). While
other optimizers have been proposed for rule discovery (RD) [21] and solution
composition (SC) [23] in SupRB, the results have largely been inconclusive, with
ES and GA, respectively, probably being a good (or even the best choice) for
the optimizers. Therefore, we follow the setup of [13] and use these optimizers
as well as the remaining general configuration: We assume that for the datasets
under investigation discovering a total of 128 rules is sufficient to compose good
models from. Hence, 32 cycles of alternating rule discovery and solution com-
position are performed, generating 4 rules per cycle. For the ES we selected
a A (size of the offspring population) of 20. The GA performs 32 iterations
with a population size of 32. In general, all of these parameters can be chosen
quite freely as long as they are “large enough”, with larger values being neither
considerably beneficial nor detrimental to model performance but may impose
additional runtime cost during training. To tune some of the more sensitive pa-
rameters, we perform a hyperparameter search using a Tree-structured Parzen
Estimator in the Optuna framework [27] that optimizes average solution fitness
on 4-fold cross validation. We tune the datasets independently for 1000 itera-
tions or a maximum of 1080 core hours per tuning process. For XCSF we follow
the same process, selecting typical default values® [12] and tuning the remaining
parameters independently on the datasets. This same setup is also used for DT
and RF.

The final evaluation, for which we report results in Section 4.2, uses 8-split
Monte-Carlo cross-validation, each with 25 % of samples reserved as a validation
set. Each learning algorithm is evaluated with 8 different random seeds for each
8-split cross-validation, resulting in a total of 64 runs per algorithm per dataset.

4https://github.com/heidmic/suprb
Shttps://github.com /rpreen/xcsf/wiki/Python-Library- Usage
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Table 1: Overview of the experimental test data results of 64 runs per dataset rounded to
two decimals. The columns give the mean error and its standard deviation over the runs per
algorithm. The errors are calculated in a standardized target space, meaning the data was
transformed to zero mean and unit variance beforehand. If the data is normally distributed
and sample size is large enough, then a very trivial model that predicts the mean of the
output training data for any input is able to achieve an MSE of 1 in standardized target
space. Highlighted in bold are the models where the mean performance was stronger than the
other models’.

CCPP ASN CS EEC

SupRB  0.07+0.00  0.16+0.02  0.14£0.03  0.03+0.01
XCSF  0.06+0.00 0.124+0.16  0.17+0.13  0.02+0.02
DT 0.06+0.00 0.27£0.03  0.17£0.03  0.08+0.02
RF 0.04+0.00 0.06+0.01 0.09+0.02 0.04+0.01

We evaluate the four approaches on the same datasets as in [13] which are
taken from the UCI Machine Learning Repository [28]. The Combined Cycle
Power Plant (CCPP) [29, 30] dataset shows an almost linear relation between
features and targets and can be acceptably accurately predicted using a single
rule. Airfoil Self-Noise (ASN) [31] and Concrete Strength (CS) [32] are both
highly non-linear and will likely need more rules to predict the target sufficiently.
The CS dataset has more input features than ASN but is easier to predict overall.
Energy Efficiency Cooling (EEC) [33] is another rather linear dataset, but has
a much higher input features to samples ratio compared to CCPP. It should
similarly be possible to model it using only few rules.

4.2. Results

In this section, we present and discuss the results of our experiments. We
first focus on MSEs, then discuss solution complexities, and close with a rigorous
statistical analysis.

4.2.1. Mean Squared Errors

In our experiments, we find that XCSF performs slighly better than SupRB,
which in turn performs slightly better than DT with regards to mean squared
errors (MSEs). RF is competitive or better on all datasets and does show the
lowest variance over the different runs. This follows our previous hypotheses.
While RF is performing worse than XCSF and SupRB on EEC and optically
vastly better than all on CCPP (cf. Figure 3a), we want to stress the very low
difference in actual value of the runs on these two datasets, which is likely not
practically relevant. Plots of all runs are found in Figure 3, while we report mean
(across runs) MSEs and their standard deviations in Table 1. The presented

6Note that the presented values marginally differ from those in [13]. We did adjust some
of the available hyperparameter ranges for our hyperparameter tuning. For SupRB, the dif-
ferences were very small, only visible on ASN with the given two decimal precision. However,
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Figure 3: Distribution of runs’ errors. All datasets are standardized with unit variance,
therefore, a trivial model should at least achieve an error of 1.0. Note that the plots are on
different scales, reflecting the varying difficulty of the learning tasks.
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results are based on the standardized (zero mean and unit variance) versions
of the targets of the respective datasets, facilitating an easier across-dataset
comparison. However, comparison with results from other publications that
used the same datasets might be more difficult since often times metrics are
reported on non-standardized-outputs scales as they are made with different
intentions. As we do not attempt to find the best solution to those learning
tasks but want to contrast SupRB to three other RBML techniques, we deem
this an appropriate compromise.

Analysing the distributions of errors more closely, we find that the algorithms
do show different behaviours. Clearly, runs are not actually normally distributed
for any algorithm. Presumably, the fact that small real-world datasets are used
in this analysis has a influence on this behaviour, but the algorithms do also not
converge towards the exact same model per split. No clear relations between
random seeds or data splits and errors can be seen from the experiment data
itself.

SupRB, XCSF, and DT all did show at least one outlier, although, for XCSF
these were much further away and substantially more frequent. A cover-delete-
cycle, a known issue in Michigan-style LCSs where experienced rules are removed
from the population by error and new rules are only shortly part of the popu-
lation, seems to have affected many of XCSF’s runs. In Michigan-style LCSs,
covering is a rule generating mechanism that is triggered when few rules match
a given input and then creates a new rule that is guaranteed to match this
input. The deletion mechanism of XCSF randomly, but fitness-proportionately,
removes rules when the population has reached its hyperparameter-imposed
maximum population size. During tuning, we allowed our tuner to choose both
the number of training steps and the maximum population size (among the
many other parameters of XCSF). Regardless, we find that post-training pop-
ulation sizes almost always reach the population size limit (not accounting for
numerosity). The tuner seems to have found settings that counteract the cover-
delete-cycle somewhat well. We find that XCSF’s hyperparameter tuning chose
much larger populations than what would be expected following the typical rule
of thumb of using ten times as many rules as should be needed for a good prob-
lem solution (based on domain knowledge or prior modelling experience) [4].
Upon further investigation, we also found that rules contained in the final mod-
els were usually only discovered late during training, although the system error
had remained stagnant (at least not showing practically significant changes)
for quite some time beforehand. Subsumption in the EA—a typical method
to combat cover-delete-cycles—was utilized. This important mechanism checks
whether a newly discovered rule is fully contained within a parent rule, in which
case, the new rule is not added to the population and the respective parent’s
numerosity parameter gets increased by one. A numerosity of n means that
this rule is in the population n times and thus counts as n simple rules (with

XCSF did perform slightly better, falling less frequently into cover-delete cycles (a common
problem with XCS-based systems, cf. [34]).
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Table 2: Overview of the solution complexities (number of rules in the solution proposed
by SupRB, the final macro-classifier count in an XCSF population after compaction and the
number of leaf nodes in a DT, respectively) across 64 runs per dataset rounded to two decimals.
We report mean and standard deviation. Note that we omit RF here, which used 194, 228,
91, and 122 trees of—on average—similar sizes to the individual DT models, respectively, and
is therefore vastly out of scale in terms of number of rules.

CCPP ASN CS EEC

SupRB 2.97+0.67 32.67£2.8 28.47£2.68 11.84+1.85
XCSF  1922.714390.7 1617.58+413.12 481.68+336.33 707.94+282.16
DT  556.44+£18.38 67.924+2.59 110.62+6.37 26.50+0.71

a numerosity of 1; also known as micro-classifiers rather than macro-classifiers
which have a numerosity > 1) towards the population size limit. Numerosity
is also used in the fitness-proportionate delete mechanism. A rule selected for
deletion gets its numerosity reduced by one and is only fully removed if that
parameter hits 0. Theoretically, subsumption is thus decreasing the number of
macro-classifiers in the population. Regardless, it seems that in our runs cover-
delete-cycles could not be prevented as we found most rules contained in the
final model have only been part of the population for relatively short amounts
of time and mostly had numerosities of 1.

Overall, SupRB’s training seems to converge more reliably then the other
LCS, XCSF. Some variance based on random seeds is strongly expected, as this
is a common occurrence in (evolutionary) stochastic optimization, cf. e.g. [35].
RF in particular suffers less from this phenomenon, however, overall variance,
especially within one data split, is not substantially different from SupRB (and
DT) when practical significance gets taken into account as well.

4.2.2. Model Complezity

A main concern of SupRB is to produce (better) explainable models while
maintaining competitive results in terms of error. Figure 3 and Table 1 demon-
strated that SupRB is able to learn complex datasets comparably well to es-
tablished methods. Table 2 gives the model sizes” of SupRB, XCSF, and DT.
We report their mean over 64 runs and their standard deviation. Model size
(number of rules) is one of the key parameters that hinders interpretability and
therefore explainability of RBML models [7]. Due to the frequent cover-delete-
cycles, discussed extensively in the previous section, XCSF’s trained models are
usually very close to the population size limit set during tuning. We then per-
form compaction (cf. Section 2) to remove as many rules as possible, which
resulted in about 10% of rules being removed. However, the final model size
still far exceeds the one of SupRB. Admittedly, XCSF training does not ex-

"Note that the presented values differ from those in [13]. These differences are the result
of adjusting some of the available hyperparameter ranges for our tuning. For SupRB, this
results in larger models, while, for XCSF, it reduced model size compared with [13].
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plicitly promote small macro-classifier counts; however, many mechanisms are
present that should reduce it (in particular: set subsumption, EA subsump-
tion, and, most importantly, compaction). DT did show a tendency towards
surprisingly large and complex trees for CCP. Its models for ASN and EEC
were only twice the size of SupRBs, which is easily explained by LCSs ability to
have overlapping rules which DTs lack. However, the errors of DT on these two
datasets were also notably higher than SupRB’s. Rule overlaps could explain
the roughly four times as large model for CS as well, where DT performed only
slightly worse than SupRB in terms of error. For the training of DTs we used
a slightly modified version of the well-known CART algorithm, as implemented
in scikit-learn [36]. This algorithm controls tree size on the basis of some con-
figurable hyperparameters like maximum depth and minimal sample count in a
leaf node and does also feature a pruning mechanism that balances prediction
error with tree complexity directly. For RF, we tuned the number of trees to
be bagged, which resulted in 194, 228, 91, and 122 trees for CCPP, ASN, CS,
and EEC, respectively. The individual trees were of roughly the same size as
the ones used by DT, making RF’s models substantially larger than those of the
other three algorithms’ Models of that size are theoretically interpretable but
practically it is not realistic to gain substantial insights in an appropriate time.
SupRBs models can, however, be read rather easily and analysed even without
very deep LCS knowledge. Our results on the complexity metric, fit with our
hypotheses made at the beginning of Section 4.

4.2.8. Model Inspection

Table 3: Exemplary rule generated by SupRB on CS dataset. The target is the concrete
compressive strength in MPa. The original space intervals denote the area matched by the
rule in terms of the original variable scales, while the intervals in feature spaces are scaled into
[=1,1] and help perceiving rule generality at a glance. Coefficients denote the weight vector
used for the linear model. This rule was also presented in our previous study [13].

Original Space Feature Space o
input variable interval interval coef
Cement [kg/m?] 104.72,516.78] 0.99,0.89 2.38
Blast Furnace Slag [kg/m?] 0, 359.40] 1.00,1.00 2.29
Fly Ash [kg/m?] 13.45,200] 0.87,1.00]  0.68

[ - }
| Cost 1w
Water [kg/m?] [122.64, 244.80] [~0.99,0.96] -1.26
[ - }
[ - )
[ - }
[ - }

Superplasticizer [kg/m?] 6.02, 24.80] 0.63,0.54]  -0.67
Coarse Aggregate [kg/m?] 950.16, 1145] 0.13,1.00 0.71
Fine Aggregate [kg/m?] 756.14,992.60] 0.19,1.00 0.60
Age [days] 18.36, 365 0.90,1.00]  2.07

intercept, = 3.9160
In-sample MSEq; 1.5310 In-sample MSE, 0.0917 Experience 84

An example rule extracted from a model trained on the CS dataset is pre-
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sented in Table 3. The data set consists of eight input features (and a target).
For each dimension of the input, Table 3 gives the name (and SI unit), what
portion of that dimension is matched, and how influential the value in a di-
mension is towards our target (denoted by the coefficient of the localized linear
model). For the matching interval (we always match hyperrectangular sub-
spaces), Table 3 contains the absolute (original/unscaled) and the normalized
(min-max-scaled features) bounds. The normalized bounds are what SupRB
operated on and make it easier to grasp what part of the populated (with sam-
ples) space is being matched, whereas the original space representation helps
at understanding proportions and relates stronger to the real world. While we
think that both representations are important for XAI, we can assume that
algorithmic behaviour is better understood/analysed on the normalized space
while the original space is more helpful for domain experts tasked to operate
with the rule’s predictions. Additionally, Table 3 gives the constant intercept
of the linear submodel and the in-sample (encountered during training) error
of the submodel, as well as, how many examples from the training data were
matched and used for its training.

During training, the rule in Table 3 matched 84 examples (its experience
is 84) and it did match another 31 examples from our test set. The model we
extracted it from consisted of a total of 23 rules, with experiences of 7 to 240.
Rules were either rather general or rather specific. The presented rule is more
general than many others. Close inspection reveals that it matches most of the
available input space for 5 out of CS’s 8 dimensions. It is even maximally general
for the “Blast Furnace Slag” input variable. In Table 3, we give the matching
function’s intervals both in terms of the original (feature) space of dataset it-
self and in the interval-scaled ([—1,1]) features we used (cf. Section 4.1). The
scaled intervals clearly make it easier to spot the generality of the rule, however,
a domain expert may prefer to also see the absolute values and the unit they are
measured in. For model inspection, we assume that most users will prefer the
(transformed) feature space. For the “Superplasticizer” input variable, the rule
matches slightly more than half of the possible values and is roughly positioned
around the center of the range of values, while for “Coarse Aggregate” and
“Fine Aggregate”, the rule matches the 55 to 60 % of the input range, oriented
towards higher values. The linear submodel’s parameters are also based on the
transformed feature space and the standardized version of the target (in this
case, the concrete’s compressive strength). While higher concentrations of “Ce-
ment”, “Blash Furnace Slag”, and “Age” of the mixture influence its compressive
strength positively, high concentrations of “Superplasticizer” and “Water” have
negative effects on this target. The other three variables have lower effects
on the target but all seem to positively influence compressive strength of the
concrete mixture in the matched areas. Note that this last distinction is very
important and actually the great strength of a rule set learning approach. We
are able to assign different parts of the inputs space different coeflicients for the
same features and keep that in an easily readable format. One of the examples
matched by the rule is = (190.3,0,125.2,161.9,9.9,1088.1,802.6,56)7 with
y = 38.56. For this example, the rule proposes § = 38.39. The prediction is
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clearly close to the ground truth. Providing this example to a user with do-
main experience can help them assess the model’s predictive power. Moreover,
the user can then extrapolate to other examples that would fit in the provided
matching intervals, increasing their trust over other models, where such extrap-
olation is not possible from the models’ structure. The rule performed slightly
below average compared to the other rules in this solution (mean in-sample
MSE of 0.0751) on its training data, although this should be viewed critically
as more specific rules tend to be able to fit their (noisy and non-linear) input
data more easily. We find that rule inspection can provide critical insights into
the model’s predictive process and is easy to do due to the rule’s design and the
overall small number of rules per model.

4.2.4. Statistical Analysis

In this section, we compare SupRB with the three established RBML algo-
rithms using a Bayesian model comparison approach. For this, we apply Corani
and Benavoli’s Bayesian correlated t-test [37] to determine probability distribu-
tions over the differences in performance between the algorithms. Despite their
remaining popularity, we deliberately avoid the use of null-hypothesis signifi-
cance testing due to their many flaws and possible pitfalls—cf. e.g. [38]. The
resulting posteriors (given in Figures 4, 5, and 6 for MSEs including 99 % high
posterior density intervals (HPDIs)) are the distribution of the difference be-
tween the considered metric for SupRB and the considered metric for the other
algorithm (practically, this equates to values above zero indicating SupRB hav-
ing a higher (worse) metric value than the other algorithm).

Figure 4 compares SupRB’s MSEs with those of XCSF. We see that in 99%
of runs, we should expect SupRB to perform better on CS and worse on the
other three datasets. For CCPP and EEC, the actual difference in value is
very small at about 1% of a standard deviation of the respective target. This
difference is also reached fairly consistently. For ASN and CS, the distributions
are substantially wider although the expected differences are also clearly below
5% of a standard deviation. The practical significance is likely quite low and
we assume that in terms of error XCSF and SupRB should be considered to
perform somewhat equally or at least that no clear decision can be made. In
terms of model complexity, the statistical analysis is very clear that SupRB
performs considerably better.

In Figure 5, we compare SupRB’s MSEs with those of DT. DT might perform
very slightly better on CCPP, although this difference would very clearly not
be practically significant. On the other three datasets, SupRB consistently
performs better with a very small distribution of differences. At least on ASN,
this difference is practically significant at about 11% of a standard deviation of
this dataset’s target. As with XCSF, the model complexity analysis very clearly
shows SupRB to return models with substantially less rules.

The distributions in Figure 6 show the expected distribution of differences in
MSE between SupRB and RF. RF performs better than SupRB on CCPP, ASN,
and CS and does so quite consistently. For EEC, the test expects SupRB to
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Figure 4: Density plot of the posterior distribution obtained from Corani and Benavoli’s
Bayesian correlated t-test [37] applied to the difference in MSE between SupRB and XCSF.
Orange dashed lines and numbers indicate the 99 % HPDI (i.e. 99 % of probability mass lies
within these bounds). HPDI bounds rounded to two significant figures.

perform very slightly better, however, this is clearly not a practically significant
difference.

Overall, we can conclude from our tests that, on MSEs, SupRB is probably
outperformed by RF or performs equally to it, outperforms DT, and is very
slightly outperformed by XCSF in most cases. This fits well with our hypotheses
outlined at the beginning of Section 4. In terms of model complexities, SupRB
does manage to produce substantially smaller and more interpretable models
without loosing too much predictive power.

5. Conclusion

This article extended the presentation of the Supervised Rule-based Learning
System (SupRB) and added further comparative benchmarks over a previous
less extensive version [13]. We demonstrated how SupRB, a novel rule-based
machine learning (RBML) algorithm that uses two separate optimizers to place
and select rules, ranks in terms of compact rule sets and prediction error when
compared to three well-established RBML algorithms.
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Figure 5: Density plot of the posterior distribution like Figure 4 but between SupRB and DT.

In this comparison, we benchmarked SupRB, Decision Trees (DTs), Ran-
dom Forests (RFs), and the XCSF classifier systems (XCSF) on four real-world
regression datasets with different learning task complexities and dimensionali-
ties. As both SupRB and XCSF should be considered Learning Classifier Sys-
tems, XCSF produces the most similar types of machine learning models. For
both algorithms, we limited rules to use hyperrectangular conditions and linear
submodels, as the main advantage of these types of models (and motivation
to use them) over other models is their inherent interpretability and trans-
parency. We tuned the more sensitive hyperparameters of each algorithm for
every dataset independently and then performed a total of 64 (8 random seeds
and 8-fold Monte-Carlo cross-validation with 25% test data) runs per algorithm
per dataset.

We expected SupRB and XCSF to perform similarly in terms of errors, with
smaller models for SupRB. Furthermore, we assumed DT to perform worse
than SupRB (maybe better regarding interpretability) and RF to perform bet-
ter than SupRB in terms of error and substantially worse on model complexity.
We found those hypotheses to largely hold. While there is some variation across
datasets, general tendencies are quite clear. We did perform an extensive sta-
tistical analysis using Bayesian correlated t-tests to critically question these
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Figure 6: Density plot of the posterior distribution like Figure 4 but between SupRB and RF.

findings. The results of these tests did support the hypotheses and are in-part
(where they were most interesting) presented in this article. Overall, we con-
clude that SupRB is a promising new RBML algorithm for creating predictive
models with compact sets of human-readable rules.

It is reasonable to assume that SupRB could construct less erroneous models
if the pressure to evolve small rule sets was lower. However, as explainability
is the main reason to use RBML models, rather than e.g. neural networks, we
think that our current models strike a well-acceptable balance. XCSF’s models
have been severely more complex while only being slightly better with respect
to prediction error. Likely, XCSF, RF, and SupRB find themselves at different
points on the Pareto front between error and complexity, whereas DT is prob-
ably Pareto-dominated. Therefore, a reasonable step for future work would be
to investigate whether other multi-objective (separate objectives rather than a
combined objective) optimization in SupRB (potentially reaching further than
mere complexity based on use case—specific requirements) might be worthwhile.
Other than this, there are of course many options to modify the basic sys-
tem to potentially improve its performance, runtime, or model size. Some of
these, e.g. [23, 21], have already been presented elsewhere. For rule discovery,
MAP-Elites [39] and other quality-diversity techniques might also be worth in-
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vestigating as they have been successfully used for DTs [40]. An important step
is to actually deploy such models in use cases where interactions with human do-
main experts occur regularly to test whether they actually fulfil the explainable
AT role for which they have been designed, e.g. following the outline of [8].
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