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Numerical association rule mining

50E1atlo pipeline for numerical association rule mining, complemented by advanced post-processing and interactive 3D
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visualization. The package integrates bio-inspired optimization-based rule mining methods within a modular ar-
chitecture that encompasses data preprocessing, rule mining, and visualization. A novel radial layout engine,
implemented in C+ +, generates Coral Plots, which depict rules sharing a common consequent as radial trees.
This design facilitates intuitive exploration of antecedent specificity, alongside key quality measures such as sup-
port, confidence, and lift. By combining methodological innovation with user-friendly visualization, niarules
lowers the entry barrier to numerical association rule mining and supports the development of explainable Al
systems for numerical datasets.
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Notation

The symbols and notations used throughout this paper are summa-
rized in Table 1.

Table 1
List of symbols and their definitions.
Symbol Definition
Al Ordered prefix sequence of antecedent items (a,, ..., a;).
a; The k-th item in the ordered antecedent.
k Prefix depth/tree level (root k=0).
L Length of the (ordered) antecedent of a rule.
K Number of distinct RHS in a ruleset.
D Maximum length of a rule’s (ordered) antecedent for this RHS.
r(k) Radial distance assigned to nodes at depth k.
(x,z2) 2D layout coordinates.

The abbreviations used in this paper are summarized in Table 2.

Table 2
List of abbreviations and their definitions.
Symbol  Definition
ARM Association rule mining
DE Differential evolution
NARM Numerical association rule mining
PSO Particle swarm optimization
LHS Left-hand size
RHS Right-hand size
XAl eXplainable artificial intelligence

1. Motivation and significance

Association Rule Mining (ARM) is a fundamental data mining
method for uncovering interesting patterns, co-occurrences, and de-
pendencies within structured datasets and has been studied for a long
time [1]. Although extensively applied in categorical domains, espe-
cially in market basket analysis [2,3], its extension to numerical data
remains non-trivial due to the continuous nature of attributes, the chal-
lenges of interval discretization and the interpretability of the rules
derived [4,5].

Numerical Association Rule Mining (NARM) extends the canoni-
cal idea of ARM by supporting the mining of both categorical and
numerical datasets concurrently, without the need for discretization.
Most NARM approaches are based on population-based bio-inspired
algorithms such as Differential Evolution (DE) [6], Particle Swarm
Optimization (PSO) [7], or other metaphor-based nature-inspired algo-
rithms [8]. Currently, the only Python-based frameworks covering the
full NARM pipeline are NiaARM [9] and NiaARMTS [10].

However, there are also several GitHub repositories that support iso-
lated parts of the NARM pipeline but lack integration. Thus, existing
tools and libraries often provide only limited support for end-to-end
processing of numerical association rules, and even fewer offer inte-
grated visualization capabilities that enhance human understanding and
expert-in-the-loop analytics. Incorporating the human-in-the-loop prin-
ciple is particularly important, as domain experts are indispensable for
validating, contextualizing, and refining the mined rules to ensure their
reliability and practical utility [11-13].

To address this gap, we introduce niarules, a complete and exten-
sible R pipeline for NARM with a strong focus on explainability and
visual transparency. The pipeline provides a structured workflow that
supports the main stages of NARM, including data preprocessing, data
mining with arbitrary bio-inspired algorithms [14], and postprocess-
ing. Beyond presenting identified association rules in tabular form, it
also offers various visualization approaches. The choice of implementing
the software in R is motivated by its strong ecosystem in biomedicine,
biology, and other life sciences, where such approaches are widely
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Table 3

A list of related frameworks (organized alphabetically).
Method About Reference
arules State-of-the-art framework covering several [16]

association-rule mining methods

arulespy Python package that provides the R package arules [17]
to the Python community

arulesViz Support for visualization of association rules [18]

CleverMiner Package for enhanced asociation-rule mining [19,20]
(eARM)

MLxtend Library of modules for python’s data analysis and [21]
machine learning ecosystem

NiaARM Implementation of evolutionary approaches for [9]
numerical association rule mining

NiaARMTS Extension of NiaARM tailored to mining time series [10]
datasets

NiaAutoARM AutoML-based framework for constructing and [22]
evaluating numerical ARM pipelines

LISp-Miner Academic project supporting research and teaching [23]
of knowledge discovery in databases

PyAerial Novel neuro-symbolic ARM algorithm for tabular [24]
datasets

SPML Data-mining library written in Java, specialized in [25]
pattern mining

uARMSolver Framework for numerical association rule mining in [26]
C++

applied [15]. Consequently, niarules can be easily integrated into
existing R-based workflows. It is also important to mention other frame-
works for pure association rule mining that are based on classical
approaches, such as Apriori and Eclat, and additionally provide support
for visualization. Table 3 presents an overview of various methods en-
compassing multiple variants of association rule mining (ARM). Some
of the packages provide support for the Apriori algorithm, while others
also implement additional ARM variants and support for visualization of
association rules. A significant portion of the methods listed in Table 3
are designed for numerical association rule mining and are primarily
based on swarm intelligence or evolutionary algorithms.

In a nutshell, the developed niarules pipeline is presented in Fig. 1.

According to the Fig. 1, niarules consists of the steps, such as data
preprocessing, association rule mining, and postprocessing and visual-
ization. Each of the mentioned steps includes corresponding predefined
tools that are selected when the ARM pipeline is defined. As an input,
transaction datasets are provided as acquired in the particular problem
domain, while the output is represented by the results of some kind of
eXplainable Artificial Intelligence (XAI) methods or a tabular view of
results.

The significance of niarules lies in its ability to support human-
centered model inspection at scale, which emphasizes that inspection
is not only a technical process (e.g., generating feature importance or
visualizing a decision tree) but also a cognitive and interactive pro-
cess shaped around human expert needs, abilities, and limitations. In
this sense, it is based on the principles of human-centered software
development [27].

The pipeline allows domain experts to visually explore and assess
rule-based models, trace the specificity of rule antecedents, and exam-
ine how interestingness metrics such as support, confidence, and lift
evolve across rules. Its modular architecture facilitates integration with
external libraries and frameworks, and supports extension of the layout
engine and rendering components, thus ensuring long-term adaptability
and reuse in various application domains.

In application domains where human oversight, trust, and trans-
parency are indispensable, e.g. in smart agriculture [28], smart forestry
[29] or clinical decision support [30], explainability becomes a preregq-
uisite for the adoption of machine learning systems [31-33]. Within
this context, niarules extends the scope of numerical association rule
mining beyond algorithmic rule extraction. It integrates advanced vi-
sualization techniques that allow for the clear presentation of mined
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Fig. 1. Association rule mining pipeline in a nutshell.

rules and the underlying quality measures, thereby fostering user trust in
the derived models. Through interactive exploration and intuitive visual
metaphors such as Coral Plots, the software enables domain experts to
inspect, compare, and validate rules in ways that align with their cogni-
tive processes and decision-making needs. This human-centered design
not only enhances interpretability but also supports critical reflection
and responsible use of Al models in high-stakes environments. By being
open-source, well-documented, and reproducible, niarules contributes
to the broader development of explainable AI (XAI) and advances the
practical application of interpretable methods for numerical datasets
[34,35].

2. Software description

niarules is an R package for NARM built on population-based
bio-inspired algorithms. The following subsections outline its software
architecture in detail. The package requires several R dependencies, in-
cluding Repp, dplyr, rlang, and rgl; for visualizations, it additionally
relies on ggplot2 and gridExtra. This section concludes with a detailed
presentation of Coral plots, a newly proposed visualization technique for
the visualization of association rules.

2.1. Software architecture

The niarules package is organized around the components of
the NARM pipeline. Each R source file acts as a self-contained mod-
ule, and together these modules implement the three major pipeline
components, i.e.,:

« preprocessing: raw transaction datasets enter the pipeline and are
transformed into a transaction database;

rule mining: candidate solutions, optimized by different bio-
inspired algorithms, are decoded into the association rules, and
evaluated by the fitness function consisting of various interesting-
ness measures;

output & visualization: mined rules are formatted, exported, and
visualized through visualization methods.

Table 4 summarizes the main modules, their implementation files,
and their roles in the NARM pipeline. This organization reflects the se-
quential flow of data and rules in the NARM process, while preserving
modularity, transparency, and reproducibility.

2.2. Coral plots

Inspired by the striking visualization concept of Coral Cities [37],
we introduce a novel visualization technique, termed Coral Plots, which

Table 4
Module overview of niarules, grouped by pipeline components.

draws inspiration from the organic and branching morphology of coral
formations [38]. This biological metaphor is adapted to the represen-
tation of association rules, where items and their relationships are
depicted as interconnected branches that resemble coral growth pat-
terns. In this layout, rules sharing a common consequent are naturally
clustered, while antecedents expand outward in branching structures
that visually convey their hierarchical specificity and interdependencies.
By merging metaphorical design with rigorous quantitative encoding,
Coral Plots provide not only an aesthetically engaging visualization but
also an intuitive medium for exploring the structure of complex rule
sets. The branching arrangement enhances pattern recognition, high-
lights rule quality measures such as support, confidence, and lift, and
allows domain experts to navigate large collections of rules without be-
ing overwhelmed by traditional tabular or list-based presentations. In
this way, Coral Plots bridge interpretability and usability, making nu-
merical association rule mining results more accessible, explainable, and
actionable in practical decision-making contexts.

We propose a graph-based visualization in which all rules sharing
the same RHS are arranged as a radial “coral”. Each coral aggregates
rules into rule-trees constructed from ordered antecedents, where the
order is induced by ranking items by the quality of their single-item
rule item — RH S. In this construction, each non-root node corresponds
to a unique antecedent prefix A,., but is labeled by q, for readability;
each edge represents adding one item to the current prefix A;.,_;. As
one moves outward from the center, k increases and rules become more
specific. Visual encodings on edges (and optionally on nodes) summa-
rize how support, confidence, and lift change as items are added to the
antecedent.

Rule-trees and prefix construction. Within each coral, we order
LHS items by significance. By default this is derived automatically from
single-item rules: we collect all rules with an antecedent length of 1
for the given consequent, extract their metrics, and rank items in de-
scending order by a user-selected metric, i.e., confidence, support, or
lift. This ranking is used to sort the items inside every LHS before we
construct the prefixes, ensuring that stronger items appear earlier in the
prefix and that prefixes are comparable across rules. The sorting is a
user-supplied parameter. If no single-item rules are present, the ranking
falls back to alphabetic ordering. For each rule, we generate all prefixes
Aj.1, Ay, ..., A, using the ranked order and aggregate metrics over
identical prefixes by taking the mean (support, confidence, lift) averaged
over all rules whose ordered antecedent begins with that prefix. Prefixes
serve as the nodes of the rule-tree, with edges connecting A;.,_; > A, .-

Node identity and merging. A node is identified by its entire or-
dered prefix A,.;, even though we display only the last item a;. Two

Pipeline component Module (file)

Role (key features)

Preprocessing Dataset (dataset.R)

Reads CSV/frames; optional timestamp parsing; infers feature metadata (type, bounds,

categories); computes dimension of the problem for optimizer.

Rule mining Rule construction (rule.R)

Decodes real-valued candidates into concrete rules; assembles antecedent/consequent;

optional time-window mapping.

Evaluation (evaluate.R)

Computes support & confidence; aggregates fitness; validates feasibility; evaluates on full

data or time intervals.

Optimization: DE/PSO (de.R, pso.R)

Output & visualization =~ Output (output.R)

Search over rule space via DE or PSO [36]; uniform interface to evaluate().

Formats human-readable rule summaries; exports CSV; bridges mining and visualization

with stable textual outputs.

Visualization (narmviz.R,

coral_plot_visualization.R) rules;

narmviz: implementation of NarmViz method; coral: builds coral layouts from parsed
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rules therefore contribute to the same node only if, after sorting their
antecedents, their ordered prefixes are identical. e.g., if two rules differ
in their first item after ordering, e.g., (iteml, item?2, item3) vs. (item2,
iteml, item4) they will produce two distinct branches in the resulting
plot. As a result, the same item label may appear multiple times at the
same depth when it is reached through different parent prefixes. We de-
liberately do not apply a further unification step that would merge nodes
solely on the basis of sharing the same item label at a given depth, as
doing so would mix branches originating from different antecedent con-
texts and would break the one-to-one correspondence between prefixes
and nodes.

Multi-item consequents. If a rule’s RHS contains multiple items,
the algorithm assigns a composite root ID and records its components.
The layout then uses one logical root prefix for the coral and emits
one visible center node per atomic consequent at the same coordinates.
This disambiguates multi-item consequents without changing the tree
geometry.

Layout algorithm. Given all prefixes for an RHS, the layout algo-
rithm first assigns a polar angle 6 and a radial distance r(k) to each one
and then places nodes in (x, z) on a grid of coral centers. The y coordinate
is set to 0 and can be configured separately during the styling/rendering
step.

Radial distance. Let D = maxL be the maximum prefix length in the
coral. Nodes at depth k (root k = 0) are placed on concentric circles
with distance r(k) = R,,,, * %, i.e., growing approximately linearly
with depth up to a configurable maximum radius R,,,,.-

Polar angles are distributed top-down in proportion to leaf counts,
in order to prevent dense subtrees from being visually cramped.
Concretely, the algorithm (1) builds the set of unique prefixes with
aggregated metrics, (2) computes the children relation, and (3) counts
leaves under every node via a depth-first search from the root prefix.
Sibling lists are sorted deterministically to stabilize the layout. At step

k > 0, each child’s angular span is a fraction of its parent’s span equal
t leaves under child
Y. leaves under siblings

Node coordinates are expressed as:

. A node’s drawing angle is the midpoint of its span.

(x, 2) = (Xeonters Zeenter) + 1(K) * (cos 6,sin ), ()

where (X,eprers Zeenter) 15 the coral’s cell center on the global grid, 6 is the
node’s midpoint angle, and r(k) is the step-to-radial-distance mapping.
The builder emits one center node per RHS item in the case of a multi-
item RHS, or a single center when the RHS is atomic and one node per
non-root path.

For every prefix A;., with k > 1 an edge connects A;.,_; — A;.;.
Each edge carries the aggregated metrics for that prefix (mean support,
confidence, and lift across contributing rules), enabling direct map-
ping to styling attributes during rendering. Edge coordinates are taken
from the parent/child nodes’ (x, z); vertical positions y are set during
rendering.

Multiple corals on a grid. To display many coral plots at once, we
place them on a near-square grid: With K distinct (non-empty) RHS com-
binations, the grid side length is [1/(K)]. Coral centers are located at
half-integer coordinates inside that grid.

Layout determinism. The layout is deterministic given the input
rules and the selected LHS-sorting metric: The sibling lists are sorted,
and centers are placed in a fixed scan order across grid cells.

Rendering. The renderer takes the layout’s nodes and edges, draws
an optional ground grid, renders edges as 3D segments and nodes as
spheres, and provides interactive camera controls. Edge width, color,
and optional alpha are mapped from a chosen metric after normalization
and a selectable transform (linear/sqrt/log). Node color can be keyed by
base feature, item ID, or edge-derived summaries. Thus, a node elevation
y can be set proportional to normalized radial distance for gentle relief.
To reduce clutter, labels are optional (interval, item, or short-interval la-
bels), and only a subset of non-root labels is drawn by default. In the case
of multi-item RHS, when multiple center nodes coincide, small vertical
offsets are added to separate them.
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niarules

transaction_database(dataset)

select _narm(nia) NI algorithms

Rule Mining (DE/PSO)

parse_rules(mined _rules)

parse_rules(rules
le--- o221 -

build_coral _plots(parsed)

(— - —~{ Layout Engine (C++)

render_coral _rgl(layout)

Interactive 3D Plot - - ->

Fig. 2. Architecture of the Coral Plots visualization: (1) rule mining using NI
algorithm as selected by select_narm(), 2) parse_rules() normalizes either
rules mined by bio-inspired algorithms or imported from external sources (like
Comma-Separated Values (CSV) or data frame (DF)), (3) build_coral_plots()
drives the C++ layout engine via Repp, and (4) render_coral_rgl () displays
an interactive 3D plot.

Parse Rules

2.2.1. The use of coral plots in niarules

The results of the niarules ARM pipeline can be presented using the
Coral Plot visualization obtained in four loosely coupled steps, as follows
(Fig. 2): (1) rule mining, (2) rule parsing and normalization, (3) lay-
out construction, and (4) interactive 3D rendering. Clear data contracts
between the steps keep the system modular and extensible.

Inputs and overall data flow.  Rules can be supplied either from the pack-
age’s mining interface (e.g., select_narm()) or from external sources
via CSV or data frame. Both inputs are funneled through parse_rules(),
which normalizes identifiers and metadata and outputs a layout-agnostic
representation consumed by the C++ layout engine. The C++ step re-
turns a compact layout — nodes and edges with geometry and attached
metrics — which the rgl renderer turns into an interactive plot. The main
user-facing functions are:

« parse_rules(rules)
« build_coral_plots(parsed, ..)
« render_coral_rgl(layout, ..)

Parsing and normalization.
ternal model, consisting of:

parse_rules() constructs a consistent in-

1. Items: Identified by O-based integer IDs and per-item meta-
data such as base feature, type (numeric/categorical), numeric
bounds, categorical value, and preformatted interval labels.

2. Rules: For each rule, the following data are stored: the split,
antecedent and consequent items, and the interestingness mea-
sures, i.e., support, confidence, and lift.

3. Validation: Referring to the splitting of LHS/RHS tokens, trim-
ming, type checking for numeric intervals and relations.

This stage is intentionally layout-agnostic and retains only what the
downstream stages need. Metric naming. Rules mined by niarules
often report a metric called Fitness; in our visualization pipeline we
interpret it as a lift-like ratio and normalize the column name to 1ift.
External sources that already provide 1ift are accepted unchanged.

R — C++ bridging. build_coral_plots() prepares parameters and
hands the normalized structures to the C++ layout engine via Rcpp. It
also handles two R-side responsibilities, in other words:
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« Multi-item consequents: Builds a composite root identifier for each
distinct consequent item and retains the component IDs so that the
renderer can draw one visible center node per unique item at the
same location.

+ Global plot placement: Computes a near-square grid for placing
multiple corals, i.e., with K distinct (non-empty) consequents, the
grid size is [\/EK)].

C++: layout engine (core). Given a fixed consequent, the engine con-
structs rule-trees whose non-root nodes are antecedent prefixes A;.,. It
orders LHS items per consequent using single-item metrics, generates
all prefixes, and aggregates metrics for identical prefixes. Then, nodes
representing the prefixes and edges representing their connections are
built, as:

» Nodes: The fields include coordinates, depth, angular span, item
ID/labels, and fixed geometric sphere size per prefix and one center
node per consequent item.

« Edges: To each edge, the aggregated metrics (mean support, confi-
dence, lift) and start/end coordinates are attached.

The layout is deterministic given the rules and the chosen ordering
metric.

R: interactive rendering (rgl). render_coral_rgl() consumes the lay-
out and handles all visual encodings and interactivity:

« Encodings: Maps edge metrics to width/color/alpha, with normal-
ization and optional linear/sqrt/log transforms. Colors nodes by
base feature or item; optionally elevates nodes in y proportional to
normalized radial distance.

Labels and clutter control: Interval and item labels are optional and
throttled; overlapping center nodes are vertically offset by small
stems.

Interaction: The effects, like zoom, pan, and rotate are applied for
interaction. In addition a “return data” mode used for plotting is
included that exposes the per-edge/node aesthetics.

Extensibility. ~ The architecture isolates concerns, such as parsing that
can accommodate new item syntax, swapping in alternative angular
weightings (e.g., by summed support rather than leaf counts) or node-
level metrics that can apply in the C++ step, rendering that can add
new encoding or export formats without changing the layout engine.

3. Illustrative examples
3.1. Canonical rule mining

The first example presenting a basic workflow for mining numeri-
cal association rules is shown in the code snippet Listing 1. A typical
workflow starts with reading a dataset and extracting feature metadata,
which defines the search space for candidate rules. Then, bio-inspired

library("niarules")

dataset <- "Abalone.csv"

4 data <- read_dataset(dataset)
5 features <- extract feature info(data)

6 dim <- problem_dimension(features, is_time_series = FALSE)

s de <- differential_evolution(
o d = dim, np = 30, f = 0.5, cr = 0.9, nfes = 1000,

o features = features, data = data, is_time_series = FALSE

@

print_association_rules(de$arules, is_time_series = FALSE)

write association_rules_to_csv(de$arules, "Rules.csv", is_time series = FALSE)

=

Listing 1. niarules example.
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library(niarules)

©

library(readr)

4 df <- readr::read_csv("rules.csv", show_col_types = FALSE)

parsed <- niarules::parse_rules(df)

=]

layout <- niarules::build_coral_plots(parsed)

)

feat_levels <- sort(unique(na.omit(layout$nodes$feature)))

o pal_nodes <- grDevices::hcl.colors(length(feat_levels), "Purple-Yellow")

names (pal_nodes) <- feat_levels

13 pal_edges <- c("#2166ac", "#fofofe", "#b2182b")

5 out <- niarules::render_coral_rgl(
16 nodes = layout$nodes, edges = layout$edges,
7 grid_size = layout$grid_size,

18 legend = TRUE, y_scale = 0.2,

o node_color_by = "type", node_gradient = pal_nodes
Jo node_gradient_map = "even",
a1 edge_width_metric = "support", edge width_transform = "sqrt",

942 edge_width_range = c(2, 8),

43 edge_color_metric = "lift", edge_color_transform = "log",

244 edge_gradient = pal_edges,

95 edge_alpha_metric = "confidence", edge_alpha_transform = "linear"

96 edge_alpha_range = ¢(0.35, 1)

Listing 2. Rendering a coral plot from a prepared rule table.

optimization algorithms, such as DE or PSO, explore this space to gen-
erate and evaluate candidate rules using a fitness function consisting of
interestingness measures and weights. Finally, mined association rules
are collected, printed in human-readable form, and exported to CSV for
further analysis or visualization (e.g., with narmviz or Coral plots).

3.2. Coral plots visualization

Having introduced coral plots and the layout in Section 2.2, we now
use them as a compact summary of mined association rules. After mining
we convert rules to the plotting model with niarules: :parse_rules(),
build the layout with build_coral_plots(), and render with
render_coral_rgl (). An example of this rendering pipeline is shown in
Listing 2. Fig. 3 presents two illustrative panels for reference and discus-
sion: rules mined with niarules::differential_evolution (left) and
with arules::apriori (right). Both use a common legend discretiza-
tion and the same RHS target (Rings = 9); in the DE panel we snap
only Length, Diameter, and Height to this grid, whereas Apriori is fully
discretized before mining.

Visual encodings are held constant across panels: node hue denotes
the feature; edge width and color encode support and lift, respectively.
Edge color uses the same log-centered diverging scale in both panels
(blue < 1, gray =~ 1, red > 1), so the neutral point corresponds to lift
= 1. Additionally, edge opacity could be used to encode confidence by
making low-confidence edges fade into the background; However, we
limited the plots to two edge encodings to avoid overloading them with
information. The legend lists numeric bin intervals per feature.

How to read the plot.

« Each path from the center to a leaf spells a rule’s LHS in a fixed,
deterministic order. When single-item scores are available the or-
der follows the chosen metric (e.g., decreasing confidence with the
RHS); otherwise an alphabetical fallback by feature name is used.
In Fig. 3 the LHS are ordered alphabetically by feature.

« Numbers inside nodes are bin indices for numeric features; cate-
gorical nodes (e.g., Sex) show the level.
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®
Dial ter Height Leng
1 0.055,0.305) = 10.000,0.100) = 10.075,0.405) = 1(0.002,0.093)
2 [0.305,0.375) = 2 [0.100,0.125) = 2 [0.405,0.485) = 2 [0.0930.165)
3 [0.375,0.425) = 3 [0.1250.140) = 3 [0.485,0.545) = 3 [0.1650.234)
4 [0.425,0.465) = 4 [0.140,0.160) = 4 [0.545,0590) = 4 [0.234,0.294)
5 [0.465.0.500) = 5 [0.160,0.175) = 5 [0.590,0.635) = 5 [0294,0.370)
6 [0.500,0.650) = 6 [0.175,1.130) = 5 [0.635,0815) = § [0.370,1.005)

Rings

0.001,0.134) = 10.000,0.064) 1[0.002,0.311) Rings =
0.134,0.235) = 2 [0.064,0.119) 2 [0.311,0.556) =
0.235,0.336) = 3[0.119,0.171) 3 [0.556,0.799) - Sexin{F.lL M)
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Fig. 3. Coral visualizations of association-rule sets for the same RHS target (Abalone dataset; Rings = 9). Left: rules mined withniarules::differential_evolution;
after mining, we snapped length, diameter, and height to the legend’s discretization grid to preserve branch structure (other numeric features retain their mined cut
points). Right: rules mined with arules: :apriori on a frequency-discretized dataset. Both panels use identical visual encodings and a shared log-centered lift color

scale (gray edges show a lift of ~ 1, blue of < 1, and red of > 1).

« Thicker edges indicate higher support for that partial conjunction;
color reflects departure from baseline via (log-)lift (neutral at 1).

« Repeated hues near the center indicate features that frequently
appear first under the chosen ordering; longer branches show
commonly co-occurring conditions.

In the DE panel, non-geometric features retain their mined thresholds
(only Length/Diameter/Height are snapped), which preserves branch
structure while keeping visual encodings comparable to Apriori. The
example is illustrative: it shows that the same pipeline can render rule
sets from different miners without API changes and provides a compact
overview of which feature bins appear and how they combine.

Coral plot interpretation.  Fig. 3 compares two coral visualizations of
association-rule sets targeting Rings = 9 in the Abalone dataset. The
panels illustrate how the same visualization algorithm summarizes rule
structures from different mining algorithms. In both cases, features are
ordered alphabetically because no single-feature metrics were avail-
able; thus, the inner nodes (Length, Diameter, Height) reflect layout
convention rather than statistical priority.

The differential-evolution panel (Fig. 3, Left) shows a relatively
compact coral with few branches. This mirrors the algorithm’s search
strategy: DE optimizes numeric thresholds in continuous space and
retains only a limited set of high-fitness rules. Since we discretized
only some item categories after the mining, few rules share identi-
cal antecedent prefixes, so the graph forms a small number of strong
branches. Edge colors and widths show a mixture of high-lift, high-
support paths (thick, red) as well as weaker, low-support ones (thin,
gray or blue). Lift often decreases with rule length, reflecting that more
specific antecedents describe smaller, less generalizable subgroups.

In comparison, because Apriori (Fig. 3, Right) operates on a fully
discretized dataset, it enumerates many overlapping categorical com-
binations, producing a branched out structure with numerous shared
prefixes. Most of its edges are red, indicating uniformly high lift, which is
a consequence of frequent-itemset mining on coarse bins. Support varies
across branches.

Taken together, the two corals demonstrate how the visualization
exposes algorithmic and structural differences in mined rule sets. Even
at a reduced scale, users can infer which features often combine, how
rule strength varies, and how the search behavior of different miners
shapes the resulting rule space.

4. Impact

Association rule mining is a method proposed more than 30 years
ago, yet it remains highly relevant today [39]. Although many methods
have been developed for this task, important challenges still persist. With
niarules, we aim to broaden the applicability of NARM within the R
ecosystem, which is widely used in biomedicine and other life sciences,
thereby enabling researchers to easily integrate the software into their
workflows. As much of today’s real-world data comes in the form of
time series, niarules efficiently handles such datasets and supports rule
mining with recently proposed methods.

The impact of niarules lies not only in providing the first extensi-
ble R framework for NARM, but also in fostering explainability through
integrated visualization tools. This contributes to greater transparency,
trust, and usability of mined rules in sensitive domains such as health-
care, smart agriculture, and environmental sciences. Furthermore, the
modular design encourages community-driven extensions, ensuring that
the software can evolve alongside emerging methods. As such, niarules
has the potential to become a cornerstone tool for advancing both
methodological research and practical applications in numerical data
mining.

We believe that niarules can also be used in conjunction with other
frameworks. In general, this is possible provided that the external
package’s output can be converted into a compatible format (e.g., stan-
dardized rule representation or CSV structure). The level of integration
effort depends mainly on the data format used by the external package,
but in most cases, only minimal preprocessing would be required.

5. Conclusion and future outlook

In this paper, we present niarules, an R package for mining numer-
ical association rules with strong support for visualization in a context
of XAL The software follows a modular design, where the pipeline is
organized into distinct components, and can be easily extended with
additional modules in the future. In niarules, numerical association
rule mining is formulated as an optimization problem and solved us-
ing population-based bio-inspired algorithms. Beyond mining classical
datasets, the package also supports mining the time series data.

We further introduce a novel visualization technique for associa-
tion rules, termed coral plots, which are inspired by the structure of
corals. Two illustrative examples demonstrate the use of the framework,
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while more comprehensive information is provided in the accompanying
documentation.

For the future work, niarules should undergo rigorous testing to
prevent potential bugs and expand its reliability. Additional visualiza-
tion methods will be incorporated to further enhance explainability, and
new bio-inspired algorithms will be integrated into the pipeline. Finally,
the ability to efficiently handle large-scale datasets and evaluate com-
putational performance represents an important direction for further
development.
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