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Abstract. This paper investigates the adaptation of classical rule-based
classification algorithms (LEM2, PRISM, and RIPPER) to the federated
learning paradigm. We propose a federation discretization framework
that establishes global bin boundaries using aggregated feature statis-
tics, ensuring consistent rule vocabulary across clients without sharing
raw data. We conducted experiments on five medical datasets, which
had varying numbers of clients (2–5) and discretization granularities
(2–7 bins), with all configurations evaluated across 5 random data splits.
The results show that the global model consistently achieves high lev-
els of predictive accuracy and interpretability, outperforming averaged
results of local models by 7.0-9.1% in balanced accuracy across algo-
rithms. Notably, federated LEM2 significantly outperformed even its cen-
tralized counterpart (p = 0.011), while federated RIPPER and PRISM
achieved statistical parity with centralized baselines (p > 0.05). On aver-
age, the resulting rulesets are compact (8.3–53.1 rules) and interpretable
(1.39–4.26 conditions per rule), with coverage ranging from 51% to 96%
depending on the algorithm. These results demonstrate that federated
rule learning can provide both transparency and competitive perfor-
mance for clinical applications where data is limited and privacy is es-
sential.

Keywords: Biomedical Data · Federated Learning · Rule Induction ·
Interpretability.

1 Introduction

Tabular data forms the backbone of many real-world artificial intelligence (AI)
and machine learning (ML) applications [8]. This is particularly evident in do-
mains such as finance, healthcare, commerce, and public administration [33].
In healthcare, for example, data in this format is commonly encountered, cov-
ering aspects such as laboratory test results, patient demographics, prescribed
medications and dosages, treatment responses, applied therapies, and ultimately
diagnoses themselves.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29921-5_38

https://dx.doi.org/10.1007/978-3-032-29921-5_38
https://dx.doi.org/10.1007/978-3-032-29921-5_38


2 K. Wozniak et al.

An important characteristic of medical data is its high sensitivity, necessi-
tating the prioritization of security and patient privacy [26]. This is often ac-
companied by complex regulations such as General Data Protection Regulation
(GDPR), which complicate working with such data and frequently prevent effec-
tive centralization of data from different institutions (referred to as clients). This
leads to the emergence of a need for effective data utilization without compro-
mising security or risking exposure to unauthorized parties presenting a chal-
lenge that has largely driven the development of federated learning (FL) [36,
19]. Furthermore, many healthcare applications require models to be sufficiently
explainable to allow clinicians to understand why a particular prediction was
made [31].

FL enables independent entities to collaborate in training ML models without
sharing raw data [16]. Neural networks currently dominate this area due to the
natural compatibility of their gradient-based model optimisation with collecting
updates from many different sources [23]. Despite offering high scalability, neural
networks, as opaque models, suffer from limited transparency, which is a critical
concern in highly regulated domains [3, 28].

At the same time, classical machine learning methods such as decision trees
or rule mining algorithms were not designed with efficient learning in distributed,
privacy-preserving settings in mind. These methods, however, often achieve high
performance on tabular data, especially when data volume is limited, achieving
competitive performance while exhibiting a much higher degree of interpretabil-
ity [13]. They stand in contrast to black-box models whose internal mechanisms
are difficult to understand.

Models sometimes referred to as good old-fashioned artificial intelligence
(GOFAI) do not lie at the center of interest of researchers working on FL, and
work in this area remains limited [9, 19]. A natural question related to rule-based
methods in the context of FL is whether these models can be successfully utilized
in medical settings using FL while maintaining high prediction accuracy and a
high level of explainability. A secondary consideration here is also the general FL
concern of the privacy versus accuracy trade-off and the overall costs associated
with communication between different institutions in real-world applications.

The contributions of this work include the design, implementation and eval-
uation of three federated rule-based algorithms (LEM2, PRISM, RIPPER) for
distributed medical data; the demonstration that federated rule learning achieves
high prediction quality while preserving full interpretability; a comprehensive ex-
perimental evaluation across five biomedical datasets with varying numbers of
clients and discretization settings; and the validation of the value of federated
collaboration.

2 Background

FL is a distributed ML framework that prioritizes data privacy through decen-
tralization [35]. Google introduced it in 2016 to enable on-device training of deep
neural networks [23]. At the core of this paradigm is the assumption that local
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raw data is not shared. Fundamental to it is the separation between a central
coordinator (server) and institutions or devices (clients).

The most general division of FL into different types is made based on how
data is partitioned among individual clients. The fundamental type here is hori-
zontal FL, in which all clients share the same feature space while having disjoint
samples of the data (e.g., hospitals may collect blood marker measurements from
different patients). The horizontal approach is also the focus in this work.

The horizontal model is trained collaboratively by clients under the supervi-
sion of the server. In the standard approach, the goal is to minimise the global
cost function, for which there exist various federated optimisation algorithms.
The most popular is Federated Averaging (FedAvg), which involves averaging
local model weights to build a global model [23].

Standard FL algorithms such as FedAvg aggregate model weight updates
across clients [23]. Key FL challenges include not independent and identically
distributed (non-IID) data across clients, communication overhead, and hetero-
geneous client resources [19, 21]. Furthermore, rule-based methods require alter-
native aggregation strategies, as discussed in Methods section.

The choice of model type within the FL framework has a fundamental im-
pact on both the predictive power of the model and the transparency of its
decisions [19]. While neural networks dominate FL, due to the high compatibil-
ity of gradient-based optimization with this framework, their black-box nature
limits their transparency, which is a growing concern, reflected in regulatory
requirements such as the EU’s GDPR right to explanation [12, 15].

Rule-based algorithms are representatives of the symbolic machine learn-
ing family, where dependencies extracted from data are expressed in the form
of human-readable decision rules [9, 24]. Each rule of this type has the form:
IF conditions THEN class, where conditions are a conjunction of one or more
attribute-value pair conditions (e.g., IF CRP = high AND smoking = yes THEN
diagnosis = sick). In contrast to neural networks, each decision made by such a
model can be explained by referring to a specific rule.

This characteristic makes these methods particularly suitable for critical
and highest-risk applications, where accountability and transparency are cru-
cial. Classical approaches to rule induction include, among others, covering al-
gorithms [10], which iteratively learn rules one by one in order to cover training
examples, as well as methods based on rough set theory, which induce rules from
data reducts [25].

3 Methods

3.1 Global Discretization Strategy

Rule-based algorithms naturally expect discretized features and clients share
consistent bin boundaries to make rules comparable across clients. In the pro-
posed approach, each client c for each feature j computes local minimum and
maximum values:

v
(c)
min,j = min(X

(c)
j ), v

(c)
max,j = max(X

(c)
j ) (1)
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where X
(c)
j denotes the values of feature j in client c’s local dataset.

Clients send the computed local statistics to the central server. The server
collects this information and computes global minimum and maximum values:

vglobalmin,j = min
c

v
(c)
min,j , vglobalmax,j = max

c
v
(c)
max,j , j = 1, . . . , p (2)

The server broadcasts these global values to all clients. Clients then perform
equal-width discretization with a specified number of bins k, using bin bound-
aries:

bj,i = vglobal
min,j + i ·

vglobal
max,j − vglobal

min,j

k
, i ∈ {0, 1, . . . , k} (3)

In this way, all clients operate on identical bins, ensuring that locally induced
rules are directly comparable and can be meaningfully aggregated.

3.2 Federated Rule Learning Algorithms

We designed FL versions of three rule-based algorithms: LEM2, PRISM and
RIPPER. All three naturally operate on discretized data, which makes them
compatible with the global discretization strategy described above. Each algo-
rithm builds local rulesets, which are then aggregated on the server using the
aggregation strategy described below. Below, we describe the characteristics of
each algorithm.

Federated LEM2 LEM2 (Learning from Examples Module, version 2) is an al-
gorithm for rule induction based on rough set theory [14]. The algorithm operates
on the principle of maximal generalization, seeking the most general rules that
correctly classify training examples, helping to prevent overfitting on fragmented
local data. In the federated setting, each client builds a local LEM2 model using
the global bin boundaries received from the server. Rules are induced based on
the local training set, with conditions expressed as conjunction of discretized
attribute-bin pairs. LEM2’s maximal generalization principle tends to produce
numerous rules with relatively few conditions each, resulting in broad coverage
of the feature space.

Federated PRISM PRISM is a rule induction algorithm based on the separate-
and-conquer strategy [5]. For each class, it iteratively searches for a conjunction
attribute-value pairs that maximize the conditional class probability, a process
requiring an appropriate number of examples per class to be reliable. Each client
extracts rules from local training data using the global bin boundaries and sends
them to the server for aggregation. PRISM tends to produce fewer but more
complex rules than LEM2.
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Federated RIPPER RIPPER (Repeated Incremental Pruning to Produce Er-
ror Reduction) is a sequential covering algorithm optimized for extracting concise
rulesets [11, 6]. It implements a three-stage process: growing, pruning (requiring
a sufficient amount of local validation data to prevent overfitting) and optimiza-
tion. Each client trains a local model and sends the resulting ruleset to the
server. The main advantage of RIPPER emerges from its aggressive optimiza-
tion: it creates effective and concise rulesets, usually much more compact than
those of PRISM and especially LEM2.

3.3 Aggregation Strategy

After local rules extraction, they must be combined in order to create a global
model. For this purpose, in this work we employ union aggregation, which gathers
all unique rules from all clients (two rules are considered identical if they have
the same set of attribute-value pairs as conditions):

Rglobal =

C⋃
c=1

Rc (4)

where Rc denotes the ruleset from client c and C is the total number of clients.
This strategy allows preserving each locally detected complementary patterns in
the data, thus ensuring maximum diversity and coverage of the global model.

For algorithms that produce ordered rules, the local ordering within each
client’s ruleset is preserved, but no global re-ordering is performed. As a result,
during inference, for rules originating from the same client, more specific rules
(with more conditions) are checked before more general ones. However, since
rulesets are applied sequentially, a more general rule from an earlier client may
be applied before a more specific rule from a later client.

3.4 Inference

Prediction is made based on the same global bin boundaries that were used
during local rule learning. This ensures consistency between training and infer-
ence. Given a data instance to be predictively classified, its features are first
discretized using global bins and then matched against rules in the globally ag-
gregated ruleset.

The first rule whose conditions are satisfied determines the class predicted.
A condition in the form of feature-bin is satisfied when it matches the feature-
bin value of the data instance. The order of rules in the global ruleset reflects
the order in which the results of individual clients are received. The first-match
approach additionally ensures computational efficiency of the prediction. Fur-
thermore, if no rule is matched, a default rule is invoked which assigns the
default class of the considered instance. The frequency with which this default
rule is applied is reflected in the value of the 1 − coverage metric presented in
the results.
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4 Experimets

4.1 Datasets

Five medical datasets were used: Breast Cancer Wisconsin (569 instances, 30
features) [34], Cleveland Heart Disease (297, 13) [18], Chronic Kidney Disease
(195, 22) [27], Parkinsons (195, 22) [22] and Pima Indians Diabetes (768, 8) [29].

4.2 Experimental Setup

To ensure statistical robustness and mitigate the effect of data partitioning, all
experiments were conducted five times using different random seeds. For each
seed, the dataset was randomly split into training (80%) and test (20%) sets. The
training set was equally divided among C clients. The test set was retained as a
global test set for model evaluation. Experiments were conducted across varying
number of clients (C ∈ {2, 3, 4, 5}) and discretization bins (k ∈ {2, 3, 4, 5, 6, 7})
using federated LEM2, PRISM and RIPPER on 5 datasets (see Section 4.1).
This resulted in a total number of 4 × 6 × 3 × 5 × 5 = 1800 experiments. The
default values of available hyperparameters for all algorithms were used, and all
experiments were implemented in Python using the Flower framework for FL
simulations [1].

4.3 Metrics

Balanced accuracy was selected as the primary metric due to class imbalance in
most datasets [4]. Additionally, the statistical significance of differences in pre-
diction quality between different versions of the models was assessed using paired
Wilcoxon signed-rank test with a significance threshold of α = 0.05 [7]. The tests
were conducted using performance scores averaged across all configurations for
each of the 5 random seed splits for each dataset.

To quantify the degree of interpretability of the created global rulesets, we
measured: ruleset size (number of rules in the global ruleset), rule complexity
(average number of conditions per rule) and coverage (proportion of test cases
that matched a rule other than the default rule).

Additionally, to assess the diversity of rules obtained by clients, we calculated
similarity between individual local rulesets. Rules in the form of tuples of sorted
conditions are treated as elements of sets, the similarity of which is determined
using Jaccard similarity value given by the quotient of the number of shared
rules and the total number of unique rules across both rulesets i and j [30]:

J(Ri, Rj) =
|Ri ∩Rj |
|Ri ∪Rj |

(5)

This value was averaged across all client pairs (i, j). The smaller the value of this
metric, the more diverse and complementary the rules are between two clients.
A low value thus indicates that global aggregation allows capturing a broader
range of patterns present in the data.
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In order to investigate and quantify the gain resulting from the application of
federated aggregation, we compared the balanced accuracy values of global mod-
els with averaged values of local models. Each local model was tested separately
on the global test set, and the performance of individual models was averaged.
Furthermore, the performance of global federated models was compared against
their fully centralized counterparts to evaluate the degree of prediction quality
degradation resulting from data distribution across local clients.

5 Results

We performed a series of experiments using three FL-adapted algorithms (LEM2,
PRISM, RIPPER) and 5 datasets with varying configurations. The total number
of experiments amounted to 1800, during which the number of bins (from 2 to
7) and the number of clients (from 2 to 5) were systematically changed for 5
different data splits. Moreover, in each experiment, the data were discretized
using equal-width binning and the union aggregation strategy was employed.

The main research question was whether rule-based federated models can be
effectively trained in a federated way on small biomedical data while preserving
their high prediction quality and degree of interpretability. Our results show that
federated rule learning is viable, achieving competitive results relative to their
centralized counterparts and additionally consistently outperforming averaged
results of local models (improvement of 7.0 % to 9.1 % in balanced accuracy
across algorithms). Furthermore, statistical tests showed that federated LEM2
significantly outperformed even the model trained in a centralized way (p =
0.011), while federated RIPPER and PRISM achieved statistical parity with
centralized baseline models (p > 0.05). These results suggest that global aggre-
gation of rules leads to capturing more broad patterns in the data which in turn
results in better model generalization ability compared to separate local models.
Figure 1 summarizes the balanced accuracy, revealing the average response of
algorithms to changes in the number of clients and bins. It can be seen that
federated LEM2 and RIPPER exhibits similar, noticeably better than federated
PRISM, stability across configurations.

5.1 Algorithms Performance Comparison

Table 1 presents the overall performance of the three federated algorithms, aver-
aged across data splits and configurations. Federated LEM2 achieved the highest
overall average balanced accuracy of 0.82 (SD = 0.13), followed closely by feder-
ated RIPPER with 0.79 (SD = 0.14). Federated PRISM demonstrated notably
lower performance with a mean of 0.66 (SD = 0.15). The lowest standard devia-
tion for federated LEM2 suggests lower variability in performance across different
datasets and configurations, indicating potentially higher robustness compared
to PRIM and RIPPER.

Table 1 also presents the best achieved balanced accuracy for each algo-
rithm across the five datasets (Best sub-column). The results reveal dataset-
specific patterns: All three algorithms achieved markedly high performance on
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Fig. 1. Heatmaps showing balanced accuracy as a function of the number of discretiza-
tion bins (columns) and the number of clients (rows) for each algorithm, averaged across
all 5 datasets and 5 random data splits. Darker green indicates higher performance.

Table 1. Federated algorithm performance (balanced accuracy) by dataset. Mean ±
SD represents the average across all experimental configurations and 5 random seeds.
Best indicates the peak performance achieved by the optimal configuration.

Dataset LEM2 PRISM RIPPER
Mean ± SD Best Mean ± SD Best Mean ± SD Best

Breast Cancer 0.92± 0.02 0.94 0.89± 0.04 0.92 0.90± 0.03 0.94
Ckd 0.97± 0.04 0.99 0.61± 0.16 0.93 0.98± 0.03 1.00
Cleveland Heart 0.78± 0.04 0.82 0.54± 0.05 0.61 0.74± 0.05 0.78
Parkinsons 0.81± 0.08 0.86 0.68± 0.10 0.79 0.67± 0.09 0.78
Pima Diabetes 0.63± 0.05 0.69 0.59± 0.05 0.63 0.66± 0.03 0.70
Overall average 0.82± 0.13 - 0.66± 0.15 - 0.79± 0.14 -

the Chronic Kidney Disease dataset. On Breast Cancer dataset, federated LEM2
and RIPPER achieved equally high scores (0.94), outperforming PRISM (0.90).
For the more challenging datasets such as Pima Indians Diabetes, federated RIP-
PER and LEM2 also demonstrated superior performance (0.70 and 0.69, respec-
tively) compared to PRISM (0.63). The Cleveland Heart Disease and Parkinsons
datasets showed similar trends, with federated LEM2 and RIPPER consistently
outperforming federated PRISM.

5.2 Impact of Discretization Granularity

The number of discretization bins constitutes a crucial hyperparameter in learn-
ing rule-based models, since it determines the vocabulary of rule conditions which
directly translates to the expressiveness versus complexity trade-off.

For federated LEM2, balanced accuracy shows a high level of stability be-
tween 3 and 6 bins (0.81–0.85) and decreasing at 2 (0.78-0.80). This suggests
that 2 bins may not provide sufficient feature resolution for the algorithm to
fully delineate class boundaries. Federated RIPPER achieved its most stable
results with 4 bins (0.79-0.80). However, at higher bins granularities, its perfor-
mance began to fluctuate and degrade, suggesting that an increasing number
of bins, particularly with relatively small datasets, increases the risk of overfit-
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ting for this algorithm. This observation is generally consistent with its pruning
strategy’s tendency to lose effectiveness with significant expansion of feature and
rule spaces. Federated PRISM achieved a peak at 2 and 4 bins (0.74) while dis-
playing the most irregular pattern of results. Its rule building strategy may be
sensitive to the concrete choice of discretization granularity leading to significant
fluctuations across configurations (see Figure 1).

5.3 Scalability with Increasing Number of Clients

We also examined how performance scales in relation to the number of clients.
Federated LEM2 achieved the highest stability with an increasing number of
clients, reaching its maximum value with 5 clients and exhibiting low variance
of results. This may indicate that the strategy of this model is able to effectively
leverage diversified local data patterns even if each client has a reduced number
of training data.

Federated RIPPER generally performed slightly worse than LEM2, charac-
terized by higher variance of results depending on the number of clients, suggest-
ing that its scalability depends on the discretization granularity. For example,
with 4 bins, it remains stable across 2–5 clients, but with 5 bins, there is a sub-
stantial drop in performance (from 0.82 for 2 to 0.77 for 5 clients). This may be
related to the fact that this algorithm needs an appropriately large amount of
data to be able to effectively perform optimization and pruning of local rules.
Too much fragmentation of data across many clients can lead to a decrease in
the quality of these local rulesets negatively affecting the generalization ability
of the aggregated global model.

Federated PRISM displayed the highest sensitivity to the increase in the
number of clients which manifests itself as a general trend of decreasing balanced
accuracy with increasing clients count regardless of bins granularity. This seems
consistent with its separate-and-conquer rule building strategy, which requires an
appropriate number of examples per class. When the number of clients increases
and the number of available local training data decreases, federated PRISM does
not handle the extraction of reliable rules well, in particular for the minority class
in imbalanced datasets.

5.4 Benefits of Global Aggregation

A fundamental question in the case of rule-based FL is whether the federated
model is able to deliver performance approaching the centralized one’s while also
providing genuine advantages over separate local models trained in isolation by
each client. Table 2 presents a comparison of global model performance against
both averaged balanced accuracy of local and centralised models on the global
test set. It shows that global models consistently outperformed the average lo-
cal models. Notably, federated LEM2 exceeds centralized training (red) while
federated PRISM and RIPPER achieve statistical parity.

All three algorithms exhibited consistent and highly significant increase in
prediction quality due to global aggregation of rules in comparison with averaged
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Table 2. Comparison of learning paradigms: local models, federated global models and
centralized baselines. Statistical significance assessed via paired Wilcoxon signed-rank
tests across 5 random data splits per dataset (n=25 paired observations). Significance:
*p < 0.05, **p < 0.01, ***p < 0.001.

Algorithm Avg Local Fed. Global Cent. Global vs Local Global vs Cent.
LEM2 0.752 0.821 0.798 +9.1% (p < 0.001)*** +2.8% (p = 0.011)*
PRISM 0.614 0.662 0.685 +7.8% (p = 0.004)** -3.4% (p = 0.692)
RIPPER 0.740 0.792 0.810 +7.0% (p < 0.001)*** -2.2% (p = 0.474)

local models. Federated LEM2 achieved the largest increase (9.1%), improving
from 0.752 to 0.821. Federated PRISM exhibited a performance increase equal
to 7.8%, achieving an improvement from 0.614 for average local models to 0.662
for the global model. Also, federated RIPPER benefited from global aggregation,
achieving 7.0% relative improvement in prediction quality.

Compared to its centralized baseline, federated LEM2 significantly outper-
formed it (0.821 versus 0.798). In turn, both federated PRISM and RIPPER
achieved statistical parity with centralized models. Both federated PRISM and
RIPPER did not differ significantly from the centralized baseline (p = 0.692 and
p = 0.474, respectively).

5.5 Rulesets Characteristics and Interpretability

Table 3 contains a summary of rulesets extracted by the three algorithms across
all experimental configurations and datasets averaged over 5 random data splits.

6 Discussion

The aim of this work was to verify whether rule-based FL can be effectively
applied to small biomedical datasets. The presented results provide an affirma-
tive answer (average balanced accuracy from 0.66 to 0.82 across algorithms and
datasets). The coverage analysis shows that the models provide alternative inter-
pretable results with either high coverage of cases or compact and very precise
set of rules, maintaining comparable performance in both cases. Global aggrega-
tion moreover allows to consistently outperform averaged results of local models
achieving 7.0-9.1 % performance gain. Remarkably, federated LEM2 performed
better than the centralized baseline (p = 0.011), while federated PRISM and
RIPPER achieved statistical parity with centralized versions, suggesting that
privacy-enchancing federated rule-based learning does not necessarily entail a
significant loss in prediction quality.

Federated LEM2 and RIPPER achieved similarly high performance (on av-
erage 0.82 and 0.79 respectively). The picture that emerges from the analysis of
federated PRISM results is more complicated. It achieved significantly lower av-
erage performance on the Cleveland Heart Disease data which can be explained
by the markedly low coverage (31%), which means that as many as 69% of cases
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Table 3. Ruleset characteristics by dataset and algorithm. Per-dataset cells are mean
± SD over all bin and client settings and five random seeds. The All datasets row shows
the overall mean ± SD for a given algorithm across all experiments.

Dataset Algorithm Total rules Conds. per rule Coverage (%) Jaccard sim.

Breast Cancer
LEM2 43.2± 6.8 2.42± 0.29 96.63± 10.31 0.02± 0.02
PRISM 15.0± 2.4 4.66± 4.13 93.76± 4.19 0.07± 0.06
RIPPER 12.8± 3.7 1.31± 0.18 42.93± 6.11 0.11± 0.12

Ckd
LEM2 6.9± 1.4 1.08± 0.10 99.36± 1.52 0.21± 0.15
PRISM 2.8± 1.3 1.39± 1.14 82.73± 9.22 0.40± 0.36
RIPPER 4.9± 1.4 1.00± 0.00 26.53± 2.52 0.11± 0.17

Cleveland Heart
LEM2 51.5± 4.6 2.73± 0.40 99.21± 1.47 0.01± 0.01
PRISM 9.8± 2.1 6.81± 1.16 31.21± 16.98 0.03± 0.05
RIPPER 7.8± 1.6 1.68± 0.25 62.06± 10.66 0.04± 0.06

Parkinsons
LEM2 30.7± 5.4 1.88± 0.33 98.25± 3.82 0.04± 0.03
PRISM 7.1± 1.3 4.96± 2.59 86.19± 8.23 0.03± 0.05
RIPPER 6.5± 1.9 1.10± 0.13 80.37± 12.91 0.05± 0.07

Pima Diabetes
LEM2 133.4± 56.1 2.87± 0.28 84.89± 22.31 0.02± 0.02
PRISM 13.8± 3.9 3.46± 1.31 58.33± 16.88 0.09± 0.10
RIPPER 9.6± 3.5 1.87± 0.45 41.10± 14.14 0.10± 0.11

All datasets
LEM2 53.1± 49.8 2.20± 0.72 95.67± 12.40 0.06± 0.10
PRISM 9.7± 5.1 4.26± 2.96 70.44± 25.97 0.12± 0.22
RIPPER 8.3± 3.8 1.39± 0.42 50.60± 21.30 0.08± 0.12

were predicted using the default rule. It also achieved significantly worse results
Chronic Kidney Disease and Parkinsons datasets despite high coverage. How-
ever, it achieved competitive results for Breast Cancer Wisconsin (with high
coverage of 94 %) and to some extend on Pima Indians Diabetes. This leads to a
conclusion that it is best suited for carefully selected datasets. LEM2’s maximal
generalization principle results in numerous rulesets with simple rules allowing
for broad coverage of cases (96% on average), while RIPPER’s aggressive pruning
strategy achieves competitive results despite lower overall coverage (51%).

Regarding the optimal number of discretization bins, it is dependent on the
dataset, but generally it is 4-5 bins in the case off datasets type considered in
this work. Fewer bins (in particular 2) lead to insufficient feature resolution and
limited ability to detect complex patterns. Too many bins increase the risk of
overfitting and at the same time can lead to increased communication overhead.
The greatest irregularity was presented by federated PRISM, and federated RIP-
PER showed significant degradation at higher granularity.

Both federated LEM2 and federated RIPPER exhibited satisfactory robust-
ness to the increase in the number of clients. The results also illustrate that
different algorithms set different thresholds of minimum amount of local data
for effective training and federated PRISM seems to suffer the most from de-
creasing this amount. In general, these algorithms stand in opposition to neural
networks, where usually a significantly larger number of clients is needed for
effective training in federated settings [23].
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All three algorithms exhibited consistent increase in prediction quality be-
yond a mere ensemble averaging, indicating that the detected local patterns
are indeed highly complementary. Federated LEM2 exhibited the largest gain
(9.1%) demonstrating the complementarity of the maximal generalization prin-
ciple across clients. Similar results were also obtained by federated PRISM (7.8%)
and federated RIPPER (7.0%). The obtained average Jaccard similarity index
values (0.06-0.12) indicating that only 6-12% of rules overlap between clients
confirm this. These results align with the PAC learning theory and could be re-
lated to the fact that aggregation creates a more expressive hypothesis space that
combines local approximations of the underlying target function offering richer
representation than any of the local or even centralized homogeneous models
[32]. Additionally, the fact that some pairs of clients share rules while others
do not, as indicated by the standard deviation values of the similarity metric,
indicate data heterogeneity across clients.

All considered algorithms provide rulesets with different profiles that can
all be inspected by a human. Federated RIPPER provides the most compact,
practical, memorizable and actionable rules offering an effective default class.
It handles many cases using the default majority rule, but offers high precision
for matched non-default rules. This shows that the algorithm balances well a
small number of well-chosen explicit rules with the default rule, achieving high
prediction quality despite moderate coverage.

Federated LEM2 provides a more complete picture by prioritizing greater
coverage with larger number of rules, which however are simple. The high average
coverage value suggests that this algorithm is almost always able to provide a
precise explanation of its predictive decision tracking it back to a concrete non-
default rule.

Federated PRISM merges compactness with complexity offering a detailed
insight into predictions, provided that the coverage is sufficient. It offers bet-
ter average coverage than federated RIPPER, while demonstrating the highest
variability of coverage. Hovewer, its rules are on average less accurate, and the
coverage value is strongly correlated with predictive performance.

From this emerges the conclusion that different algorithms can be appro-
priate for different clinical contexts (e.g., federated RIPPER for quick decision
support with reliable defaults, federated LEM2 for comprehensive diagnosis cov-
ering almost all case with explicit rules). The results indicate that given moder-
ately complex datasets allowing to achieve a sufficiently high coverage, federated
PRISM also achieves satisfactory prediction quality, providing the most nuanced
(in terms of the number of conditions) explanations of its predictions.

Building on these findings, real-world deployment requires careful considera-
tions. Manual validation of rules is essential to detect spurious patterns. Further-
more, by implementing Outcome-Action Pairing (OAP) [2], predictions should
be translated to actionable clinical recommendations by leveraging the inter-
pretability of rules to increase clinician trust and enable the effective use of
clinical decision support.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29921-5_38

https://dx.doi.org/10.1007/978-3-032-29921-5_38
https://dx.doi.org/10.1007/978-3-032-29921-5_38


Rule-Based Federated Learning for Healthcare 13

7 Conclusions and Future Work

Our results demonstrate that federated rule learning can be a viable approach for
handling sensitive medical tabular data. The federated versions of the models
achieved results competitive with those obtained by the centralized versions
and outperformed isolated local ones, highlighting the benefits of collaborative
learning. In addition, the federated LEM2 achieved a consistently higher average
balanced accuracy across the tested configurations than the model trained in a
centralised way.

The interpretability of such an approach is particularly suited for high-stakes
clinical domains that require regulatory approval. Effective operation with a
small number of clients and a small amount of data also makes it an interesting
option for rare disease research, where data can be scarce. Rule-based FL is
thus a complementary approach to black-box FL, demonstrating that rule-based
FL can provide both transparency and competitive performance for real-world
clinical applications.

This work has several limitations: (i) only small biomedical datasets were
used; (ii) solely union aggregation was explored; (iii) only equal-width discretiza-
tion was considered; (iv) experiments were limited to at most 5 clients; and (v)
random data partitioning with an equal load for each client was used, whereas
real-world institutional applications may contain varying numbers of data sam-
ples and introduce batch effects [20].

Regarding privacy, clients only send the minimum and maximum values for
each feature to the server. These values cannot be linked to specific patients
without additional external knowledge. They also carry no information about
the other features of patients, meaning no individual patient records are shared.
While this provides meaningful protection against re-identification, it falls short
of the guarantees offered by formal differential privacy, which would also obscure
whether any particular value exists in the dataset. Adding calibrated noise to
these values before transmission is a possible step toward formal differential
privacy, which we identify as a direction for future work.

Future work should address these limitations by analyzing other aggregation
and discretization methods (e.g., abstractions [17]), assessing scalability on larger
datasets with more clients, comparing against federated boosting and neural
networks and evaluating the approach in realistic clinical environments with
medical expert assessment of resulting rulesets.
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