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Abstract — One of the main challenges in machine learning tasks is unlabeled data. Consequently, semi-supervised learning
is an approach commonly used in labeling data tasks. The use of diffusion kernels is one of the powerful methods in this set of
learning. This paper introduces Phylogram based Data Labeling (PhyDL), an innovative method that combines the benefits of
phylogram analysis with Learning with Local and Global Consistency (LLGC). PhyDL leverages phylogram analysis to act as an
aggregator of information from labeled samples, capable of correcting possible labeling errors. PhyDL constructs a phylogram
using community detection algorithms, FastGreedy and Edge Betweenness, to identify and leverage the structure of the data,
with FastGreedy emerging as the best-performing algorithm among those evaluated. We implemented PhyDL and evaluated its
performance on the TwoMoons, MNIST, MUSK, HEART, and SONAR datasets. PhyDL outperformed LLGC on 4 out of 5
evaluated datasets, highlighting its effectiveness in semi-supervised learning scenarios. On the TwoMoons, MNIST, MUSK, and
SONAR benchmarks, the method showed steady accuracy gains, with consistent improvements as the number of labeled samples
increased. However, on the HEART dataset, standard LLGC achieved better results, indicating that PhyDL’s community-based
diffusion can be limited by certain underlying spatial structures. Furthermore, the experiments revealed that the Edge Between-
ness algorithm is unsuitable for these specific high-dimensional tasks. Ultimately, this study showcases PhyDL’s potential—when
equipped with the FastGreedy algorithm—to significantly improve data labeling performance in semi-supervised scenarios, ef-
fectively leveraging the structural topology of complex datasets.

Keywords — Local and Global Consistency, DAMICORE, Phylogram, Community Detection, Diffusion Kernel, Semi-Supervised
Learning.

1 INTRODUCTION

In the modern context of machine learning, acquiring massive amounts of raw data is often trivial, whereas the process
of accurately labeling these instances by human experts remains a costly, slow, and labor-intensive bottleneck [1}[2]. Semi-
supervised learning (SSL) emerges as a fundamental paradigm to address this challenge by jointly exploiting a limited set of
explicitly labeled instances and a comparatively large pool of unlabeled data [3|/4]. Conceptually, SSL operates under strong
structural premises—most notably the manifold and smoothness assumptions—which postulate that high-dimensional data points
reside on lower-dimensional geometric structures [5,6]. By modeling the intrinsic topology of the data, often through graph-
based representations and diffusion processes [[7]], SSL algorithms can intelligently propagate known labels across dense regions
of the feature space, significantly reducing annotation costs without compromising predictive performance.

Among the various semi-supervised learning techniques, the use of diffusion kernels has been a highlight for its effectiveness
in several applications [3}[8,/9]. Diffusion kernels are an essential tool in the analysis of data in networks and graphs. They
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are used to capture the underlying structure of the data and facilitate the propagation of information through the graph. This
propagation process is especially useful in semi-supervised learning, where the information from the few labeled data points can
be efficiently extended to the unlabeled data [10,/11]].

In semi-supervised learning using graphs, the nodes represent data examples and the edges represent the similarity or affinity
between these examples. The diffusion kernel is then used to propagate the information from the labeled nodes to the unlabeled
ones through the edges of the graph [12]]. This approach is efficient in capturing the data distribution and, in many cases, can
achieve results comparable to supervised methods, even when labeled data is scarce [[13]].

The use of diffusion kernels in semi-supervised learning presents several advantages. Firstly, it allows for the incorporation of
structural information from the data, which is critical in many practical applications where the data has an intrinsic structure, such
as social networks, computational biology, and natural language processing [14f]. Secondly, this approach is robust to noise and
can handle data irregularities well, as diffusion tends to smooth out abrupt variations in labels [15]. Additionally, the flexibility
of diffusion kernels allows for adaptations and extensions to handle different types of data and problems. A notable method in
this category is the Learning with Local and Global Consistency (LLGC) [[16]. LLGC labels samples by propagating information
about labeled samples. However, depending on the relative location between the labeled and unlabeled samples, labeling errors
may occur.

Phylogeny and phylogram analysis have roots in biology [17,[18]] but have shown interesting results in various application
areas [[19-22]]. In the clustering process carried out in [|18], it has been observed in experiments that the generated clusters tend
to follow the spatial structure of the data. This fact motivated us to combine its benefits with LLGC in an innovative method,
Phylogram based Data Labeling (PhyDL). In the proposed approach, the phylogram analysis acts as an aggregator of information
from labeled samples, capable of correcting possible labeling errors.

PhyDL leverages phylogram analysis, initially considering an appropriate distance metric. This approach facilitates a sensible
grouping of data points into communities. The subsequent step involves diffusing labeled points across the entire dataset. These
diffusion contributions are then organized into communities, where points within a community receive the same label.

We implemented PhyDI_E] and evaluated its performance on five datasets: a benchmark dataset for binary classification (Two
Moonsﬂ and four real-world datasets: MNIST [23]], SONAR [24], HEART [25]], and MUSK v1 [26]]. The results demonstrated
that PhyDL outperformed LLGC in 4 out of 5 scenarios, showing the effectiveness of the proposed approach across multiple
domains.

In summary, PhyDL builds upon LLGC, drawing insights from phylogram analysis to achieve excellent results in semi-
supervised learning scenarios. Further details on implementation and results follow.

2 MATERIAL AND METHODS

This section presents the theoretical framework behind the proposal developed in this work, demonstrating how the concept
of phylogram can be utilized in conjunction with diffusion kernels to improve data labeling in the context of semi-supervised
learning.

2.1 Labeling through diffusion kernel

The use of diffusion kernels to label data samples represented by vertices in a graph can be seen as the propagation of
information contained in some vertices to the others. For this purpose, the dataset represented by X = {21, ..., 1, Ti41, ..., T },
with n samples, and a set of classes, L = {1, ..., c}, is taken, where X contains [ labeled samples and n — [ unlabeled samples.
Let F' be a matrix with non-negative elements and dimensions n X ¢, which will represent the diffusion of labels.

An implementation for label propagation in a graph is the LLGC algorithm [16]]. It consists of four steps:

1. Construction of the affinity matrix: W;; = exp(—||z; — z;||>/20?)
2. Obtaining the normalized Laplacian: § = D~'/2W D~'/2, where D is a diagonal matrix, Dy; = -, Wi;
3. Iteration: F'(t+ 1) = aSF(t) + (1 — )Y until the change between two iterations is smaller than a threshold.

4. With F'*, the labeling can be obtained by y; = arg max;<. F};

Step 3 is an iterative process, which is resource-intensive. An alternative, proposed in [16], is to obtain the function in the
limit, letting ¢ — oo, which can be visualized in Equation [I]

F*=(I—-aS)~'Y (1)

where « is a parameter that regulates the step size in the convergence process. S and Y are, respectively, the similarity matrix
and a vector containing information about which samples are labeled, taking a class as a reference. The variable Y is a binary
vector where the non-zero positions are those where the sample is initially labeled. Thus, each vector Y presented to Equation

I'Source code and reproducibility scripts available at https://github.com/brenocaetano/PhyDI,
2https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_moons.html
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[T will represent a class with its respective labeled samples. At the end of the iterative process, F' will represent the amount of
information (diffusion contribution) each node has received.

The parameter « in the LLGC algorithm plays a crucial role in balancing two key sources of information: the initial labeled
data and the graph structure representing data relationships (see step 3). This balance is reflected in how « influences the
algorithm’s behavior. When « values are low (closer to 0), the algorithm places greater emphasis on the initial labels, relying
more heavily on the limited set of labeled examples. Conversely, high o values (closer to 1) give more weight to the information
diffused through the graph, leveraging the underlying data structure. In this paper, the authors employ the value of 0.99, as used
in the original study on the LLGC algorithm. This approach leverages the underlying structure of the data, allowing the algorithm
to make inferences based on the relationships between data points, rather than being constrained by the sparse initial labeling.
It’s important to note that the authors do not intend to obtain the best o value for the databases analyzed in this study. Instead,
their objective is to investigate whether, starting from a label diffusion process, communities obtained from a phylogram can be
used to improve the accuracy of labeling.

2.2 Phylogram

The concepts of homology and phylogeny, widely employed in biology, have proven to be extremely useful when adapted
for data analysis in various fields [27]. In biology, homology refers to the shared characteristics between different species due to
a common ancestor. This concept can be adapted for data analysis, allowing the identification of patterns or similar structures
in different samples of a dataset. The identification of homologies in non-biological data can reveal hidden information, such as
the detection of patterns or the discovery of recurring subgraphs in complex networks. As a representation of these homologous
similarities, the use of a phylogram is common [21}28]].

A phylogram, which in biology refers to the representation of evolutionary relationships between species, can be applied anal-
ogously in data analysis to understand the relationships between different entities or variables. The construction of phylograms
or phylogenetic trees for non-biological data allows for the visualization and analysis of how different elements of a dataset are
related and how they have evolved over time [22].

Among the methods for reconstructing phylograms, those based on a distance matrix enable the creation of an evolutionary
tree from a measure of distance between the analyzed elements. A distance matrix details the distances between pairs of elements,
calculated using a selected metric. Any type of information can be analyzed from a phylogenetic perspective if a distance matrix
between the elements is available. This approach allows for analyzing data based on patterns of evolution, diversification,
and hierarchical components that represent their homology, offering a comprehensive view of the relationships and similarities
between the elements. By visualizing these relationships, researchers gain deeper insights into the underlying structure within
the data.

The most recognized method for reconstructing phylogenetic trees is the Neighbor Joining (NJ) method, introduced by [29].
It serves as a benchmark for evaluating other reconstruction methods due to its efficiency and capability to generate accurate
trees even with extensive datasets. A significant advantage of NJ is that it does not require a constant rate of evolution, making
it adaptable to data where evolutionary rates differ across lineages. This flexibility allows NJ to produce trees that accurately
reflect the true evolutionary relationships [17]. As a distance-based approach, NJ’s results depend heavily on the accuracy of the
distances between elements. In phylogenetics, the distance matrix used is additive, ensuring that the distances between element
pairs can be fully represented on a phylogenetic tree without distortion or information loss.

The NJ method can accurately reconstruct the true phylogenetic tree if the correct distance matrix is provided [17]. Although
it is not always possible to ensure the exact accuracy of the distance matrix, the NJ method remains effective as long as the noise
level does not exceed the difference between the actual matrix and the analyzed matrix by more than a threshold ¢ = 1/4, as
specified by:

DT = Do < ¢ min_I(e) (2)
ecE(T)
where DT and D represent the additive matrices of the actual tree and the approximate tree, respectively, £(T") denotes the set
of vertices of the tree, I(e) defines the branch length of a given edge e, and € is the proportion relative to the smallest edge of the
tree [30]. This characteristic allows NJ to be effective on any type of data, as the quality of the reconstructed tree relies entirely
on the accuracy of the distance metric used.
Another aspect that supports the quality of NJ’s reconstruction is the quartet consistency theorem [31]. According to this
theorem, if NJ successfully reconstructs the quartets locally, it will also succeed globally. In other words, if NJ can derive all the
quartets of tree T from a distance matrix (D) representing T, it will effectively reconstruct T from D.

2.3 Community Detection

The spatial structure of a phylogram can be visualized as interconnected entities, where the distances between these entities
represent the weights or costs of their connections, effectively making the phylogram a network. Grouping nodes of a net-
work into communities is known as community detection [32]. Various authors have proposed algorithms to perform this task
efficiently and effectively.

In [33]], the authors propose an algorithm called FastGreedy, which is an improvement of the fastAlgorithm proposed by [34].
FastGreedy uses a greedy strategy in the process of detecting communities in a given input graph. Its operation is a hierarchical

20


https://doi.org/10.21528/lnlm-vol24-no1-art2

Learning and Nonlinear Models - Journal of the Brazilian Society on Artificial Intelligence (SBIA), Vol. 24, Iss. 1, pp. 18-35, 2026
https://doi.org/10.21528/1nlm-vol24-nol-art2 © Brazilian Society on Artificial Intelligence

agglomerative clustering, producing a dendrogram representing the similarities found between nodes of the input graph, which
are grouped into communities. The difference here, compared to the previous section executed by NJ, is that NJ used information
from a distance matrix to generate the graph, which can be seen as a network. FastGreedy, using this graph as input, performs a
more abstract feature extraction based on the value of the modularity of the grouping. Modularity is a property of the network,
used as a criterion for dividing a network into communities. It serves as an indication of how good the grouping is, by observing
whether there are many connections between the nodes within a community and few between communities [33]].

The FastGreedy algorithm iteratively checks whether merging pairs of communities can improve the modularity value. It
is important to note that the process begins with each node as its own community, and the merging process continues until
all nodes form a single community. In summary, the FastGreedy algorithm is based on a greedy optimization process that
aims to maximize the modularity value of the network by iteratively merging communities until no further improvement can be
made. This approach has been widely used in community detection due to its effectiveness in finding communities in large-scale
networks.

The Edge Betweenness algorithm, proposed by [35]], is a divisive method for community detection in networks, differing
from traditional algorithms. Instead of seeking the most distinct edge for removal, it focuses on finding the edge with the highest
Betweenness, which favors edges whose endpoints are in different communities, as these edges will be more utilized in the
shortest paths between pairs of nodes.

2.4 Phylogram-based Data Labeling
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Figure 1: Diffusion of labeled points on the Two Moons dataset in a semi-supervised learning setting. In (a), the colors represent
the groupings (and labels) obtained a diffusion kernel (LLGC); and in (b), the communities obtained in the phylogram analysis.
In the traditional LLGC (a), the points in black correspond to the initially labeled points and the arrows symbolize the diffusion
of the class between the two moons, which is undesirable in this case.

As previously presented, the use of a diffusion kernel applied to data labeling requires only a small portion of labeled data.
This process can be observed in Figure [T(a). In this image, it can be seen that the central region of the moons exhibits all
the errors, indicating a breakdown of local and global (structural) consistency. Local consistency means that nearby samples
should have the same label, while global consistency indicates that samples within the same structure should possess the same
labels [16]. In panel (a), it is evident that both consistencies are not maintained in the central region of the image.

It can be observed that the detection of communities on a phylogram generates clusters that is guided by the structure of the
classes (half-moons). These clusters can be visualized in panel (b) of Figure m If we analyze each community in isolation, in
the majority of cases, they fulfill the criterion of local consistency, meaning that nearby samples tend to have the same label.
These communities were obtained by applying the FastGreedy algorithm to the phylogram of the data. The phylogram, in turn,
represents the relationships of the samples in a global arrangement, meaning that when analyzing it, samples on the same branch
tend to belong to the same data structure, in this case, one of the moons. Therefore, intuitively, community detection on a
phylogram seeks to fulfill the requirements of local and global consistency of the data.

Based on this premise, the application of a diffusion kernel along with community information obtained from a phylogram
in the task of labeling unlabeled samples was studied. The iteration of these tools is favorable due to the shared characteristics
of local and structural consistency. In Figure[T|a), it is possible to visualize how the propagation of information from the labeled
samples performed by the diffusion kernel occurs through the structure of the dataset. In Figure[I(a), only 4 samples from each
moon are initially labeled. The rest are labeled by the LLGC algorithm. Next to it, in panel (b) of Figure[] it is shown how the
communities were identified, following the structure of the dataset. Based on these tools, PhyDL is proposed and illustrated in

Figure[2]
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Figure 2: Main components of PhyDL. From the initial partially labeled data, the diffusion contribution of each labeled point to
each point in the dataset is computed, as performed in LLGC. From the initial data, a phylogram representing the data is obtained
and the communities are identified. Finally, the diffusion contribution of each label to each point is aggregated by community,
such that a single label is assigned per community.

In a semi-supervised setting, only a small sample of the dataset is labeled. As can be seen in Figure [2] in the first step of
PhyDL, we calculate the diffusion of these labeled points over all the points as in Equation [T} From the initial dataset, we also
calculate the pairwise distance between the points. In this step, the information about the initial labels are disregarded. The
distance metric is a fundamental factor in this step. The distances between the points allows us to determine in a next step the
phylogram of the dataset. This step is followed by the identification of communities in the phylogram. Finally, we combine the
results from the label diffusion and the communities, by defining a consensus on the label by community (see Figure [3). In the
end, a fully labeled dataset is obtained.

A B | LLGC A B |PhyDL
p1 | 03| 01 >A p1 | 03 | 0.1
p2 | 02| 04 [>B p2 | 02 | 04
p3 | 08 | 01 | >A p3 | 08 | 0.1
pd | 07----02-|» A pd | 07 | 02
p5 | 0.1--{--09--{» B p5 | 01 | 0.9
S

(a) (b)

Figure 3: Assignment of new labels using (a) LLGC and (b) PhyDL in a hypothetical semi-supervised setting. In this example,
there are two possible labels (A and B) and five points (pl — p5). The numerical values correspond to the contribution received
by each labeled point from each class. In the original LLGC (a), the labels are determined by calculating the maximum between
the contributions of each class. In PhyDL (b), assuming two communities (p1, p2, p3) and (p4, p5), for each label, the sum over
all the points are calculated and the maximum between the sums are calculated and all the points receive the same label.

In Figure [3] we illustrate a numerical calculation comparing LLGC and our proposed method, PhyDL. The rows represent
individual data points, and the numerical values indicate the diffusion contribution of each label received by each point. This
contribution is calculated using Equation[I] In this example, we consider three points and two possible labels. In scenario (a),
each points label is determined by the one corresponding to the maximum diffusion contribution. In scenario (b), we assume that
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points are grouped into a community structure and for each community, the diffusion contributions of each label are summed
across the points within that community. Subsequently, a resulting diffusion contribution for each label is obtained. Finally, the
label associated with the maximum value among these contributions is assigned to all points within that community.

3 EXPERIMENTS AND RESULTS

To achieve the proposed objectives, a series of experiments were conducted using 5 databases:
1. Twomoons

2. MNIST

3. MUSK vl (MUSK)

4. HEART Disease (HEART)

5. SONAR

To guarantee a fair evaluation during the distance matrix computation, data preprocessing was performed. All features across
the evaluated datasets were normalized to a [0, 1] range using Min-Max scaling. This step ensures that every attribute contributes
equally to the Euclidean distance calculations, which is a crucial requirement for both the phylogram reconstruction and the
diffusion kernels.

The TivoMoons database consists of a synthetic benchmark, composed of two intertwined semi-circles, commonly used in
machine learning. A representation of the TwoMoons database can be seen in Figure[I} For the experiments, 200 samples were
generated (100 for each moon). The MNIST database represents handwritten characters from 0 to 9. This database comes
from the United States National Institute of Standards and Technology. It consists of 70,000 handwritten characters, normalized
to a bounding box with dimensions of 28x28. Here it is necessary to explain that in the experiments with MNIST just 500
samples (randomly chosen from the database) of each class were used. The MUSK dataset is a molecular classification dataset
designed to identify molecules with “musk” (pleasant odor) or “non-musk” (without pleasant odor) characteristics. It consists
of 92 molecules (47 musks and 45 non-musks) in 476 distinct conformations, using 166 numerical features to describe the
structural properties of the molecules, including distance measurements and three-dimensional displacements. The HEART
dataset combines information from multiple sources to predict the presence of cardiovascular diseases. Originally developed in
1988, the dataset integrates information from five different databases: Cleveland, Hungary, Switzerland, Long Beach VA, and
Statlog, initially totaling 76 attributes, although most research uses only 14 main features. The dataset contains information
on 303 patients, classifying them into five classes, with integer values ranging from zero (absence of disease) to four (different
levels of disease presence). The distribution of samples among classes is not homogeneous, containing 164, 55, 36, 35, and 13
samples for classes 0, 1, 2, 3, and 4, respectively. Due to its high imbalance and the possibility of transforming this dataset
into a binary problem (disease, no disease), classes 1, 2, 3, and 4 were merged into a single class, representing the existence
of heart disease in the patient. This transformation is common in the literature. The SONAR dataset, also known as Mines
vs. Rocks, is a classic pattern classification dataset originating from studies discriminating between sonar signals reflected
by metal cylinders and approximately cylindrical rocks. The dataset contains 208 patterns, with 111 obtained from different
reflection angles of metal cylinders and 97 from rock formations, each described by 60 numerical features in the range [0,1].
These features represent the energy within a given frequency band integrated over time, with increasing frequencies for each
subsequent attribute. A quantitative summary including the number of samples, classes, features and the execution times for
the two community detection algorithms (CDAs) used can be found in Table [I] Notably, the execution times for the LLGC
algorithm are not affected by the choice of community detector, with variations likely related to the system resource load during
experimental executions. The higher computational cost of PhyDL is attributed to its additional processing steps, such as the
construction of the phylogram using the Neighbor-Joining (NJ) algorithm, which has a computational complexity of O(n?).
Additionally, the complexity of the chosen CDA directly impacts the total time; FastGreedy follows a greedy optimization with
an approximate complexity of O(m-dlog n), while Edge Betweenness is significantly more resource-intensive, with a complexity
of O(m?n)

Table 1: Comparison of execution times (in seconds) and dataset characteristics using different community detection algorithms.

PhyDL (s)
Dataset Samples Features Classes LLGC (s) FastGreedy Edge Betweenness
MNIST 1000 784 10 4.592 416.149 564.014
TwoMoons 200 2 2 0.028 3.074 4.871
Heart 284 13 2 0.0747 10.667 14.8032
Musk 476 166 2 0.301 43.740 63.765
Sonar 208 60 2 0.042 3.353 3.831
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As described in Section [2] PhyDL can be configured in various ways at any of its stages. Thus, it is possible to test the
performance effects of PhyDL with various phylogenetic reconstruction algorithms and community detection algorithms (CDA).

As phylogenetic reconstruction algorithms, only NJ will be used, as it is already a consensus in the literature [[19] that it
is the best cost-benefit in the process of reconstructing phylogenetic trees. Finally, as CDAs, were used at experiments the
FastGreedy [33]] and Edge Betweeness (often referred as Girvan-Newman) [|32]].

The results of these experiments are reported in the next section.

3.1 Experiments and Results using the TwoMoons Database

In all experiments using the TwoMoons database, some samples were selected where the label would be known. This set of
samples consists of the labeled samples, with the remaining samples being part of the unlabeled samples. To assess the impact of
the number of samples on the labeling process, the number of labeled samples varied from 2% to 20% samples, in steps of 2%.
For each variation in the number of labeled samples, 30 executions of the algorithms were carried out, in order to avoid possible
combinations of samples that would distort the obtained statistical results. It is also noted that each set of labeled samples was
composed of equal parts, in number, of the analyzed classes.

100
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Figure 4: Results obtained on the TwoMoons database by LLGC contrasted with those achieved by PhyDL using the FastGreedy
and Edge Betweeness CDAs. The boxplots illustrate the median and the interquartile range across the 30 independent executions.

Regarding the used CDA, PhyDL was used in experiments using FastGreedy and EdgeBetweenness. It is emphasized that
both PhyDL used only Euclidean distance in the first stage and NJ in the second stage of in all experiments.

In Figure @] the accuracy results for the evaluated methods are presented. The LLGC method established a solid baseline,
maintaining a median accuracy between 84% and 86% across the varying percentages of labeled samples. However, PhyDL using
the FastGreedy algorithm demonstrated a consistent and significant improvement over LLGC. While its advantage is modest at
lower percentages (2% to 4%), FastGreedy’s accuracy scales efficiently as more data becomes available, reaching a median
accuracy of approximately 95% when 20% of the samples are labeled.

In stark contrast, PhyDL using the Edge Betweenness CDA exhibited a severe drop in performance. Its accuracy flatlined at
exactly 50% across all evaluated scenarios. Given that TwoMoons is a binary classification problem, this outcome is equivalent
to random guessing. This indicates that the Edge Betweenness algorithm completely failed to capture the manifold structure of
the dataset in this experimental setup, likely breaking the intertwined half-moons into incorrect disconnected components due to
its edge-removal strategy.

Figure[§]illustrates the relative gains of the PhyDL configurations compared to LLGC. The FastGreedy configuration achieved
positive and growing gains, starting near 1% with 2% labeled samples and peaking at nearly 10% relative gain at the 18% and
20% marks. Conversely, the inability of Edge Betweenness to model the dataset resulted in massive negative gains, consistently
hovering between -38% and -42%. These results highlight that while PhyDL is highly effective, its success is inherently tied
to the community detection algorithm’s ability to respect the local topology of the data, a task where FastGreedy proved to be
remarkably robust.
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Figure 5: Relative Gain of PhyDL using the two different CDAs over LLGC on the TwoMoons dataset. The bar values represent
the mean accuracy across the 30 independent executions.

In Figure [6] we have an example of labeling performed by LLGC, panel (a), and by PhyDL, panel (b), using the FastGreedy
CDA over the TwoMoons dataset with 4% of initially labeled samples (represented as white points). As observed in panel (a),
the diffusion of the classes across the empty space between the two moons causes a breakdown of local and global consistency,
leading to misclassifications, particularly near the extremities. In contrast, panel (b) demonstrates how PhyDL mitigates this
behavior. By aggregating the diffusion contributions through the communities identified by the FastGreedy algorithm, PhyDL
better respects the spatial structure of the data, significantly reducing the incorrect propagation of labels between the upper and
lower moons. While it does not achieve a perfect separation and some labeling errors still occur at the ends of the moons, PhyDL
successfully corrects a substantial portion of the samples incorrectly labeled by LLGC. In this specific execution, the accuracy
was 84.9% and 91.14%, respectively for LLGC and PhyDL.
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Figure 6: Comparison between LLGC and PhyDL on the TwoMoons dataset. In (a) we have the labeling performed by LLGC.
In (b) we have the labeling performed by PhyDL, using Edge Betweenness
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3.2 Experiments and Results using the MNIST Database

In Figure[7] the accuracy results obtained on the MNIST dataset are presented. This figure reveals a stark contrast between the
methods, particularly highlighting the challenges of high-dimensional data. The baseline LLGC algorithm struggled significantly,
exhibiting a median accuracy that fluctuated between 12% and 18% across all labeling rates, indicating poor label diffusion across
the complex digit classes.

However, incorporating the FastGreedy CDA into PhyDL dramatically transformed this outcome. With only 2% of labeled
samples, PhyDL-FastGreedy already achieved a median accuracy of 33%, almost doubling the LLGC baseline. This advantage
scaled remarkably as the number of labeled samples increased, reaching a median accuracy of over 63% with 20% of labeled
points. In striking contrast, PhyDL using Edge Betweenness failed entirely in this high-dimensional space. Its accuracy flatlined
at exactly 10% across all scenarios, which—given the 10 classes of the MNIST dataset—is statistically equivalent to random
guessing. This confirms that the divisive nature of Edge Betweenness is highly unsuitable for this dataset’s topology.
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Figure 7: Accuracy results obtained on the MNIST dataset by LLGC contrasted with those achieved by PhyDL using two
different CDA (Fastgreedy and Edge Betweenness) . On the x-axis, the ratio of initially labeled points considering the entire
dataset. The boxplots illustrate the median and the interquartile range across the 30 independent executions.

Figure [§] illustrates the relative gain in mean accuracy compared to LLGC. The disparity between the two CDAs is once
again evident. PhyDL-FastGreedy exhibited massive and continuous growth; starting with a relative gain of approximately 86%
with 2% of labeled samples, its gain skyrocketed to an extraordinary peak of over 370% when 14% to 18% of samples were
labeled. On the other hand, the complete failure of Edge Betweenness translated into constant negative relative gains (from
-21% to -44%). This performance decisively demonstrates that for complex datasets with higher dimensionality and multiple
classes, PhyDL equipped with FastGreedy overwhelmingly excels over standard LLGC by effectively mapping and leveraging
the intricate structural communities.

In Figure 0a] the visualization of MNIST dataset after applying t-SNE [36] is illustrated. Figures [0b]and [Oc|shows how this
dataset is labeled according to the methods used in this work. It is observed that when using PhyDL, the labeled data appears
much closer to the true labels compared to the data labeled by LLGC, highlighting the advantage of the proposed method.

3.3 Experiments and Results using the MUSK Database

The experiments with the MUSK dataset were conducted in the same manner as the aforementioned experiments. Figure[I0]
shows that, for this dataset, the choice of CDA drastically affected the results of PhyDL. It can be observed that when using the
FastGreedy CDA, PhyDL shows superior performance to LLGC. However, using the Edge Betweenness CDA, PhyDL performed
slightly worse or identically to the baseline.

Analyzing the median accuracy, LLGC displayed a declining trend as more samples were labeled, starting at 45.4% (with
2% of labeled samples) and dropping to approximately 41.9% (with 20% of labeled samples). In contrast, PhyDL using the
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Figure 8: Relative Gain of PhyDL using two CDA (FastGreedy and Edge Betweenness) over LLGC on the MNIST dataset. The
bar values represent the mean accuracy across the 30 independent executions.
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Figure 9: t-SNE projections for the MNIST dataset: (a) Original representation where colors indicate the 10 classes; (b) Data
labeled by LLGC with an accuracy of 12.22%; and (c) Data labeled by PhyDL using Edge Betweenness with an accuracy of
55.67%. For both (b) and (c) 20% of the total data) were initially labeled (class-balanced).

FastGreedy CDA not only started with a higher median accuracy of 50.0% but also demonstrated continuous growth, reaching
nearly 63.9% with 20% of labeled samples. On the other hand, PhyDL using the Edge Betweenness CDA practically mirrored
the declining behavior of LLGC, starting slightly lower at 43.4% and converging to the same 41.9% accuracy at the end of the
experiment.

Figure [TT]illustrates the relative gain of the PhyDL versions over LLGC. Using the FastGreedy CDA in the PhyDL configu-
ration provided substantial and continuous performance gains. With 2% of labeled samples, PhyDL-FastGreedy had an average
relative gain of approximately 6.1%. Unlike what was observed in previous older executions, this gain did not decrease; instead,
it maintained a robust upward trajectory, peaking at an impressive 52.1% relative gain when 20% of the samples were labeled.
Conversely, when using the Edge Betweenness CDA, the relative gain remained slightly negative or negligible across all values.
It started at a -6.0% gain with 2% of labeled samples and gradually converged to a neutral 0% (specifically -0.16%) with 20% of
labeled samples, indicating that Edge Betweenness failed to aggregate any useful structural information to improve the standard
LLGC diffusion on this dataset.

Figure [T2a] shows the projection of the MUSK dataset using t-SNE with its classes represented. Figures[T2b]and shows
the same projection by LLGC and PhyDL. In[I2B] class 1 practically disappears from the final result, while in the result
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Figure 10: Accuracy results obtained on the MUSK dataset by LLGC contrasted with those achieved by PhyDL using two
different CDA (Fastgreedy and Edge Betweenness) . On the x-axis, the ratio of initially labeled points considering the entire
dataset. The boxplots illustrate the median and the interquartile range across the 30 independent executions.
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Figure 11: Relative Gain of PhyDL using two CDA (FastGreedy and Edge Betweenness) over LLGC on the MUSK dataset. The
bar values represent the mean accuracy across the 30 independent executions.

resembles the original. This demonstrates that our proposal managed to surpass the result presented by LLGC.
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Figure 12: t-SNE projections for the MUSK dataset: (a) Original representation where colors indicate the 2 classes (musk and
non-musk); (b) Data labeled by LLGC, showing an accuracy of 42.79% ; and (c) Data labeled by PhyDL using FastGreedy,
achieving an accuracy of 62.33%. For both labeling results, 20% of the samples were initially labeled (class-balanced).

3.4 Experiments and Results using the HEART Database

In the experiments conducted on the HEART dataset, the baseline LLGC method consistently demonstrated the best perfor-
mance among the analyzed methods, indicating that for this specific spatial topology, standard label diffusion without community
aggregation is more effective, Figure [[3]presents these results. LLGC accuracy showed a steady increase, starting from a median
of 65.5% with 2% of labeled points and growing to 78.0% with 20% of labeled points. PhyDL using the FastGreedy CDA
maintained an intermediate performance; although it started slightly higher with a median accuracy of 68.1% at 2% of labeled
samples, it was subsequently surpassed by the baseline, fluctuating in the following scenarios and reaching 73.8% at the end
of the experiment (with a localized peak of 74.7% at 16%). PhyDL using the Edge Betweenness CDA exhibited the lowest
performance, remaining relatively constant with a median accuracy hovering around 54% regardless of the increase in labeled
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Figure 13: Accuracy results obtained on the HEART dataset by LLGC contrasted with those achieved by PhyDL using two
different CDA (Fastgreedy and Edge Betweenness) . On the x-axis, the ratio of initially labeled points considering the entire
dataset. The boxplots illustrate the median and the interquartile range across the 30 independent executions.

Regarding the average relative gain per execution (Figure [T4), the inclusion of the phylogram aggregation step in PhyDL
resulted in a performance decrease on this dataset. Consequently, the relative gains were consistently negative. PhyDL with the
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FastGreedy CDA exhibited slight but consistent relative losses compared to LLGC, starting at -1.6% with 2% of labeled samples
and dropping to -4.6% with 18% of labeled samples, finalizing at -3.8% when 20% of the data was labeled. PhyDL with the
Edge Betweenness CDA showed a more substantial performance drop, presenting a relative loss of -20.3% at 2% and worsening
to approximately -28.6% with 20% of labeled samples. These results highlight that while PhyDL is effective for datasets with
well-defined topological manifolds (as seen in TwoMoons, MNIST, and SONAR), its community-based diffusion constraints can
limit performance in datasets where the underlying structure does not align favorably with phylogenetic aggregation.
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Figure 14: Relative Gain of PhyDL using two CDA (FastGreedy and Edge Betweenness) over LLGC on the HEART dataset.
The bar values represent the mean accuracy across the 30 independent executions.
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Figure 15: t-SNE projections for the HEART dataset: (a) Original representation where colors indicate the 2 classes; (b) Data
labeled by LLGC, showing an accuracy of 82.9%; and (c) Data labeled by PhyDL using FastGreedy, showing an accuracy of
78.81%. For both labeling results, 20% of the total data were initially labeled (class-balanced).

Figure [T5a] shows the projection of the HEART dataset using t-SNE with its classes represented. Figures [I5b]and [T5¢|shows
the same projection with the labeling performed by LLGC and PhyDL. Figure[T5b|has a closer resemblance to the original t-SNE
projection, which corroborates the aforementioned results.

3.5 Experiments and Results using the SONAR Database

In the experiments with the SONAR dataset, PhyDL with the FastGreedy CDA demonstrated superior performance. As
shown in Figure[T@] it exhibited a consistent increase in accuracy, starting at a median of 53.9% with 2% of labeled samples and
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reaching 66.7% with 20% of labeled samples (peaking at 66.9% when 18% of the data was labeled). This method also exhibited
less variability in its results when compared to LLGC. The baseline LLGC showed inferior performance to PhyDL-FastGreedy,
with its median accuracy ranging from 49.5% to 58.3%. Similar to PhyDL-FastGreedy, LLGC showed performance gains as
the number of labeled samples increased, although these gains were more modest. PhyDL with the Edge Betweenness CDA
demonstrated the most limited performance, remaining practically flat at around 46% median accuracy regardless of the number
of points used. Despite showing the least variability among the three methods, it was completely unable to improve its predictive
performance with more data.

Regarding the average relative gain across all independent executions, Figure [T7] show PhyDL with the FastGreedy CDA
achieved positive and increasing gains compared to the baseline. Starting with a modest gain of 1.7% using only 2% of labeled
samples, the method showed a growing trend, ultimately reaching a relative gain of 14.6% when using 20% of labeled samples.
Notably, the method presented a significant localized surge that touched the 20.0% mark when 10% of the samples were labeled,
and its performance peaked strongly at an impressive 20.7% relative gain—surpassing the 20% threshold—with 18% of labeled
samples. This positive progression suggests that the method effectively leverages the increase in data quantity to improve its
performance. On the other hand, PhyDL with the Edge Betweenness CDA exhibited a systematic degradation behavior. The
method started with a relative loss of 7.1% with 2% of labeled samples and showed a progressive deterioration, reaching a loss
of 16.5% when using 20% of labeled samples. The divergence in the behavior of these methods becomes more pronounced as
the percentage of points used increases, creating an ever-widening gap between their performances. While FastGreedy demon-
strates the ability to learn and adapt positively with more data, Edge Betweenness shows a negative sensitivity to the increase in
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Figure 16: Accuracy results obtained on the SONAR dataset by LLGC contrasted with those achieved by PhyDL using two
different CDA (Fastgreedy and Edge Betweenness) . On the x-axis, the ratio of initially labeled points considering the entire
dataset. The boxplots illustrate the median and the interquartile range across the 30 independent executions.

Figure [T82] shows the projection of the SONAR dataset using t-SNE with its classes represented. Figures [I8b]and [T8c|shows
the same projection with the labeling performed by LLGC and PhyDL. Figure[I8c]visibly has a closer resemblance to the original
t-SNE projection, which corroborates the presented results.

3.6 Statistical Significance Analysis

To validate the comparative performance of the proposed method against the baseline, a one-sided Wilcoxon signed-rank
test was conducted. The alternative hypothesis established was that PhyDL achieves higher accuracy than LLGC (PhyDL >
LLGC). A standard significance level of v = 0.05 was adopted. Table[2] presents the resulting p-values for both CDAs across all
datasets, as well as an overall aggregate evaluation. The statistical results corroborate the empirical observations discussed in the
previous sections. PhyDL equipped with the FastGreedy algorithm demonstrated statistically significant superiority over LLGC
overall (p-value < 0.05), as well as individually in the MUSK, SONAR, TwoMoons, and MNIST datasets. For the HEART
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Figure 17: Relative Gain of PhyDL using two CDA (FastGreedy and Edge Betweenness) over LLGC on the SONAR dataset.
The bar values represent the mean accuracy across the 30 independent executions.
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Figure 18: t-SNE projections for the SONAR dataset: (a) Original representation with colors representing the 2 classes; (b) Data
labeled by LLGC, which showed an accuracy of 46.28%; and (c) Data labeled by PhyDL using FastGreedy CDA, achieving an
accuracy of 56.91%. For both (b) and (c), 10% of the total data were initially labeled (class-balanced).

dataset, the test yielded a p-value of 1.0, confirming that PhyDL-FastGreedy does not outperform the baseline in this specific
topology. Furthermore, the Edge Betweenness CDA failed to achieve statistical significance in any scenario, confirming its
unsuitability for the evaluated datasets. These tests provide robust statistical confidence that PhyDL, when utilizing an appropriate
CDA like FastGreedy, delivers significant improvements in semi-supervised data labeling tasks.

4 CONCLUSIONS

From the presented experiments, it is observed that label diffusion performance can be significantly improved by the joint
application of phylogram construction and community detection. In most of the evaluated scenarios, PhyDL equipped with the
FastGreedy algorithm demonstrated superior robustness and predictive performance compared to the standard LLGC baseline,
successfully outperforming it in 4 out of 5 datasets (TwoMoons, MNIST, MUSK, and SONAR).

As expected, an increase in the number of labeled samples generally correlates with higher accuracy rates. Notably, the choice
of the community detection algorithm proved to be a critical factor; while FastGreedy effectively leveraged the underlying data
structures—achieving relative accuracy gains that exceeded 370% on the MNIST dataset—Edge Betweenness exhibited system-
atic degradation and failed to capture the necessary structural nuances across the complex datasets. Furthermore, the results from
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Table 2: Wilcoxon test p-values for the alternative hypothesis that PhyDL outperforms LLGC (PhyDL > LLGC) across
different datasets. A significance level of a = 0.05 was used.

Dataset FastGreedy (p-value) Significant EdgeBetw. (p-value) Significant

Overall 6.71 x 107155 Yes 1.0 No
HEART 1.0 No 1.0 No
MUSK 8.64 x 1071 Yes 1.0 No
SONAR 3.14 x 10732 Yes 1.0 No
TwoMoons 3.76 x 10747 Yes 1.0 No
MNIST 3.04 x 10751 Yes 1.0 No

the HEART dataset highlighted a vital topological condition: for certain spatial distributions, standard label diffusion without
community aggregation remains more effective. Although PhyDL presents a higher computational cost than LLGC due to the
O(n?) complexity of the phylogram construction, these activities can be executed independently. Since semi-supervised learning
is primarily encouraged for applications where manual labeling is expensive and scarce, the substantial accuracy improvements
provided by PhyDL-FastGreedy easily outweigh the additional execution time required.

Observing the results for the TwoMoons databases, we can also infer that LLGC presented responses close to PhyDL when
the database has a more compact and well-separated spatial structure regarding the represented classes. Observing the data for
the TwoMoons class, which presents samples of the same class very close together and a structural separation between the classes
quite distinct, LLGC obtained significant results, although inferior to those found by PhyDL. The fact that LLGC is part of the
group of algorithms that use a graph to represent the data provides good results in databases similar to TwoMoons. When applied
to the MNIST database, the performance of LLGC drops drastically compared to the result presented when the database used is
TwoMoons. For the MNIST database, the use of PhyDL adds a lot of information, favoring correct labeling.

For both the TwoMoons and MNIST datasets, the choice of community detection algorithm to be used by PhyDL is indifferent
when the analysis focuses on performance gain compared to LLGC. In these datasets, the classes are well separated, as can be
seen in Figures E] and E} When using more complex real datasets (MUSK, HEART, and SONAR), it is observed that Edge
Betweenness performs worse compared to FastGreedy and LLGC. Figures and illustrate that the classes are not as
well separated; they undergo a mixture in the projection, unlike the MNIST dataset where each class has a well-defined spatial
location.

Although the analyzed real datasets have this characteristic, FastGreedy tends to identify groups of densely connected nodes,
prioritizing the union of communities in its iterative process that are already well connected, thus respecting the local topology
of the network. Meanwhile, Edge Betweenness focuses exclusively on the betweenness of nodes as a criterion for producing
communities. The removal of nodes that act as bridges between communities can quickly divide the network into disconnected
components, ignoring the density of connections within communities. Moreover, in real networks with noise, betweenness may
not perfectly reflect the structure of communities, leading to premature and potentially incorrect divisions. Given this, FastGreedy
is considered the most suitable choice for use by PhyDL.

However, the HEART dataset shows that PhyDL with FastGreedy CDA has limitations and may not outperform LLGC in
some cases. Among the 5 datasets analyzed, HEART was the only one where PhyDL with FastGreedy CDA did not surpass
LLGC. Not all attributes of the original dataset were used, so the result may suggest that the attributes used do not well represent
the data separation using Euclidean distance, which is used in constructing the distance matrix to be used by PhyDL.

Despite its effectiveness, the computational complexity of the phylogram construction, primarily bounded by the O(n?) cost
of the Neighbor-Joining algorithm, poses a scalability challenge for massive Big Data applications. Future work will focus
on adapting PhyDL to distributed computing frameworks or exploring heuristic approximations to mitigate this computational
bottleneck. Additionally, integrating the phylogram-based structural analysis with state-of-the-art representations—such as high-
dimensional embeddings generated by Large Language Models (LLMs) or modern deep clustering architectures—represents a
promising avenue to explore richer semantic distances in highly complex domains.
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