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Abstract
Phylogenetic reconstruction is a central problem in computational biology, typically addressed through sequence
alignments and distance- or character-based inference methods. Recent advances in sequencing technologies have
enabled the generation of large-scale haplotype-resolved datasets, motivating the development of phylogenetic
approaches capable of exploiting allele-specific information. In this work, we propose a hierarchical distancemodel
for genome-wide phylogenetic reconstruction based on allele-specific haplotypes. The model defines genetic
distances through successive aggregation steps at the allele, genotype, chromosome, and genome levels, producing
a unified distance matrix suitable for distance-based phylogenetic inference. Experiments on a population-
scale Vitis vinifera dataset show that the proposed framework produces stable genome-wide phylogenies while
preserving chromosome-specific evolutionary signals. Reconstructions obtained with Neighbor-Joining and
Balanced Minimum Evolution are largely consistent, indicating that the proposed distance captures robust
phylogenetic information. Our results suggest that hierarchical aggregation of haplotype-level information
provides a promising framework for genome-wide phylogenetic analysis, and offers a promising foundation for
future studies on large population-scale genomic datasets.
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1. Introduction

Phylogenetic trees provide a compact representation of evolutionary relationships among biological
taxa, the official groups used to classify living organisms, and constitute one of the most important
tools in evolutionary biology and bioinformatics [1]. Traditional phylogenetic reconstruction methods
typically rely on sequence alignments and pairwise genetic distances computed directly from nucleotide
sequences [2]. However, this two-step approach creates an information bottleneck: errors in sequence
alignment propagate directly to the tree topology [3, 4]. The increasing availability of genome-wide
(GW) datasets has introduced new challenges and opportunities. In particular, phased haplotypes and
allele-specific information offer a richer representation of genetic variability than single consensus
sequences [5, 6, 7, 8].
In this work, we present a hierarchical distance model for phylogenetic reconstruction from allele-

specific haplotypes. The proposed framework aggregates information from individual alleles up to
complete genomes and enables the construction of phylogenetic trees using standard distance-based
methods. The main contributions are: i) a hierarchical haplotype-based distance model; ii) a GW
phylogenetic reconstruction framework; iii) an experimental evaluation on a population-scale Vitis
vinifera dataset. The primary objective of this work is to introduce and evaluate a hierarchical framework
for aggregating haplotype-level information into GW distances, rather than to benchmark alternative
nucleotide-level distance measures. Since the proposed approach is orthogonal to the underlying
allele-level distance, different distance functions could be incorporated within the same hierarchical
framework. The present study therefore focuses on assessing the internal consistency and robustness of
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the proposed aggregation strategy, that can be employed within standard distance-based reconstruction
methods.
The paper follows this structure: in section 2 we briefly review the state of the art in phylogenetic

pipelines; section 3 goes into the details of our hierarchical distance models and analyzes its computa-
tional complexity. In section 4, we describe our dataset and analyze the experimental results. Finally, in
section 5 we draw conclusions and discuss possible improvements of the method, which we plan to
further investigate in the future.

2. Related Work

Modern phylogenetic pipelines generally consist of three main stages: sequence alignment, genetic
distance estimation, and tree inference [2]. Different methods have been proposed for each stage,
resulting in a broad spectrum of phylogenetic approaches that differ in terms of accuracy, computational
complexity, and biological assumptions.
Sequence alignment is the first step in phylogenetic analysis. Its objective is to arrange biological

sequences in a way that highlights homologous positions and evolutionary relationships among nu-
cleotides or amino acids. Since phylogenetic inference strongly depends on the quality of the alignment,
errors introduced at this stage may propagate to the final tree reconstruction [9]. Sequence alignment
can be classified into pairwise alignment (PA) and multiple sequence alignment (MSA). PA compares
two sequences at a time, whereas MSA compares three or more sequences simultaneously [10]. Consid-
ering MSA methods, they can be broadly classified into progressive, dynamic-programming-based, and
consistency-based approaches. Progressive methods represent one of the most widely adopted families
of MSA algorithms. They typically start by computing pairwise alignments among sequences, then
construct a guide tree, and progressively align sequences according to the tree topology. Well-known
examples include ClustaL W [11], Clustal Omega [12], and MAFFT [13]. These methods provide a
good trade-off between computational efficiency and alignment quality, making them suitable for
large datasets [14]. Dynamic-programming-based approaches compute optimal alignments through
recursive formulations. A classical example is the Needleman–Wunsch algorithm, which performs
global sequence alignment by filling a dynamic programming matrix and subsequently reconstructing
the optimal alignment through backtracking [15]. Although highly accurate, dynamic programming ap-
proaches become computationally expensive when extended to multiple sequences. Consistency-based
methods improve alignment quality by incorporating information obtained from multiple pairwise
alignments before constructing the final MSA. T-Coffee is one of the most representative examples
of this category [16]. These approaches generally produce more accurate alignments than purely
progressive methods, especially when sequences are moderately divergent, at the cost of increased
computational complexity.

Once the sequences have been aligned, phylogenetic relationships can be inferred directly from the
sequence characters. Character-based methods analyze each position of the alignment and attempt to
identify the tree that best explains the observed evolutionary changes. Maximum Parsimony (MP) is
one of the earliest approaches proposed for phylogenetic reconstruction [17]. The underlying principle
is that the preferred evolutionary scenario is the one that requires the smallest number of character
changes. Given an alignment, MP searches for the tree minimizing the total number of mutations
necessary to explain the observed sequences. One of the main advantages of MP is that it does not
require an explicit evolutionary model. However, its performance may deteriorate in the presence
of a high evolutionary divergence, where multiple substitutions at the same site become common.
Maximum Likelihood (ML) addresses this limitation by introducing explicit probabilistic models of
sequence evolution. In ML-based approaches, different tree topologies are evaluated according to
the likelihood of observing the available data under a selected evolutionary model. Commonly used
substitution models include Jukes–Cantor [18], Tamura–Nei [19], and General Time Reversible [20].
Although ML methods are generally more accurate than MP, they are computationally demanding
because of the large search space of possible tree topologies and model parameters. Distance-based



approaches reconstruct phylogenetic trees from pairwise genetic distances rather than directly from
sequence characters. These methods are often preferred when large datasets are analyzed because
they generally have lower computational costs than character-based alternatives. The effectiveness
of distance-based phylogenetic reconstruction depends on the definition of an appropriate distance
measure. Among the most common choices are the Hamming distance, the p-distance, and model-
based corrections such as the Jukes–Cantor distance. The Hamming distance counts the number of
positions at which two sequences differ, whereas the p-distance corresponds to its normalized version.
The Jukes–Cantor model introduces a correction for multiple substitutions occurring at the same
site, providing a more realistic estimate of evolutionary divergence [21]. Neighbor-Joining (NJ) is
one of the most influential distance-based methods [22]. It iteratively identifies pairs of taxa that
minimize a specific optimization criterion and joins them through newly introduced internal nodes.
The algorithm produces unrooted phylogenetic trees and simultaneously estimates branch lengths. Due
to its balance between computational efficiency and reconstruction quality, NJ remains one of the most
widely used methods in molecular phylogenetics. Distance-based phylogenetic reconstruction includes
several algorithmic families. Agglomerative clustering methods such as UPGMA [23] and WPGMA [24]
iteratively merge clusters according to average-distance criteria and assume a molecular clock. NJ is also
an agglomerative distance-based algorithm, but it relies on a different optimization criterion and does
not require the molecular clock assumption. Although UPGMA and WPGMA are historically important
and remain useful in settings where the molecular clock assumption is approximately satisfied, they
are less commonly employed for genome-scale phylogenetic reconstruction because violations of this
assumption may substantially affect reconstruction accuracy. Minimum Evolution (ME) methods extend
the distance-based framework by selecting the topology minimizing the total tree length [25]. Balanced
Minimum Evolution (BME) further improves this idea through weighted estimates of branch lengths
and more efficient optimization procedures [26]. Previous studies have shown that BME often achieves
competitive reconstruction accuracy while maintaining favorable computational properties.

Although sequence alignment remains a central component of many phylogenetic pipelines, several
studies have highlighted its limitations, particularly when highly divergent sequences are analyzed.
Alignment-free methods attempt to overcome these limitations by representing biological sequences
through numerical or statistical features rather than explicit alignments. A common strategy consists of
transforming sequences into vectors of k-mer frequencies and computing similarity measures directly
in the resulting feature space. These approaches often provide significant computational advantages
and have become increasingly attractive for large-scale genomic analyses [27, 28].

3. The hierarchical distance model

Unlike approaches based on concatenated sequences, the proposed framework reconstructs phylogenetic
relationships through a hierarchical aggregation of genetic information. From aligned allele sequences,
pairwise distances are first computed at the allele level. These measures are then combined to obtain
gene-level comparisons between individuals. The resulting gene-level estimates are subsequently
aggregated at the chromosome level and finally integrated into a GW dissimilarity matrix. This matrix
is then used to infer phylogenetic trees using the NJ algorithm.

Let 𝑃 = {𝑝1, 𝑝2, … , 𝑝𝑚} be a population of𝑚 diploid individuals involving a gene set𝒢 = {𝑔1, 𝑔2, … , 𝑔𝑛}.
For any 𝑔 ∈ 𝒢, we denote by 𝒜 𝑔 = {𝐴𝑔

1, 𝐴
𝑔
2, … , 𝐴𝑔

𝑎(𝑔)} the set of observed distinct alleles of 𝑔. For each
𝑔 ∈ 𝒢, let 𝑆𝑔 = {1, 2, … , 𝑠(𝑔)} be the set of variable nucleotide positions (SNP loci) characterizing the
gene. Each 𝐴𝑔

𝑘 ∈ 𝒜 𝑔 is defined as a sequence of length 𝑠(𝑔) over the nucleotide alphabet Σ = {𝐴, 𝐶, 𝐺, 𝑇 }.
Thus, an 𝐴𝑔

𝑘 is represented as 𝐴𝑔
𝑘 = (𝑣𝑔𝑘,1, 𝑣

𝑔
𝑘,2, … , 𝑣𝑔𝑘,𝑠(𝑔)), where 𝑣

𝑔
𝑘,𝑗 ∈ Σ is the specific nucleotide variant

of 𝐴𝑔
𝑘 at the 𝑗-th SNP locus. The distance between sequences of two alleles 𝐴𝑔

𝑖 and 𝐴𝑔
𝑗 is defined as:

𝛿𝒜 (𝐴𝑔
𝑖 , 𝐴

𝑔
𝑗 ) =

1
𝑠(𝑔)

𝑠(𝑔)
∑
𝑟=1

[𝑣𝑔𝑖,𝑟 ≠ 𝑣𝑔𝑗,𝑟] (1)

corresponding to the proportion of positions in which the two aligned allele sequences differ.



Let (𝐴𝑔
𝑖 , 𝐴

𝑔
𝑗 )𝑘 denote the genotype of individual 𝑘 at gene 𝑔, with (𝐴𝑔

𝑖 , 𝐴
𝑔
𝑗 )𝑘 = (𝐴𝑔

𝑗 , 𝐴
𝑔
𝑖 )𝑘. We define

the distance between two genotypes (𝐴𝑔
𝑖 , 𝐴

𝑔
𝑗 )𝑘 and (𝐴

𝑔
𝑥 , 𝐴

𝑔
𝑦)𝑚 based on the distances between the alleles

composing their haplotypes. It is computed as the minimum over the two possible allele matchings,
that is:

𝛿ℋ ((𝐴𝑔
𝑖 , 𝐴

𝑔
𝑗 )𝑘, (𝐴

𝑔
𝑥 , 𝐴

𝑔
𝑦)𝑚) = min {𝛿𝒜(𝐴

𝑔
𝑖 , 𝐴

𝑔
𝑥) + 𝛿𝒜(𝐴

𝑔
𝑗 , 𝐴

𝑔
𝑦), 𝛿𝒜(𝐴

𝑔
𝑖 , 𝐴

𝑔
𝑦) + 𝛿𝒜(𝐴

𝑔
𝑗 , 𝐴

𝑔
𝑥)}. (2)

The minimum is required because genotypes are represented as unordered pairs of alleles, and therefore
both possible matches must be considered. However, in some datasets, a haplotype can be associated
with multiple alternative allele assignments due to multiallelic loci, structural variation, or uncertainty
in variant calling. Under these conditions, population data may contain several alternative allele
assignments for the same haplotype block [29]. In this case, all compatible genotype configurations
are generated and the distance between two individuals is computed as the average distance across all
genotype pairs. Formally, let

𝒫 𝑔
𝑘 = ({𝐴𝑔

𝑖1 , 𝐴
𝑔
𝑖2 , … , 𝐴𝑔

𝑖𝑛𝑖
}, {𝐴𝑔

𝑗1 , 𝐴
𝑔
𝑗2 , … , 𝐴𝑔

𝑗𝑛𝑗
})

𝑘

represent an individual whose two haplotypes are associated with multiple alternative allele assignments
for the gene 𝑔. The set of all possible genotypes is defined as:

𝒢(𝒫 𝑔
𝑘 ) = {𝐴𝑔

𝑖1 , 𝐴
𝑔
𝑖2 , … , 𝐴𝑔

𝑖𝑛𝑖
} × {𝐴𝑔

𝑗1 , 𝐴
𝑔
𝑗2 , … , 𝐴𝑔

𝑗𝑛𝑗
},

and:
𝛿ℳ(𝒫 𝑔

𝑘 , 𝒫
𝑔
𝑚 ) =

1
|𝒢 (𝒫 𝑔

𝑘 )||𝒢 (𝒫 𝑔
𝑚 )|

∑
𝑎𝑘∈𝒢(𝒫 𝑔

𝑘 )
∑

𝑎𝑚∈𝒢(𝒫 𝑔
𝑚 )
𝛿ℋ(𝑎𝑘, 𝑎𝑚). (3)

Equation 3 generalizes the comparison to the case in which each haplotype is associated with multiple
alternative allele assignments. Ambiguous haplotype assignments arise when multiple allele combi-
nations are compatible with the observed sequencing data, for example because of multiallelic loci
or uncertainty in allele assignment. Rather than selecting a single match, it estimates the expected
genotype dissimilarity by averaging the distances over all compatible genotype configurations.

Once gene-level distances have been computed, chromosome distances are obtained by averaging all
genotype distances belonging to the same chromosome. Let 𝒞𝒾 denote the set of genes that belong to
the chromosome 𝑐𝑖. The chromosome distance between individuals 𝑝𝑘 and 𝑝𝑚, for chromosome 𝑐𝑖, is
defined as:

𝛿𝒞(𝑝𝑘, 𝑝𝑚, 𝑖) =
1

|𝒞𝒾|
∑
𝑔∈𝒞𝒾

𝛿ℳ(𝒫 𝑔
𝑘 , 𝒫

𝑔
𝑚 ). (4)

The use of equal weights is a deliberate design choice aimed at preventing the final GW distance from
being dominated by genes with a larger number of polymorphic sites or by chromosomes containing
more annotated genes. Since the objective of the proposed framework is to preserve the hierarchical
organization of genomic information, each biological entity contributes equally to the aggregation
process. Alternative weighting strategies, for example based on gene length, SNP density, or functional
relevance, could also be considered, but would introduce additional biological assumptions that are
beyond the scope of the present work.

Finally, to obtain a GW representation of genetic relationships, Equation 4 is aggregated across all 𝑡
chromosomes in a genome. The GW distance between two individuals is defined as:

𝛿𝒫(𝑝𝑘, 𝑝𝑚) =
1
𝑡

𝑡
∑
𝑖=1

𝛿𝒞(𝑝𝑘, 𝑝𝑚, 𝑖). (5)

Equation 5 represents the overall genetic distance between all pairs of individuals in the population
𝑃 and provides the basis for phylogenetic reconstruction by means of the NJ algorithm [22].



3.1. Computational Complexity

The computational cost of the hierarchical distance model can be analyzed considering each level of
aggregation separately. Let 𝐿 = ∑𝑛

𝑔=1 𝑠(𝑔) be the total number of polymorphic positions considered
across the genome. The distance 𝛿𝒜 between the sequence of two alleles is calculated on the aligned
SNP positions of a gene by means of Equation 1. Therefore, the cost of evaluating a single allele
distance for gene 𝑔 is 𝑂(𝑠(𝑔)). For diploid individuals, Equation 2 requires the evaluation of the two
possible allele matches. Since each matching involves two allele-distance computations, the complexity
of a genotype comparison remains 𝑂(𝑠(𝑔)). In the presence of multi-allelic haplotypes, Equation 3,
let 𝑟𝑔𝑝𝑖 and 𝑟𝑔𝑝𝑗 represent the numbers of compatible genotype configurations for individuals 𝑝𝑖 and
𝑝𝑗, respectively. Considering a single gene 𝑔, the complexity of comparing two genotypes becomes
𝑂 (𝑟𝑔𝑝𝑖𝑟

𝑔
𝑝𝑗𝑠(𝑔)) . The aggregation steps defined by Equation 4 and Equation 5 consist only of arithmetic

averages. Consequently, their computational cost is linear in the number of distances being combined
and is negligible with respect to the cost of genotype comparisons. To compute the complete pairwise
distance matrix used for phylogenetic reconstruction, distances must be evaluated for all pairs of
individuals. Since there are (𝑚2) = 𝑂(𝑚2) such pairs, the overall complexity of constructing the genome-
wide distance matrix is 𝑂 (𝑚2∑𝑛

𝑔=1 𝑟
𝑔
𝑝𝑖𝑟

𝑔
𝑝𝑗𝑠(𝑔)) . In the common diploid setting without multi-allelic

ambiguity, this simplifies to 𝑂(𝑚2𝐿), that is, quadratic in the number of individuals and linear in the total
number of SNP positions. Once the distance matrix has been computed, phylogenetic reconstruction is
performed using the NJ algorithm, which requires 𝑂(𝑚3) and 𝑂(𝑚2) memory. Therefore, the overall
complexity of the complete framework is 𝑂(𝑚2𝐿 + 𝑚3). Since genome-wide datasets typically satisfy
𝐿 ≫ 𝑚, the distance computation stage generally dominates the total running time, whereas the tree
reconstruction phase becomes comparatively less expensive. Therefore, the framework scales linearly
with the number of polymorphic sites and quadratically with the number of individuals.

4. Experimental Results

4.1. Dataset

We apply our hierarchical distance model to a real dataset derived from 98 cultivars representative
of the variability present in Vitis vinifera developed in [30]. It contains information on allele-specific
haplotypes derived from RNA-seq data for each individual. This dataset includes SNP information for
genes located on all 19 nuclear chromosomes. For each gene, two complementary data structures are
available. The first contains aligned allele sequences, whereas the second stores haplotype assignments
for each individual. Haplotypes may consist of either a single allele or a set of alternative alleles. A
small number of genes contained incomplete haplotype assignments. Whenever one haplotype was
unavailable and the other was present, the corresponding individual has been treated as heterozygous.
Since incomplete assignments affected only a limited number of genes, their impact on the overall GW
distance is expected to be negligible.

4.2. Genome-Wide Phylogenetic Reconstruction

A total of 20 phylogenetic trees have been reconstructed by employing NJ: one for each chromosome
and a GW tree obtained by aggregating information across all chromosomes. Figure 1 shows the
GW phylogenetic tree. It represents the genetic relationships among grapevine cultivars, providing
an interpretative framework for understanding the evolutionary dynamics, domestication processes,
and geographical spread of cultivated grapevines. Analysis of the tree allows the identification of
several major clades, reflecting both the evolutionary history of the species and the influence of human
selection.

A first group, located in the upper portion of the tree, includes cultivars originating from the Caucasus
region as well as widely distributed international varieties such as Cabernet Franc, Cabernet Sauvignon,
and Merlot. The presence of Caucasian cultivars in basal or otherwise well-represented positions



supports the widely accepted hypothesis that the Caucasus constitutes one of the primary centers
of grapevine domestication [31]. Furthermore, the close phylogenetic proximity between Cabernet
Sauvignon and Cabernet Franc reflects well-established genetic evidence indicating that the former
originated from a cross between Cabernet Franc and Sauvignon Blanc [32]. This example demonstrates
how the phylogenetic tree is capable of accurately representing known genealogical relationships that
have been experimentally validated.

A second group, located in the central portion of the tree, includes typically Mediterranean varieties
such as Moscato Bianco, Vermentino, Primitivo, and Teran. This clade appears more heterogeneous than
the previous one, suggesting an evolutionary history characterized by multiple dispersal events and
local selection processes. The distribution of these cultivars is consistent with the historical routes of
viticulture expansion throughout the Mediterranean basin, particularly through Phoenician and Greek
colonization [33]. In this context, the observed genetic diversity can be interpreted as the result of
environmental adaptation and differentiated agricultural practices.
Particularly noteworthy is the clade grouping numerous Italian grapevine cultivars, including San-

giovese, Trebbiano, Verdicchio, Aglianico, and Garganega. These individuals form a relatively compact
cluster, indicative of a shared genetic background and strong regional structuring. This evidence is
supported by recent studies showing that Italian grapevine cultivars exhibit significant genetic homo-
geneity, resulting from both local selection processes and clonal propagation [34]. The presence of this
cluster further suggests that, following the introduction of grapevines into Italy, a phase of internal
diversification occurred, driven by environmental and anthropogenic factors.
The analysis of relationships among taxa also allows the identification of numerous sister-group

relationships, namely pairs or groups of varieties sharing a recent common ancestor. In addition to the
previouslymentioned case ofCabernet Sauvignon andCabernet Franc, close relationships can be observed
among several cultivars belonging to the same geographical context. This pattern reflects the central
role of human selection in shaping grapevine genetic diversity through practices such as hybridization,
selection, and clonal propagation. As highlighted by [35], the identification of sister groups represents
one of the principal tools for interpreting evolutionary relationships within a phylogenetic tree.
Branch lengths provide additional information regarding the degree of genetic divergence among

cultivars. Some taxa are characterized by particularly long branches, indicating greater genetic distances
relative to others. This phenomenon may be attributed to several factors, including ancient evolutionary
separations, geographic isolation, or events of genetic introgression. In grapevine, the complexity
of its evolutionary history is further enhanced by the practice of vegetative propagation, which has
contributed to the long-term maintenance of distinct yet closely related genotypes [36].
From an evolutionary perspective, the tree supports a model in which domesticated grapevine

originated in an eastern region, most likely the Caucasus, and subsequently spread progressively toward
Europe and the Mediterranean basin. During this process, the species underwent strong anthropogenic
influence, leading to the formation of distinct regional groups. The combination of geographical
diffusion and human selection has therefore shaped the current genetic structure of cultivated grapevine
populations [37]. The phylogenetic tree analyzed here provides a coherent representation of the genetic
diversity of Vitis vinifera cultivars, highlighting the presence of distinct clades associated with specific
geographical regions and viticultural traditions. The observed relationships are largely consistent with
current historical and genetic knowledge, supporting the hypothesis of an eastern origin of grapevine
followed by its spread into Europe and subsequent regional differentiation.

4.3. Chromosome-Level Tree Comparison

With the aim to compare phylogenetic trees, two complementary aspects can be considered: evolutionary
similarity and topological similarity. Evolutionary similarity evaluates whether the inferred branch
lengths and pairwise evolutionary relationships among taxa are preserved, whereas topological similarity
focuses exclusively on the branching structure of the trees. To investigate how phylogenetic information
is distributed across the genome, all chromosome-specific NJ trees have been compared with each other
and with the GW reconstruction.



Figure 1: Phylogenetic tree inferred through NJ by employing the developed genome-wide distance.

Evolutionary distances between trees were evaluated and the entire process consisted of two stages.
Initially, a matrix was calculated for each tree, where every entry represents the branch-length distance
between two leaves. Subsequently, evolutionary distances were measured through the Frobenius norm
applied to the difference between all pairs of matrices obtained in the prior stage, without normalizing
any matrix. Evolutionary similarity evaluates whether the inferred branch lengths and pairwise
evolutionary relationships among taxa are preserved, whereas topological similarity focuses exclusively
on the branching structure of the trees. The resulting distances are shown in Figure 2. The analysis
reveals substantial variability among chromosome-specific phylogenies. Pairwise evolutionary distances
range between 2 and 7.5, indicating that different chromosomes may capture distinct evolutionary
signals. In particular, chromosome 9 exhibits some of the largest deviations from the remaining trees,
especially when compared with chromosomes 6 and 17. Conversely, the phylogeny reconstructed from
chromosome 1 shows one of the smallest evolutionary distances from the GW tree, suggesting that it
captures a representative fraction of the overall genetic signal.
Topological similarities have been further evaluated through the Jaccard–Robinson–Foulds (JRF)

metric [38] (Figure 3). While the Frobenius norm compares pairwise leaf-distance matrices and is
therefore sensitive to differences in branch lengths, the JRF metric ignores these lengths and quantifies
only the similarity of the tree topology through the agreement of internal bipartitions. Although
all chromosome-level trees differ substantially from each other, the observed dissimilarities remain
within a relatively narrow interval. The average topological dissimilarity is approximately 64%, while
values never exceed 70%. Interestingly, chromosome 7 recovers nearly half of the clades observed



Figure 2: Evolutionary distances between pairs of trees constructed with NJ. Numbers represent chromosome-
specific trees, while GW indicates genome-wide one.

Figure 3: Topological similarity between pairs of trees constructed with NJ. Numbers represent chromosome-
specific trees, while GW indicates genome-wide one.

in the GW reconstruction, suggesting that some chromosomes capture a substantial fraction of the
global phylogenetic signal. Nevertheless, no single chromosome reproduces the complete genome-wide
topology, supporting the need for hierarchical aggregation. Overall, the observed variability may
indicate that single chromosomes capture only partial evolutionary histories, whereas the proposed
hierarchical aggregation integrates these complementary signals into a more robust genome-wide
representation.

4.4. Comparison between Neighbor-Joining and Balanced Minimum Evolution

To evaluate the robustness of the proposed distance model with respect to the reconstruction algorithm,
eachNJ tree has been comparedwith the corresponding BME tree obtained from the same distancematrix.
Figure 4 reports the evolutionary differences between corresponding NJ and BME reconstructions.



Figure 4: Comparison of evolutionary distances between trees built with NJ and BME. 20 represents GW tree.

Figure 5: Comparison of topological similarity between trees constructed with NJ and BME. 20 represents GW
tree.

Overall, the observed distances remain relatively low. Most chromosome-level comparisons exhibit
values close to 2, indicating that both methods infer similar evolutionary relationships among taxa. The
largest differences are observed for chromosomes 1 and 5, whose distances exceed 3.5.

Topological comparisons are shown in Figure 5. The topological dissimilarity ranges approximately
between 16% and 35%, with an average value of about 27%. The highest agreement is obtained for the GW
trees, whose dissimilarity drops below 17%. These results suggest that NJ and BME produce comparable
evolutionary reconstructions despite moderate differences in topology. In particular, genome-wide
distances appear to mitigate methodological differences and yield more stable phylogenetic structures.
The consistency observed across two different reconstruction algorithms suggests that the proposed
distance, rather than the inference algorithm itself, is the primary source of the recovered phylogenetic
signal.

4.5. Chromosome Relationships and Multidimensional Scaling

We then tried to infer whether distinct chromosomes encode consistent and recurrent evolutionary
histories. We analyzed the two complementary distance matrices, Figure 2 and Figure 3, by means of
hierarchical clustering, to explore relationships among chromosome-specific phylogenies and to identify
groups of chromosomes sharing similar evolutionary signals. If similar groups of chromosomes emerge
independently from both topological and evolutionary distance measures, the resulting structure may
be regarded as robust. Figure 6 shows the dendrogram obtained from the JRF topological distances.
The most evident result is that the GW tree clusters first with chromosome 7. This observation is fully
consistent with the results reported previously, where chromosome 7was found to recover approximately
half of the clades present in the genome-wide phylogeny. The hierarchical clustering therefore confirms
that chromosome 7 is the most similar chromosome to the genome-wide reconstruction in terms of
topology. Furthermore, chromosomes 18 and 15 appear in the same cluster as GW and chromosome 7,
suggesting the existence of a group of chromosomes sharing similar topological structures. A different
pattern emerges when considering the dendrogram derived from Frobenius distances (Figure 7). In this
case, the genome-wide tree is no longer dominated by chromosome 7. Instead, chromosome 18 appears
substantially closer to the genome-wide reconstruction. Taken together, these results indicate that
topological and evolutionary tree-distance measures emphasize different properties of the reconstructed
phylogenies. While this observation may reflect complementary aspects of the inferred evolutionary



Figure 6: Hierarchical clustering of chromosome-specific phylogenies based on JRF distances. The dendrogram
highlights groups of chromosomes sharing similar phylogenetic topologies.

Figure 7: Hierarchical clustering of chromosome-specific phylogenies based on Frobenius distances computed
from pairwise leaf-distance matrices.

relationships, alternative explanations cannot be excluded, including the different sensitivities of the
adopted tree-distance measures and the intrinsic variability of chromosome-specific phylogenetic
reconstructions. Chromosome 7 appears particularly effective at preserving clade structure, whereas
chromosome 18 provides a closer approximation of the evolutionary distances inferred from the complete
genome.

To further investigate the global organization of the phylogenetic space, Non-metric Multidimensional
Scaling (MDS) has been applied to the tree-distance matrix [39]. MDS projects the trees into a low-
dimensional space while preserving the relative ordering of pairwise distances, thus providing an
intuitive visualization of higher-dimensional relationships. Therefore, MDS has been employed solely
as a visualization tool to provide an intuitive representation of the relationships among chromosome-



Figure 8: MDS projection of chromosome-specific and genome-wide phylogenetic trees. Distances between
points reflect similarities among phylogenies in the original tree-distance space.

specific phylogenies. Three major patterns can be observed (Figure 8). First, a central group composed of
GW together with chromosomes 3, 5, 10, 12, 14, 16, and 18 occupies the densest region of the projection.
The presence of multiple chromosomes surrounding the GW tree suggests that the genome-wide
phylogeny is not dominated by a single chromosome. Instead, it appears to emerge as a consensus signal
resulting from the combined contribution of several chromosomes. Second, a number of chromosomes
occupy peripheral positions, including chromosomes 2, 9, 11, 15, and 17. Their separation from
the central cluster may indicate the presence of distinctive phylogenetic signals that are not fully
represented by the genome-wide reconstruction. Third, the GW tree itself is located near the center of
the configuration rather than at its boundary. If a single chromosome were primarily responsible for
the genome-wide structure, one would expect the GW point to overlap closely with that chromosome.
Instead, its central position supports the interpretation of the genome-wide phylogeny as an aggregate
representation of multiple chromosomal signals. Interestingly, some of the chromosomes occupying
peripheral positions have previously been associated with traits related to domestication, environmental
adaptation, fruit quality, and pathogen resistance. While the present study does not directly test
functional hypotheses, the observed distribution suggests that selective pressures may have affected
different chromosomal regions in distinct ways. From a broader perspective, the MDS configuration
reveals a structured phylogenetic landscape rather than a homogeneous cloud of chromosome-specific
trees. The observed structure is compatible with the hypothesis that different chromosomes preserve
distinct evolutionary signals. However, further analyses on additional datasets and species would be
required to assess whether this pattern reflects biological processes rather than methodological effects.
From a methodological perspective, the central position of the genome-wide tree further supports the
proposed hierarchical aggregation strategy. Rather than reflecting the evolutionary history encoded
by a single chromosome, the GW reconstruction emerges as a consensus representation integrating
complementary chromosomal signals.
Taken together, these complementary analyses indicate that the proposed hierarchical distance

produces phylogenetic reconstructions that are consistent both in terms of evolutionary distances and
tree topology, while highlighting chromosome-specific variability. Although the experimental results
are encouraging, they are currently limited to a single population-scale dataset. Additional evaluations
on datasets from different species and genomic contexts will be necessary to assess the generality of
the proposed framework.



5. Conclusions

Most existing phylogenetic approaches rely either on aligned nucleotide sequences or on classical
genetic distance measures computed directly from sequence data. In contrast, the proposed framework
operates on allele-specific haplotypes inferred from population-scale genomic data. Rather than defining
distances directly between sequences, we introduced a hierarchical distance model that aggregates
information at multiple biological levels, namely alleles, genes, chromosomes, and complete genomes.
This allows genome-wide phylogenetic reconstruction while preserving haplotype-level information
and enables a quantitative comparison of chromosome-specific and GW evolutionary signals.

Experimental results on the analyzed Vitis vinifera dataset indicate that the proposed framework is ca-
pable of producing biologically meaningful phylogenetic reconstructions while preserving chromosome-
specific evolutionary information. The analysis revealed substantial variability among chromosome-
level phylogenies and greater stability for GW reconstructions, suggesting that different genomic
regions contribute complementary evolutionary signals. Furthermore, the comparison between NJ and
BME demonstrated that the proposed distance model yields consistent evolutionary patterns across
different reconstruction algorithms.
From a computational perspective, the framework provides a flexible and scalable approach for

exploiting haplotype-resolved genomic data in phylogenetic studies. Unlike conventional distance
measures, which are computed directly between complete sequences, the proposed framework preserves
the hierarchical organization of genomic information throughout the entire reconstruction process.
This makes it possible to analyze evolutionary relationships at multiple biological scales while naturally
extending from allele-level variation to GW phylogenies. This aggregation is performed at biologically
meaningful levels, rather than after concatenating all sequence information into a single representation.
It preserves the contribution of each biological level and enables chromosome-specific analyses that
would not be possible using a single concatenated sequence. This design also makes it possible to
inspect evolutionary relationships at intermediate biological scales, enabling chromosome-level analyses
alongside GW reconstruction.
An additional factor that may influence chromosome-specific phylogenetic reconstructions is chro-

mosome size, or more generally the amount of available genetic information. Although this aspect
was beyond the scope of the present study, investigating possible relationships between chromosome
characteristics and phylogenetic behavior represents an interesting direction for future work.
Although these results are encouraging, they should be interpreted in the context of the analyzed

dataset. A broader experimental assessment involving additional species and population-scale datasets
will be necessary to further evaluate the general applicability and robustness of the proposed approach.
Moreover, we would like to point out that the experimental evaluation was designed to assess the
behavior and robustness of the proposed hierarchical aggregation framework. While the obtained
phylogenetic reconstructions are biologically consistent, the study does not aim to provide a compre-
hensive benchmark against existing SNP- or haplotype-based distance measures. Such a comparative
evaluation would further clarify the strengths and limitations of the proposed framework and represents
an interesting direction for future research. Finally, future work will investigate alternative aggregation
strategies and weighted distance formulations. An additional direction concerns the integration of func-
tional and expression-related information, with the objective of combining evolutionary reconstruction
and genotype-specific functional characterization within a unified computational framework.
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