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Abstract

Motivation: Hierarchical clustering is a fundamental problem in computational biology, with popular greedy heuristics
such as average linkage dating back to the 1950s but no well-defined objective. Recently, a combinatorial optimization
criterion for the problem was suggested by Dasgupta. While minimizing this criterion is NP-hard, the popular average link-
age method serves as a strong baseline. Nevertheless, its myopic, greedy nature frequently leads to structurally subopti-
mal hierarchies.

Results: To remedy this, we introduce a novel average-linkage-based clustering approach that combines local and global
considerations by generating multiple views of the input data and learning how to blend them into an integrated similar-
ity measure. We demonstrate that our method, DOMUS, consistently outperforms strong baselines, including a beam
search heuristic, on a wide range of synthetic and classic benchmark datasets. Furthermore, we validate its real-world ap-
plicability through a rigorous benchmark on single-cell RNA sequencing data, where it compares favorably with the state-
of-the-art HiDeF algorithm.

Availability and implementation: The DOMUS framework is implemented in Python and freely available at https://github.

com/GalGilad/DOMUS.

1 Introduction

Hierarchical clustering is a fundamental unsupervised learning
problem that calls for grouping similar items into a nested hier-
archy of clusters (Jain et al. 1999, Murtagh and Contreras 2012).
Unlike flat partitioning methods like K-means, it does not re-
quire the number of clusters to be specified in advance. Instead,
it produces a tree-based representation of the data, called a
dendrogram, which specifies the relations among the clusters.
This hierarchy can be generated via two main approaches: ag-
glomerative (bottom-up), where each data point starts in its
own cluster and pairs of clusters are merged as one moves up
the hierarchy, or divisive (top-down), where all data points start
in one cluster that is recursively split.

A key challenge in hierarchical clustering is evaluating the
quality of a resulting dendrogram. Dasgupta (2016) proposed a
cost function that provides a formal measure of a dendrogram’s
quality based on a given similarity matrix, W. The intuition is
that pairs of items with high similarity should be merged early in
the hierarchy (when building it bottom-up), i.e. they should re-
side within a small subtree of the dendrogram. The total cost for
a dendrogram T is the sum of costs over all pairs of items, for-
mally defined as: Cost(T)=)_,_;W;|T;|, where Wj is the

similarity between items j and j, and |Tj| is the number of leaf
nodes or items in the subtree induced by the lowest common
ancestor of j and j. Finding a dendrogram that minimizes this ob-
jective is known to be NP-hard (Dasgupta 2016), motivating the
development of effective heuristics for the problem.

We introduce a novel framework for hierarchical clustering,
which we call DOMUS (Dendrogram Optimization via MUlti-view
Similarity blending). Instead of directly searching the space of
possible dendrograms, DOMUS approaches the problem by first
constructing an optimal blended similarity matrix. The main
idea is to blend diverse perspectives on the data to be clustered
in order to guide the clustering algorithm toward a high-quality
dendrogram. The core problem then becomes one of optimizing
the parameters of this blending process. To this end, we employ
a surrogate-assisted optimization algorithm.

We extensively benchmark our framework on both synthetic
and real datasets. Across a diverse suite of synthetic bench-
marks, DOMUS consistently finds lower cost solutions than
strong baselines. This superior performance extends to classic
real-world datasets, where our framework uncovers structurally
distinct and more meaningful hierarchies. Finally, we validate its
practical utility on a complex single-cell RNA sequencing task,
showing that our general-purpose approach is competitive with
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state-of-the-art domain-specific network algorithms. Crucially,
DOMUS produces a complete binary dendrogram, providing a
comprehensive map of relationships valuable for global, explor-
atory data analysis.

1.1 Related work

Hierarchical clustering has a long history in unsupervised learn-
ing, with classical agglomerative methods such as single, com-
plete, and average linkage remaining widely used (Sneath et al.
1973). Although computationally efficient and conceptually sim-
ple, such methods lack a principled global objective and are
overly sensitive to highly localized similarities, often ignoring
the broader global context. The introduction of Dasgupta’s cost
function (Dasgupta 2016) provided a rigorous optimization crite-
rion for hierarchical clustering, triggering a line of work on ap-
proximation algorithms and structural guarantees, including the
finding that average linkage achieves a 3-approximation to the
complement maximization problem (Moseley and Wang 2017), a
bound that was subsequently improved by alternative algorith-
mic approaches (Alon et al. 2020). While these results establish
constant-factor guarantees in worst-case settings, they do not
eliminate the tendency of greedy procedures to make irrevers-
ible, myopic merge decisions on practical datasets.

To address the shortcomings of a greedy approach, several
works expand the search over dendrogram space. Heuristics
such as beam search maintain multiple partial merge sequences
in parallel (Greenberg et al. 2021), while other methods generate
alternative hierarchies using spectral or divisive algorithms (Ng
et al. 2001, Kaufman and Rousseeuw 2009). However, these
methods typically operate directly on tree space, modifying the
merge procedure without altering the underlying similarity ge-
ometry. Newer hybrid frameworks like IDEA (Ahn et al. 2021)
share our goal of minimizing Dasgupta’s cost, attempting to
bridge this gap by combining divisive graph partitioning with an
ensemble tree-building process. While IDEA optimizes the tree
construction procedure directly through a specific hybridization
of heuristics, DOMUS takes a representation-centric perspective:
it uses these strategies as auxiliary views to mathematically re-
shape the similarity geometry itself, ensuring the standard link-
age heuristic aligns more closely with the global objective.

Recent advances have also applied deep learning to the prob-
lem. DeepECT (Mautz et al. 2020) proposes a deep embedded
clustering tree that jointly learns feature representations via
autoencoders while iteratively growing a binary hierarchy. While
effective for high-dimensional feature data, DeepECT fundamen-
tally operates in a learned embedding space and requires raw
feature inputs to optimize its reconstruction loss. This limits its
applicability in domains where only pairwise similarities are
available, a constraint that DOMUS—which operates purely on
similarity matrices—does not share.

Our approach also relates to multi-view and ensemble clus-
tering but differs in intent and mechanism. Standard multi-view
clustering integrates multiple heterogeneous feature sources or
modalities (Chaudhuri et al. 2009), whereas DOMUS generates
diverse views from a single similarity matrix. Similarly, ensemble
methods like the cluster-consensus selection framework of
Huang et al. (2023) (and classics like Strehl and Ghosh (2003))

aim to improve robustness by filtering and aggregating cluster-
ing outputs (partitions) based on cluster-level merit scores.
DOMUS, by contrast, blends diverse structural inputs prior to
clustering. This strategy resembles meta-learning over similarity
transformations rather than consensus voting over clus-
ter outputs.

Finally, hierarchical clustering is central in computational
biology and single-cell analysis (Eisen et al. 1998). Recent graph-
based approaches such as HiDeF (Zheng et al. 2021) detect
persistent multiscale communities but do not produce fully
resolved binary trees. By benchmarking against HiDeF, we show
that optimizing similarity structure yields competitive biological
resolution while producing a complete dendrogram suitable for
exploratory and lineage-scale analyses.

2 Methods

The DOMUS framework, depicted in Fig. 1, consists of three
main stages: (i) generating multiple alternative views of the data
by deriving different dendrograms from an initial similarity ma-
trix W, (i) converting each of these dendrograms into a new sim-
ilarity matrix, and (iii) blending these derived matrices with the
original matrix using a surrogate-assisted optimization algo-
rithm. The final blended matrix serves as the input to a standard
hierarchical clustering algorithm, with the resulting dendro-
gram’s quality guiding the optimization. We utilize average link-
age as the final-stage algorithm in this study, as our empirical
analysis identifies it as the optimal choice for minimizing the
Dasgupta cost (see Section S1.1 and Fig. S1, available as supple-
mentary data at Bioinformatics Advances online).

2.1 Derivation of alternative
similarity matrices

We first generate three structurally diverse views from the initial
matrix W: (i) Recursive Laplacian Bisection (by gap) (a global
graph-based view using the Fiedler vector for iterative binary
partitioning), (ii) Recursive K-means (a divisive view), and (iii)
Centroid Linkage (an agglomerative view). This set provides a
complementary portfolio of perspectives. Our full analysis for
selecting this specific set and detailed descriptions of each
method are available in Section S1.2 and Fig. S2, available as
supplementary data at Bioinformatics Advances online.

Each of the resulting dendrograms is transformed into a new
nxn similarity matrix S. The similarity S}j between two items i
andj is set according to the size of the subtree they span:

N-|T;

5="g W
where Tj; is the smallest subtree in the dendrogram D that con-
tains both leaf nodes j and j, N is the total number of items, and
|Tj| is the number of leaf nodes in that subtree. This formulation
naturally assigns higher similarity to pairs of items that are
grouped together in smaller subtrees, and the similarity score is
normalized to the range [0, 1].
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Figure 1 Overview of the DOMUS framework. An input similarity matrix (W) is used to generate multiple diverse dendrogram views (e.g. spectral,
agglomerative). These are converted into new similarity matrices (S;) which are then optimized by a learning-based blender to produce a final,

optimal blended matrix (Sgiend).

2.2 Similarity blending and evaluation

In the final stage of the algorithm, we combine the original simi-
larity matrix W and the derived similarity matrices S1,S,,..., Sk.
To this end, we employ a model that allows each derived simi-
larity matrix S; to have a unique power exponent ps; while inter-
acting with the original matrix W, which is shaped by a shared
power p,,. The formula is:

k
Sbhlend = CoW + Z (WP & 5{?5') (2)

i=1

where ® denotes element-wise multiplication, and ¢, ¢y, ..., Ck,
Pw, and psi,...,psk are the parameters to be optimized. The
coefficients ¢; are constrained such that ¢;>0 and }_¢; =1, and
the power exponents are constrained to the range between 0
and 4. This range was chosen to be sufficiently broad to allow
the optimizer to explore significant non-linear rescalings of the
similarity space. As shown in our analysis in Section 8.2, the op-
timizer frequently learned exponents >2, validating the choice
of a permissive upper bound.

The efficacy of the blending model is validated experimentally
in Section S1.3 (Figs S3 and S4, available as supplementary data
at Bioinformatics Advances online). Each component of this
model serves a specific purpose. The coefficients (c;) act as lin-
ear weights, controlling the overall influence of the original ma-
trix versus each of the derived views. The power exponents
(bw, psi) non-linearly rescale the matrices, which can sharpen or
soften the distinctions between similarity values. An exponent
>1 makes high similarities more distinct, while an exponent <1
brings similarity values closer together. Finally, the interaction
term (WPv © $7) allows the similarity from a derived view S; to
be contextually re-weighted by the original similarity matrix W.
This means that if both the original data and a derived view
agree that a pair of items is similar, the element-wise product
amplifies this signal of agreement. Conversely, if either source
considers the pair dissimilar, the resulting product
is suppressed.

2.2.1 Surrogate-assisted optimization

Our algorithm efficiently searches the complex, likely multi-
modal parameter space by using a fast surrogate model. The ap-
proach balances broad exploration with focused exploitation
through three main phases (see Fig. S5 and Section S1.4, avail-
able as supplementary data at Bioinformatics Advances online
for a full description). The process begins with an initial LHS
warm-up, followed by the one-time training of a fast surrogate
model. The algorithm then proceeds in iterative rounds, using
the surrogate to inject promising new candidates and local hill-
climbing to refine the best-known solutions. This strategy effi-
ciently focuses the search on promising areas of the parameter
space, yielding significant performance gains over a baseline
(Fig. S6, available as supplementary data at Bioinformatics
Advances online) and demonstrating consistent improvement as
the iteration budget increases (Fig. S7, available as supplemen-
tary data at Bioinformatics Advances online).

The fitness of any given Speng is determined by its ability to
generate a high-quality hierarchical clustering. For a given Spjeng,
we first construct a new dendrogram T using average linkage, a
method chosen as our final-stage algorithm because, as we em-
pirically justify in Section S1.1, available as supplementary data
at Bioinformatics Advances online, it consistently provides the
best performance for this task. The quality of this resulting den-
drogram is measured by Dasgupta’s cost, which the optimiza-
tion seeks to minimize. We define the “optimal variant” as the
approach that applies this optimization procedure to minimize
the Dasgupta cost directly on the original dataset. In addition,
we define a “robust variant,” where the fitness of a candidate
parameter set is determined by its average performance across
B bootstrap samples of the data. This ensures that the optimiza-
tion process rewards parameters that yield solutions resilient to
data perturbations. To manage the computational load, we em-
ploy two levels of evaluation: a computationally intensive “full”
evaluation using a larger number of bootstraps (By,;) for assess-
ing newly injected candidates, and a more efficient “cheap”
evaluation with fewer bootstraps (Bcpeqp) for the local hill-
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climbing phase. By optimizing for average performance on
resampled data, this variant is explicitly guided toward solutions
that are not only low-cost but also structurally stable, thereby
mitigating the risk of overfitting.

2.2.2 Beam search heuristic

As a strong baseline, we compare DOMUS against a beam search
algorithm applied to average linkage. We selected average link-
age for this baseline after a comparative analysis demonstrated
that it consistently produces lower cost dendrograms than
beam search variants based on single, complete, or Ward link-
age (see Fig. S8, available as supplementary data at
Bioinformatics Advances online). This heuristic explores a larger
portion of the search space than the standard greedy approach.
At each of the n—1 merge steps, the algorithm maintains a
“beam” of the k most promising partial clusterings. From each
partial clustering in the beam, it considers the top m best possi-
ble next merges (based on linkage cost). All resulting new partial
clusterings are generated and then pruned down to the top k to
form the beam for the next step. This selection prioritizes states
that have a low cumulative linkage cost and have been formed
by a sequence of high-ranked merges. After all merges are com-
plete, the final dendrogram with the lowest overall cost from
the beam is selected as the solution.

Computationally, it is important to note that this heuristic is
significantly more expensive than standard linkage. Unlike stan-
dard greedy linkage, which can utilize nearest-neighbor chain
updates for O(n?) efficiency, beam search maintains divergent
states that preclude these local shortcuts. Consequently, its run-
time complexity approaches O(k - n®) in the worst case, making
it more expensive than our proposed optimization framework.

2.3 Data

Assignificant challenge in validating hierarchical clustering meth-
ods is the scarcity of real-world datasets with a gold-standard
hierarchy. To address this, we designed a comprehensive three-
pronged evaluation strategy. First, we use a suite of synthetic
datasets to test an algorithm’s ability to recover a known ground
truth. Second, we use classic flat-partitioning benchmarks to
assess the pragmatic goal of grouping known classes into
meaningful, low-level subtrees. Finally, we use a domain-
specific single-cell RNA sequencing dataset with a known bio-
logical ontology to validate our method’s performance on a
real-world hierarchical task.

2.3.1 Synthetic data

Our primary synthetic benchmark is a diverse set of datasets
assessing performance across a broad range of data topologies.
These were generated using five distinct generator types
designed to test robustness to various features, including: (i) ir-
regular Gaussian clusters, (ii) well-separated spherical clusters,
(iii) non-convex shapes, (iv) nested hierarchical structures, and
(v) discrete data with tied similarities. Key parameters were ran-
domized to ensure diversity. A detailed methodology for each
generator is provided in Section S2, available as supplementary

data at Bioinformatics Advances online, and representative
examples are in Fig. S9, available as supplementary data at
Bioinformatics Advances online.

In addition, to specifically test an algorithm’s ability to navi-
gate a deceptive cost landscape, we employ a specialized data-
set known to deceive the average-linkage criterion (Charikar
et al. 2018). This dataset is constructed to create a scenario that
specifically fools the algorithm by defining two competing sets
of weighted cliques. The first is a collection of small, k-item
“decoy” cliques where internal pairwise similarities are set to a
value of s+ . The second is a set of larger, k2-item “optimal” cli-
ques where internal similarities are set to a value of s. Because
the average similarity is maximized within the small decoy cli-
ques, an average-linkage algorithm is predisposed to merge
them, failing to identify the larger, more globally coherent opti-
mal clusters.

2.3.2 Classic benchmark datasets

We use two classic datasets from the UCI Machine Learning
Repository, chosen to evaluate our method’s performance on
both categorical and numerical feature types. The first is the
Zoo dataset, which contains 101 animals, each described by 16
categorical and numerical features. The key feature of this data-
set is its well-defined ground truth, where each animal belongs
to one of seven distinct classes (e.g. mammal, bird, fish). This
allows for an objective evaluation of how well a clustering
method can recover the known biological groupings from pri-
marily categorical data.

The second is the Iris dataset, another standard benchmark,
which contains 150 flower samples from three distinct species
(Setosa, Versicolor, and Virginica). Each sample is described by
four numerical features (sepal length, sepal width, petal length,
and petal width). This dataset provides a contrasting challenge,
testing the algorithms’ ability to find meaningful structure in a
dense, continuous feature space, while still offering clear
ground-truth classes for evaluation.

While these are classic benchmarks for flat partitioning, they
serve to evaluate a hierarchical algorithm’s ability to recover
known, meaningful ground-truth groupings, a common goal
in exploratory data analysis where the true underlying struc-
ture may not be strictly hierarchical. The Zoo dataset, in partic-
ular, contains classes with an implicit biological hierarchy,
offering a chance for qualitative assessment of the dendro-
gram’s structure.

2.3.3 Single-cell RNA
sequencing data

For real-world validation, we used single-cell RNA sequencing
(scRNA-seq) data from the Tabula Muris project (Schaum et al.
2018), a comprehensive and publicly available mouse cell atlas.
This dataset comprises around 100000 cells from 20 tissues,
from which we selected the six tissues with the lowest cell
counts (aorta, diaphragm, kidney, limb muscle, liver, and tra-
chea). This choice provided a diverse set of cell types for creat-
ing heterogeneous test cases while minimizing computational
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costs. We then generated nine distinct, randomly combined
pan-tissue datasets (1500-3500 cells each). This strategy allows
us to rigorously evaluate the algorithm’s performance on biolog-
ically heterogeneous data that mimics the common challenge of
integrating cells from multiple experimental batches or sources.
The ground truth for this experiment was established using
the expert cell-type annotations provided by the Tabula Muris
consortium. These annotations are mapped to the formal CO, a
structured vocabulary of cell types. To ensure a rigorous evalua-
tion that assesses the quality of the entire hierarchy rather than
just the leaf nodes, and consistent with the methodology
employed in the HiDeF study (Zheng et al. 2021), we expanded
the annotations for each cell to include all its ancestor terms in
the CO. Because the goal of hierarchical clustering is to recover
nested structures at multiple resolutions, evaluating against
only the finest-grained labels would fail to validate the correct-
ness of higher-level internal nodes. This expansion ensures that
a method is credited for correctly reconstructing valid lineage
relationships (e.g. grouping all T-cells into a “lymphocyte”
clade) even if it imperfectly resolves the finest distinctions.

3 Results

We empirically validated our proposed methodology, beginning
with a series of ablation studies to justify its design. These stud-
ies confirmed that average linkage is the most effective final-
stage algorithm (Section S1.1, available as supplementary data
at Bioinformatics Advances online) and identified a complemen-
tary portfolio of initial views: Laplacian bisection, recursive
K-means, and centroid linkage (Section S1.2, available as
supplementary data at Bioinformatics Advances online).
Furthermore, we validated that our blending model signifi-
cantly outperforms simpler blending strategies (Section S1.3,
available as supplementary data at Bioinformatics Advances on-
line) and that our surrogate-assisted optimizer provides substan-
tial performance gains over a non-adaptive search (Section S1.4,
available as supplementary data at Bioinformatics Advances on-
line). The detailed results of these justification experiments can
be found in Section S1, available as supplementary data at
Bioinformatics Advances online. We now present the benchmark
performance of the fully integrated method.

3.1 Comparative benchmark

To evaluate the overall effectiveness of our approach, we bench-
marked DOMUS against average linkage and a more sophisti-
cated beam search heuristic (average linkage with a beam width
of 100 and max rank of 5, validated as the top-performing beam
variant in Fig. S8, available as supplementary data at
Bioinformatics Advances online). The results on synthetic data
are shown in Fig. 2.

The four panels provide a comprehensive comparison against
the baselines across performance and structural differences.
Panel A shows that DOMUS consistently outperforms both base-
lines in terms of average rank. For each synthetic dataset, we
rank the methods based on the Dasgupta cost of their output
dendrograms, where a lower cost yields a better (smaller) rank.
The reported value is the average of these ranks over all

datasets for a given problem size. The advantage of DOMUS
over beam search becomes more pronounced as the problem
size increases, achieving a nearly perfect rank of 1 for n = 128.
Panel B provides deeper insight by breaking down the percent
improvement over the average linkage baseline by data type. It
shows that while DOMUS consistently outperforms the other
methods across all data generator types, its advantage is most
significant on more complex data.

Panel C, showing the average normalized Robinson-Foulds
(RF) distance, reveals that DOMUS produces dendrograms that
are structurally different from those produced by the two
linkage-based baselines. The RF distance measures the dissimi-
larity between two dendrograms based on the number of clus-
ters (bipartitions) that are present in one tree but not the other,
normalized to a scale of 0 (identical) to 1 (maximally different).
The distance between DOMUS and the baselines grows with
problem size, reaching a value of around 0.3 for n = 128, while
beam search and average linkage produce trees that are consid-
erably more similar (0.18). This suggests that DOMUS explores a
different, more effective part of the solution space.

The runtime of DOMUS grows moderately, demonstrating a
practical quadratic scaling that is superior to the beam search
heuristic’s cubic complexity (Panel D). A full, detailed runtime
analysis is provided in Section S3 and Fig. S10, available as sup-
plementary data at Bioinformatics Advances online.

To further contextualize these results, we also evaluated a
spectral clustering algorithm utilizing the Laplacian Fiedler vec-
tor and the state-of-the-art, graph-based community detection
algorithm HiDeF (Zheng et al. 2021). As detailed in Fig. S11,
available as supplementary data at Bioinformatics Advances on-
line, these additional methods consistently performed worse
than the standard average linkage baseline on this benchmark.

To provide a clear, mechanistic test of our core hypothesis
that reshaping the similarity space can guide a greedy heuristic,
we conducted a benchmark on a specialized dataset known to
deceive average linkage. As described in Section 4, this dataset
is constructed with two competing structures: a set of small,
dense “decoy” cliques and a set of larger, globally “optimal” cli-
ques. The higher internal similarity of the decoy cliques is
designed to trap average linkage into forming suboptimal clus-
ters. The results of this targeted experiment are shown in Fig.
S12, available as supplementary data at Bioinformatics Advances
online, which plots the percent improvement over the standard
average linkage baseline for different problem sizes (controlled
by the parameter k). The performance of the theoretically opti-
mal clustering is shown as a dashed red line. The results provide
a clear validation of our approach: For all tested problem sizes,
DOMUS successfully avoids the local optima presented by the
decoy cliques and achieves a score improvement that matches
the optimal possible improvement. Conversely, the beam search
heuristic shows zero percent improvement, meaning its perfor-
mance is identical to that of the standard average linkage algo-
rithm. This result highlights the core difference in strategy:
beam search attempts to overcome the heuristic’s local optima
by exploring more paths, whereas DOMUS succeeds by funda-
mentally reshaping the similarity landscape so that the heuristic
is no longer deceived by the local optima in the first place.

920z ke 0 uo Jasn AlsiaAiun AIAY 191 AQ €/6£598//01 BBAA/|/9/0101IB/SEOUBAPESONBWIOIUIOIG/WO0 dnoolwepese//:sdiy woll papeojumod


https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data
https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbag107#supplementary-data

Bioinformatics Advances, 2026, Vol. 6, Issue 1

A Overall Performance Summary

25
£

820
@
g

315
o
~
<
@

1.0
(9]
o
©
[

Z05

0.0

32 64
Number of Nodes
C Structural Difference
0.30

o o o o
p" - N N
o (4, o (4]

Average normalized RF Distance

o
o
o

0.00 II II
32

Number of Nodes

128

B Performance Breakdown

n=128
Il
oo .- = =

Avg. % Improvement Over Average Linkage
o
=~

0.2

0.0

) ll II
J[— L [

o0
0s5° a"&e 0“"?' \\a““ "6‘0 X
5@ % o e
\“GQ“\ We € ‘425\6

D Runtime Scalability

N w N o @
o S (=] =) S

Average Runtime (seconds)

=)

32 64 128
Number of Nodes

0

Method / Comparison

== DOMUS mmm Beam Search = Average Linkage

DOMUS vs Beam Search

s DOMUS vs Average Linkage Emm Beam Search vs Average Linkage

Figure 2 Benchmark comparison on synthetic data. The four panels compare DOMUS, average linkage, and beam search, showing: (A) average
performance rank by problem size; (B) percent improvement over average linkage by data type; (C) structural dissimilarity via normalized Robinson-

Foulds (RF) distance; and (D) runtime scalability.

3.1.1 Benchmark on classic datasets

We further evaluated DOMUS on two real-world datasets, the
Zoo dataset (n =101) and the Iris dataset (n = 150). For both
experiments, the evaluation is based on how well the resulting
hierarchy conforms to the known ground-truth classes.

To generate the initial similarity matrix W for each dataset, we
used a method appropriate for its feature types. For the Zoo
dataset, which consists of primarily Boolean features, we used
Hamming distance (S =1—Dpgmming). This provides a simple,
parameter-free method for generating a base similarity matrix,
though it treats the single numeric “legs” feature as categorical.
For the continuous numerical features of the Iris dataset, we
first calculated the pairwise Euclidean distance and then con-
verted it to a similarity matrix using a Gaussian kernel.

In both cases, each algorithm takes the respective W matrix as
its input to generate a hierarchy, while our method’s K-means
view operates directly on the original feature matrix, its natural
input format. The cost of the final dendrogram produced by
each method is calculated against a ground-truth similarity ma-
trix, Weue, where similarity is 1 for items within the same class
and 0 otherwise. This provides a standard, objective method for
comparing how well each dendrogram recovers the primary
class structure.

The results for both benchmarks are shown in Fig. 3. Unlike
the synthetic experiments, where we evaluated the cost on the
input similarity matrix, here we calculate the cost against the
ground-truth class labels to objectively measure structural

recovery. The top panels display the improvement in this
ground-truth Dasgupta cost relative to the average linkage base-
line. On the Zoo dataset, DOMUS achieved a quantitative im-
provement of ~0.75% (panel A). While numerically modest, this
reduction corresponds to the correction of specific topological
errors, as detailed in the case study below. In contrast, the
beam search heuristic performed significantly worse, degrading
performance by nearly 2.5%. On the Iris dataset (panel B), the
importance of regularization became evident. DOMUS achieved
a substantial 12% improvement, outperforming beam search
(10%). Notably, the non-regularized “optimal” variant—which
minimizes the cost on the input matrix directly—yielded only a
5% gain on this metric (data not shown). This discrepancy high-
lights that while the “optimal” variant serves as a theoretical
tool for minimizing the objective, it is prone to overfitting noise
in complex data. The “robust” variant, by optimizing for stability
across bootstraps, prevents this overfitting and is therefore the
recommended approach for practical applications. To verify
that these structural improvements translate into practical util-
ity, we evaluated the adjusted rand index (ARI) of the flat parti-
tions obtained by cutting the dendrograms at the ground-truth
number of classes (k =7 for Zoo, k = 3 for Iris). The results, dis-
played in the bottom panels of Fig. 3, strongly favor DOMUS. On
the Zoo dataset (panel C), it achieves an ARI of 0.95, a near-
perfect recovery of ground truth classes, and a significant im-
provement over the average linkage baseline (0.89) and beam
search (0.82). On the Iris dataset (panel D), the value of optimi-
zation becomes even clearer. Both optimization approaches
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significantly outperformed the greedy baseline (ARl 0.57): beam
search achieved a strong ARI of 0.73, while DOMUS reached 0.76.
This relative improvement of over 30% in the ARI score on the
Iris dataset confirms that optimizing the global hierarchical ob-
jective directly correlates with superior flat partitions, with
DOMUS providing the most robust performance across diverse
data topologies.

Finally, we analyzed the structural similarity of the resulting
dendrograms using the normalized RF distance. This analysis
revealed that DOMUS produced hierarchies that were structur-
ally distinct from the average linkage baseline (RF distance 0.5-
0.6 on Zoo, 0.3-0.4 on Iris). Furthermore, our robust and optimal
variants found different structures from one another (RF dis-
tance around 0.45 on Zoo and 0.25 on Iris). In comparison, the
dendrogram produced by beam search was considerably more
similar to the baseline structure (0.33 on Zoo, 0.24 on Iris). This
reinforces that DOMUS, in both its forms, is not merely making
small adjustments but is finding fundamentally different and
more effective hierarchical structures in the data.

A qualitative analysis of the Zoo dataset provides a tangible
example of these structural improvements. In a targeted case
study on the well-known biological subclade of “flightless birds”
(kiwi, ostrich, penguin, and rhea), DOMUS perfectly recovered
the group with an F1-score of 1.00 (Fig. S13, available as supple-
mentary data at Bioinformatics Advances online). In contrast, the
baseline average linkage method failed to identify this structure,
achieving an F1-score of only 0.44, as its best-matching cluster
was both impure and incomplete. This case study provides a

clear example of how our method’s quantitative cost reduction
corresponds to a qualitatively superior and more biologically
meaningful hierarchy.

To ensure our method’s performance gains did not come at
the cost of statistical robustness, we performed a Jaccard-based
bootstrap analysis to assess cluster stability. The analysis con-
firmed that the clusters produced by DOMUS are as stable as
those from the baseline average linkage, with the most stable
clusters approaching the theoretical maximum stability. This
indicates that our framework finds superior hierarchical struc-
tures without sacrificing reproducibility. The full details of this
analysis can be found in Section S5, available as supplementary
data at Bioinformatics Advances online.

As with the synthetic data, we also compared DOMUS against
the spectral clustering and HiDeF baselines on the classic data-
sets. The results, shown in Fig. S14, available as supplementary
data at Bioinformatics Advances online, demonstrate our meth-
od’s superior performance in this supervised label-
recovery setting.

3.1.2 Application to single-cell RNA sequencing data

To validate our method’s performance on a complex, real-world
task, we evaluated its ability to recover the known biological
hierarchy of cell types from single-cell RNA sequencing (scCRNA-
seq) data. For this benchmark, we adopted the experimental
design from the paper that introduced HiDeF (Zheng et al. 2021)
to ensure a direct and rigorous comparison.
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Following the procedure established in the HiDeF paper, we
used a standard preprocessing pipeline where counts were log-
normalized, the top 2000 highly variable genes were selected,
and the dimensionality was reduced to 30 principal components
using PCA. The primary similarity matrix, W, which served as the
input for all methods, was a Shared Nearest Neighbor (SNN)
graph constructed from this PCA embedding. This choice is criti-
cal, as the SNN graph is the direct input for HiDeF and repre-
sents a state-of-the-art technique for capturing the local
neighborhood structure in scRNA-seq data. The communities
produced by each method were then ranked to assess perfor-
mance as a function of model complexity. HiDeF communities
were ranked by their internal “persistence” score, as described
in the original paper. For DOMUS, each community (i.e. each
branch in the dendrogram) was ranked using a one-way Mann-
Whitney U test—a statistical approach also utilized in the HiDeF
paper. This test assesses whether the distances between cells in
the two sibling communities being merged are significantly
greater than the distances between cells within each of those
communities. For this statistical test, we used distances derived

Kidney+Liver+Diaphragm
(n=2103)

Kidney+Diaphragm+Trachea
(n=2739)

from a Pearson correlation-based similarity matrix, as it pro-
vides a robust, global measure of a cluster’s coherence. The
communities were then sorted by the resulting P-value.
Performance was measured using the average F1 score, which
compares the top N-ranked communities from each method
against the full set of ground-truth cell types.

The results, summarized across the nine pan-tissue datasets
in Fig. 4, show that our method’s performance is highly competi-
tive with the state-of-the-art HiDeF algorithm. While the inter-
pretation is complex due to the intersecting performance
curves, DOMUS often achieves a higher average F1 score across
the broader range of top N communities. We observe that HiDeF
frequently performs strongly for the highest-ranked communi-
ties, consistent with its design to identify highly persistent lo-
cal modules.

However, this comparison must be interpreted in light of the
problem’s underlying structure. The ground truth Cell Ontology
(CO) is a directed acyclic graph (DAG) where cell types can have
multiple parents—a structure that HiDeF’s overlapping commu-
nities can natively represent, whereas DOMUS is constrained to
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figure illustrates how the method adaptively learns a different blending “recipe” to best suit the intrinsic structure of each dataset.

produce a strict binary tree. The fact that DOMUS achieves com-
petitive performance despite this structural constraint suggests
that it successfully recovers the primary hierarchical relation-
ships that define the cellular taxonomy.

This structural tradeoff is clearly illustrated in our Pan-Tissue
Endothelial case study (Fig. 5). To investigate the differences, we
focused on the endothelial lineage, a ubiquitous cell type pre-
sent across all vascularized tissues that should theoretically

form a cohesive global clade. We identified the single cluster
from each method that maximized the F1 recovery of the
ground-truth endothelial lineage in a representative dataset
combining distinct anatomical sites: aorta, limb muscle, and tra-
chea. HiDeF identified a highly precise community (P = 0.99);
however, inspection revealed that this cluster (n=338) was
dominated by a single tissue (limb muscle), capturing <50% of
the endothelial cells from the aorta and trachea. In contrast,
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DOMUS, constrained to find a global hierarchy, successfully uni-
fied these disparate tissues into a single “Pan-Tissue
Endothelial” clade (n = 779) with consistent high recall across
all three tissues (>91% per tissue, 95% overall). This global re-
covery yielded a significantly higher F1 score for DOMUS (0.86)
compared to HiDeF (0.69). These findings highlight the comple-
mentary nature of the two approaches: while HiDef excels at iso-
lating highly specific, local subsets, DOMUS provides the global
hierarchical scaffold necessary to reconstruct the broader back-
bone that connects distinct functional units across the atlas.

3.2 Analysis of the adaptive blending
mechanism

To better understand the inner workings of DOMUS, we ana-
lyzed its adaptive blending strategy on five canonical data
archetypes (see Fig. 6 for the full results visualization). The
results suggest that the optimizer learns a two-part strategy: it
aggressively sharpens the original similarity matrix to amplify
trustworthy local signals and learns a data-dependent “recipe”
to blend in corrective information from the most appropriate
derived views. This analysis demonstrates the critical role of the
flexible power exponents in our model, which enable a universal
strategy of signal sharpening, and the coefficient weights, which
tune the blend to the unique topology of a given dataset.

This adaptive learning is evident across the dataset types. For
example, on discrete data with tied similarities, the optimizer
learns to trust the sharpened original matrix almost exclusively,
assigning it the highest coefficient weight by a large margin. For
irregular clusters, the spectral view is assigned the highest coef-
ficient, highlighting its role in finding a global structure. For
nested hierarchies, the optimizer learns a balanced portfolio
where all components contribute almost equally. The results for
non-convex show a different strategy. In this case, the optimizer
assigned a low weight to the spectral view, instead favoring a
combination of the heavily sharpened original matrix and a high
weight on the divisive K-means view. This learned parameteriza-
tion demonstrates the model’s ability to find effective, and
sometimes non-intuitive, recipes for complex topologies.
Overall, this analysis confirms that our method’s effectiveness
stems from its ability to diagnose a dataset’s intrinsic structure
and learn an optimal, adaptive blend of the most appropriate
analytical views.

4 Conclusion

We introduced a novel framework for hierarchical clustering,
DOMUS, that aims to minimize Dasgupta’s cost. Rather than re-
lying on greedy heuristics that are prone to finding suboptimal
solutions, DOMUS first generates a portfolio of diverse structural
views of the data, which are then blended—using a surrogate-
assisted algorithm—into a single, optimized similarity matrix
designed to steer a simple final-stage heuristic toward a supe-
rior solution.

Our empirical evaluation confirmed the utility of this ap-
proach. On a wide range of synthetic benchmarks, DOMUS con-
sistently outperformed both standard average linkage and a
more sophisticated beam search heuristic and successfully

identified the optimal structure in a targeted experiment
designed to trap greedy algorithms. The method’s advantage
was also evident on classic real-world datasets (Zoo and Iris),
where DOMUS found dendrograms that were not only lower
cost but also structurally distinct from those produced by the
baselines. Finally, we validated DOMUS on the complex and
challenging task of cell type hierarchy recovery from single-cell
RNA sequencing data.

Despite these strong results, our framework has limitations
that suggest clear directions for future work. The primary con-
straint is runtime scalability; while its overall complexity will
eventually be dominated by the super-quadratic spectral view
generation step, the iterative optimization loop remains a signif-
icant cost. To address the computational bottlenecks associated
with both the initial hierarchy generation and the iterative opti-
mization loop, we propose a scalable two-stage inference strat-
egy: the optimal blending parameters can be learned on a
representative subsample of the data and then applied to the
complete dataset. Implementing this subsampling approach will
be a primary focus of future work, as it is the key to scaling
DOMUS to evaluate larger top N communities and massive bio-
logical networks, such as protein-protein interaction (PPI) net-
works and diverse omics data. Furthermore, for atlas-level data
where the spectral computation itself is prohibitive, the frame-
work’s modularity allows this view to be replaced by a scalable
alternative or excluded from the portfolio entirely, enabling the
optimization of a lightweight blend of highly scalable derivation
methods. Beyond these inference strategies, the optimization
overhead could be further reduced by using meta-learning to
create a library that maps features of similarity matrices to
promising blending parameters, providing better initializations
and reducing the search budget. Apart from performance con-
siderations, the learned parameters themselves offer a compel-
ling avenue for research. Interpreting the optimal weights and
exponents could provide a diagnostic signature for a dataset, re-
vealing whether its underlying structure is more graph-like (e.g.
high weight on the Laplacian view) or composed of dense clus-
ters (e.g. high weight on the K-means view). Finally, the modu-
larity of the framework itself invites extension. By swapping its
core components—the initial derivers, the blending model, or
the final-stage algorithm—the method could be adapted to opti-
mize different cost functions or to produce more complex struc-
tures like non-binary or overlapping hierarchies, greatly
broadening its applicability.
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