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Abstract
Modern biology increasingly relies on large-scale screening to generate high dimensional datasets with potential to accelerate discovery.

However, analysing these complex datasets remains challenging, due to hierarchical biological structure, uncertainty in the true number

of groups, and high dimensional noise that confounds genuine biological signal. Here we present an unsupervised consensus clustering

tool, Untangled, that aggregates clustering solutions across granularities to construct a stability-based representation, followed by

cluster number optimization and systematic evaluation of cluster robustness. Through extensive benchmarking on simulated datasets,

ground truth datasets and diverse high-dimensional screening applications, we demonstrate that Untangled reliably recovers underlying

relationships, resolves stable meaningful substructure, and more effectively prioritizes robust clusters with shared biological mechanisms

and conserved phenotypic responses than alternative clustering approaches. These results establish Untangled as a scalable framework

for cluster discovery to guide efficient follow-up investigation from high-dimensional biological datasets.

Keywords high dimensional data analysis, consensus clustering, unsupervised learning, high-throughput screening, drug discovery,

computational biology
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Introduction

Advancements in high-throughput technologies have generated

unprecedented volumes of biological data [1, 2]. Traditional compara-

tive analyses that require groups to be labelled a  priori  are inadequate

for such complex datasets. Unsupervised clustering methods are

therefore ideal to identify latent structure in high-dimensional feature

spaces without prior assumptions. Clustering samples based on their

molecular or phenotypic features enables data-driven approaches

to discover meaningful relationships or shared mechanisms. Despite

this, clustering high-dimensional data remains challenging, particu-

larly in applications where the number of true biological groupings

is unknown, and the signal is confounded by stochastic noise [3].

In addition, different algorithms, similarity definitions, and tuning

parameters can yield markedly different partitions even on the same

dataset, resulting in unstable cluster assignments.

Consensus clustering was developed to improve robustness by

aggregating many clustering solutions and summarizing them as

a co-clustering matrix, where each entry reflects how often two

samples are assigned together across perturbations, before deriving

a final partition from this consensus representation [4–6]. These

approaches assume that robust biological relationships remain stable

across varied hyperparameters or algorithms [7]. For example, SC3

performs consensus clustering by varying how cell–cell similarity

is computed and represented in parameter space [5]; Resampling-

based Sequential Ensemble Clustering (RSEC) explores combinations

of different base algorithms and tuning parameters [8]; Ensemble

methods such as Single-cell Aggregated (From Ensemble) (SAFE)
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and Single-cell Aggregated Clustering via Mixture Model Ensemble 
(SAME) clustering aggregate outputs from several clustering methods

[9, 10]; and ConsensusClusterPlus (ConClusPlus) estimates consensus 
structure through repeated subsampling of items and features [11]. 

Biological systems are frequently organized hierarchically, as a 
product of layered regulatory mechanisms i n which broader pro-

cesses subdivide into progressively more specific subprograms [12– 
14]. Therefore, meaningful biological variation can exist at multi-

ple scales within the data, such that multiple clustering resolutions

can simultaneously reflect the true underlying structure [15]. Despite 
this, existing consensus clustering approaches typically do not assess 
robustness across candidate cluster numbers to select a single best 
partition, implicitly assuming that the underlying biological structure

is best captured at one optimal resolution. They typically perturb algo-

rithms, distance metrics, or resampling approaches at fixed granular-

ity [5, 8–11]. By contrast, quantifying the stability of groupings across 
increasing granularities can distinguish stable partitions representing 
biological substructure from transient partitions driven by noise and

technical artefacts, enabling more reliable recovery of meaningful

sub-structure.

Even when clustering is optimized, unsupervised analyses yield 
many candidate clusters that are not equally robust and may be 
differentially affected by sampling limitations or noise in the data. 
While the co-clustering matrix generated during consensus clustering 
serves as an empirical measure of how consistently samples cluster

together across perturbations, most consensus approaches do not

provide a framework for systematic evaluation, making it challenging

to filter low-quality, stochastic clusters and prioritize robust clusters

for downstream analyses [5, 8–11, 16, 17]. 
In this study, we present Untangled, an unsupervised consensus 

clustering pipeline that directly interrogates clustering resolution to 
quantify relationship strength. It iteratively clusters across increas-

ing granularities to identify and prioritize stable data structures 
across biological scales. Through this process, Untangled explicitly 
assesses how finely the data can be meaningfully partitioned. 
When benchmarked across simulated and real datasets with 
ground-truth labels, Untangled consistently performed comparably 
to existing consensus and ensemble clustering approaches when 
clusters were independent, and outperformed existing methods 
when sub-structure was present. We demonstrated the practical

utility of Untangled by applying it to high-throughput screening

datasets characterizing drug effects using diverse modalities. In these

contexts, Untangled effectively identified and prioritized drug clusters

enriched for shared mechanisms and robust phenotypic responses.

Overall, Untangled integrates multi-resolution consensus clustering

with quantitative post-hoc evaluation to resolve hidden structure

and prioritize robust, biologically coherent clusters, enabling effi-

cient identification of actionable groupings in large-scale, complex

datasets.

Results and discussion

Untangled workflow for multi-r esolution consensus
clustering

Using a pre-processed, dimensionality-reduced dataset as input, 
Untangled iteratively implements Seurat’s graph algorithm FindClus-

ters (default Louvain modularity optimization) across a finely spaced 
range of resolutions (default 0.2 to 20 in steps of 0.2), generating a 
clustering assignment for each object at each resolution. The resulting 

assignments are aggregated to derive a consensus matrix quantifying 
the pairwise co-clustering frequencies. This transforms raw distance 
into an interpretable stability measure quantifying relationship 
consistency across increasing granularities. To optimize the number of 
clusters, Ward’s minimum-variance hierarchical clustering is applied 
to the consensus matrix to generate candidate partitions across a 
range of cluster numbers (default 2–300). The average silhouette score 
across clusters at each partition is calculated, where higher values

indicate objects are consistently co-clustered within their assigned

group and well-separated from other clusters. The optimal number

of clusters is indicated by a plateau in the silhouette score, beyond

which additional splits lead to no further stable partitions. The final

clustering is obtained by cutting the hierarchical dendrogram at the

optimal cluster number. Resulting clusters are stratified based on

internal coherence (mean within-cluster correlation computed using

original matrix), robustness (mean silhouette score computed using

consensus matrix), and assessed for conservation across contexts

where applicable (Fig. 1a). 
Originally developed to identify gene programs from sparse, gene-

trait association data [18], we implement Untangled as an R package 
that integrates multi-resolution clustering, cluster number optimiza-

tion, and cluster evaluation and conservation metrics for effective

analysis of diverse data modalities and experimental designs.

To illustrate the workflow, we first applied Untangled to Modi-

fied National Institute of Standards and Technology (MNIST) dataset, 
a standard dataset containing images of handwritten digits (0–9),

numerically represented by pixel intensity (Fig. 1b)  [19]. It is widely 
used as a machine learning benchmark and has been previously used

to benchmark clustering methods in high-dimensional biological data

[20, 21]. Applying Untangled to dimensionality-reduced MNIST data 
produced a sparse, block-structured c onsensus matrix that clearly

separated digit classes (Fig. 1c). Untangled identified 106 clusters as 
the optimal cluster number using the silhouette plateau, markedly

higher than the 10 ‘true’ classes in the dataset (Fig. 1d-e). However, we 
showed that the average purity of clusters was very high (0.89 ± 0.12) 
and that sub-clusters of a single digit appeared to capture meaningful

variation, such as distinct handwriting styles (Fig. 1f). To validate the 
cluster-evaluation framework in Untangled, clusters were stratified 
by the average silhouette score, indicative of cluster robustness, and

the average pairwise correlation of pixel intensity features within

each cluster (Fig. 1e). Clusters in the top quartile showed significantly 
higher mean purity (0.92 ± 0.08) than those in the bottom quartile

(0.85 ± 0.15) (Wilcoxon test, P = .001), demonstrating effective priori-

tization (Fig. 1g). 

Untangled clustering robust to parameter selection

We further performed sensitivity analyses on two simulated and 
two real datasets (MNIST and high-content imaging) across vary-

ing graph-clustering backends, iterations, and resolution parameter

choices (Supplementary Figs S1 and S2). We found the pipeline to be 
overall robust to parameter selection, with largely consistent agree-

ment for all clusters (A djusted Rand Index 0.23 ≤ ARI ≤ 0.96), partic-

ularly in simulated data with clear, underlying structure (Fig. 1h-j, 
Supplementary Fig. S1). In real data, non-graph-based clustering meth-

ods (hierarchical clustering, GMM, K-means) showed reduced agree-

ment with graph-based approaches (Louvain, Leiden, GraphSpectral, 
SLM) (0.09 ≤ ARI ≤ 0.60) and poorer clustering accuracy, suggesting

that graph-based methods are optimal (Supplementary Figs S1 and S2).

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data


Briefings in Bioinformatics, 2026, Vol. 27, Issue 3 | 3

Figure 1 Untangled workflow and multi-resolution clustering of MNIST dataset. (a) Schematic overview of the Untangled workflow. (b) Representation 
of MNIST dataset, a collection of handwritten digits. (c) Consensus matrix generated by Untangled for 10 000 MNIST digits. The largest block structure 
for each digit is annotated. (d) Determination of optimal cluster number by plateau in average cluster robustness (silhouette) with increasing cluster 
number. (e) Untangled digit clusters stratified by their intra-cluster correlation and robustness. Colour indicates most prevalent digit. Size indicates 
cluster purity. (f) Averaged visualisations of digits in each Untangled cluster capture meaningful sub-digit variation. (g) Average cluster purity  i  n  the  
top and bottom quartile of clusters stratified by silhouette and correlation. ∗ p < 0.05. Error bars represent standard deviation. Dashed line indicates 
average purity of all clusters. (h-j) Average ARI across benchmark (MNIST, morphology) and simulated datasets evaluating cluster robustness to (h) base 
clustering algorithms, (i) resolution density/iterations, (j) resolution ranges. Mean ARI summarized across all clusters (upper triangle) and top-ranked
clusters (lower triangle).

Finally, we showed that top quartile clusters were highly preserved 
across parameter changes (0.59 ≤ ARI ≤ 0.99) (Fig. 1 h–j), demonstrat-

ing that Untangled consistently prioritizes stable groupings irrespec-

tive of parameter selection.

Benchmarking untangled performance

We benchmarked Untangled against alternative consensus clustering 
methods (ConClusPlus, SAME, SAFE, SC3, RSEC) using datasets with 
ground truth labels (MNIST, Zhengmix8eq). With cluster labels 
available, we assessed the ability of each method to (i) accurately 
estimate the number of true groups, (ii) assign items to their labels 
accurately, measured through the ARI and the purity (proportion of

each cluster consisting of a single ground-truth class). As previously

discussed, Untangled overestimated the number of clusters in MNIST,

leading to a poor ARI relative to all other consensus methods,

except for RSEC (Fig. 2a, Supplementary Fig. S3a). However, this 
was expected as real benchmark datasets often contain additional 
sources of variation and noise that are not captured by the annotated 
classes. By preserving co-clustering relationships across resolutions,

the algorithm is sensitive to within-digit substructures. Indeed,

clusters identified by Untangled had the highest cluster purity

compared to alternative methods, indicating strong between-digit

distinction (Fig. 2b). Moreover, the sub-clusters of each digit identified 
by Untangled captured more within-digit variance than any other 
consensus method in digit shape features, such as slant (Untangled 
pR2 = 0.74, benchmark methods pR2 = 0.23–0.58), vertical symmetry

(Untangled pR2 = 0.39, benchmark methods pR2 = 0.11–0.28), and

aspect-ratio (Untangled pR2 = 0.60, benchmark methods pR2 = 0.14–

0.37) (Fig. 2c).
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Figure 2 Benchmarking of untangled against other consensus clustering approaches. (a-c) Application of consensus clustering methods to MNIST. (a) 
Optimal number of clusters identified by each method across increasing numbers of images used. (b) Average cluster purity of each method relative 
to a random control at 10,000 images. (c) Proportion of within-digit variance captured by each method at 10 000 images. (d) Schematic of simulated 
data with key parameters and outcomes indicated. (e) Deviation between optimal number of clusters identified by each method and the true number 
of clusters. (f-g) Performance of each method for (f) ARI a nd (g) average cluster purity across parameter variations in simulated datasets. (h) Schematic 
of simulated data with hierarchically structured clusters and multi-level evaluation. (i) Deviation between optimal number of clusters identified by each 
method and the true number of clusters. (j-k) Performance of each method for (j) ARI and (k) cluster purity at each hierarchy level summarized across
multiple data parameters. Error bars represent standard deviation.

Given that many consensus methods were developed for Ribonu-

cleic acid-sequencing (RNA-seq) data, we additionally benchmarked 
methods on a gold-standard single-cell RNA-seq peripheral blood

mononuclear cell (PBMC) dataset [22], where Untangled similarly 
achieved higher cluster purity relative to other methods despite

a lower ARI (Supplementary Fig. S3b-d). We further examined 
Untangled-defined subclusters within canonical PBMC cell types

(Supplementary Fig. S 4a). Within each parent lineage, sibling subclus-

ters showed distinct transcriptomic profiles, with modest pairwise 
correlation in average gene expression of variable genes and limited

overlap in enriched STRING and GO terms (Supplementary Fig. S4b-e). 
More importantly, many enriched terms identified in child subclusters 
were absent from the corresponding parent cell type, demon-

strating its ability to resolve biological heterogeneity embedded in

broader cell identity classes (Supplementary Fig. S4f). Additionally, 
Untangled showed stronger performance as dataset size increased, 
showing higher cluster purity across both MNIS T and PBMC

datasets and explaining greater variance in MNIST digit-shape

features (Supplementary Fig. S5). Runtime and memory usage across 
increasing sample sizes further indicated that Untangled scales in a 
predictable manner, supporting its use on larger datasets, despite a

current consensus matrix construction bottleneck at very large sample

sizes (>100 k) (Supplementary Fig. S6). 
To test the effect of common data variables on Untangled 

performance, we simulated a latent-pathway model with independent 
clusters, where the number of samples (n), features (p), clusters (k),

latent pathways (q), cluster variability (σq), and data noise (σe) could 
be explicitly defined (Fig. 2d). Under this simulation, where clusters 
had no sub-structure, Untangled minimally overestimated the true 
cluster number (deviation from k = 3.1 ± 2.6), performing comparably

to other methods (Fig. 2e). We then systematically evaluated the 
effect of permutations in all key simulation variables (n, p, k, q,

σq, σ e), on all consensus methods summarizing performance using 
the area under the curve (AUC) for both ARI and cluster purity

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
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(Supplementary Table S1). Across perturbations, Untangled achieved 
AUCs comparable to the best-performing consensus methods, 
with consistently high performance for both ARI (AUC = 0.91–0.98) 
and purity (A UC = 0.96–0.99), while maintaining robustness under

increasing noise (ARI AUC = 0.79; purity AUC = 0.88) (Fig. S2f-g,

Supplementary Table S2). To test the ability of Untangled to detect 
underrepresented groups, we simulated rare clusters that varied in 
size relative to a common cluster and in their degree of separation

relative to other clusters. Across both n = 1000and n = 15 000, preci-

sion and recall remained high when the rare cluster was more than 
approximately one-fifth the size of the common cluster. Performance 
declined as the r are cluster became increasingly small, particularly at

lower separation, whereas more distinct rare clusters were recovered

reliably even at low abundance (Supplementary Fig. S7). 
Many biological systems are hierarchically organized, in which 

broad upstream programs branch into more specific downstream 
pathways and signalling processes, as exemplified by the Gene

Ontology Resource [23]. To model this phenomenon, we simulated 
data with a hierarchical cluster structure, so that true groups could

be present at multiple levels (Fig. 2h, Supplementary Table S3). 
Under this simulation, Untangled was the only method to accurately 
estimate the true number of clusters in the data at the finest level 
(deviation from k = 0.67 ± 3.4) whereas all other methods, except

for RSEC, markedly under-estimated cluster number (deviation

from k <−8.89) (Fig. 2i). Compared to other methods, Untangled 
also achieved higher ARI at deeper levels of the hierarchical tree 
(levels 4–5) (Untangled ARI = 0.63, benchmark methods ARI = 0.44– 
0.58), and maintained the highest cluster purity across all hierarchy

levels (Untangled purity = 0.92, benchmark methods purity = 0.75–

0.91) (Fig. 2j-k, Supplementary Table S4). These results demonstrate 
that Untangled is well-suited to recovering the true structure in

hierarchical data where meaningful groupings exist across multiple

scales.

Applying untangled to high-content morphology drug
screens

Large-scale screening datasets often contain complex response 
patterns shaped by biological heterogeneity, context-dependent 
effects, and technical variation, which further complicate cluster 
interpretation and target prioritization. By aggregating clustering 
solutions across granularities, Untangled reduces noise-induced asso-

ciations while prioritizing robust drug sets with shared mechanisms.

We demonstrate these properties across various large-scale screens,

including a high-content imaging drug screen of ovarian cancer cell

lines [24], a gene deletion library in Escherichia coli [25], and profiling 
of transcriptional responses to drug perturbations [1]  (Fig. 3a). 

First, we analyzed high-content imaging data measuring the 
morphological response of 3 low-grade serous ovarian carcinoma

cell lines with distinct genetic profiles (AOCS-2, VOA-6406, SLC58) [24, 
26, 27], and one normal ovarian surface epithelial cell line (IOSE-523) 
following exposure to a diverse library of 5596 drugs at 3 different

concentrations (10, 1, 0.1 μM) (Supplementary Table S5) [24]. We tested 
whether Untangled could identify and prioritize drug clusters that 
induced shared morphological changes across 2175 imaging features 
and reflected common underlying biological mechanisms. In the

original high-dimensional drug-by-imaging matrix, drugs appeared

highly similar, obscuring the true number of groupings (Fig. 3b). Re-

configuring the dense drug-by-imaging matrix into a sparse drug– 
drug consensus matrix revealed clear co-response structure and

enabled meaningful assessment of cluster separation and stability

(Fig. 3b). Through this transformation, Untangled identified the 
optimal number of clusters at the silhouette curve plateau, yielding

∼200 clusters in each of the four cell lines (Fig. 3c). 

Morphology-based drug clusters conserved across 
cell lines and enriched for shared mechanisms

Clusters were next stratified by silhouette and correlation scores to 
prioritize drug groups with robust, shared morphological responses

(Supplementary Fig. S8a-d). We were particularly interested in identi-

fying drug mechanisms that induced consistent phenotypic responses 
irrespective of genetic profile, given the genetic heterogeneity of 
ovarian cancer. To assess this, we evaluated the consistency of drug 
clusters across cell lines using a conservation metric implemented 
in Untangled (Methods). Many of the drug clusters prioritized by

Untangled’s internal metrics were significantly conserved across all

ovarian cancer cell lines, reinforcing their validity and highlighting

the ability of Untangled to effectively prioritize reproducible clusters

(Fig. 3d). As large-scale screens are inherently noisy, we simulated 
noise in the morphology data to test whether the conservation metric 
can distinguish biologically meaningful clusters from noise-induced 
artefacts. As expected, increasing noise reduced within-cluster corre-

lation, silhouette score, and similarity to matched unperturbed clus-

ters, while conservation across cell lines remained relatively robust

(Supplementary Fig. S9a). Noisy clusters were then classified as biolog-

ically retained if they matched a significantly enriched baseline cluster 
from the unperturbed data at a specific recall threshold. Across noise

levels, biologically retained clusters consistently showed higher con-

servation scores than artefactual clusters (Supplementary Fig. S9b-c). 
To assess the biological significance of identified clusters, we 

evaluated the enrichment of annotated pathways in each drug 
cluster. Across all four cell lines, clusters were significantly enriched

for cancer-related pathways (Supplementary Fig. S8). For instance, 
the top-ranked drug clusters from cell line SLC58 were strongly

enriched for key oncogenic pathways, including MAPK/ERK [26], 
PI3K/AKT/mTOR [28], and Cell cycle/DNA damage [29]  (Fig. 3d). To 
reinforce these findings, we examined representative microscopy 
images of cells treated with drugs from selected clusters. Prioritized 
clusters exhibited more consistent morphological changes in treated

cells versus DMSO control, contrasting with inconsistent and weak

morphologies in poorly ranked clusters (Supplementary Fig. S10). 
Notably, the observed morphological changes closely aligned with 
the enriched pathways for these clusters. For example, drugs in 
top-ranked Cluster 200 from cell line SLC58 were enriched for the

MAPK/ERK pathway and induced morphological changes indicative

of apoptosis, including cell shrinkage, membrane blebbing, and

fragmented nuclei (Fig. 3e). These observations align with the known 
role of the MAPK/ERK pathway in regulating cell proliferation

and survival, particularly in low-grade serous ovarian cancer

pathogenesis [26, 30], where its disruption can lead to apoptosis [31]. 
To test the ability of Untangled to recover hierarchical structure in 

real screening data, we used drug annotations organized as pathway

and target hierarchies and evaluated enrichment across a grid of

clustering granularities (Supplementary Fig. S11a). As the granularity 
increased, Untangled clusters became enriched for deeper, more spe-

cific annotation levels (Fig. S3f, Supplementary Fig. S11b-c). Together,
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https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag242#supplementary-data


6 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

Figure 3 Untangled reveals biologically meaningful drug clusters based on drug-induced cellular morphology changes in ovarian cancer. (a) Overview 
of four applications of Untangled across diverse biological data modalities. (b) Transformation of raw drug-by-imaging matrix (top) into a drug–drug 
consensus similarity matrix (bottom). (c) Determination of optimal cluster number by average silhouette score plateau for all four cell lines. The dashed 
line indicates the selected cluster number, K = 200. (d) Scatter plot of drug clusters from cell line SLC58 stratified by average cluster silhouette score 
and correlation score. The most significant pathway enrichment for the 10 top-ranked clusters is shown. (e) Representative microscopy images of cells 
(1 field per well) from cell line SLC58 treated with example drug conditions from top-ranked cluster 200 and bottom-ranked cluster 89. Images shown
with DMSO control and 100 μm scale bar. Cells were stained with DAPI (nucleus), CellMask (plasma membrane), and phalloidin/rhodamine (F-actin). (f) 
Shift in annotation specificity across clustering resolution ranges, shown as the mean weighted annotation level for enriched pathway (left) and target 
(right) terms across cell lines.Points show the mean across cell lines, and error bars indicate ± SD. Asterisks denote significance versus the coarsest 
reference range from paired t-test (∗ p adj  < 0.05, ∗∗ p adj < 0.01, ∗∗∗ p adj  < 0.001. (g) Matched multiplexed RNA-seq validation of morphology-defined 
clusters. Density distribution of DMSO Z-score-normalised expression correlation between intra-cluster drug pairs and inter-cluster drug pairs for a 
subset of compounds profiled at matched concentration. (h) Orthogonal validation using independent transcriptomic dataset, CMap. Morphology-
based clusters stratified with point size indicating conservation significance with CMap expression-derived drug clusters and colour indicating cross-
cell line conservation significance. (i) Logistic regression quantifying enrichment of significant clusters in the top quartile for cell-line conservation (left) 
and pathway enrichment (right) across untangled and alternative clustering methods. Points indicate the mean odds ratio pooled across cell lines and
random seeds and error bars indicate ± SD.
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the results reinforce that Untangled can leverage resolution as a proxy 
for biological scales to identify meaningful hier archical structure,

allowing broad phenotypic programs to be decomposed into more

specific mechanistic subgroups.

Morphology-based drug clusters exhibit shared 
transcriptional signatures

We further demonstrated that morphology-derived drug clusters also 
elicit concordant transcriptomic changes through three independent 
analyses that reinforce shared underlying biological mechanisms. 
First, we analysed high-content imaging datasets for AOCS-2 and four 
additional cell lines (VOA-4698, VOA-10841, VOA-3448, iOvCa241)

along with matched multiplexed RNA-seq (MAC-seq) profiles for

a subset of compounds present in these datasets [32]. We applied 
Untangled to the full imaging dataset for each cell line to derive 
morphology-based drug clusters. Then, for compounds available 
in MAC-seq, we computed Pearson correlations between DMSO-

normalized RNA-seq signatures for compound pairs assigned to

the same morphology-based cluster (‘intra’) versus pairs assigned

to different clusters (‘inter’). Intra-cluster pairs showed significantly

higher transcriptomic correlation than inter-cluster pairs (Wilcoxon

P = 2.1 × 10−5; Fig. 3g), supporting that compounds clustered by 
Untangled also share concordant transcriptional programs.

Next, we assessed whether this concordance generalizes out-

side of ovarian cancer using the Connectivity Map (CMap) [1], 
an independent dataset characterizing gene expression response 
to drug perturbations, focusing on breast, prostate cancer, and 
leukaemia cell lines. Applying Untangled to CMap yielded 175 drug 
clusters. Conservation analysis between CMap transcriptomic-based 
clusters and morphology-based clusters showed significant cluster

conservation across all four ovarian cell lines, indicating consistent

transcriptomic changes in an orthogonal dataset, with stronger

conservation observed in clusters prioritized by Untangled (Fig. 3h, 
Supplementary Fig. S12). Notably, stronger cross-cell-line conservation 
remained significantly associated with greater CMap concordance 
after adjustment for cluster size and compound overlap (β = 0.063;

Linear P = 3.6 × 10−2). 
Finally, using independent pharmacogenomic dataset, Cancer 

Therapeutics Response Portal (CTRP), we investigated if morphology-

defined clusters share c oncordant drug sensitivity profiles across inde-

pendent cancer cell-line panels. Using overlapping drug compounds

(Supplementary Fig. S13a), we show that drug compound pairs 
assigned to the same morphology-defined cluster have significantly 
higher correlation than those assigned to different clusters by

bootstrapping (Bootstrap P = 3.3 × 10−2; Supplementary Fig. S13b). 
This indicates that compounds grouped by morphology exhibit 
more similar sensitivity profiles across diverse cancer cell lines than

expected by chance.

Benchmarking in drug scr eening dataset

To evaluate Untangled’s performance relative to other consensus 
clustering methods in this complex, screening dataset, we evaluated 
whether clusters prioritized by each method were more likely to 
be enriched for biological signal. In the absence of ground-truth 
labels, conservation across cell lines and pathway enrichment 
were used as proxies. Untangled consistently showed the strongest

enrichment of significant clusters in the top quartile relative to the

bottom quartile across cell-line conservation (Untangled Odds Ratio

(OR) = 5.9 ± 0.1, benchmark methods OR = 0.91–1.10) and pathway

enrichment (OR = 4.9 ± 0.2, benchmark methods OR = 0.40–4.31),

outperforming other consensus methods (Fig. 3i). The proportion 
of conserved or enriched clusters between the top and bottom

quartiles showed the same pattern (Supplementary Fig. S14a), 
demonstrating that Untangled’s internal ranking more reliably 
prioritized clusters that reflect true underlying biological programs.

Cluster prioritization enrichment was also robust to parameter

selection (Supplementary Fig. S14b). Lastly, Untangled’s ability to 
prioritize biologically significant clusters also improved with dataset

scale (Supplementary Fig. S14c). 

Application to additional high-dimensional screens

We further demonstrated the ability of Untangled to identify and 
prioritize robust clusters on two additional high-dimensional screen-

ing data. First, when applied to a genome-wide E. coli single gene-

deletion library screened against 324 stress conditions [25], Untan-

gled effectively grouped gene-deletion mutants based on shared phe-

notypic responses to chemical and environmental stressors, iden-

tifying highly robust g ene clusters enriched for shared biological

processes and condition clusters enriched for shared drug targets

(Supplementary Fig. S15). Likewise, in analysing CMap’s transcrip-

tional responses to over 1000 drug perturbations across three other

tumour cell lines (Luminal A breast cancer, prostate cancer, and

leukaemia) [1], Untangled identified drug clusters enriched for shared 
mechanisms of action and disease indications that were conserved

across cancer types (Supplementary Fig. S16). 

Conclusion 
Unsupervised clustering is widely used to discover latent biological 
structure, yet most screening datasets contain nested or hierarchical 
structures, where broad cellular programs subdivide into specific 
pathway states, through which they shape drug response, cellular 
morphology, or transcriptional landscape. While typically treated as 
a tunable hyperparameter, resolution can reflect biological scales 
where data group meaningfully at each level. Coarse partitions can

reflect shared broader upstream processes, while finer partitions

capture downstream subprograms. Current consensus and ensemble

clustering frameworks largely cluster at a single optimal resolution,

improving cluster robustness mainly by aggregating perturbations in

algorithm, hyperparameter, sampling, or label [5, 8–11, 16, 17]. As a 
result, they do not capture strength of relationships across granularity, 
limiting their ability to separate stable biological substructure from

noise-induced partitions.

Untangled addresses this limitation by modelling clustering 
behaviour across resolutions as a natural proxy for biological scales, 
rather than optimizing a single resolution. It builds consensus from 
pairwise co-occurrence across increasing resolution and then ranks 
consensus-derived clusters using measures of internal coherence 
and robustness. Using benchmark and simulated datasets, Untangled 
resolved meaningful clusters with higher purity and more accurately 
recovered nested structure than benchmark methods, highlighting its

utility for partitioning hierarchically structured biological data. Other

methods that do not exploit relationship stability were less likely to

recover distinct sub-clusters confined in hierarchical nodes. While

RSEC performed comparably in nested simulation, its performance

declined as real datasets scaled up, likely due to greater susceptibility

to noise.
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Importantly, Untangled’s strength in screening lies not only in clus-

ter recovery but in cluster prioritization. When applied in real-life 
drug screens, Untangled’s internal ranking more reliably identified 
biologically significant clusters than other consensus methods, priori-

tizing latent drug groupings with shared pathway perturbations that 
converge on similar cellular morphologies. This prioritization lever-

ages multi-resolution stability to distinguish meaningful substruc-

ture from noise-driven associations. In contrast, other frameworks

were less effective at prioritizing biologically significant clusters. In a

screening context, failing to triage noise-induced or unstable clusters

can be particularly costly due to resource-intensive follow-up.

Notably, Untangled’s performance depends on upstream prepro-

cessing, dimensionality reduction and graph construction, and pri-

oritization does not replace the need for orthogonal experimental 
validation. Taken together, these results support Untangled as an 
interpretive framework for large-scale biology screens applicable to 
various data modalities. To facilitate broad adoption, we provide

Untangled as a user-friendly R package, offering a versatile clustering

and prioritization workflow to guide actionable insights from any

highly complex dataset with applications spanning drug discovery,

target identification, and disease subtyping with potential for appli-

cation in non-biological contexts.

Key Points 

• Untangled aggregates pairwise co-assignment patterns across 
increasing clustering granularity to denoise relationships, then 
performs cluster number optimisation and robustness evaluation 
to prioritise the most stable, actionable groupings.

• Across simulated and benchmark datasets, Untangled performs 
comparably to existing methods for independent cluster recovery, 
while more accurately resolving nested or hierarchical substruc-

ture and capturing higher-purity clusters when meaningful varia-

tion exists within ground-truth classes.

• In ovarian cancer drug profiling screens, Untangled demonstrates 
high utility for target prioritisation by ranking robust morphology-

defined drug clusters enriched for shared mechanisms and con-

served across cell lines and orthogonal drug-response modalities.

• Untangled generalises across diverse data modalities and is pro-

vided as a user-friendly R package to support efficient clustering 
and prioritisation in complex, high-dimensional biological screens.
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