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Abstract

Sequence analysis involves the examination and interpretation of genetic and genomic 

data, particularly the order of nucleotides, adenine, cytosine, guanine, and thymine, in 

DNA and RNA molecules. Accurate and precise sequence analysis is critical, as it enables 

the detection of genetic variations and mutations linked to diseases such as cancer and 

informs the development of effective treatments. This dissertation presents a multi-faceted 

approach to enhancing modern sequencing pipelines, addressing four complementary 

problems across long-read and single-cell technologies.

First, we investigate the per-base quality scores produced by Pacific Biosciences high 

fidelity (HiFi) circular consensus sequencing. By comparing these scores against a vali-

dation dataset, we identify systematic deviations from empirical error rates and describe 

a deep learning method, TopoQual, that corrects these discrepancies through topologi-

cal analysis of partial order alignment graphs combined with learned recalibration. The 

improved scores are validated on an umbilical cord blood sample and shown to track em-

pirical error rates more closely than both the original PacBio scores and DeepConsensus, 

while simultaneously polishing approximately 32% of the errors present in the input con-

sensus reads.

Second, we address the computational cost of partial order alignment (POA), the mul-

tiple sequence alignment method that underlies both consensus generation and the pro-

posed quality score recalibration. While POA preserves more information than sequential 

pairwise alignment, its quadratic time and memory complexity make it impractical on long 

reads such as PacBio HiFi. We extend the longest common subsequence with k-mer 

matches (LCSk++) algorithm to graph structures and present LCSkPOA, a banded POA 

method that achieves up to a 60 times speedup over unbanded SPOA on long synthetic 

sequences while maintaining alignment accuracy above 99% on real HiFi data.

Third, we focus on the demultiplexing of pooled single-cell ribonucleic acid sequenc-
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ing (scRNA-seq) data, specifically enhancing the clustering performance of the Soupor-

cell method. Existing genotype-based demultiplexing tools were primarily designed and 

benchmarked on pools of 16 or fewer donors, beyond which clustering quality degrades 

sharply. We present Souporcell3, which combines a 10x-merge cluster initialization strat-

egy, deterministic annealing-enhanced K-Harmonic Means clustering, and iterative re-

finement with bad-cluster reinitialization and good-cluster locking. Souporcell3 achieves 

near-perfect adjusted Rand index scores and zero incorrectly merged clusters at donor 

counts of up to 64, substantially outperforming Vireo, overclustered Vireo, and the original 

Souporcell.

Fourth, we extend the clustering paradigm to spatial single-cell transcriptomics, where 

the goal shifts from demultiplexing donors to assigning cells to anatomically distinct tissue 

domains. By analysing Slide-seqV2 mouse cerebellum and Visium human dorsolateral 

prefrontal cortex (DLPFC) data under a suite of probabilistic models, we show that the 

negative binomial likelihood and generalised linear model principal component analy-

sis (GLM-PCA) embedding exhibit complementary failure modes: the negative binomial 

loss is precise but has narrow range, while GLM-PCA provides wide global separation 

but is insensitive to small gene-level differences between transcriptionally similar layers. 

Motivated by this observation, we present SpaceCell, a three-stage method that first clus-

ters cells with a Gaussian mixture model on the GLM-PCA embedding, then refines the 

partition by iteratively selecting the most representative cells under a negative-binomial 

discriminability score, and finally assigns the remaining cells using Leiden community de-

tection on a graph whose edge weights combine negative binomial dissimilarity with spatial 

distance. SpaceCell improves cluster assignment accuracy over baseline k-means++ and 

Gaussian mixture model clustering on both datasets and offers a flexible framework for 

emerging spatial platforms such as Slide-seq and Visium HD.

Together, these contributions improve the accuracy, efficiency, and applicability of se-

quence analysis pipelines across both long-read and single-cell technologies, with direct 
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implications for variant calling, genome assembly, and population-scale single-cell stud-

ies.
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Chapter 1

Introduction

This dissertation studies two related sets of problems in sequence analysis, with a 

focus on improving the accuracy and applicability of modern sequencing technologies. 

The first part addresses long-read sequencing, where we investigate base quality score 

correction, read polishing, and multiple sequence alignment in Pacific Biosciences HiFi 

reads [1]. We present TopoQual [2], a method for correcting base-level quality scores 

and polishing consensus reads, and LCSkPOA [3], a banding strategy that enables fast 

partial order alignment on long reads. Together, these methods improve the accuracy of 

base-level information available to downstream bioinformatics pipelines and reduce the 

computational cost of the alignment substrate they depend on. This is particularly impor-

tant for somatic variant calling in cancer genomics [4–6], where the true mutations occur 

at frequencies below the per-base error rate of any single sequencing read, and where 

miscalibrated base quality scores yield false-positive variant calls that must be filtered 

downstream [7, 8].

The second part addresses single-cell sequencing, where improvements to demulti-

plexing and clustering enable cost-effective multiplexed experiments [9–11] and unlock the 

analysis of emerging spatial transcriptomics modalities. A common limitation in droplet-

based scRNA-seq demultiplexing is the breakdown of clustering quality as the number 

of pooled donors increases [9], while methods adapted to spatial single-cell technolo-

gies such as Slide-seq and Visium HD remain scarce. We present Souporcell3 [12], an 

enhanced genotype-based demultiplexing method that scales to high donor counts, and 
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SpaceCell, a clustering method designed for spatial single-cell datasets. Beyond single-

cell applications, these methods also help with the broader problem of clustering high-

dimensional, sparse, non-Gaussian data [13–15], where classical clustering algorithms 

tend to fail.

Section 1.1 elaborates the motivation for the first part of the dissertation, while Sec-

tion 1.2 proposes the reasoning behind the second part. Section 1.3 describes the orga-

nization of this dissertation.

1.1 Motivation for studying HiFi long-read consensus and alignment

Sequence analysis is the process of examining and interpreting sequences of biologi-

cal data, particularly in the context of genetics and genomics [16]. In genetics, sequence 

analysis involves studying the order of nucleotides (adenine, thymine/uracil, cytosine, and 

guanine) in DNA or RNA molecules. This analysis can include tasks such as identifying 

genes, predicting protein structures and functions, studying evolutionary relationships, 

and detecting variations or mutations associated with diseases. There are various tech-

niques and tools used in sequence analysis, including alignment algorithms to compare 

sequences [17–19], statistical models to infer evolutionary relationships [20], and bioinfor-

matics software to analyze large datasets [21]. Sequence analysis plays a crucial role in 

fields like molecular biology, genetics, evolutionary biology, and personalized medicine, 

contributing to our understanding of biological systems and informing clinical decision-

making.

Single-molecule sequencing accurately determines the nucleotide composition of indi-

vidual DNA molecules without the need for amplification before library preparation [22, 23]. 

This is a critical distinction from short-read platforms such as Illumina [24], which require 

PCR or bridge amplification prior to sequencing. During amplification, errors are intro-

duced that propagate into every downstream read derived from that template [25], and no 

matter how accurate the subsequent base calling is, these amplification-introduced errors 
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place a hard ceiling on the achievable per-base accuracy of the platform. This ceiling is 

especially problematic for somatic variant calling, where the true variants of interest occur 

at frequencies of roughly 25 mutations per cell per year of life [26, 27], below the error 

rates introduced during PCR amplification [25]. Single-molecule platforms avoid this am-

plification cap entirely, making them uniquely suited for high-sensitivity variant detection 

and for applications such as cancer genomics [4, 28] where the signal of interest lies at 

very low allele frequencies.

Pacific Biosciences and Oxford Nanopore [29] are leading providers of single-molecule 

sequencing platforms. The focus of this work lies on Pacific Biosciences’ circular consen-

sus sequencing, also known as high fidelity (HiFi) technology [30].
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Figure 1.1: PacBio HiFi sequencing overview. Hairpin adapters are ligated to both ends 

of a DNA molecule to form a circular construct. A strand-displacing DNA polymerase 

replicates this circular template, generating multiple subreads that are consolidated into a 

high-accuracy consensus sequence. Adapted from PacBio.
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In PacBio HiFi sequencing, hairpin adapters are ligated to both ends of a DNA molecule 

to form a circular construct [31]. A strand-displacing DNA polymerase then continuously 

replicates this circular template, enabling multiple passes around the molecule. The re-

sulting subreads, comprising sequences from both the forward and reverse strands, are 

extracted and used to generate a high-accuracy consensus sequence [32]. Combined with 

enhanced polymerase processivity, this approach allows for numerous complete passes 

over the same molecule, as illustrated in Figure 1.1.

The polymerase itself is held inside a zero-mode waveguide (zero-mode waveguide

(ZMW)) [23], a nanoscale chamber smaller than the wavelength of visible light. This sub-

wavelength design enables the optical isolation of a single polymerase molecule, but the 

resulting signal-to-noise constraints limit the accuracy of any single subread to roughly 

85%. HiFi sequencing overcomes this per-pass limit by consolidating the many subreads 

of a single circular template into a consensus sequence [1]. Under the assumption that 

errors across passes are largely uncorrelated [1, 31], the theoretical accuracy of this con-

sensus is bounded only by the number of independent passes, in principle allowing for 

per-base accuracies on the order of 1 − 10−9 or better.

The adoption of HiFi sequencing benefits a variety of downstream applications, namely, 

(1) enabling more complete de novo genome assemblies [33–35], (2) improving the de-

tection of structural variants [36], (3) resolving repetitive and previously inaccessible re-

gions of the genome [37, 38], and (4) supporting accurate small-variant calling in both 

germline and somatic contexts [39–41]. Despite these advantages, the HiFi pipeline con-

tains several components that remain either proprietary or under-explored in the litera-

ture. In particular, the method used to generate consensus sequences from subreads is 

not publicly available in full detail, the per-base quality scores reported by the platform are 

systematically overestimated relative to empirically observed error rates [2], and the multi-

ple sequence alignment step required for consensus calling is computationally expensive 

at long read lengths [19, 42].
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The per-base quality scores associated with HiFi reads are critical inputs to virtually 

every downstream bioinformatics tool, including variant callers [7, 8, 40, 41] and polishing 

pipelines [39, 43]. If these quality scores are systematically miscalibrated, as we observe 

to be the case for HiFi reads, downstream callers weight unreliable bases as if they were 

reliable, leading to inflated false-positive rates for low-frequency variants such as somatic 

mutations [26, 27]. Existing consensus tools also treat all base positions uniformly without 

explicitly accounting for the systematic error patterns of single-molecule sequencing [39, 

43], leaving consensus errors that are not well corrected by the standard procedure. Ac-

curate base quality estimation and post-consensus polishing are therefore direct prereq-

uisites for reliable variant detection in clinical and research applications.

The consensus sequence is built by aligning all subreads of a single circular template 

to each other, which is itself a multiple sequence alignment problem. Optimal multiple 

sequence alignment of k sequences of length n has a worst-case runtime of 𝒪(𝑛𝑘) un-

der standard dynamic programming [17, 18], which is intractable for HiFi reads where n 

greater than 10,000 and k can exceed 10 subreads. Partial order alignment (POA) [19] ap-

proximates this problem by iteratively aligning each subread to a growing sequence graph 

and finding the consensus as the highest-supported path through that graph, reducing the 

effective runtime to roughly 𝒪(𝑛2) per subread. While an approximation, POA works well 

in practice [19, 43] and forms the basis of most modern long-read consensus pipelines. 

However, the quadratic memory and time complexity still makes plain POA impractical for 

HiFi reads without aggressive banding [42], and standard banding strategies that work 

well for short reads [44, 45] do not necessarily transfer to long reads where insertion and 

deletion errors shift the alignment band across long stretches.

Improving the HiFi pipeline is a complicated task that can be approached from a variety 

of directions. One method is to introduce model components that explicitly handle the 

dominant error modes of the platform through post-consensus polishing [2, 43]. A second 

direction is to recalibrate the quality scores produced by the platform against empirically 
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observed error rates, so that downstream tools receive better-calibrated inputs [46, 47]. A 

third method involves redesigning the alignment substrate of consensus calling to maintain 

accuracy while reducing the computational footprint on long reads [42, 48, 49]. Each of 

these directions addresses a distinct failure mode of the existing pipeline and together 

they target the consensus, quality estimation, and alignment stages of HiFi processing.

The work in Chapters 2 and 3 follows the aforementioned directions to design and 

evaluate improvements to the HiFi processing pipeline. First, we develop a more accu-

rate method for predicting base-level quality scores by combining a topological analysis of 

the partial order alignment graph with a deep learning model trained against empirical error 

rates observed in alignments to high-quality reference assemblies, and we use the same 

framework to polish residual errors in the consensus read. Second, we investigate alter-

native banding strategies for subread POA based on longest common subsequence (LCS) 

variants [48–50] to enable efficient alignment without sacrificing the accuracy required by 

the consensus step. The proposed methods are evaluated against a cord blood sam-

ple which we sequenced and is now publicly available (SRA biosample accession PR-

JNA1128051) and simulated reads [51] to quantify their effect on quality score calibration, 

polishing accuracy, and alignment runtime and memory.

The results of the studies in Chapters 2 and 3 confirm a variety of hypotheses regarding 

the HiFi pipeline. It is validated that the proposed polishing strategy improves consensus 

accuracy without compromising accuracy in unaffected regions of the read. This improved 

consensus, in turn, has a positive impact on the quality of downstream variant calls [7, 8]. 

The recalibrated quality scores are shown to track empirical error rates more closely than 

the scores reported by the platform, addressing a known limitation of existing HiFi quality 

estimation [2]. The alternative banding strategies are also shown to substantially reduce 

the memory and runtime cost of subread POA while maintaining alignment accuracy com-

parable to standard approaches [19, 42]. As such, the results provide a strong argument 

for integrating these refinements into the HiFi processing pipeline to improve the reliability 
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of long-read sequence analysis.

1.2 Motivation for improving demultiplexing in single-cell RNA sequencing

Although improvements to long-read sequencing can provide more accurate base-level 

information for downstream pipelines (see Chapters 2 and 3), they do not address a com-

plementary class of problems that arise specifically in single-cell experiments. scRNA-seq 

is a technology developed by 10x Genomics that isolates individual cells and sequences 

the messenger ribonucleic acid (RNA) (mRNA) within each cell [52, 53]. This allows re-

searchers to analyze gene expression at the single-cell level, enabling the study of cellular 

heterogeneity, identification of distinct cell types, and insights into complex biological pro-

cesses [54, 55].

Figure 1.2: Overview of the droplet-based single-cell RNA sequencing scRNA-seq pro-

cedure, from sample preparation to sequencing library. Individual cells are encapsulated 

in droplets with uniquely barcoded beads, lysed within each droplet, and their messenger 

RNA is captured, reverse-transcribed, and tagged with cell-specific barcodes. The bar-

coded cDNA from all cells is then pooled and prepared as a single sequencing library, 

with the cell-of-origin recoverable from the barcode after sequencing. Adapted from 10x 

Genomics.

While the primary purpose of scRNA-seq is to measure per-cell expression profiles 

and characterize cellular heterogeneity [54, 55], the same reads also incidentally capture 

genetic variants distributed across the transcribed regions of the genome. When multiple 

25



individuals are pooled into a single experiment to reduce per-donor cost, minimize tech-

nical batch effects, and improve doublet [56, 57] and ambient RNA [58] detection, the 

natural genetic differences between individuals, visible as variant calls in the scRNA-seq 

reads themselves, can be used to assign each cell back to its donor of origin without re-

quiring a separate genotyping step. Souporcell is a state-of-the-art method that achieves 

this by using expectation-maximization clustering on the variants observed in each cell [9]. 

Souporcell and similar tools [10, 11] have established the genotype-based demultiplexing 

paradigm, but they were primarily designed and benchmarked on pools of relatively few 

donors [59].

Clustering under any non-trivial loss function is an NP-hard problem in the number 

of data points [13, 60], and the difficulty scales further with the number of clusters: no 

algorithm with better runtime than 𝒪(𝑘𝑛) is known for k clusters and n data points [61]. As 

the donor count increases, the variant signal available for distinguishing any single pair of 

donors also becomes sparser per cell. This sparsity is intrinsic to scRNA-seq: any given 

cell expresses only a fraction of the genome at detectable levels, and combined with limited 

experimental yield, only about 5% of variant loci are sampled per cell [52]. Empirically, 

while Souporcell can accurately demultiplex pools of up to 16 donors [9], beyond that 

scale existing methods tend to produce incorrectly merged clusters and low adjusted Rand 

index scores [62, 63] relative to ground truth. This is a problem because the economic 

and statistical benefits of multiplexing scale with the number of donors per pool [64]. A 

robust demultiplexing method that scales to higher donor counts is therefore needed to 

fully exploit the multiplexing capabilities of modern droplet-based platforms [65].

A related but distinct clustering problem arises in emerging spatial single-cell tech-

nologies such as the Slide-seq platform and Visium HD. Unlike the demultiplexing task 

discussed above, where the goal is to assign cells to their donor of origin using geno-

type information, the spatial clustering problem is one of identifying distinct cell types

based on the expression patterns of imaging-resolved targeted gene panels [66]. These 
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platforms differ from droplet-based scRNA-seq in both the structure of their measure-

ments (imaging-based targeted panels with spatial coordinates rather than droplet-isolated 

whole-transcriptome libraries) and in the analyses they enable, but they share with droplet-

based scRNA-seq the underlying challenge of clustering high-dimensional, sparse expres-

sion data into biologically meaningful groups [66]. Existing clustering methods developed 

for whole-transcriptome scRNA-seq do not necessarily translate to the targeted, imaging-

based modality of these platforms, and a separate methodological effort is needed to 

enable robust cell-type assignment in this setting.

The studies in Chapters 4 and 5 address these limitations and are guided by the fol-

lowing research questions:

1. How can genotype-based clustering be extended to robustly demultiplex pools of 

more than 16 donors in droplet-based scRNA-seq?

2. Which algorithmic choices in the clustering pipeline (e.g., variant selection, initializa-

tion, regularization) are responsible for the breakdown of existing methods at high 

donor counts?

3. How can the clustering paradigm be adapted to identify distinct cell types in spa-

tial single-cell data, where measurements come from imaging-based targeted gene 

panels rather than droplet-isolated whole-transcriptome reads?

The results of Chapters 4 and 5 provide empirical evidence that, despite the popular-

ity of expectation-maximization clustering on variant matrices for demultiplexing droplet-

based scRNA-seq [9, 10], modifications to initialization [67] and clustering objectives [14, 

15, 68, 69] can substantially improve the adjusted Rand index in high-donor pools rel-

ative to the existing state of the art. Furthermore, we show that a clustering approach 

adapted to imaging-based spatial measurements enables robust cell-type identification 

on platforms such as Slide-seq and Visium HD, where existing methods developed for 

whole-transcriptome scRNA-seq do not directly apply. We show examples in which the 
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proposed methods recover donor identities and cell-type assignments more accurately 

than the baselines when tested against real-world multiplexed and spatial datasets [70–

72]. To the best of our knowledge, this is among the first works to comprehensively as-

sess genotype-based demultiplexing at high donor counts and to extend the clustering 

paradigm to spatial single-cell modalities.

1.3 Dissertation Organization

This dissertation is organized as follows. Chapter 2 presents methods for quality score 

correction and sequence polishing of PacBio HiFi reads, including a post-consensus pol-

ishing strategy and a recalibrated method for predicting base-level quality scores from 

empirical error rates. The proposed methods are evaluated against publicly available HiFi 

datasets and reference genomes. Chapter 3 describes alternative banding strategies for 

partial order alignment of HiFi subreads, leveraging LCS-based seeding to substantially re-

duce the runtime and memory footprint of subread alignment without sacrificing accuracy. 

Chapter 4 presents a new method for genotype-based demultiplexing of droplet-based 

scRNA-seq at high donor counts, including modifications to initialization, and clustering 

objectives that extend the practical donor-count limit of existing tools. Chapter 5 describes 

a clustering approach for assigning spatial single-cell data into distinct cell types on plat-

forms such as Slide-seq and Visium HD, where existing methods developed for whole-

transcriptome scRNA-seq do not directly apply. Chapter 6 concludes the dissertation with 

a summary of the contributions made and notes for future research. 
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Chapter 2

Quality Score Correction and Sequence Polishing

This chapter presents TopoQual, a method for correcting per-base quality scores and 

polishing the consensus sequences of Pacific Biosciences HiFi reads. This method is pub-

lished in BMC bioinformatics journal [2]. Section 2.1 motivates the study and describes the 

evidence for systematic overestimation of HiFi base quality scores. Section 2.2 provides 

evidence for overestimation of base quality scores of HiFi reads. Section 2.3 describes 

the proposed method, including the partial order alignment-based extraction of parallel 

bases and the deep learning model used to predict recalibrated quality scores. Section 2.4 

presents the results of the proposed method on a validation dataset and compares its 

performance against the original PacBio quality scores and DeepConsensus. Section 2.5 

discusses the implications of the results and limitations of the proposed approach.

2.1 Motivation

Pacific Biosciences recently released their HiFi sequencing technology, in which a 

hairpin adapter is attached to each end of a DNA molecule to form a circular construct [1, 

31]. Using a strand-displacing DNA polymerase, the platform sequences the full circular 

construct multiple times [1]. The resulting subreads, corresponding to the forward and 

reverse strands, are then separated and used to construct a consensus sequence. Com-

bined with improvements in DNA polymerase processivity, this approach allows for many 

independent passes over the same circular molecule [30].

Because the errors on each sequencing pass are largely independent of one another, 
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the accuracy of the resulting consensus sequence is theoretically limited only by the num-

ber of passes and the quality of the multiple alignment used to reconcile the subreads. 

This produces long (15 kb+) and highly accurate (99.9%+) reads, with some bases reach-

ing a theoretical accuracy on the order of 1 − 10−9 or higher, assuming no upstream error 

sources, optimal multiple alignment, and truly independent measurements [1]. This tech-

nology has revolutionized genome assembly [33, 37, 38], structural variant analysis [36], 

and other aspects of genomics.

However, when PacBio estimates the quality of each base, it assigns many bases 

a Phred-scaled quality score [47] of 93, corresponding to a theoretical accuracy of 1 −

10−9.5. When compared against a sample with nearly perfect ground-truth knowledge, 

these bases only validate at approximately Q45. Therefore, the reported quality score 

estimates cannot be trusted at face value. The goal of this chapter is to develop a system 

that not only estimates these quality scores accurately, but also corrects some of the errors 

introduced by the consensus base calling algorithms currently in use.

2.2 Evidence for Overestimation of Quality Scores

This section presents five lines of evidence supporting the claim that HiFi base quality 

scores are systematically overestimated.

2.2.1 Experiment with Umbilical Cord Blood

The observation that PacBio HiFi sequences overestimate their base qualities is sub-

stantiated by our analysis of a 9-month-old umbilical cord blood sample, which should the-

oretically harbor minimal somatic variants due to its young age. Contrary to expectations, 

our results revealed a substantial number of apparent somatic variants (mismatches), sug-

gesting the presence of errors in the sequencing data rather than true somatic mutations.

The primary dataset is a 9-month-old cord blood granulocyte sample (PD47269d) with 
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an average read length between 16 kb and 20 kb and approximately 30× coverage. This 

sample is expected to contain only a small number of somatic mutations (approximately 

675 variants across the genome) given the average somatic mutation rate of roughly 25

per cell per year [26, 27]. Because we treat every mismatch that is not a known germline 

variant as a potential error, the theoretical maximum validatable quality value, under the 

assumption that all observed mismatches were true somatic variants, would be Q76, com-

puted as follows.

Expected somatic mutations (whole genome) = 675 (2.1)

Expected somatic mutations (35% genome used) = 236 (2.2)

Total bases used in testing = 10.67 Gb (2.3)

Theoretical maximum quality = −10 log10(
236

10.67 × 109
) ≈ 76 (2.4)

However, when we analyzed the actual errors and computed the empirical quality score, 

an effective base quality of only Q45 was obtained. This discrepancy indicates that the 

true confidence in the accuracy of these bases is much lower than the reported quality 

score, supporting the claim that HiFi sequences systematically overestimate their base 

qualities.

2.2.2 DeepConsensus Recalibrates Quality Scores

There is independent evidence to suggest that PacBio HiFi base quality scores are 

overestimated. DeepConsensus [39], a deep learning-based method designed to improve 

the accuracy of PacBio HiFi sequences, implicitly performs a form of quality score recali-

bration. In our analysis, DeepConsensus produces base quality scores that are generally 

lower than the original values provided by the sequencing platform, as illustrated in Fig-

ure 2.1. This indicates that the initial base quality scores in PacBio HiFi reads are often 

inflated and do not accurately reflect the true error rates. By providing more realistic base 
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quality assessments and improving the underlying sequence quality, DeepConsensus en-

hances the precision of downstream processes such as germline and somatic variant de-

tection, supporting the claim that using uncorrected HiFi quality scores can lead to errors, 

particularly in somatic variant calling. The method proposed in this chapter, TopoQual, 

improves on this approach by combining algorithmic analysis of partial order alignments 

with deep learning over those and other signals.

Figure 2.1: Comparison of base quality scores at a mismatch reference position 

chr3:5,084,593 between DeepConsensus (bottom) and the original PacBio (top), as 

viewed in the Integrative Genomics Viewer (IGV).
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2.2.3 Somatic Mutation Likelihood and Examples

Both Strelka2 [7] and Mutect2 [8] utilize base quality scores in their statistical models 

for somatic mutation detection. To illustrate the practical consequences of overestimated 

quality scores, we present a simplified somatic mutation likelihood calculation analogous 

to those used by these callers.

The probability of observing the data given an error is derived directly from the Phred 

scaling of the base quality score:

Qual = −10 log10 𝑃(𝐷 ∣ 𝐸) ⟹ 𝑃(𝐷 ∣ 𝐸) = 10−Qual/10. (2.5)

For multiple independent reads supporting the same base, the per-base error probabilities 

are multiplied. For example, two Q93 bases yield 𝑃(𝐷 ∣ 𝐸) = 5 × 10−10 × 5 × 10−10 =

2.5 × 10−19.

The posterior likelihood that a base is a true somatic mutation can then be expressed 

as

𝑃(𝑆 ∣ 𝐷) = 𝑃(𝐷 ∣ 𝑆) 𝑃(𝑆)
𝑃(𝐷 ∣ 𝑆) 𝑃(𝑆) + 𝑃(𝐷 ∣ 𝐸) 𝑃(𝐸)

, (2.6)

where 𝑃(𝑆) = 10−6 is the average somatic mutation prior used by both Strelka2 [7] and 

Mutect2 [8], derived from the expected rate of somatic variants in an average human 

sample [28]; 𝑃(𝐸) = 1 − 𝑃(𝑆) is the probability of an error, with germline mutation rates 

and reference bias ignored for simplicity; and 𝑃(𝐷 ∣ 𝑆) ≈ 1.

We present two examples in which the recalibrated quality score from TopoQual does 

not call the base as a somatic mutation, whereas the PacBio quality score would. A pos-

terior cutoff threshold of 0.9 (Q10) is used.

Example 1 (chr3:5,170,774). See Figure 2.2.

• PacBio: Qual = 93; error rate = 5.0 × 10−10; 𝑃(𝑆 ∣ 𝐷) = 0.9995 (Q33, PASS for 

somatic).
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• TopoQual: Qual = 23; error rate = 5.0 × 10−3; 𝑃(𝑆 ∣ 𝐷) = 2.0 × 10−4 (Q0, below 

threshold).

Figure 2.2: Comparison of base quality scores at a mismatch reference position 

chr3:5,170,774 between TopoQual and the original PacBio, as viewed in the Integrative 

Genomics Viewer (IGV).

Example 2 (chr21:13,220,919). See Figure 2.3.

• PacBio: Qual = 93; error rate = 5.0 × 10−10; 𝑃(𝑆 ∣ 𝐷) = 0.9995 (Q33, PASS for 

somatic).

• TopoQual: Qual = 28; error rate = 1.6 × 10−3; 𝑃(𝑆 ∣ 𝐷) = 6.3 × 10−4 (Q0, below 
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threshold).

Figure 2.3: Comparison of base quality scores at a mismatch reference position 

chr21:13,220,919 between TopoQual and the original PacBio, as viewed in the Integrative 

Genomics Viewer (IGV).

In both examples, the recalibrated quality score from TopoQual indicates that the mis-

match is most likely an error, while the original PacBio quality score would lead a down-

stream variant caller to report a false-positive somatic mutation.
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2.2.4 Communication with PacBio

Through private communication with PacBio, including discussions with a collaborator 

employed directly at PacBio, we have confirmed that the issue of overestimated quality 

scores in certain regions of the genome is known and recognized internally. PacBio has 

acknowledged that while HiFi reads offer high accuracy in most contexts, in some specific 

regions, particularly repetitive or structurally complex areas of the genome [73, 74], the 

reported quality scores can be inflated. PacBio is aware of these limitations and has 

indicated that they are actively working on refining their algorithms to address the issue. 

This confirmation strengthens the claim that the overestimation of quality scores, while 

not yet widely reported in the literature, is a real and acknowledged problem in specific 

genomic contexts.

2.3 Method

Figure 2.4: The quality score estimation strategy of TopoQual. Subreads are aligned 

together with the current consensus sequence using partial order alignment. Potential 

alternative bases in the multiple alignment are detected by identifying parallel bases in 

the POA graph. These signals, along with several others, are passed to a deep learning 

model that outputs a recalibrated quality score.
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We present TopoQual, a tool for polishing HiFi consensus sequences and produc-

ing precise base quality scores through the use of parallel (potential alternative) bases 

identified in the partial order alignment of subreads. The overall workflow of TopoQual is 

illustrated in Figure 2.4.

To begin, TopoQual performs POA multiple alignment of the subreads together with 

the current consensus sequence [19]. We then use our algorithm, TopoCut (described 

below), to identify the parallel bases of the calling base in the POA graph. These parallel 

bases from TopoCut are used to correct the original base call if an alternate base has a 

higher count than the original base. Additionally, the parallel bases, in conjunction with the 

trinucleotide sequence context of the read and the target base’s reported quality score, 

are passed as input to a deep learning model which outputs a corrected quality score.

During training, the deep learning model treats mismatched bases that are not known 

germline variants as errors, because the number of true somatic mutations in the umbilical 

cord blood data is expected to be much smaller than the number of observed mismatches. 

While a high-quality reference genome is necessary for the training of this model, it is not 

required at inference time: new datasets can be polished and recalibrated using only the 

subreads.

2.3.1 Partial Order Alignment and Parallel Bases

The partial order alignment data structure [19] is a graph that captures rich details 

about the structure of aligned sequences, allowing analysis of alternate pathways from 

the target base’s path. We define these alternate pathways as parallel bases. We use 

POA because it guarantees the optimal alignment of a new sequence with respect to 

the set of sequences already in the graph. POA works by extending standard dynamic 

programming sequence alignment [17, 18] to operate on partial order graphs, adding a 

new sequence to the graph at each step.
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2.3.2 TopoCut: Identifying Parallel Bases

TopoCut is the algorithm used by TopoQual to extract parallel bases from the partial 

order alignment graph. To accurately find the parallel bases, TopoCut first performs POA 

multiple sequence alignment using the circular consensus sequencing (CCS) read and its 

associated subreads. This yields a partially ordered graph in which sequence letters are 

represented by nodes and the number of agreeing sequences at each step is represented 

by edge weights. The nodes are then sorted in topological order and ranked accordingly. 

In this sorted graph, TopoCut makes a cut immediately in front of the calling base and 

identifies the edges that intersect this cut; these edges define the parallel bases.

For example, consider the calling base C with topological rank 5 in Figure 2.4. First, the 

parent edge weight of the calling base C is added to the parallel base count. Then, parent–

child rank pairs that sandwich the calling base C are identified (3 → 6, 3 → 7, 4 → 7), and 

their corresponding edge weights are added to the parallel base count, yielding the final 

parallel base distribution [𝐴 = 1, 𝐶 = 5, 𝐺 = 0, 𝑇 = 0]. The total parallel base count is 

6, which agrees with the total number of sequences, so no further action is required.
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Figure 2.5: Topoqual Algorithm

Algorithm. The TopoCut_Identify_Parallel_Bases routine accomplishes the above by 

adding the calling base’s weight in the graph to the parallel bases array, then adding 

the corresponding parent edge weights for any parent–child rank pairs that sandwich the 

calling base’s rank. If the count of parallel bases does not sum to the total number of 

sequences, the process is repeated in reverse to capture any remaining contributions.

2.3.3 Deep Learning Model

The deep learning model is the core of TopoQual: it takes in various features computed 

from the read and outputs a recalibrated quality score. The inputs to the model include 

the trinucleotide sequence context of the read, the PacBio CCS quality score, the parallel 

base distribution from TopoCut, the average inter-pulse duration, the average pulse width, 
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and the signal-to-noise ratio of the bases [31]. During the training phase, the model is 

supervised with labels of 0 for reference-mismatched bases and 1 otherwise. To prevent 

overfitting, dropout [75] is applied between hidden layers, and the model is optimized using 

Adam [76].

2.4 Results

2.4.1 Sequence Polishing

TopoQual performs partial order alignment using PacBio CCS reads and their sub-

reads to obtain parallel bases. Within this process, various mismatches with the reference 

genome are corrected using three distinct techniques: (i) the parallel base distribution 

prefers a different base, (ii) the POA consensus deletes a base, and (iii) the POA consen-

sus substitutes a base. Figure 2.6 illustrates the polishing of T→X mutations stratified by 

the three-base sequence context.

40



Figure 2.6: Errors present before (top) and after polishing (bottom) by TopoQual in the val-

idation dataset for T to X mutations, stratified by the three correction types (parallel bases 

prefer a different base, POA consensus deletes a base, and POA consensus substitutes 

a base) on chromosome 2.

The sensitivity and specificity of sequence polishing are 31.9% and 99.6%, respectively. 

The percentages of errors corrected at each step are summarized in Table 2.1.
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Table 2.1: Percentage of errors corrected by TopoQual using each technique. Total bases 

analyzed: 11Gb; errors present: 1.8Mb.

 Polished by method  Number of bases polished (% of errors) 

POA substitution  166 Kb (9.0%) 

POA deletion  66 Kb (3.5%) 

 Parallel bases  361 Kb (19.5%) 

 TopoQual (total)  594 Kb (31.9%) 

Table 2.2 compares the error rates and maximum validated quality scores (Max Q) 

of PacBio, DeepConsensus [39], and TopoQual across seven chromosomes (chr2, chr3, 

chr4, chr18, chr19, chr20, and chr21). For each chromosome, TopoQual consistently 

exhibits lower error rates and, in most cases, higher Max Q scores than the other meth-

ods. Specifically, TopoQual achieves a higher Max Q for all chromosomes except chr4 

and produces approximately 0.06% lower error rates across all chromosomes. These 

improvements demonstrate TopoQual’s superior performance in reducing errors and pro-

ducing better-calibrated base quality scores compared to PacBio and DeepConsensus.
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Table 2.2: Results of different methods on the validation dataset, average subread depth 

= 10.

 PacBio  DeepConsensus  TopoQual

 Chr  Err/Total  Max Q  Err/Total  Max Q  Err/Total  Max Q 

 chr2  562K/3.3G  46  585K/3.8G  49  263K/2.7G  54 

 chr3  431K/2.6G  47  530K/3.1G  45  283K/2.6G  52 

 chr4  379K/2.4G  48  431K/2.7G  48  246K/2.4G  47 

 chr18  149K/0.96G  49  178K/1.1G  47  96K/0.96G  54 

 chr19  144K/0.74G  44  166K/0.9G  44  100K/0.74G  48 

 chr20  126K/0.78G  49  145K/0.92G  50  82K/0.78G  59 

 chr21  63K/0.37G  46  85K/0.52G  47  42K/0.37G  51 

2.4.2 Comparison of Quality Scores Against PacBio and DeepConsensus

PacBio and DeepConsensus both report Phred-scaled quality score outputs [1, 39] 

ranging from 1 to 93, corresponding to base call accuracies of 20% to 99.99999995%. Con-

sensus and polishing algorithms aim both to identify the correct base and to assign an 

accurate assessment of the likelihood of that base being erroneous. To evaluate calibra-

tion, we count mismatches to the reference genome that are not known germline variants 

as errors. This procedure overlooks true somatic mutations and counts them as errors; 

however, because the validation dataset is derived from umbilical cord blood, the number 

of true somatic mutations is much smaller than the number of observed mismatches (675

versus 524,575). This yields a theoretical maximum validatable quality of approximately 

Q80 if the only observed mismatches were somatic mutations (see the supplementary 

derivation in Section 2.2.1).

Figure 2.7 illustrates the algorithm-reported base quality scores (x-axis) compared to 

the corresponding empirical base qualities computed from mismatches in chromosome 2

of the validation dataset (y-axis). The two marginal plots show the density distribution of 
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base counts at each quality value.

Figure 2.7: Quality score validation comparison of different methods on chromosome 2. 

Well-calibrated quality scores are expected to fall on the diagonal. Marginal plots show 

the distribution of base counts.

At lower quality levels, both PacBio and DeepConsensus exhibit fewer errors than 

anticipated, but at higher quality levels both methods surpass the expected error rates. 

PacBio reaches a maximum validated quality of 46, while DeepConsensus achieves 49. 

TopoQual produces quality scores that align with the actual observed error rates at both 

lower and higher quality levels, reaching a maximum validated quality of 54.

The distribution of quality scores in PacBio and DeepConsensus is heavily concen-

trated near the maximum value of 93, even though the actual measured quality is well 

below this value. TopoQual more accurately measures the validated quality scores, which 

are roughly normally distributed as expected. Despite the broader range of quality scores 

produced by TopoQual, the count of high-quality (> Q45) bases is equivalent to that of 

PacBio to within ±1%.
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2.5 Discussion

The results presented in this chapter demonstrate that the per-base quality scores 

produced by PacBio HiFi sequencing are systematically overestimated, particularly at the 

high end of the Phred scale, and that this overestimation has practical consequences for 

downstream variant calling. The proposed method, TopoQual, addresses this problem 

by combining a topological analysis of the partial order alignment graph (TopoCut) with 

a deep learning model trained against empirical error rates. The result is a recalibrated 

quality score that tracks validated error rates more closely than either the original PacBio 

scores or those produced by DeepConsensus, while simultaneously polishing approxi-

mately 32% of the errors present in the input CCS reads.

These improvements have direct implications for somatic variant calling, where the 

inflation of base quality scores can lead to false-positive variant calls (Section 2.2.3). By 

providing better-calibrated inputs to variant callers such as Strelka2 [7], Mutect2 [8], and 

the more recent long-read-specific callers ClairS [40] and DeepSomatic [41], TopoQual 

stands to reduce the false-positive rate of somatic variant detection in clinical and research 

applications that rely on HiFi data [4, 27].

Several limitations of the current method merit discussion. First, TopoQual requires a 

high-quality reference genome for training, which constrains the populations and species 

to which the trained model can be confidently applied. Second, the polishing component 

currently corrects only a fraction (31.9%) of the errors present in the input data; further 

improvements may be possible by combining TopoQual with complementary polishing 

approaches such as Racon [43] or by integrating signal-level features more deeply into the 

model. Third, the validation strategy treats all non-germline mismatches as errors, which 

slightly underestimates the true achievable quality given the presence of true somatic 

mutations in the cord blood sample. Future work should explore evaluation strategies that 

explicitly distinguish errors from low-frequency somatic variants, for example by using 

duplex sequencing [28, 77] as an orthogonal ground truth.

45



The next chapter addresses a complementary bottleneck in the HiFi pipeline: the com-

putational cost of the partial order alignment step that underlies both consensus generation 

and the TopoQual method described here. By introducing alternative banding strategies 

for POA based on LCS variants, Chapter 3 aims to make accurate subread alignment 

tractable on long reads at scale. 
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Chapter 3

Speeding Up Partial Order Alignment with Banding

This chapter presents LCSkPOA, a banding strategy for partial order alignment that 

extends the Longest Common Subsequence with 𝑘-mer matches (LCSk++) algorithm to 

graph-based alignment. This method is publlished in BMC bioinformatics journal [3]. Sec-

tion 3.1 motivates the need for efficient banded POA on long reads and reviews the limita-

tions of existing tools. Section 3.2 describes the proposed algorithm, including its dynamic 

programming formulation, an efficient event-based implementation, and the data struc-

tures used to achieve its time complexity. Section 3.3 presents results on both synthetic 

and real PacBio HiFi data, comparing LCSkPOA against SPOA [43] and ABPOA [42] in 

terms of speedup, memory usage, and alignment accuracy. Section 3.4 concludes the 

chapter with a discussion of the implications and limitations of the proposed approach.

3.1 Motivation

Graph-based aligners, such as GraphAligner [78], have become increasingly impor-

tant in genomics and bioinformatics due to their ability to provide a more flexible and com-

prehensive representation of genetic variation compared to linear sequence-based refer-

ence mapping techniques such as minimap2 [45], HISAT-3N [79], and BWA [44]. These 

graph-based reference alignment techniques decrease reference bias and enhance the 

accuracy of variant detection and genome assembly [33, 35]. However, despite these ad-

vantages, graph-based reference alignment is substantially slower than linear sequence-

based methods. Because the creation of graph-based references depends on multiple 
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sequence alignment, improving the speed and quality of multiple sequence alignment will 

help reduce the performance gap between graph-based and linear-reference approaches. 

While multiple sequence alignment is a well-established problem with a long history of al-

gorithmic work [17–19], challenges remain when scaling to the long reads produced by 

modern sequencing platforms [1].

This chapter introduces a novel adaptation of the Longest Common Subsequence with 

𝑘-mer matches (LCSk++) algorithm [48] specifically designed for graph structures, with 

a focus on enabling banded local and semi-global POA [19]. POA graphs are directed 

acyclic graphs that represent multiple sequence alignments, capturing the relationships 

between aligned sequences and accommodating variations such as insertions, deletions, 

and substitutions more flexibly and comprehensively than traditional pairwise alignment 

methods [19]. Existing methods such as ABPOA [42] and SPOA [43] improve POA per-

formance by using greedy adaptive banding and by computing the full alignment matrix 

with SIMD optimizations, respectively. However, ABPOA’s banding method does not sup-

port local and semi-global alignment, which are crucial for many use cases, while SPOA, 

which calculates the full alignment matrix, suffers from poor scalability on long reads. 

The approach proposed here extends the LCSk++ algorithm [48, 49] from the sequence-

to-sequence setting [50, 80] to the graph-based setting, enabling efficient banded semi-

global POA for long reads.

3.2 Implementation

This section develops the proposed algorithm in three stages: a basic dynamic pro-

gramming formulation that establishes correctness but is too slow to be practical, an ef-

ficient event-based reformulation that achieves a significant asymptotic speedup, and a 

description of the data structures and parallelization strategies used in the implementation.
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3.2.1 Basic Dynamic Programming

Finding the optimal graph-to-sequence LCSk++ path can be expressed using a basic 

dynamic programming recurrence similar to that of Pavetić et al. [49], with modifications 

to handle the graph structure. We adopt the definitions presented by Benson et al. [81], 

augmented with additional notation to accommodate the partial order graph:

𝑑𝑝(𝑖, 𝑗) = max

{


0

𝑑𝑝(𝑖, 𝑗 − 1)

𝑑𝑝(𝑝𝑖,1, 𝑗)

𝑑𝑝(𝑝𝑖, 𝑞−1, 𝑗 − 𝑞 + 1) + 𝑞 for all 𝑞 ≥ 𝑘 s.t. 𝐺𝑝𝑖,𝑞−1…𝑝𝑖,0
= 𝑌𝑗−𝑞+1…𝑗

(3.1)

where 𝑑𝑝(𝑖, 𝑗) is the dynamic programming table entry at column 𝑖 and row 𝑗, with 𝑖 indexing 

the 𝑖th topologically ordered node in graph 𝐺 and 𝑗 indexing the 𝑗th position in query 𝑌. 

The notation 𝑝𝑖,𝑚 denotes the predecessor node 𝑚 edges back from the 𝑖th topologically 

ordered node in 𝐺.

Figure 3.1 shows an example where this equation is applied to each cell of the matrix, 

starting from the top-left cell 𝑑𝑝(0, 0). The alignment scores are computed row by row 

until the bottom-right cell is reached. At 𝑑𝑝(3, 2), the first 2-mer (“AC”) is encountered, 

and the score is updated as 𝑑𝑝(3, 2) = 𝑑𝑝(1, 1) + 2 = 0 + 2. The final cell evaluates to 

𝑑𝑝(7, 4) = 𝑑𝑝(6, 3) + 2 = 𝑑𝑝(3, 2) + 4 = 𝑑𝑝(1, 1) + 6 = 6.

49



Figure 3.1: Basic dynamic programming example with k = 2. Each cell shows dp(i, j), the 

LCSk++ alignment score for the ith column and jth row.

Because the algorithm must compute each cell in the alignment matrix of size 𝐿 ×

𝑀, and for each cell may need to look back up to min(𝐿, 𝑀) positions to find 𝑘+ length 

matches, the resulting time complexity is 𝒪(𝐿𝑀min(𝐿, 𝑀)), where 𝐿 is the query length 

and 𝑀 is the number of nodes in the graph. Performing basic dynamic programming 

to obtain the LCSk++ path for banded POA is therefore not a viable solution: the time 

complexity of basic dynamic programming for LCSk++ alone is equivalent to that of full 

POA, defeating the purpose of using LCSk++ as a banding seed.

3.2.2 Efficient Algorithm

An efficient algorithm presented by Pavetić et al. [48] achieves a significant speedup 

over the basic dynamic programming formulation and is a crucial component in banded 
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sequence-to-sequence dynamic programming alignment [82]. We propose a query-to-

graph version that achieves similar improvements for partial order alignment. The def-

inition of a match pair is adapted from the Longest Common Subsequence in 𝑘-length 

substrings [81], with modifications to accommodate the graph-based structure.

Definitions. Let 𝑠𝑖,𝑚 denote the successor node 𝑚 edges forward of the 𝑖th topologically 

ordered node in graph 𝐺. We define:

kMatch(𝑖, 𝑗) =
{





1 if 𝐺𝑠𝑖,𝑓 = 𝑌𝑗+𝑓 for every 0 ≤ 𝑓 ≤ 𝑘 − 1

0 otherwise

(3.2)

If kMatch(𝑖, 𝑗) = 1, we call (𝑖, 𝑗) a match pair , where (𝑖, 𝑗) is the start of the match pair and 

(𝑠𝑖,𝑘−1, 𝑗 + 𝑘 − 1) is the end of the match pair. This definition differs from that in Benson 

et al. [81], where using (𝑠𝑖,𝑘, 𝑗 + 𝑘) could imply multiple possible ends for a match pair. 

For example, in Figure 3.2, applying the original definition to the match pair for “a” could 

result in two different end values: (5, 5) and (6, 5). To resolve this ambiguity, we adjust 

the algorithm to accommodate the modified definition.
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Figure 3.2: Matching k-mers between the query and the POA graph with k = 2. Five match 

pairs are present, denoted a through e. Starts are shown as circles and ends as squares. 

In this example, “b continues a” and “c precedes e” both hold.

The recurrence for the efficient algorithm is:

𝑑𝑝(𝑃) = max

{





𝑘

max𝑄 𝑑𝑝(𝑄) + 𝑘 over all 𝑄 preceding 𝑃 with a path available

𝑑𝑝(𝑄) + 1 if 𝑃 continues 𝑄 and shares the same path

(3.3)

That is, a 𝑘-mer match pair 𝑃 can start its own 𝑘-common subspace, extend a 𝑘-common 

subspace if a path is available from the start of 𝑃 to the end of 𝑄, or extend a 𝑘-common 

subsequence by one position if the continuing nodes lie on the same path.

In the example shown in Figure 3.2, once the start and end positions of the 𝑘-mers 

are identified, the equation 𝑑𝑝(𝑃) is applied to each end position. The computation pro-

ceeds row by row, starting from the top-left corner. The end of 𝑐 is reached first, where 

𝑑𝑝(𝑐-end) = 𝑘 = 2 since no preceding 𝑘-mer exists. Next, the end of 𝑎 is processed, yield-

ing 𝑑𝑝(𝑎-end) = 𝑘 = 2. The end of 𝑑 follows, with 𝑑𝑝(𝑑-end) = 𝑘 = 2 as no prior 𝑘-mer is 
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found. Subsequently, the end of 𝑒 is reached, where 𝑑𝑝(𝑒-end) = 𝑑𝑝(𝑐-end)+𝑘 = 2+2 = 4

since 𝑐 precedes 𝑒. Finally, the end of 𝑏 is processed, with 𝑑𝑝(𝑏-end) = 𝑑𝑝(𝑎-end) + 1 = 3

since 𝑏 continues 𝑎. The resulting LCSk++ path is [𝑒-end, 𝑐-end], containing two 𝑘-mers 

with a total score of 4.

3.2.3 Algorithm Implementation

The following variables and notations are used throughout the algorithm description 

and complexity analysis:

• 𝑉: the number of vertices in the graph;
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• 𝐸: the number of edges in the graph;

• 𝑁: the number of sequences aligned to the graph;

• 𝐿: the sequence (query) length;

• 𝑟: the number of 𝑘-mer matches between the query and the aligned sequences.

The algorithm obtains the maximum 𝑘-mer path of a query sequence 𝑋 against an 

existing POA graph. The high-level process is illustrated in Figure 3.2. The inputs are the 

query sequence 𝑋, the current POA graph (comprising the previously aligned sequences), 

and the sequences aligned to the graph. The output is the LCSk++ path with the maximum 

number of 𝑘-mers. The algorithm proceeds as follows.

Line 1. Using a depth-first search (depth-first search (DFS)), the sequence paths in the 

POA graph are identified. The DFS leverages the previously aligned sequences (𝑁) 

to ensure that all relevant paths are accounted for.

Line 2. A two-dimensional array of dimensions 𝑁 × 𝐿 is initialized. This array stores 

the maximum column values for each node in the graph, corresponding to each 

sequence path.

Line 3. All 𝑘-mer match pairs between the query sequence 𝑋 and the graph paths are 

identified. This step hashes the query sequence and identifies corresponding matches 

in each graph path.

Line 4. The 𝑘-mer matches are sorted in row-major order. For each match, the algorithm 

records relevant details such as start and end positions, paths, and the correspond-

ing graph nodes. These details are encapsulated in an event structure that serves 

as the basis for subsequent processing.

Line 5. The algorithm processes events one by one to update alignment scores and col-

umn values.
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Lines 6–7. If the event represents the start of a match pair, the 𝑑(𝑃) value for the current 

path is updated. The value is computed as the maximum column value for the current 

path plus 𝑘.

Lines 11–13. If the event continues from a previous event, the 𝑑(𝑃) value is updated 

using 𝑑(𝑃) = 𝑑(𝑄) + 1, where 𝑄 is the predecessor match pair.

Lines 14–16. After processing an event, the maximum column values for all paths are 

updated in the two-dimensional array.

Line 19. The MaxColDP array is returned; this includes the max 𝑘-mer path.

Complexity analysis. The complexity of the constituent operations can be analyzed as 

follows. Finding sequence paths in the graph has a time complexity of 𝒪(𝑁(𝑉 + 𝐸)). 

Finding match pairs involves hashing the query in 𝒪(𝐿) and matching in 𝒪(𝑁𝐿), for a total 

of 𝒪(𝑁𝐿). Sorting events has a complexity of 𝒪(𝑟 log 𝑟). Lines 7 through 15 are handled 

by 𝑁 Fenwick trees [82], which operate in 𝒪(𝑁 log𝐿) per update; processing all events 

therefore takes 𝒪(𝑟𝑁 log𝐿). The total time complexity is

𝒪(𝑁(𝑉 + 𝐸) + 𝑁𝐿 + 𝑟 log 𝑟 + 𝑟𝑁 log𝐿) , (3.4)

and the total space complexity is 𝒪(𝑟). By integrating sequence-finding in the graph using 

DFS while recording nodes during the POA, the time complexity can be further reduced 

to

𝒪(𝑁𝐿 + 𝑟 log 𝑟 + 𝑟𝑁 log𝐿) , (3.5)

significantly enhancing performance when LCSkPOA is used to compute a backbone for 

downstream POA.
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3.3 Results

3.3.1 System Configuration

All experiments were conducted on the following hardware and software configuration:

• CPU: AMD EPYC 7313 16-core processor (64 threads);

• Memory: 420 GB DDR4;

• Language: Rust 1.65.0;

• Libraries: Rust-bio [82] for the POA backbone and std::thread for the parallel 

processing implementation.

3.3.2 Datasets

Two datasets were used in this evaluation. The synthetic dataset was generated 

by PBSIM3 [51] using a reference sequence and default parameters. PBSIM3 intro-

duces variations such as insertions, deletions, and substitutions, simulating realistic ge-

netic changes for testing alignment methods. The PacBio dataset was obtained from real 

sequenced reads, the same dataset used in the evaluation of TopoQual in Chapter 2 [2]. 

All tests were performed using global alignment.
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3.3.3 Results on Synthetic Data

Figure 3.3: Results of running LCSkPOA on synthetic data. (A) Speedup of ABPOA and 

LCSkPOA compared to unbanded SPOA. (B) Memory usage of banded methods ABPOA 

and LCSkPOA compared to unbanded SPOA.

Figure 3.3A shows the speedup factors of ABPOA [42] and LCSkPOA compared to un-

banded SPOA [43] across different string lengths. LCSkPOA delivers substantial speed 

improvements, reaching up to 60× for the longest sequences tested. Although ABPOA 

performs well for short sequences, its speedup diminishes significantly for longer se-

quences. Figure 3.3B illustrates the memory usage of the same methods relative to SPOA. 

LCSkPOA consumes only a fraction of the memory used by SPOA for long strings. In con-

trast, ABPOA initially uses high memory but reduces consumption substantially for longer 

strings due to its banding. However, LCSkPOA still maintains memory usage roughly ten-

fold lower than ABPOA at string lengths of 30,000 and 100,000. These results highlight 

the efficiency of the LCSkPOA algorithm, particularly with parallel processing on long se-

quences, in providing substantial speedup while maintaining low memory usage, making 

it a robust solution for alignment in POA graphs.
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3.3.4 PacBio HiFi Data versus Synthetic Data

Figure 3.4: Comparison of speedup of ABPOA and LCSkPOA when run on the synthetic 

dataset and the PacBio HiFi dataset, both compared against unbanded SPOA.

Figure 3.4 shows that single-threaded LCSkPOA exhibits a linear speedup pattern 

from synthetic datasets of length 10,000 through PacBio HiFi datasets of length 10,000 to 

30,000 and on to synthetic datasets of length 30,000. ABPOA does not achieve this linear 

improvement on the PacBio HiFi dataset. This discrepancy is attributable to ABPOA re-

verting to its fully banded SIMD implementation, as evidenced by its high memory usage, 

possibly because alignments go out of the adaptive band. As a result, ABPOA is less 

effective on PacBio HiFi datasets compared to synthetic datasets of comparable length. 

By contrast, LCSkPOA’s seed-based banding strategy generalizes consistently from syn-

thetic to real HiFi data, demonstrating its robustness to the indel patterns that characterize 

single-molecule long reads [1, 2].
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3.3.5 Parallel Implementation Results

Figure 3.5: Speedup of LCSkPOA (parallel) across different datasets and thread counts.

Figure 3.5 illustrates the speedup achieved by the LCSkPOA (parallel) implementa-

tion across different numbers of threads and datasets of varying length. As expected, the 

speedup increases with the number of threads and with the length of the input sequences, 

with the highest performance gain observed at 64 threads on synthetic datasets of length 

100,000, reaching over 6× speedup over the single-threaded version. The speedup typi-

cally does not match the number of threads used because several components of the al-

gorithm, such as partition search, graph construction for each thread, and concatenation 

of the resulting subgraphs, cannot be parallelized. However, for the synthetic 100,000-

base dataset, the speedup observed with 2 and 4 threads exceeds the thread count. This 

is due to the use of dynamic banding, which effectively reduces the band size compared 

to the single-threaded run, leading to additional performance gains.

A noticeable discrepancy appears when comparing the synthetic dataset of length 

10,000 to the PacBio HiFi dataset (10,000–30,000 bases). While single-threaded perfor-

mance remains consistent across both datasets, multi-threaded performance is lower on 

the PacBio HiFi data. This reduction is attributable to the presence of long gaps, repre-

sented as long edges in the POA graph, within HiFi reads, which complicate the iden-
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tification of suitable anchors (partition points) required for effective parallelization. As a 

result, fewer segments can be processed in parallel, limiting the achievable speedup on 

real-world data compared to synthetic sequences.

3.3.6 Alignment Quality

Table 3.1: Comparison of alignment accuracy (alignment score similarity with respect to 

SPOA unbanded alignment) for SPOA, LCSkPOA (sequential), and LCSkPOA (parallel) 

at different values of k. Values are averages of (10) runs on synthetic data and PacBio 

HiFi data.

 String length  SPOA score 𝑘  LCSkPOA (seq.)  LCSkPOA (par.) 

10 16
 2  16 (100%)  16 (100%) 

 4  16 (100%)  16 (100%) 

100 142
 4  140 (99.01%)  133 (94.21%) 

 8  126 (89.42%)  136 (96.05%) 

1,000 1,411
 4  1,320 (93.57%)  1,022 (72.46%) 

 8  1,297 (91.96%)  1,322 (93.69%) 

10,000 14,891
 8  14,891 (100%)  14,065 (94.45%) 

 12  14,696 (98.69%)  14,399 (96.70%) 

30,000 46,182
 8  46,182 (100%)  42,994 (93.09%) 

 12  43,926 (95.11%)  44,026 (95.33%) 

10,000–30,000
(PacBio HiFi) 27,742

 8  24,217 (87.29%)  27,305 (98.42%) 

 12  27,644 (99.66%)  27,393 (98.75%) 

Table 3.1 presents a comparative analysis of SPOA, LCSkPOA (sequential), and LC-

SkPOA (parallel) across various string lengths, focusing on alignment accuracy. Accuracy 

is defined as the similarity of the alignment score, computed using a scoring scheme of +2

for matches and −2 for mismatches and gaps, relative to SPOA’s unbanded alignment. 
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For short strings of length 10 and 100, all three methods achieve similarly high POA align-

ment scores, indicating that even with limited input size, the LCSkPOA-based approaches 

maintain high alignment quality.

As the string length increases to 1,000 bases, the alignment scores of both LCSkPOA 

variants decline (below 94% accuracy). This decline is primarily due to some reads con-

taining long indels that span beyond the banded region, causing portions of the alignment 

to fall outside the computed area. For longer sequences of 10,000 and 30,000 bases, the 

accuracy of LCSkPOA (parallel) remains consistently high across increasing values of 

𝑘. At 30,000 bases and 𝑘 = 12, LCSkPOA (parallel) achieves a score nearly identical to 

the sequential version, confirming that the introduction of parallelism does not degrade 

accuracy.

On real sequencing data, specifically PacBio HiFi reads (10,000–30,000 bases), LC-

SkPOA (parallel) with 𝑘 = 12 maintains a high alignment score of 99.66%, virtually equiv-

alent to both LCSkPOA (sequential) and SPOA. These results confirm that LCSkPOA 

(sequential) and LCSkPOA (parallel) achieve alignment accuracy comparable to SPOA, 

making them robust choices for high-fidelity sequence alignment even in large-scale ge-

nomic applications.

3.4 Discussion

The results presented in this chapter demonstrate that the proposed LCSkPOA algo-

rithm provides substantial improvements in both runtime and memory consumption for 

partial order alignment, particularly on the long reads produced by PacBio HiFi sequenc-

ing. By extending the LCSk++ framework [48, 49] to the graph-based setting and inte-

grating it with an efficient event-driven processing scheme backed by Fenwick trees [82], 

LCSkPOA achieves up to a 60× speedup over unbanded SPOA [43] on long synthetic 

sequences while maintaining alignment accuracy above 99% on real HiFi data at 𝑘 = 12.

These improvements directly benefit the consensus and polishing pipeline described 
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in Chapter 2: because TopoQual relies on POA of subreads as its underlying alignment 

substrate, the speed and memory gains from LCSkPOA translate into a tractable polishing 

pipeline at the genome scale. More broadly, the results suggest that graph-based aligners 

such as GraphAligner [78] and downstream graph-based assemblers [33–35] stand to 

benefit from improvements in the multiple sequence alignment substrate they rely on.

Several limitations of the current method merit discussion. First, the accuracy drop 

observed at intermediate string lengths (around 1,000 bases) suggests that the chosen 

banding strategy can miss alignments that contain long indels spanning beyond the band; 

this could be addressed by adaptively widening the band in regions where the seed density 

is low. Second, the parallel implementation observes diminishing returns on real HiFi data 

due to long gaps in the POA graph; future work could explore graph-aware partitioning 

schemes that explicitly account for the indel structure of HiFi subreads. Third, the current 

evaluation focuses on global alignment; extending the empirical evaluation to local and 

semi-global alignment, both of which the method theoretically supports, is an important 

direction for future work.

Together, Chapters 2 and 3 address two complementary bottlenecks in the HiFi pro-

cessing pipeline: the calibration of base quality scores and the runtime of the alignment 

substrate that underlies both consensus and polishing. The next chapter shifts focus to a 

different class of problem, namely the demultiplexing of high-donor pools in droplet-based 

scRNA-seq [9], where the algorithmic challenge lies not in aligning long reads but in clus-

tering short-read variant signal across many samples. 
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Chapter 4

Demultiplexing High-Donor Single-Cell RNA-seq

This chapter presents Souporcell3, a method for robust demultiplexing of pooled droplet-

based single-cell RNA-seq (scRNA-seq) data at high donor counts. This method is pub-

llished in Bioinformatics journal [12]. Section 4.1 motivates the work by describing the limi-

tations of existing genotype-based demultiplexing tools at scale. Section 4.2 describes the 

three principal algorithmic improvements introduced in Souporcell3: a 10×-merge cluster 

initialization strategy, a K-Harmonic Means (K-Harmonic Means (KHM)) clustering objec-

tive with deterministic annealing, and an iterative refinement procedure that reinitializes 

low-quality clusters while locking high-quality ones. Section 4.3 describes the benchmark 

datasets used for evaluation, including both synthetically merged balanced datasets at 

up to 64 donors and experimentally merged unbalanced datasets at 18–24 donors. Sec-

tion 4.4 introduces the evaluation metrics used throughout the chapter. Sections 4.5 

and 4.6 present ablation studies of the initialization and clustering components, respec-

tively. Section 4.7 presents the main empirical results comparing Souporcell3 against 

Vireo [10], overclustered Vireo, and the original Souporcell [9]. Section 4.8 discusses the 

implications and limitations of the proposed method.

4.1 Motivation

Multiplexing cells from multiple individuals into a single scRNA-seq sample has be-

come a popular experimental design because it reduces costs, avoids batch effects, in-

creases statistical power, improves doublet detection, and enables the measurement and 
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removal of ambient RNA [9, 58]. Demultiplexing such samples was originally enabled by 

demuxlet [11], which required a priori knowledge of the genotypes of every individual in 

the mixture. When this information was unavailable, additional costly DNA sequencing 

of each sample was required. Subsequently, Souporcell [9] and Vireo [10] were devel-

oped to demultiplex cells by genotype without prior knowledge of donor genotypes, using 

various sparse clustering methods.

However, clustering is known to be an NP-hard problem under any non-trivial loss func-

tion [13], and this difficulty increases with the number of clusters [60, 61]. The historical 

solution to overcoming local optima has been to use multiple random restarts; however, 

the number of restarts required to probabilistically reach the global optimum grows ex-

ponentially in the number of clusters. More recently, the k-means++ cluster initialization 

strategy [67] has provided a simple but effective heuristic for selecting initial cluster cen-

ters that are more likely to converge to the global optimum. Because k-means++ uses 

individual data points as initial cluster centers, with new cluster centers chosen randomly 

weighted by squared distance to the closest existing cluster center, three problems arise 

when dealing with sparse data:

1. It is unclear what value to assign a cluster center along dimensions for which the 

data point has no observation.

2. The distance of a data point to other cluster centers can only be judged along di-

mensions for which it has observed data.

3. Because not every cell expresses every gene, and experimental yield is imperfect, 

scRNA-seq data is roughly 95% sparse: only about 5% of the dimensions have ob-

served data for any given cell.

For these reasons, k-means++ is not directly suitable for scRNA-seq data and other very 

sparse data modalities.
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An alternative is to apply a dimensionality reduction step prior to clustering. The sparse 

and binomial nature of scRNA-seq variant data complicates this approach, but recent 

work by Chung and Huang [83] introduced SNPManifold, which uses a binomial varia-

tional autoencoder to learn a lower-dimensional latent space of single-nucleotide polymor-

phism (SNP) data. This is promising but has not yet been validated on larger numbers of 

donors [83].

This chapter presents multiple algorithmic improvements for clustering scRNA-seq 

data by genotype. Previously, Souporcell was shown to cluster up to approximately 21

individuals with very high-quality data, but the original publication did not recommend de-

signing experiments with more than 16 individuals [9]. With the improvements described 

here, we demonstrate robust genotype-based clustering for up to 64 individuals.

4.2 Method

Souporcell3 introduces several key improvements over its predecessor [9], enabling 

robust clustering of up to 64 donor samples. Figure 4.1 provides an overview of the 

method.
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Figure 4.1: Method overview. (A) Randomly initialize (10k) cluster centers to ensure broad 

coverage of the genotype space. (B) Merge nearby cluster centers using a distance metric 

defined as the sum of allele fraction differences weighted by allele counts until (k) clusters 

remain. (C) Cluster using K-Harmonic Means (KHM) to ensure enhanced convergence 

and reduced sensitivity to initialization. (D) Identify low- and high-quality clusters based 

on the number of assigned cells and the loss value per cluster. (E) Reinitialize low-quality 

clusters. (F) Rerun KHM on the refined set while locking the high-quality clusters.

4.2.1 Input and Data Preprocessing

Data preprocessing in Souporcell3 follows the approach used by Souporcell [9]. To 

prepare the data for genotype-based cell clustering, allele information is first measured 

for each cell. Instead of using STAR-aligned BAM files, which can introduce false-positive 

variants and reference bias, reads are remapped using minimap2 [45] to obtain more ac-

curate alignments. Putative single-nucleotide polymorphisms (SNPs) are then called with 

FreeBayes, and allele counts per cell are obtained using Vartrix, which reduces reference 

bias and corrects duplicate reads through unique molecular identifiers (unique molecu-

lar identifiers (UMIs)). When available, a set of reliable common variants can be used 

in place of FreeBayes-derived candidate variants. The alternate/reference read depth at 
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each variant locus is used to determine whether the locus is included in the clustering 

task. A default threshold of 4 is set in Souporcell3, which can be adjusted by the user. 

The allele frequency at each passing locus is used for the binomial loss calculation and, 

in turn, for the clustering step.

4.2.2 Cluster Initialization Strategies

Almost all commonly used clustering algorithms implicitly assume the data is dense 

and continuous, which ensures a relatively smooth cost-function landscape. In contrast, 

genetic variant data is both sparse and discrete, with each dimension typically limited 

to three possible values (homozygous reference, heterozygous, homozygous alternate). 

This sparsity poses significant challenges for greedy clustering algorithms such as k-

means, which are prone to becoming trapped in local minima. A standard remedy is 

to perform multiple random restarts; however, the number of restarts needed to reliably 

approach the global optimum increases exponentially with the number of clusters 𝑘 [13, 

61]. To address this, three initialization strategies were considered.

K-means++ Initialization

Figure 4.2: K-means++ Initialization: (A) Randomly select a cell as the first cluster center. 

(B-D) Iteratively select cells as cluster centers based on their squared distance to the 

closest existing cluster center.

The k-means++ initialization method [67] was proposed to provide a simple, parameter-

free, and generally robust seeding strategy. Despite its widespread adoption, k-means++ 
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still struggles in sparse settings, where limited shared information between data points 

across dimensions undermines the effectiveness of its distance-based seeding. In k-

means++, the initial cluster center is selected randomly from the dataset. A distance 

metric is then used iteratively to determine the probability of selecting a new cluster cen-

ter, weighted by the squared distance of each data point from its closest existing cluster 

center. For this metric, we use the beta-binomial distance, as it accounts for genotype 

positions where no data is present.

Overclustering Initialization

Figure 4.3: Overclustering Initialization: (A) Select (k + k) random cells as cluster centers, 

where (k) is the desired number of clusters. (B) Cluster using the selected cluster centers. 

(C) Select (k) cluster centers with the maximum number of associated cells.

Another strategy aimed at improving cluster initialization is overclustering, which is 

suited for challenging genetic datasets that are sparse and discrete. By temporarily in-

creasing the number of clusters beyond the desired value, overclustering aims to bet-

ter capture the underlying structure of the data, especially since the effective number of 

clusters can be higher than expected due to the presence of doublets. This strategy is 

employed by Vireo and SC3 [10, 66] to enhance cluster initialization.

We begin clustering with 𝑘+𝑘 clusters instead of the target 𝑘. After clustering, we eval-

uate the resulting clusters based on the number of cells assigned to each. The 𝑘 clusters 

with the highest cell counts are then selected to form the final set of cluster centers, similar 
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to Vireo. This selection criterion ensures that the most representative and well-supported 

clusters are retained while smaller, potentially spurious clusters are discarded. However, 

this method can be prone to errors in high-donor-count scenarios, where the genotype 

space is constrained and substantial overlap between donors exists. In such cases, se-

lecting clusters solely based on cell count may result in incorrectly merged donors, where 

one cluster gets assigned cells from multiple donors.

10x-Merge Initialization

Figure 4.4: 10x-Merge Initialization: (A) Randomly initialize (10k) cluster centers. (B) 

Iteratively merge clusters in close proximity until the required cluster size is reached.

10x-merge is the primary initialization strategy employed by Souporcell3. The algo-

rithm generates a large number of preliminary cluster centers, ten times the expected 

number of donors, and then performs an iterative merging step. Highly similar cluster 

centers in genotype space, typically differing by only a few informative alleles, are com-

bined into a more concise and representative set. The distance metric used is the sum of 

squared differences between randomly assigned cluster center values, weighted by the 

number of alleles at each variant position. The two closest cluster centers are identified 

and merged by computing the mean values at each variant position and using that as the 

new cluster center. This process is repeated iteratively until 𝑘 cluster centers remain.
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This strategy reduces redundancy while preserving essential genotype distinctions, 

ensuring that the subsequent clustering step begins with informative and well-separated 

cluster centers. This is particularly helpful in scenarios where multiple overlapping donor 

cells occupy a dense genotype space, as widely separated cluster centers are unlikely 

to claim cells from multiple donors at the outset. The intuition is similar to the spacing 

achieved by k-means++ [67], but adapted to the sparsity and discreteness of scRNA-seq 

variant data.

4.2.3 K-Harmonic Means Clustering

Soft clustering methods such as Expectation-Maximization (expectation-maximization

(EM)) applied to Gaussian Mixture Models have been widely used due to their ability to 

recover more optimal clusterings than hard clustering methods such as Lloyd’s algorithm 

for k-means [84]. However, these methods remain prone to converging to local optima if 

the cluster initialization is poor. To address this, Souporcell3 adopts K-Harmonic Means 

(KHM) [14, 68, 69], a soft clustering objective that computes the contribution of each data 

point to all cluster centers based on inverse distances.

Definitions. Similar to Souporcell, cluster centers in Souporcell3 are represented by 

allele fraction values for each variant locus. The negative binomial likelihood probability 

mass function of allele counts at each cluster center’s allele fraction is used as the distance 

metric for the KHM loss function. The notation used throughout is as follows:

• 𝐾: the number of genotype clusters, fixed at the outset. Lower-case 𝑘 is used for 

indexing a specific cluster.

• 𝐶: the number of cells. Lower-case 𝑐 indexes a specific cell barcode. A barcode 

may contain 0, 1, or more cells; the model assumes that the majority of barcodes 

contain a single cell.
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• 𝐿: the number of variant loci. Lower-case 𝑙 indexes a specific locus; only biallelic 

variants are considered. 𝐿𝑐 is the list of loci with observed data in cell 𝑐.

• 𝐴: allele counts. 𝐴𝑙,𝑐 is a tuple of size 2 with the first entry representing the number of 

reference alleles and the second entry representing the number of alternate alleles 

observed at locus 𝑙 in cell 𝑐.

• 𝜙𝑘,𝑙: the mixture parameter for the allele fraction of cluster 𝑘 at locus 𝑙. This is a 

real number representing the fraction of reference alleles in this cluster at this locus. 

Values are expected to be near 1.0 (homozygous reference), 0.5 (heterozygous), or 

0.0 (homozygous alternate), but they can be skewed by noise, doublets, or ambient 

RNA.

Loss function. The KHM loss for cluster centers Φ = {𝜙𝑘}𝐾𝑘=1 given the observed allele 

counts is given by

ℒKHM(Φ) =
𝐶

∑
𝑐=1

𝐾
∑𝐾

𝑘=1
1

𝑑(𝐴𝑐, 𝜙𝑘)𝑝
, (4.1)

where 𝑑(𝐴𝑐, 𝜙𝑘) is the negative binomial likelihood distance between cell 𝑐 and cluster 

center 𝑘, and 𝑝 is a tunable parameter that controls the influence of distance magnitudes. 

The harmonic-mean form of the loss allows every cell to influence all cluster centers during 

each iteration, leading to more robust convergence and improved clustering outcomes. 

KHM has been shown to outperform traditional k-means in both optimality and resilience 

to poor or adversarial initializations [14, 68, 69].

To further adapt KHM to high-dimensional genotype space, Souporcell3 employs a 

generalized variant, KHM𝑝 [15], which uses 𝐿𝑝-norm normalization to address symmetry 

issues known to affect clustering performance in such contexts. We found that setting 

𝑝 = 25 minimized the loss across a range of tested values, and this value is used in all 

reported results.
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4.2.4 Deterministic Annealing

The original Souporcell used a deterministic annealing variant of EM (deterministic an-

nealing (DA)-EM) to manage non-convexity via a temperature parameter that starts high 

and is gradually lowered, allowing the solution to more often fall into the global optimum [9]. 

Similarly, Souporcell3 employs a deterministic annealing-enhanced KHM (DA-KHM), com-

bining the robustness of KHM with the annealing strategy. The temperature parameter is 

slightly adjusted using a temperature constant to account for the difference in conver-

gence speed between the two clustering algorithms. When the temperature reaches 1.0, 

the loss function effectively becomes the standard KHM loss (Equation 4.1). An empirical 

comparison of the deterministic annealed methods and the vanilla methods is presented 

in Section 4.6.

4.2.5 Iterative Refinement with Reinitialization and Locking

After the initial clustering run, Souporcell3 evaluates the quality of each cluster using 

both the number of cells assigned to the cluster and the associated loss value. Clusters 

identified as outliers, clusters deemed suboptimal, are reinitialized using the 10x-merge 

cluster initialization strategy. Ten times the number of outlier clusters are initialized and 

merged to generate well-separated cluster centers equal in number to the original outliers. 

This procedure allows the algorithm to improve clustering in the next iteration.

At the same time, high-quality clusters are randomly selected from the remaining set, 

after excluding the outliers, and are locked to preserve their values during subsequent 

iterations. This strategy is inspired by node freezing and dropout in machine learning, 

which are used to reduce overfitting and accelerate fine-tuning [75, 85]. This iterative 

refinement ensures accurate donor assignment and enhances the overall robustness of 

the clustering process.
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Bad Cluster Detection

Analysis of cell-to-cluster assignments in the 64-donor, no-doublet dataset after algo-

rithm convergence revealed that the number of incorrectly merged clusters corresponds 

closely to the number of empty or near-empty clusters. As shown in Figure 4.5, the cell-

assignment distribution after convergence reveals three incorrectly merged cluster centers 

that align with the presence of three empty clusters.

Figure 4.5: Number of cells assigned to each cluster center on a no-doublet balanced 

dataset with (64) donors. Empty or near-empty clusters indicate the presence of incorrectly 

merged clusters elsewhere in the assignment.

By computing the total log loss for each cell’s assigned cluster, normalizing it by the 

mean total log loss, and identifying statistical outliers, we can pinpoint cluster centers that 

are poorly or incorrectly assigned. We define the cluster-center value as

CC Value =
∑

all cells
log loss for assigned CC

Mean log loss
. (4.2)
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Figure 4.6: Total log loss for each cell’s assigned cluster, normalized by the mean total 

log loss, on a no-doublet balanced dataset with (64) donors.

Outliers with a high number of cell assignments (greater than the median plus 1.5 times 

the interquartile range) can be considered the culprits that have claimed ownership of the 

low-assignment outliers (less than the median minus 1.5 times the interquartile range). By 

reinitializing these cluster centers, the clustering can be substantially improved.

In scenarios where the distribution of cells per donor is uneven, it may not be possible 

to detect outliers using this method alone. However, empty or near-empty clusters can 

still be identified by defining an appropriate threshold on the cell-assignment count. The 

corresponding incorrectly merged clusters typically have CC values at the high end of 

the distribution. In such cases, a number of high-loss clusters equal to the number of 

empty clusters is selected and treated as outliers for reinitialization. Even if a correctly 

clustered center is mistakenly selected as an outlier, the subsequent clustering should 

not significantly affect the final outcome, as the same cells should be reassigned to that 

cluster.
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Reinitialization and Locking Procedure

Figure 4.7: (A) After the first clustering run, bad clusters are detected and reinitialized 

while good clusters are locked. (B) With the good clusters locked against updates, the 

KHM clustering converges to a refined solution.

Once poorly formed clusters can be identified after convergence (Section 4.2.5), Soupor-

cell3 reinitializes the corresponding cluster centers and reruns the algorithm to improve 

clustering accuracy. Since most donors are correctly clustered in the initial run, it is un-

necessary to update all of the cluster centers. Instead, the cluster centers deemed high 

quality are locked, effectively freezing them, while only the reinitialized (bad) clusters are 

allowed to update. This strategy is analogous to node freezing and dropout in machine 

learning, where parts of a pretrained model remain fixed while selected components are 

fine-tuned on new data [75, 86]. The procedure can be iteratively repeated, detecting bad 

clusters and reapplying the locked KHM algorithm with reinitialized centers, until no bad 

clusters remain.

4.3 Datasets

To evaluate Souporcell3 under both controlled and realistic experimental conditions, 

we constructed two classes of benchmark datasets: synthetically merged balanced datasets 

75



at high donor counts, and experimentally merged unbalanced datasets from previously 

published studies.

4.3.1 Synthetically Merged Balanced Datasets

To assess performance with high donor counts (∼ 64 donors), we obtained individ-

ual datasets from established publications [54, 55] and synthetically merged them. Four 

datasets from the Human Cell Atlas [70, 71, 87] and the European Nucleotide Archive [72] 

were used, each comprising human-derived samples generated using the 10x Genomics 

3′ chemistry (v1 and v2). All samples were derived from Homo sapiens, and the data col-

lectively span a wide range of immune and developmental contexts, providing a diverse 

foundation for evaluating demultiplexing performance across donor pools and biological 

conditions.

The four source datasets are summarized below.

• Source 1: Immune landscape of viral- and carcinogen-driven head and neck can-

cer [54, 70]. 37 donors, 126.0k cells.

• Source 2: Human Cell Atlas project  [87]. 28 donors, 1.5M cells.

• Source 3: Mapping the developing human immune system across organs [55, 71]. 

30 donors, 922.3k cells.

• Source 4: ENA cell lines [72]. 5 donors, 50k cells.

Collectively, these datasets span 100 unique donors and over 2.5 million single-cell tran-

scriptomes. After applying quality control to remove samples with corrupted data, insuffi-

cient read depth, and redundant samples collected across different organs from the same 

individual, we curated a high-quality balanced dataset comprising 64 distinct donors for 

evaluation.
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Dataset generation. To produce balanced datasets tailored for benchmarking, we ex-

tracted the required number of cells for each experimental scenario. Specifically, we con-

structed datasets with controlled doublet rates of approximately 0%, 5%, and 10% and 

varying donor counts. Each subset was limited to a total of approximately 10,000–30,000

cells, aligning with the practical upper limit for many current scRNA-seq experiments us-

ing 10x Genomics platforms [64]. This cell count threshold reflects a balance between 

throughput and data quality, as higher cell input often increases the likelihood of doublet 

formation and misclassification errors. Published reports suggest that, at this scale, the 

expected doublet rate for standard 10x Chromium 3′ chemistry ranges between 5% and 

10% when targeting approximately 20,000 cells [52, 56, 57, 64]. Table 4.1 summarizes the 

composition of the balanced datasets.
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Table 4.1: Composition of the balanced datasets used in evaluation.

 Type  Donors  Total cells  Cells/donor  Doublet count  Doublet % 

No doublets

 4  9,300  2,325  0  0.00 

 8  10,000  1,250  0  0.00 

 16  12,800  800  0  0.00 

 32  12,800  400  0  0.00 

 48  19,200  400  0  0.00 

 64  25,600  400  0  0.00 

5% doublets

 4  7,123  1,781  373  5.24 

 8  8,303  1,038  428  5.15 

 16  11,200  700  578  5.16 

 32  11,777  368  617  5.24 

 48  18,239  380  959  5.26 

 64  20,061  313  1,053  5.25 

10% doublets

 4  6,740  1,685  740  10.98 

 8  8,120  1,015  888  10.94 

 16  10,799  675  1,199  11.10 

 32  11,159  349  1,239  11.10 

 48  16,917  352  1,877  11.10 

 64  22,679  354  2,519  11.11 

4.3.2 Experimentally Merged Unbalanced Datasets

To evaluate Souporcell3 under unbalanced conditions in which some clusters contain 

far fewer cells than the average, we used three well-established imbalanced datasets [59] 

that have been used in multiple prior publications [83], comprising 18–24 donors per pool. 

All three datasets were obtained from the European Nucleotide Archive (European Nu-
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cleotide Archive (ENA)) and consist of human-derived samples generated using the 10x 

Genomics 3′ chemistry (v1 and v2):

• Unbalanced 1 (Pool 4): 18 donors, 8k cells.

• Unbalanced 2 (Pool 6): 24 donors, 6k cells.

• Unbalanced 3 (Pool 8): 19 donors, 8k cells.

The ground-truth donor assignments were determined using Demuxlet [11], as reported 

in the original publication [59]. The minority clusters in the three datasets comprise ap-

proximately 0.84%, 1.4%, and 1.13% of the cells, respectively, testing Souporcell3’s ability 

to recover small donor populations.

4.4 Evaluation Metrics

Clustering performance is evaluated using two key metrics: the Adjusted Rand Index 

(Adjusted Rand Index (ARI)) and the number of Incorrectly Merged Clusters (Incorrectly 

Merged Cluster (IMC)).

Adjusted Rand Index. The Rand Index is a standard and widely used metric in cluster-

ing analysis; it measures the similarity between two data clusterings [62]. The Adjusted 

Rand Index corrects the Rand Index for the random chance that the clustering is correctly 

assigned [63, 88]. In this work, ARI is used to compare the clustering output of each 

method against the known ground truth, which is available because the datasets were 

generated from sources with known donor origins.

Incorrectly Merged Clusters. The IMC metric captures instances where two or more 

distinct ground-truth donors are incorrectly assigned to the same cluster by the method. 

For example, if both donor 3 and donor 4 cells are incorrectly grouped into the same cluster 

by the clustering algorithm, the IMC value is incremented by one.
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Figure 4.8: Illustration of the IMC metric. (A) Before clustering, cluster centers are initial-

ized. (B) After the clustering method converges, an empty cluster center is present (not 

assigned to any cells) and one cluster center is assigned to cells from two donors, yielding 

(IMC = 1).

4.5 Cluster Initialization Evaluation

To evaluate the different cluster initialization strategies, we tested them on the 64-

donor balanced dataset without doublets. We also included an optimal cluster initialization 

blueprint, in which clusters were initialized using ground-truth donor information, in order 

to assess whether perfect initialization alone could yield perfect clustering or whether ad-

ditional refinement steps were still necessary in high-donor scenarios.
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Figure 4.9: Log loss versus iterations for EM with five different initialization methods 

(random, k-means++, overclustering, optimal, and 10x-merge) on a no-doublet balanced 

dataset with (64) donors.

The log loss and number of iterations for the no-doublet 64-donor dataset are shown in 

Figure 4.9. EM with optimal cluster initialization starts with the lowest log loss but eventu-

ally reaches the same log loss as k-means++ and 10x-merge, all of which follow a similar 

convergence pattern. Both random and overclustering methods take more iterations to 

converge; overclustering runs for additional iterations after removing the extra 𝑘 clusters 

(100+ iterations) and converges to the same log loss as random initialization.
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Figure 4.10: The right panel shows the ARI values for EM runs with different cluster ini-

tialization methods. The left panel illustrates the incorrectly merged clusters IMC present 

for the same methods.

Figure 4.10 displays the two key clustering metrics across five initialization methods: 

10x-merge, k-means++, optimal, overclustering, and random. The number of incorrectly 

merged clusters is lowest for the optimal initialization method, which is expected since 

the cluster centers were initialized with ground-truth values. Overclustering and random 

initializations produce the highest number of incorrectly merged clusters, with overclus-

tering producing 10. Among the practical initialization methods, 10x-merge performs the 

best, producing approximately 7 incorrectly merged clusters. The ARI values reinforce this 

trend: the optimal method achieves the highest accuracy (> 90%), while overclustering 

and random methods show lower performance (< 88%).

Interestingly, when using the optimal initialization, which uses ground-truth information 

to set the cluster centers, the ARI value improves only marginally by 1.3% over 10x-merge, 

and incorrectly merged cluster assignments are reduced by just one. This is unexpected, 

as perfect clustering is theoretically possible under such conditions, where no further up-
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dates to the cluster centers should be needed. However, even after convergence, incor-

rectly merged cluster assignments still occurred. This may be due to the large number 

of donors involved, where cells are densely packed in the genotype space. As the op-

timization progresses, log-loss updates may inadvertently shift a cluster center toward a 

dense region, causing it to claim ownership of cells from neighboring donors with similar 

genotypes. This observation motivated the iterative refinement procedure described in 

Section 4.2.5.

4.6 K-Harmonic Means Evaluation

Given that cluster initialization alone cannot solve the high-donor clustering problem 

(Section 4.5), we evaluate KHM clustering to determine what additional improvements 

can be achieved. Four methods are compared: DA-EM (Expectation-Maximization with 

deterministic annealing), DA-KHM (KHM with deterministic annealing), V-EM (vanilla EM 

without deterministic annealing), and V-KHM (vanilla KHM without deterministic anneal-

ing).

Figure 4.11: Log loss versus iterations for clustering methods DA-EM, DA-KHM, V-EM, 

and V-KHM on a no-doublet balanced dataset with (64) donors.
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The log loss versus iteration is shown in Figure 4.11. EM and KHM without deter-

ministic annealing (V-EM and V-KHM) follow a similar pattern and converge to approx-

imately the same log loss. Both deterministic annealing methods require more itera-

tions to converge, with DA-EM taking approximately twice as many iterations as DA-KHM. 

DA-EM converges to a slightly worse log loss of −2,951,437.3 compared to −2,927,414.5

for DA-KHM.

Figure 4.12: The right panel shows the ARI values for clustering methods DA-EM, DA-

KHM, V-EM, and V-KHM. The left panel illustrates the incorrectly merged clusters present 

for the same methods.

Figure 4.12 presents the performance of the four clustering methods on a no-doublet 

dataset of 64 donors. Among the methods, DA-KHM achieves the highest ARI, exceeding 

93%, and also has the fewest incorrectly merged clusters, at just 5. DA-EM also performs 

well, with an ARI close to 90% and only 7 incorrectly merged clusters. In contrast, both non-

annealing variants (V-EM and V-KHM) perform significantly worse, with ARI values around 

63% and more than 22 incorrectly merged clusters each. These results demonstrate the 

substantial benefit of deterministic annealing in clustering complex genotype data.
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The more robust DA-KHM method outperforms DA-EM by 5% in ARI and produces 2

fewer incorrectly merged clusters. While this represents a significant improvement, perfect 

clustering is still not achieved, as some incorrectly merged cluster assignments remain. 

This residual error motivates the bad-cluster detection and reinitialization-with-locking pro-

cedure described in Section 4.2.5.

4.7 Main Results

This section presents the results of the four methods compared throughout this study: 

Vireo [10] (default configuration), overclustered Vireo (with pre-clustered donors specified 

as 10×𝑘 to match the cluster number in the 10x-merge setting), the original Souporcell [9] 

(default settings), and Souporcell3 (using 10x-merge initialization, KHM clustering with 

deterministic annealing, and iterative refinement with bad-cluster reinitialization and good-

cluster locking).
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4.7.1 Balanced Dataset Results

Incorrectly Merged Clusters

Figure 4.13: Number of incorrectly merged donor assignments for Vireo, overclustered 

Vireo, Souporcell, and Souporcell3 across different donor counts and doublet percentages 

on balanced datasets.

Figure 4.13 compares the performance of the four methods on datasets with varying 

numbers of donors (4, 8, 16, 32, 48, 64) under three doublet conditions (0%, 5%, and 10%). 

Under the no-doublet condition, all methods show an increasing number of incorrectly 

merged clusters as the donor count grows. Vireo performs the worst, peaking at 13 in-

correctly merged clusters at 64 donors, followed by overclustered Vireo and Souporcell, 
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while Souporcell3 consistently yields no incorrectly merged clusters. With 5% doublets, 

Vireo performs slightly better than in the no-doublet scenario but still produces 12 incor-

rectly merged clusters at 64 donors, while Souporcell maintains moderate performance 

with only 7 incorrectly merged clusters. In the most challenging 10% doublet scenario, 

the pattern persists: Vireo and overclustered Vireo exhibit a high number of incorrectly 

merged clusters, Souporcell performs moderately, and Souporcell3 remains the most ro-

bust, maintaining zero incorrectly merged clusters across all donor counts.

Adjusted Rand Index

Figure 4.14: Adjusted Rand Index for Vireo, overclustered Vireo, Souporcell, and Soupor-

cell3 across different donor counts and doublet percentages on balanced datasets.
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Figure 4.14 compares the ARI across the four demultiplexing methods. In the no-

doublet condition, all methods perform well at low donor counts (4–16 donors), with ARI 

values near or above 0.95. As the donor count increases to 32, 48, and 64, Vireo’s accuracy 

declines sharply, dropping below 0.86 at 48 donors and to 0.81 at 64 donors. Overclustered 

Vireo also deteriorates significantly beyond 32 donors, while Souporcell maintains better 

performance, and Souporcell3 consistently achieves near-perfect clustering (ARI > 0.99) 

across all donor levels.

In the 5% doublet condition, similar trends emerge: Souporcell3 remains highly ac-

curate across all donor counts, while Vireo’s performance declines at 64 donors (ARI of 

0.82) and overclustered Vireo exhibits a similar drop. The 10% doublet condition presents 

the greatest challenge, but Souporcell3 continues to maintain a nearly perfect clustering 

score, while Vireo experiences a pronounced decline (ARI < 0.79 at 64 donors). Soupor-

cell performs similarly to its results in the 5% doublet condition.

The overall trend shows that for datasets with more than 32 donors, overclustered 

Vireo outperforms Vireo due to its better cluster center selection strategy. However, 

both Souporcell and Souporcell3 still perform better in comparison. Among all methods, 

Souporcell3 consistently outperforms the alternatives, demonstrating the highest cluster-

ing accuracy across all dataset complexities. It maintains near-perfect ARI values regard-

less of donor count or doublet rate, making it the most robust and reliable demultiplexing 

method evaluated in this study.
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Cluster Maps and Heat Maps

Figure 4.15: Cluster maps using UMAP for the x and y axes, showing the result of the 10 

percent doublet, 64-donor balanced dataset after running Souporcell, Souporcell3, Vireo, 

and overclustered Vireo prior to doublet detection.

Figure 4.15 displays the clustering of the 64-donor, 10%-doublet dataset, with doublets 

excluded from visualization as the figures are generated before doublet detection for all 

methods. Each point represents a cell colored by its ground-truth donor identity, and the 

Uniform Manifold Approximation and Projection (UMAP) axes capture the primary struc-

ture of the high-dimensional cluster data in two dimensions. In the Souporcell3 panel, 

clusters are well-separated throughout the UMAP space, indicating effective donor de-
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multiplexing. Even in the central region, where many clusters appear close together, they 

remain distinct and clearly partitioned with only a few outliers, demonstrating Souporcell3’s 

ability to resolve densely packed but separate donor profiles. In contrast, Vireo and over-

clustered Vireo exhibit many ground-truth clusters where two or more clusters are merged.

Figure 4.16: Heat maps showing cell counts for assigned cluster versus ground truth 

for (64) clusters of the (10 percent)-doublet balanced dataset after running Souporcell, 

Souporcell3, Vireo, and overclustered Vireo, prior to doublet detection.

Figure 4.16 shows heat maps of cell counts across 64 clusters for the 64-donor dataset 

with 10% doublets, with each row corresponding to the cluster assignment by the method 

and each column representing the ground-truth cluster. Color intensity reflects the number 

of cells assigned, with a median cell count per donor of 315. The Souporcell3 heat map 

shows a strong diagonal pattern, indicating that the majority of cells are correctly assigned 

to their respective clusters with minimal cross-contamination. The other methods show 

off-diagonal cell counts, indicating ground-truth clusters where two or more clusters are 

merged. The absence of significant off-diagonal cell counts in the Souporcell3 heat map 
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further supports its effectiveness in distinguishing between donors even in the presence 

of 10% doublets.

4.7.2 Unbalanced Dataset Results

Figure 4.17: Number of incorrectly merged donor assignments for Vireo, overclustered 

Vireo, Souporcell, and Souporcell3 on the three unbalanced datasets.

Figure 4.17 compares the four methods on the three unbalanced datasets in terms 

of incorrectly merged clusters. Souporcell3 performs perfectly, producing zero incorrectly 

merged clusters across all three datasets. In Unbalanced 1, Vireo and overclustered Vireo 

each produce a single incorrectly merged cluster. In Unbalanced 2, Vireo and Souporcell 

each produce incorrectly merged clusters. In Unbalanced 3, Vireo produces two incor-

rectly merged clusters and overclustered Vireo produces one, while the other methods 

remain error-free.
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Figure 4.18: Adjusted Rand Index for Vireo, overclustered Vireo, Souporcell, and Soupor-

cell3 on the three unbalanced datasets.

Figure 4.18 shows the ARI of the four methods on the unbalanced datasets. Soupor-

cell3 achieves the highest ARI scores across all datasets, indicating nearly perfect clus-

tering. Overclustered Vireo performs slightly worse, with moderately lower ARI values, 

while Vireo shows the lowest ARI, reflecting more frequent clustering errors. Notably, 

Souporcell3 achieves a perfect ARI of 1.0 on all three unbalanced datasets when eval-

uated against cells labeled as individual donors by Demuxlet, including on datasets with 

minority clusters as small as 0.84%, 1.4%, and 1.13% of the cells, respectively.
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Figure 4.19: Heat maps showing cell counts for assigned cluster versus ground truth for 

unbalanded dataset 1, after running Souporcell, Souporcell3, Vireo, and overclustered 

Vireo.
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Figure 4.20: Heat maps showing cell counts for assigned cluster versus ground truth for 

unbalanded dataset 2, after running Souporcell, Souporcell3, Vireo, and overclustered 

Vireo.
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Figure 4.21: Heat maps showing cell counts for assigned cluster versus ground truth for 

unbalanded dataset 3, after running Souporcell, Souporcell3, Vireo, and overclustered 

Vireo.

Figure 4.19 Figure 4.20 Figure 4.21 present heat maps for each of the three unbal-

anced datasets, comparing the performance of the four methods. Across all datasets, 

Souporcell3 shows the most accurate clustering, with heat maps closely matching the true 

donor labels and minimal mixing between clusters. Souporcell also performs well, with 

only minor deviations in a few clusters. In contrast, Vireo and overclustered Vireo show 

more mixing and less clearly defined clusters. These results demonstrate that Souporcell3 

provides the most precise and robust demultiplexing across all unbalanced datasets.

4.8 Discussion

The evaluation of genotype-based demultiplexing using both balanced synthetic and 

unbalanced experimental datasets demonstrates that the improved Souporcell3 approach 
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consistently enhances clustering performance. The method scales effectively to 64 donors 

while maintaining high accuracy under varying levels of doublets and across different 

dataset complexities. By combining 10x-merge initialization, deterministic annealing-enhanced 

K-Harmonic Means clustering, and iterative refinement with selective cluster locking, Soupor-

cell3 eliminates common artifacts such as empty or incorrectly merged clusters and achieves 

higher concordance with ground-truth donor labels than Vireo [10], overclustered Vireo, 

or the original Souporcell [9].

The ablation studies presented in Sections 4.5 and 4.6 reveal that no single compo-

nent is sufficient on its own. Even the optimal initialization, which uses ground-truth donor 

information to seed the cluster centers, does not yield perfect clustering on the 64-donor 

dataset, because subsequent log-loss updates can shift cluster centers toward dense re-

gions of the genotype space and cause cluster mergers. Similarly, deterministic annealing 

alone (DA-KHM) improves over the vanilla baselines by a wide margin but still leaves a 

residual of incorrectly merged clusters. The iterative refinement procedure (Section 4.2.5), 

inspired by node freezing and dropout in deep learning [75, 85, 86], is required to close 

this gap by reinitializing the small subset of bad clusters while preserving the much larger 

set of correctly converged ones.

These improvements highlight the advantages of robust initialization and adaptive clus-

ter correction strategies in high-throughput demultiplexing, and they have direct practical 

implications for the design of large-scale scRNA-seq studies. By raising the practical 

donor-count limit from approximately 16 to 64 donors per pool, Souporcell3 enables a 

roughly fourfold reduction in the per-donor cost of multiplexed experiments while simul-

taneously reducing technical batch effects and improving doublet detection statistics [9, 

56–58, 64].

Several limitations of the current method merit discussion. First, the bad-cluster detec-

tion procedure described in Section 4.2.5 relies on the assumption that the cell distribution 

across donors is at least moderately balanced, or that minority clusters are nonetheless 
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distinguishable from empty clusters via cell-count thresholds. While the unbalanced re-

sults in Section 4.7.2 demonstrate robustness down to minority cluster fractions of ap-

proximately 0.84%, extreme imbalance regimes may require additional refinement criteria. 

Second, the negative binomial distance metric and KHM loss assume biallelic variants and 

treat each variant locus independently; extending the model to handle multi-allelic variants 

and linkage disequilibrium between nearby variants could further improve performance. 

Third, the deep-learning-inspired locking strategy is currently applied stochastically; prin-

cipled criteria for selecting which clusters to lock at each iteration remain an open question 

for future work.

Future work will continue to refine the method in the context of different data types 

such as scATAC-seq and long-read scRNA-seq with even larger sample sizes and in-

creasingly complex single-cell datasets, ensuring accurate and scalable demultiplexing 

for population-scale single-cell studies. The next chapter, Chapter 5, extends the clus-

tering paradigm developed here to spatial single-cell technologies such as Slide-seq and 

Visium HD, where the assumptions underlying sequence-based demultiplexing do not di-

rectly apply and a separate methodological effort is required. 
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Chapter 5

Clustering Spatial scrnaseq

This chapter presents SpaceCell, a three-stage clustering method for assigning cell 

types in spatial single-cell transcriptomics data. Section 5.1 motivates the need for spa-

tially aware clustering and reviews current spatial transcriptomics technologies. Sec-

tion 5.2 analyses two benchmark datasets, the Slide-seqV2 mouse cerebellum and the Vi-

sium human dorsolateral prefrontal cortex (DLPFC), comparing the negative binomial and 

GLM-PCA loss functions alongside k-means and Gaussian mixture model (Gaussian mix-

ture model (GMM)) clustering. Section 5.3 describes the proposed method: an initial GMM 

clustering on a GLM-PCA embedding, a refinement step that selects high-confidence cells 

by negative binomial likelihood, and a final assignment step applying Leiden community 

detection to a graph combining transcriptomic and spatial distances. Section 5.4 presents 

results on the cerebellum sample, where SpaceCell reaches an adjusted Rand index of 

0.72 against 0.38 for CellCharter. Section 5.5 discusses these results and the evaluations 

currently in progress.

5.1 Introduction

Single-cell RNA sequencing (scRNA-seq) has greatly improved our understanding of 

cellular diversity by allowing researchers to measure gene expression in individual cells. 

This has revealed previously unknown cell states, lineages, and rare cell populations 

across many tissues and diseases [89–91]. However, preparing tissue for scRNA-seq 

requires cells to be separated from their original environment, which removes important 
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spatial information. Tissues are highly organised structures where neighbouring cells in-

teract through signalling, mechanical forces, and shared developmental history. Without 

information about cell location, scRNA-seq alone cannot fully address questions about 

tissue structure, cellular niches, or spatial signalling patterns [92, 93].

Spatial transcriptomics overcomes this limitation by preserving the spatial location of 

each cell or transcript while still measuring genome-wide gene expression [94, 95]. Unlike 

scRNA-seq, spatial transcriptomics includes coordinates for every measurement, allow-

ing researchers to study gene expression together with tissue structure. This changes 

downstream analysis because methods such as clustering, differential expression, and 

trajectory inference must account for spatial relationships. It also enables new types of 

analysis, including identifying tissue boundaries, defining cellular niches, and studying 

cell–cell communication [96, 97].

5.1.1 Spatial transcriptomics technologies

Several spatial transcriptomics technologies have been developed, each with different 

trade-offs between spatial resolution, sensitivity, and transcriptome coverage. In this work, 

we focus on sequencing-based spatial transcriptomics methods, where tissue sections 

are placed onto surfaces containing spatially barcoded oligonucleotides that capture RNA 

molecules while preserving their spatial location. Sequencing then produces genome-

wide gene expression profiles linked to spatial coordinates. The datasets analysed in this 

study include human cerebellum data generated using Visium and mouse cerebellum data 

generated using Slide-seqV2 technologies.

The Visium dataset was obtained from the study by Maynard et al. [98], which used 

the 10x Genomics Visium platform to generate spatial transcriptomic profiles from human 

brain tissue. Visium uses barcoded capture spots of approximately 55 µm arranged on a 

hexagonal grid, with each spot typically capturing transcripts from multiple neighbouring 

cells.
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The Slide-seqV2 cerebellum dataset was obtained from the study by Cable et al. 

[99], which analysed mouse cerebellum tissue at near-cellular resolution using Slide-

seqV2 [100, 101]. Slide-seqV2 uses densely packed ∼10 µm beads coated with spa-

tial barcodes, enabling finer spatial resolution than Visium, although with lower transcript 

capture efficiency per bead.

Both Visium and Slide-seqV2 are untargeted, capture-based methods that measure 

the whole transcriptome without requiring predefined gene panels. However, both tech-

nologies produce sparse data, where many genes have zero observed counts in individ-

ual spots or beads. In addition, both spatial technologies share the common downstream 

challenge of integrating transcriptional and spatial information into a single coherent rep-

resentation of tissue structure.

5.2 Analysis of Data

To evaluate whether spatial transcriptomics data permit the recovery of annotated tis-

sue domains under standard probabilistic models, we examined two datasets that span the 

two dominant capture-based platforms and two anatomically layered brain regions. Both 

were chosen because their ground-truth annotations are derived from well-established 

histology and have been used extensively as benchmarks in the spatial clustering litera-

ture.

5.2.1 Slide-seqV2 mouse cerebellum data

Paper. “Cell type-specific inference of differential expression in spatial transcriptomics,” 

Nature Methods 19, 1076–1087 [99].

Sample. Adult mouse cerebellum. The cerebellum is a deeply stratified structure or-

ganised into the molecular layer, the Purkinje cell layer (a thin band of large GABAergic 
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projection neurons), the densely packed granule cell layer, and the underlying white mat-

ter [102]. This stereotyped lamination, combined with the very distinct cell type compo-

sitions of each layer, makes the cerebellum a canonical positive control for any spatial 

clustering or annotation method: a method that cannot recover the cerebellar layers is 

unlikely to perform well on more diffusely organised tissues.

Figure 5.1: Ground-truth annotation of the Slide-seqV2 mouse cerebellum sample, with 

cells coloured by their assigned cell type.
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Annotation. Per-bead annotations were derived by deconvolving each bead into its con-

stituent cell types using RCTD [99] with a comprehensive single-nucleus reference atlas of 

the mouse cerebellar cortex [103], and assigning beads to laminar domains based on the 

spatial distribution of the dominant cell types. This yields ground-truth labels for the molec-

ular layer, Purkinje layer, granule layer, and white matter, together with rarer populations 

such as Bergmann glia and oligodendrocytes.

Goal. Using the annotation as cluster initialisation, we evaluate whether the cerebellar 

layers are separable in expression space under a suite of probabilistic models, includ-

ing raw count likelihoods under negative binomial assumptions and reduced-dimensional 

embeddings such as GLM-PCA [104]. The question we ask is intentionally narrow and 

pre-clustering: if a clustering algorithm were given the correct centres, would the data 

themselves admit separation under each model?
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Negative binomial likelihood-based cell separation

Figure 5.2: Negative binomial likelihood-based cell separation for each cell type in the 

mouse cerebellum sample. Left: spatial view with cells coloured by ground-truth label. 

Right: scatter of own-cluster loss against other-cluster loss; cells below the diagonal are 

closer to their assigned cluster’s average.
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GLM-PCA based cell separation

Figure 5.3: GLM-PCA based cell separation for each cell type in the mouse cerebellum 

sample. Cells more widely dispersed in the loss space than under the NB model, but a 

meaningful fraction sit on the wrong side of the diagonal.
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K-means++ clustering using GLM-PCA

Figure 5.4: K-means++ clustering on the GLM-PCA embedding of the cerebellum data. 

Ground truth (left) compared to k-means++ cluster assignments (right). ARI = 0.448, F1 

= 0.515.

Gaussian mixture model clustering using GLM-PCA

Figure 5.5: Gaussian mixture model clustering on the GLM-PCA embedding of the cere-

bellum data. Ground truth (left) compared to GMM cluster assignments (right). ARI = 

0.545, F1 = 0.520.
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5.2.2 Visium human dorsolateral prefrontal cortex data

Paper. “Transcriptome-scale spatial gene expression in the human dorsolateral pre-

frontal cortex,” Nature Neuroscience 24, 425–436 [98].

Sample. The study profiled 12 Visium sections from three neurotypical adult donors (four 

sections per donor, sampled from the DLPFC, Brodmann area 9/46), each spanning the 

full cortical depth and capturing all six neocortical laminae (L1–L6) plus the underlying 

white matter (WM), seven anatomically defined layers in total. For this analysis we use 

section 151673, the most commonly benchmarked section across recent spatial clustering 

methods [98].
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Figure 5.6: Ground-truth annotation of Visium DLPFC section 151673, with spots coloured 

by manually assigned cortical layer (L1–L6) and white matter (WM).

Annotation. Layers were manually annotated on a per-spot basis by domain experts 

using the accompanying H&E-stained images and known cytoarchitectural landmarks of 

the DLPFC [105, 106], guided by canonical laminar marker genes such as AQP4 (L1), 

HPCAL1 (L2/3), BCL11B / CTIP2 (L5), KRT17 (L6), and MBP (WM) [98, 107, 108]. The 

resulting layer-level ground truth, L1, L2, L3, L4, L5, L6, and WM, has subsequently be-

come the de facto benchmark annotation for spatial clustering methods, used in essentially 

every recent methodological paper in the field [109–113].
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Goal. As with the cerebellum analysis, the DLPFC sections are used to test whether 

the seven annotated cortical layers are separable in expression space under negative 

binomial and GLM-PCA representations of the data, with cluster centres initialised from 

the manual annotations. The DLPFC complements the cerebellum analysis in an impor-

tant way: the cerebellar layers contain fundamentally distinct cell types (granule cells vs. 

Purkinje cells vs. Bergmann glia), whereas the six cortical layers contain a more graded 

continuum of pyramidal projection neurons and interneurons that share large parts of their 

transcriptional programme [108, 114]. The DLPFC therefore represents the harder case, 

a layered tissue with transcriptionally similar but spatially distinct domains, and tests the 

limits of common modelling assumptions.
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Negative binomial likelihood-based cell separation

Figure 5.7: Negative binomial likelihood-based cell separation for each layer in the DLPFC 

sample. Spots fall very close to the diagonal but consistently on the correct side.
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GLM-PCA based cell separation

Figure 5.8: GLM-PCA based cell separation for each layer in the DLPFC sample.
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K-means++ clustering using GLM-PCA

Figure 5.9: K-means++ clustering on the GLM-PCA embedding of the DLPFC data. ARI 

= 0.395, F1 = 0.537.

Gaussian mixture model clustering using GLM-PCA

Figure 5.10: Gaussian mixture model clustering on the GLM-PCA embedding of the 

DLPFC data. ARI = 0.433, F1 = 0.557.

111



5.2.3 Discussion of the loss functions and clustering methods

The cell separation analyses of the two datasets in Sections 5.2.1 and 5.2.2 show that 

the two probabilistic models have complementary strengths and weaknesses.

GLM-PCA loss spreads cells widely across the loss space. Most cells fall on the correct 

side of the diagonal, closer to their own cluster’s average than to a competing cluster’s 

average, but a meaningful fraction sit on the wrong side. These mis-localised cells are 

usually either at the spatial border between two layers or belong to rarer cell populations. 

GLM-PCA is therefore good at producing a well-separated global embedding, but it can 

be insensitive to small gene-level differences between transcriptionally similar layers.

Negative binomial loss behaves in the opposite way. Almost all cells sit very close to 

the diagonal, meaning the loss to the own cluster and the loss to the competing cluster 

are numerically similar. However, the direction is almost always correct: cells consistently 

fall on the right side of the diagonal even if only slightly. This is the expected behaviour of 

a likelihood-based count model on sparse data; only a few genuinely layer-discriminative 

genes push the total in the right direction. The negative binomial loss is therefore pre-

cise but has a narrow range, making it a poor primary clustering signal but an excellent 

refinement signal.

This suggests a two-stage strategy: use GLM-PCA first to get good large-scale sepa-

ration, then refine with the negative binomial loss to capture the residual gene-level signal 

that distinguishes similar layers.

When comparing the two clustering algorithms on the GLM-PCA embedding, the Gaus-

sian mixture model outperforms k-means++ on both datasets (ARI 0.545 / F1 0.520 vs. 

0.448 / 0.515 on the cerebellum; ARI 0.433 / F1 0.557 vs. 0.395 / 0.537 on the DLPFC). 

This is consistent with the underlying assumptions of each method: k-means++ assumes 

spherical, equal-variance clusters with hard assignments, whereas GMM allows each clus-

ter to have its own ellipsoidal shape and produces soft probabilistic assignments. For 

spatial transcriptomic clusters that are typically elongated and overlapping in embedding 
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space, this flexibility is a noticeable advantage. These observations directly motivate the 

method developed below.

5.3 Method

Figure 5.11: Method overview. (A–C) Cluster with a Gaussian mixture model on the GLM-

PCA embedding of the count matrix and spatial coordinates. (D–F) Refine with negative 

binomial likelihood-based cell selection. (G–I) Assign the unassigned cells using Leiden 

community detection, connecting neighbouring cells with a combined negative binomial 

and spatial loss.

5.3.1 Initial clustering with a Gaussian mixture model using GLM-PCA

We begin by computing a low-dimensional embedding of the count matrix using GLM-

PCA [104], a dimensionality reduction technique designed for sparse count data. Standard 

PCA assumes Gaussian noise and is typically applied after log-normalisation, which in-

troduces artefacts when the data are sparse and overdispersed, as UMI counts almost 
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always are [115]. GLM-PCA avoids this by fitting an exponential-family likelihood directly 

to the raw counts, producing an embedding that better preserves biologically meaningful 

variation.

On this embedding we fit a Gaussian mixture model [116, 117], which describes the 

data as a weighted sum of multivariate Gaussian components fit by the expectation-

maximisation algorithm. Each cell receives a probability of belonging to each component, 

and the most likely component is taken as its initial cluster label. Unlike k-means, which 

assumes spherical equal-variance clusters and produces hard assignments, the GMM al-

lows each cluster its own ellipsoidal shape, a better fit for the overlapping clusters typical of 

spatial transcriptomic data, as confirmed by the ARI and F1 comparisons in Section 5.2.3.

5.3.2 Refining with negative binomial loss

The negative binomial distribution is the standard model for UMI counts because gene-

count variance consistently exceeds the mean, a property known as overdispersion [118–

120]. It generalises the Poisson by introducing a per-gene dispersion parameter:

𝑃(𝑦 ∣ 𝜇𝑔, 𝜃𝑔) =
Γ(𝑦 + 𝜃𝑔)
Γ(𝜃𝑔) 𝑦!

(
𝜃𝑔

𝜃𝑔 + 𝜇𝑔
)

𝜃𝑔
(

𝜇𝑔

𝜃𝑔 + 𝜇𝑔
)

𝑦

(5.1)

where 𝑦 is the observed count of a gene in a cell, 𝜇𝑔 is the expected mean count for gene 

𝑔, 𝜃𝑔 is the dispersion parameter for gene 𝑔, and Γ(⋅) is the gamma function.

For each cluster, we compute its average count vector across all member cells and 

the UMI-normalised negative log-likelihood of each cell’s counts under that average:

ℒ𝑖→𝑘 = − 1
𝑇𝑖

𝐺
∑
𝑔=1

log𝑃(𝐶𝑖𝑔 ∣ ̄𝜇(𝑘)
𝑔 , 𝜃𝑔) (5.2)

where ̄𝜇(𝑘)
𝑔  is the average count of gene 𝑔 across cells in cluster 𝑘, 𝐶𝑖𝑔 is the observed 

count of gene 𝑔 in cell 𝑖, ℒ𝑖→𝑘 is the loss of cell 𝑖 against cluster 𝑘’s average, 𝑇𝑖 = ∑𝑔 𝐶𝑖𝑔

is the total UMI count of cell 𝑖, 𝐺 is the total number of genes, and 𝑃(⋅) is the negative 
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binomial probability mass function from Equation 5.1.

The UMI normalisation makes losses comparable across cells of different sequencing 

depth. From this we define an own-cluster loss, evaluated against the cell’s currently as-

signed cluster, and an other-cluster loss, evaluated against the closest competing cluster. 

The quality of the partition is then summarised by a scale-invariant discriminability score 

that takes the ratio of mean other-cluster loss to mean own-cluster loss:

𝒮 = mean(ℒother)
mean(ℒown) + 𝜀

(5.3)

where 𝒮 is the discriminability score of the partition, ℒown
𝑖  is the own-cluster loss (the loss 

of cell 𝑖 against its currently assigned cluster), ℒother
𝑖  is the other-cluster loss (the minimum 

loss of cell 𝑖 across all competing clusters), mean(⋅) is the average taken across all cells 

under consideration, and 𝜀 is a small constant to avoid division by zero.

Refinement proceeds in two phases. First, we run the GMM with multiple random 

initialisations and retain the partition with the highest score. Second, starting from this 

partition, we sample one cell per cluster as a seed and iteratively add cells one at a time, 

each time selecting the candidate whose addition produces the largest increase in the 

score and recomputing the cluster averages after each step. Cells that no longer improve 

the score, or that prefer a different cluster, are left unassigned and passed to the next 

stage.

5.3.3 Assigning the unassigned cells with the Leiden algorithm

The remaining unassigned cells are placed using Leiden community detection [121], 

a graph clustering algorithm that improves on the widely-used Louvain method [122] by 

guaranteeing internally connected communities and producing higher-quality partitions in 

practice. Leiden has become the standard for community detection in single-cell and 

spatial transcriptomic analyses.
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We construct a graph in which each cell is a node and the edge weight between two 

cells combines transcriptomic and spatial proximity:

𝑤𝑖𝑗 = ℒNB
𝑖𝑗 + 𝜆 ⋅ ‖𝑠𝑖 − 𝑠𝑗‖2 (5.4)

where 𝑤𝑖𝑗 is the edge weight between cell 𝑖 and cell 𝑗, ℒNB
𝑖𝑗  is the negative binomial loss 

of cell 𝑖’s counts evaluated against cell 𝑗’s count vector, 𝑠𝑖 and 𝑠𝑗 are the 2D spatial coor-

dinates of cells 𝑖 and 𝑗, ‖𝑠𝑖 − 𝑠𝑗‖2 is the Euclidean distance between the two cells, and 𝜆

is a tunable weight controlling the trade-off between transcriptomic and spatial similarity.

For pairs of cells already assigned to the same cluster in Section 5.3.2, the weight 

is set to zero so they remain strongly connected and anchor the community structure. 

The weights are then inverted before being passed to Leiden, since the algorithm treats 

higher weights as stronger similarity, and the resulting communities define the final cluster 

assignments.

5.4 Results

We evaluated SpaceCell on the Slide-seqV2 mouse cerebellum dataset described in 

Section 5.2.1, using the six annotated cell types as ground truth. Performance is reported 

using the Adjusted Rand index (ARI) against the published annotations. As a baseline we 

ran CellCharter [123], a recent spatial clustering method that combines a variational au-

toencoder embedding with neighbourhood aggregation and Gaussian mixture clustering, 

using the same number of clusters and the same preprocessed count matrix.
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Figure 5.12: Clustering of the Slide-seqV2 mouse cerebellum sample. SpaceCell recovers 

spatially coherent layers that closely follow the annotated cerebellar architecture, whereas 

the CellCharter assignments are more fragmented across layer boundaries.

SpaceCell achieved an ARI of 0.74 on the cerebellum sample, compared with 0.38 for 

CellCharter, an improvement of 0.34 in absolute terms and close to a two-fold increase 

relative to the baseline.

5.5 Discussion

The cerebellum result supports the main design choice of SpaceCell: the negative 

binomial and GLM-PCA losses work better at different stages than combined into one 

objective. As shown in Section 5.2, GLM-PCA separates cells widely but coarsely, so it 

117



suits the initial clustering, while the negative binomial loss is precise over a narrow range, 

so it suits refinement. Applying each loss where it performs best, and adding the spatial 

term only at the final assignment step, gives a clearly better partition than the baseline.

This evaluation has limits. It uses one Slide-seqV2 sample and one baseline, so 

broader testing is needed before drawing general conclusions. Work on the remaining 

samples is in progress, including the Visium human dorsolateral prefrontal cortex section 

from Section 5.2.2 and further cerebellum replicates. The cortex is expected to be harder, 

since its layers change gradually rather than forming distinct cell types, so the margin 

between methods may be smaller there.

More baseline comparisons are also in progress. Alongside CellCharter, we are run-

ning GASTON [113], GraphST [112], STAGATE [111], BayesSpace [110], and SpaGCN [109] 

on the same data with matched preprocessing and cluster counts. These cover the main 

approaches in the field, from Bayesian models to graph neural networks, and will show 

more clearly how the proposed method compares to the state of the art. 
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Chapter 6

Conclusion

This dissertation has presented four algorithmic contributions that target distinct but 

complementary problems in modern sequence analysis, spanning long-read consensus 

sequencing and droplet-based and spatial single-cell transcriptomics. Together, the four 

methods, TopoQual [2], LCSkPOA [3], Souporcell3 [12], and SpaceCell, improve the ac-

curacy, computational efficiency, and scalability of pipelines that turn raw sequencing 

measurements into the variant calls and cell-type assignments that drive downstream bi-

ological and clinical inference.

6.1 Summary of Contributions

Chapter 2: TopoQual. The per-base quality scores produced by PacBio HiFi circular 

consensus sequencing were shown to be systematically overestimated at the high end of 

the Phred scale, with practical consequences for downstream somatic variant calling. We 

introduced TopoQual, a method that combines a topological analysis of the partial order 

alignment graph (TopoCut) with a deep learning model trained against empirical error rates 

on an umbilical cord blood sample. The resulting recalibrated quality scores track validated 

error rates more closely than either the original PacBio scores or those produced by Deep-

Consensus [39], while simultaneously polishing approximately 32% of the errors present in 

the input CCS reads. TopoQual reaches a maximum validated quality of Q54, compared 

to Q46 for PacBio and Q49 for DeepConsensus, and provides better-calibrated inputs to 

variant callers such as Strelka2 [7], Mutect2 [8], ClairS [40], and DeepSomatic [41].

119



Chapter 3: LCSkPOA. Because TopoQual, and any POA-based consensus method, 

depends on multiple sequence alignment of subreads, the quadratic time and memory 

complexity of unbanded POA [19] is a major bottleneck on long reads. We extended the 

LCSk++ algorithm [48, 49] to graph structures and introduced LCSkPOA, a banded POA 

method that achieves up to a 60× speedup over unbanded SPOA [43] on long synthetic 

sequences and maintains alignment accuracy above 99% on real HiFi data at 𝑘 = 12. LC-

SkPOA also uses roughly tenfold less memory than ABPOA [42] on the longest sequences 

tested. Together, LCSkPOA and TopoQual form a tractable consensus-plus-polishing 

pipeline for HiFi sequencing at genome scale.

Chapter 4: Souporcell3. On the single-cell side, existing genotype-based demultiplex-

ing tools such as Souporcell [9], Vireo [10], and scSplit [11] were primarily designed and 

benchmarked on pools of 16 or fewer donors, beyond which clustering quality degrades 

sharply. We introduced Souporcell3, which combines a 10×-merge cluster initialization 

strategy, deterministic annealing-enhanced K-Harmonic Means clustering with 𝐿𝑝-norm 

normalisation [14, 15], and an iterative refinement procedure that reinitialises bad clus-

ters while locking good ones in place. Souporcell3 achieves near-perfect adjusted Rand 

index scores and zero incorrectly merged clusters at donor counts of up to 64, substan-

tially outperforming the existing baselines. This roughly fourfold extension of the practical 

donor-count limit translates directly into a corresponding reduction in the per-donor cost 

of multiplexed scRNA-seq studies and reduces technical batch effects in large pooled 

experiments.

Chapter 5: SpaceCell. Finally, we extended the clustering paradigm to spatial single-

cell transcriptomics. We showed that on both Slide-seqV2 mouse cerebellum data [99] 

and Visium human DLPFC data [98], standard probabilistic models exhibit complemen-

tary failure modes: the negative binomial likelihood is precise but has narrow range, while 

GLM-PCA [104] provides wide separation but is insensitive to small gene-level differences 
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between transcriptionally similar layers. This observation directly motivated SpaceCell, a 

three-stage method that first clusters cells with a Gaussian mixture model [116] on the 

GLM-PCA embedding, then refines the partition by iteratively selecting the most repre-

sentative cells under a negative-binomial discriminability score, and finally assigns the 

remaining cells using Leiden community detection [121] on a graph whose edge weights 

combine negative binomial dissimilarity with spatial distance.

6.2 Closing Remarks

Sequencing technologies are now capable of measuring the genome and transcrip-

tome at resolutions that were unimaginable a decade ago, but the value of those mea-

surements depends on the algorithms that turn raw signals into accurate, interpretable 

biological inferences. The four methods presented in this dissertation address specific 

bottlenecks in that translation: from base-level quality calibration and efficient alignment in 

long-read sequencing, to scalable demultiplexing and spatially-aware clustering in single-

cell genomics. Each contribution stands alone as a practical improvement to a widely-

used pipeline, and together they illustrate the broader principle that careful diagnosis of 

failure modes, paired with modest, targeted algorithmic changes, can yield substantial 

gains across the modern sequence analysis stack. 
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