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[bookmark: abstract]


Abstract
Background: HCV molecular epidemiology has been limited by the scarcity of standardized tools for whole-genome sequence analysis. Most existing workflows focus on partial regions and require phylogenetic inference, which is computationally intensive and hardly scalable. Molecular surveillance approaches had been widely used for pathogens like HIV, but their application to HCV is still emerging, as bioinformatic tools for HCV genomic analysis become available.
Methods: We developed a reproducible pipeline for processing HCV whole-genome sequences, including subtype- and region-specific alignment, consensus generation, and fragment merging. The framework also incorporates tools for network analysis based on pairwise genetic distances. Clustering thresholds were optimized using the AUTO-TUNE tool algorithm. The pipeline was applied to 286 samples from the Condesa Clinics (Mexico City, 2019–2024) spanning six HCV genotypes.
Results: Genotype 1a (73.8%) and 4d (18.2%) predominated. Whole-genome clustering performance varied by genomic region and genotype. Informative clustering emerged in the genomic regions E1, E2, NS2, NS3, and NS5B; conserved regions such as core and NS5A formed large, uninformative clusters. Region-specific clustering thresholds varied widely (e.g., 0.00354–0.04571 substitutions/site). Evaluation of candidate thresholds showed that selected values produced consistent clustering patterns within each region, supporting the approach of balancing multiple clustering quality metrics.
Conclusions: This is the first study to perform HCV whole-genome network analysis in Mexico and one of the few globally. The pipeline offers a reproducible framework for large-scale HCV molecular surveillance, enabling integration of genetic networks without reliance on full phylogenies. This study contributes to fill a critical gap in available tools for HCV genomic epidemiology. 
[bookmark: introduction]

Introduction
In 2022, the World Health Organization (WHO) estimated that 50 million people globally were living with chronic hepatitis C virus (HCV) infection, with approximately 242,000 deaths worldwide attributable to HCV-related cirrhosis and hepatocellular carcinoma that year (World Health Organization 2024b). By 2020, only 36% of individuals with HCV had been diagnosed worldwide, and 20% had received curative treatment(World Health Organization 2024b). The WHO Global Health Sector Strategy on Viral Hepatitis 2016–2021 aims to reduce HCV incidence by 90% and HCV mortality by 65% by 2030 (World Health Organization 2022). In Mexico, the estimated anti-HCV antibody prevalence among adults ≥20 years was 0.38% in 2018, with approximately 46,000 active infections (Carnalla et al. 2021). In response to the burden of HCV infection in the country, Mexico launched its National HCV Elimination Program in 2020 (De la Torre Rosas et al. 2021). By 2022, the HCV-related mortality rate in Mexico was estimated at 9.2 per 100,000 population (The Coalition for Global Hepatitis Elimination 2025).
HCV burden is disproportionately concentrated among people living with HIV (PLHIV), who have up to six times higher odds of HCV infection compared with HIV-negative populations (Platt et al. 2016). With no preventative vaccine available, minimizing viral transmission is essential to meet elimination targets (WHO 2025). WHO has recommended leveraging existing HIV surveillance systems and care services to strengthen HCV screening, monitoring and treatment, integrating HCV into HIV programmes to improve case detection and outcomes (World Health Organization 2024a). Although routine HCV screening is recommended for people living with HIV (World Health Organization 2023), many new infections still go undetected, particularly in key populations with limited or inconsistent engagement in care, including people who inject drugs and incarcerated populations(World Health Organization 2019; Martin et al. 2015). Given that HCV infections are predominantly asymptomatic and hard to detect early, extensive transmission network expansion frequently precedes case recognition via routine screening or clinical presentation(Ramachandran et al. 2018). In this context, molecular epidemiology can complement traditional case-based surveillance by identifying genetically linked infections, thereby helping prioritize clusters or groups for targeted investigation and intervention(Ramachandran et al. 2018; Longmire et al. 2017).  
Molecular epidemiology has been successfully applied in HIV to identify key populations and rapidly growing clusters for public health response (Wertheim et al. 2017; Aldous et al. 2012; Little et al. 2014; Pasquale et al. 2018). In HCV, while molecular surveillance is advancing, methodological standardization remains less mature than for other viral pathogens (Jacka et al. 2013; Horsburgh et al. 2024a; Manso et al. 2020). Existing HCV outbreak investigations have often relied on either phylogenetic analysis or targeted sequencing of subgenomic regions such as HVR1, approaches that remain highly informative for outbreak reconstruction and confirmation (Campo et al. 2016a; Longmire et al. 2017). While modern phylogenetic tools have substantially improved the scalability of these evolutionary analyses (Minh et al. 2020; Bouckaert et al. 2019), they can still be computationally demanding for daily public health operations(Black et al. 2020). For routine surveillance, distance-based network methods offer a complementary strategy well-suited to rapidly screening large sequence volumes and prioritizing specific clusters for deeper phylogenetic evaluation. (Kosakovsky Pond et al. 2018a)
[bookmark: methods]The extensive genetic heterogeneity of HCV and its uneven evolutionary dynamics across the genome complicate the development of universal protocols for sequence processing, alignment, and clustering (Tisthammer et al. 2021; Powdrill et al. 2011). Historically, HCV sequencing strategies have varied widely in amplicon design and target regions, limiting comparability across studies and settings (Cai et al. 2013; Lamoury et al. 2015). This directly impacts clustering, since the specific genomic region analyzed can substantially influence both tree topology and inferred cluster structure (Lamoury et al. 2015). While whole-genome sequencing (WGS) data can mitigate these limitations, public health laboratories frequently lack standardized methods for processing HCV whole-genome sequences and conducting network analyses, which hampers standardized molecular surveillance (Bradshaw et al. 2022; Horsburgh et al. 2024b; Manso et al. 2020). To address this gap, we developed a reproducible, end-to-end pipeline for processing HCV whole-genome sequences, incorporating subtype- and region-specific preprocessing, alignment, consensus generation, and fragment merging. In parallel, we present tools for network-based analysis of HCV genetic relationships using pairwise distances and clustering methods that do not rely on phylogenetic inference. Together, these components form an integrated framework for HCV molecular epidemiology. To our knowledge, no standardized workflow currently exists for HCV whole-genome processing in this context, and this is the first study to apply whole-genome network analysis to HCV sequences in Mexico.
Methods
[bookmark: overview]Overview
We developed a comprehensive bioinformatics pipeline for processing HCV sequence data to determine optimal genetic distance thresholds using AUTO-TUNE methodology. The pipeline consists of two main stages: a core analysis stage for essential clustering and network analyses, and an optional phylogenetic analysis stage for evolutionary selection detection. The workflow was implemented using Snakemake(Mölder et al. 2021) for reproducibility and scalability. The HCV sequence data generated in this study is available in GenBank under accession number PX891459-PX891670.
Study population
Participants were recruited at the two Condesa Clinic branches (Cuauhtémoc and Iztapalapa) in Mexico City between September 2019 and December 2024. The Condesa Clinics are the largest primary centers for HIV care in Mexico. During the enrollment period, individuals with a positive rapid HCV test were invited to participate, including both people living with HIV and people with HCV monoinfection. After written informed consent, blood samples were collected and processed at the Center for Research in Infectious Diseases (CIENI) of the National Institute of Respiratory Diseases (INER). Among individuals with a positive rapid HCV test, approximately 65% had detectable HCV RNA, consistent with active infection. Of those, about half had an HCV viral load >1,000 copies/mL, which was the threshold required for successful amplification and inclusion in the present analysis. More than 90% of included participants were HCV treatment-naïve, reflecting the recent introduction of direct-acting antivirals (DAAs) into the Mexican healthcare system during the study period. Basic sociodemographic data (age, sex, state and municipality of residence) was collected. The study was revised and approved by the Institutional Review Board of the National Institute of Respiratory Diseases (Code: E02-20).  All participants provided written informed consent.
[bookmark: data-collection-and-preparation]PCR Amplification and whole-genome sequencing (WGS)
Near-whole-genome HCV was amplified from samples with plasma viral load >1,000 copies/mL, which was the minimum threshold for successful amplification, following the protocol standardized and validated by the British Columbia Centre for Excellence (Lapointe et al. 2021). Using this threshold, amplification success was approximately 98%; below it, success decreased substantially to 30–40%. Briefly, viral RNA from 1 mL of plasma was purified (QIAamp Viral RNA Mini Kit; QIAGEN, Hilden, Germany) according to manufacturer’s protocol. Extracted nucleic acids were eluted in 60 µL of elution buffer and stored at −20 °C until reverse-transcription-polymerase chain reaction (RT-PCR). Reverse transcription was performed using Superscript III Reverse Transcriptase (Invitrogen, Carlsbad, CA, USA). Two nested PCR products were generated: a near-whole-genome amplicon (“WG amplicon”) spanning from the HCV Core region to codon 336 of NS5B (genome coordinates 342–8610, based on the GT1a_H77 reference), and a mid-sized amplicon (“MiDi amplicon”) spanning from codon 228 to the 3′end of NS5B (coordinates 7829–9377). The MiDi amplicon was generated to extend sequence coverage beyond codon 336 of NS5B, improve coverage reliability, and allow concordance assessment within the overlapping region between amplicons.
The WG and MiDi amplicons were amplified and processed separately under the same conditions described in the cited protocol (Lapointe et al. 2021), and were subsequently merged bioinformatically to generate a single near-whole-genome HCV sequence. PCR products were visualized by agarose gel electrophoresis to confirm successful amplification prior to library preparation. Amplicons were normalized and purified using AMPure XP magnetic beads (A63880, Beckman Coulter, Carlsbad, CA, USA). Purified product concentrations were quantified using the Thermo Fisher Scientific dsDNA HS assay kit (Q32851, Carlsbad, CA, USA) and diluted to 1 ng/μL.
Individual genetic libraries (MiDi and WG amplicons) were prepared using the Nextera XT DNA Library Prep Kit (Illumina, San Diego, CA, USA) according to the manufacturer’s protocols and sequenced on the MiSeq platform with the 2 × 250 bp MiSeq Reagent Kit v2 (MS-102-2003, Illumina, San Diego, CA, USA). Assembly of near-whole-genome HCV sequences, genotype and subtype inference, and consensus generation at multiple nucleotide prevalence thresholds (1%, 2%, 5%, 10%, 20%, 25%) were performed using MiCall version 7.15.13, with default base-calling parameters unchanged (University of British Columbia 2016). Consensus base calling required a coverage depth of 1000–1500 reads per position, and the same quality-control thresholds described in the BC Centre for Excellence protocol were applied without modification. Low-quality nucleotides were discarded during read merging, and sequences failing quality-control criteria were excluded from downstream analyses.
Data Preparation
Raw sequence data were initially provided in CSV format containing patient sequences paired with reference sequences. The data were converted to FASTA format using a custom Python script (csv2fasta.py) that groups sequences by genotype (1a, 1b, 2a, 2b, 3a, and 4d), prepends genotype-specific reference sequences, and preserves metadata including sequence ID, genotype, and consensus parameters.
[bookmark: Xf72a71db9bdd64ea3784664d17e806e4fe49269]Sequence Processing and Consensus Generation
For sequences containing both whole genome (WG) and MIDI amplicons, consensus sequences were generated using a custom overlap merging algorithm (merge_overlap.py). This algorithm identifies overlapping regions between sequence fragments and calculates consensus at each position by determining the most common base when fewer than three different bases are present. Positions with three or more different bases are assigned ‘N’ to indicate ambiguity. The algorithm also computes quality metrics including mismatch rate between fragments, consensus disagreement count, number of ambiguous positions, and overlap length. Sequences were processed at multiple consensus thresholds (0.01, 0.02, 0.05, 0.1, 0.2, and 0.25) to evaluate sequence recovery across thresholds and to compare downstream clustering outputs generated from threshold-defined consensus sequences.
[bookmark: genomic-region-analysis]Genomic Region Analysis
The pipeline analyzes sequences across multiple genomic regions, including individual regions (whole genome, core, E1, E2, NS2, NS3, NS4A, NS4B, NS5A, NS5B, and P7) and concatenated regions (NS5A-NS5B-NS3, NS5A-NS3, E2-NS5A-NS3, and core-E2-NS5A-NS3). For concatenated regions, a specialized extraction script (extract_concatenated_regions.py) extracts regions directly from whole genome alignments, thereby avoiding re-alignment artifacts. This approach preserves alignment gaps during extraction, uses a 1-based coordinate system from configuration files, and creates empty output files for consistency when no sequences meet criteria.
[bookmark: X6f20eb012a74d9d5fd22063824db12bdc92a018]Sequence Alignment and Distance Calculation
Sequences were aligned to genotype-specific reference genomes using bealign with the HIV BETWEEN+F nucleotide substitution model (-m HIV_BETWEEN_F), retaining original sequences in the alignment (-K) and utilizing 32 threads for parallel processing. Binary alignment (BAM) files were subsequently converted to multiple sequence alignments using bam2msa. Quality filtering was applied to remove sequences containing only gaps or ambiguous nucleotides, with a requirement of at least two sequences for distance calculations.
Pairwise genetic distances were computed using the Tamura-Nei 93 (TN93) algorithm(Tamura and Nei 1993) implemented in the tn93 tool. The distance calculation was performed with a maximum distance threshold of 0.3 substitutions per site and utilized 32 threads for parallel processing to handle large sequence datasets efficiently.
(Tamura and Nei 1993)Prior to clustering and selection analysis, each per-region and per-genotype alignment was screened for recombination with GARD (HyPhy). Of the 42 alignments screened, 27 showed at least one breakpoint, 7 showed none, and 8 were too short to screen (Supplementary Table 4). For the genotype-1a genes that anchor the clustering results, we confirmed that the detected breakpoints did not materially affect the reported networks. NS3 partitions were highly concordant (Pearson r = 0.94), and for NS5B a small subset of 12 sequences showed breakpoint-sensitive placement but the genotype-1a NS5B network resolved the same six clusters with and without them (191 vs. 182 networked sequences).
[bookmark: clustering-and-network-analysis]Clustering and Network Analysis
Clustering thresholds were selected using the AUTO-TUNE algorithm(Weaver et al. 2024)  implemented via hivnetworkcsv, which systematically evaluates candidate genetic distance thresholds (0.001–0.05 substitutions/site) to avoid the formation of overly large, uninformative clusters. AUTO-TUNE assigns each threshold a heuristic score based on two normalized metrics: the ratio between the largest and second-largest cluster sizes (R1/R2) and the total number of clusters. These are summed to produce a final score (range: 0–2), with higher values indicating thresholds that balance cluster count and size.
Threshold selection involved systematic evaluation of candidate AUTO-TUNE thresholds based on three key criteria: (1) optimal cluster count that avoids under- or over-fragmentation, (2) low singleton prevalence to maintain network connectivity, and (3) balanced cluster sizes (lower R1/R2 ratios) that avoids a single-cluster dominance. We also considered consistency in cluster composition across genomic regions (see next section). AUTO-TUNE output was parsed using a custom Deno-based JSON parser and visualized using the interactive interface at https://autotune.datamonkey.org/hcv, which displays threshold performance across HCV genotypes, consensus levels, and genomic regions.
Once the optimal thresholds were selected, molecular transmission networks were inferred using HIV-TRACE(Kosakovsky Pond et al. 2018b) with distance matrices from TN93 calculations. The analysis generated comprehensive network statistics including nodes, edges, clusters, and singletons. All results were output in JSON format for downstream analysis and visualization.

[bookmark: comparative-and-congruence-analyses]Clustering Consistency and Network Congruence Analysis
We assessed clustering consistency across genomic regions using a custom script (cluster_comparison_analysis.py) that calculates the Adjusted Rand Index (ARI) for all pairwise region comparisons and the Jaccard index for per-sequence cross-region congruence, tracks overlap of clustered sequences, and summarizes basic network metrics (nodes, edges, clusters, singletons) per region. ARI values range from –1 to 1, where higher values indicate greater similarity between clustering patterns, with 1 representing perfect concordance. These two metrics have different roles. ARI compares whole-region partitions with one another, measuring for each pair of genomic regions whether they induce the same overall clustering, and is reported in Table 4 and throughout the Results. The Jaccard index is instead applied at the level of individual sequences, assessing the cross-region congruence of each node's cluster membership (Figure 1). ARI therefore summarizes chance-corrected agreement between region-level clusterings, whereas Jaccard measures how reproducibly a given sequence is grouped across regions.
To evaluate inter-network agreement, we used a separate script (network_congruence_analysis.py), which applies the HIV-TRACE framework(Kosakovsky Pond et al. 2018b) to construct binary presence/absence matrices (clustered vs singleton) and calculates Krippendorff’s alpha as a reliability metric: values >0.6 indicate substantial agreement, 0.4–0.6 moderate agreement, and <0.4 poor agreement. Together, these methods identify genomic regions that produce consistent clustering and sequences that cluster reliably across targets.

[bookmark: X2c0e4e0d2285a148267e41eff80cd0fa7bfaebb]Pipeline Implementation and Output Structure
The pipeline is implemented using Snakemake (Mölder et al. 2021) workflow management system for reproducibility and scalability, Python 3.11+ (‘Python.Org’, n.d.) for custom scripts and data processing, SLURM (Yoo, Jette, and Grondona 2003) integration for high-performance computing clusters, and parallel processing with configurable core allocation. The modular design allows for flexible execution of core analyses separately from optional phylogenetic analyses.
[bookmark: output-and-reporting]The pipeline generates comprehensive outputs organized by analysis type. Core analysis results include TN93 distance matrices, AUTO-TUNE threshold reports, HIV-TRACE network files with clustering results, consolidated threshold summaries, pipeline execution reports, threshold source tracking (distinguishing custom from AUTO-TUNE derived thresholds), and comparative analyses including cluster comparisons, network congruence, and diversity metrics.
[bookmark: quality-control-and-validation]Multiple quality control steps are implemented throughout the pipeline to ensure analysis reliability. These include sequence filtering for minimum nucleotide content, alignment quality assessment, threshold validation through visualization at https://autotune.datamonkey.org/hcv, and comprehensive error handling and logging throughout the pipeline. Each analysis step includes validation checks to ensure data integrity and analysis accuracy.
[bookmark: results]Results
[bookmark: dataset-overview]Dataset Overview
From a total of 300 participants enrolled, HCV sequences were successfully obtained for 286 unique individuals (95.3%) and included in the analysis. Multiple consensus sequences were generated for each individual using different consensus threshold parameters, expressed as minor-variant frequencies (0.01, 0.02, 0.05, 0.1, 0.2, and 0.25). The consensus generation process attempted to merge WG and MIDI fragment pairs for each person at each threshold level. The cohort showed a marked predominance of genotype 1a infections (n=211, 73.8%), followed by genotype 4d (n=52, 18.2%). The remaining genotypes were less prevalent: 1b (n=11, 3.8%), 3a (n=7, 2.4%), 2b (n=4, 1.4%), and 2a (n=1, 0.3%). 
Consensus sequence generation success varied by genotype and threshold (see Supplementary Table 1), with full coverage across all six thresholds achieved for genotypes 1a, 1b, 2b, 3a, and 4d. Genotype 2a, represented by a single case, only succeeded at the two highest thresholds (0.2 and 0.25). Lower consensus thresholds generally showed reduced success, as seen in genotype 1a, which had 188 successful sequences at the 0.01 threshold versus 211 at 0.25. Merge quality between WG and MIDI fragments was assessed by examining ambiguous nucleotide (N) introduction in the overlap region. Overlap lengths between fragments varied by genotype, with a mean of 405.3 bp (median 369.0 bp) overall. Genotype 1a had the longest overlaps (mean 440.4 bp, median 372.0 bp) and 4d the shortest (mean 274.3 bp, median 241.0 bp), reflecting amplification differences. 
After quality control, the pipeline successfully processed 480 of 540 expected genotype-region-consensus combinations (88.9% success), with the missing combinations primarily attributed to failure to generate four genotype 2a consensus files at lower thresholds. Based on the consistent sequence availability across genotypes and the balance between capturing within-host diversity and maintaining sequence quality, the 0.2 consensus threshold was selected for all subsequent clustering analyses.
[bookmark: auto-tune-threshold]AUTO-TUNE threshold determination and implementation
[bookmark: Xf4a29e246dc56b7ef10fa081275dcc5b5b66509]The AUTO-TUNE algorithm was applied to determine optimal genetic distance thresholds for clustering across all genotype-region combinations. Of the 35 HIV-TRACE analyses performed, 24 (68.6%) utilized custom thresholds selected by reviewing different candidate thresholds and determining which best followed the clustering patterns observed in the data, while 11 (31.4%) defaulted to a conservative threshold of 0.005 when neither custom nor AUTO-TUNE thresholds were available. The custom thresholds were selected based on detailed analysis of AUTO-TUNE score distributions, which revealed distinct patterns of clustering behavior across genotype-region combinations. Custom thresholds ranged from 0.00354 (genotype 4d core region) to 0.04571 (genotype 1a NS5A region), demonstrating substantial variation across genomic regions. Table 1 summarizes the custom genetic distance thresholds used for each genotype-region combination.
Some regions displayed limited genetic diversity and poor clustering potential. The genotype 1a core region exemplified this pattern, with low genetic diversity resulting in one dominant cluster that grew rapidly as thresholds increased, producing a high R1/R2 ratio of 15.83—where R1/R2 represents the size ratio between the largest and second-largest cluster (larger values indicate poorer clustering performance)—and a single peak in the AUTO-TUNE score distribution at a very small threshold, indicating low resolution. Similar patterns were observed in NS4A and NS4B regions (R1/R2 = 19.8), where insufficient genetic variance limited meaningful cluster detection despite optimization attempts.
[bookmark: genotype-specific-threshold-patterns]Genotype-Specific Threshold Patterns
AUTO-TUNE calculations revealed distinct threshold patterns across HCV genotypes. Mean AUTO-TUNE thresholds were comparable between the two well-sampled genotypes (genotype 1a 0.0262 substitutions/site and genotype 4d 0.0202 substitutions/site). Both averages masked substantial variation across regions, and genotype 4d was the more variable. Seven of twelve regions (58%) showed patterns supportive of robust clustering. Other genotypes had insufficient sample sizes for meaningful clustering analysis. 
[bookmark: X83a5f66f726da1379ecba85684363346263c632]Gene region-Specific Clustering Patterns
The relationship between genomic region and clustering behavior proved complex. Clustering behavior varied across genomic regions, shaped by evolutionary constraints. Structural genes like core showed poor clustering potential across genotypes, forming highly unbalanced clusters (e.g., R1/R2 = 15.83 for 1a, 16.50 for 4d) and requiring extremely low thresholds (e.g., 0.00354 substitutions/site for 4d core) to produce any clusters. These regions consistently exhibited single-peak AUTO-TUNE score distributions at low thresholds, reflecting limited genetic diversity under strong purifying selection. In contrast, envelope (E1, E2) and non-structural regions (NS2, NS3, NS5B) produced more informative patterns, typically with two dominant clusters followed by several smaller ones—for example, genotype 1a E2 at threshold 0.03741 yielded six clusters of sizes [109, 47, 14, 12, 10, 2] with a balanced R1/R2 of 2.32. NS2 and NS3 showed similar distributions ([123, 46, 12, 10, 2, 2, 2] and [123, 48, 14, 10, 2, 2, 2] respectively), indicating consistent performance across regions. 
Non-structural regions showed the most variable behavior. While NS3 regions typically displayed clustering similar to other regions, NS4A and NS4B often resembled core regions with single peaks and limited diversity.
[bookmark: clustering-and-network-analysis-1]Clustering and Network Analysis
HIV-TRACE network analysis was performed on sequences from all genotypes with genotype- and region-specific distance thresholds determined through AUTO-TUNE optimization.
[bookmark: genotype-specific-clustering-patterns]Genotype 1a showed the most extensive clustering across regions, with 211 sequences generating 2,380 region-specific sequences across 12 genomic regions. Using AUTO-TUNE optimized thresholds, optimal regions (E1, E2, NS2, NS3, NS5B) produced 5–7 distinct clusters, while conserved regions (core, NS4A, NS4B, NS5A) formed single dominant clusters due to low genetic diversity. Genotype 4d, analyzed with 52 sequences and 446 region-specific sequences, showed a similar pattern of region-dependent clustering variation. Other genotypes (1b, 2a, 2b, 3a) were excluded from clustering analysis due to low sample sizes or failed consensus generation. Here, the 2,380 figure counts region-level analysis units (up to 12 per individual, summed across the 211 individuals with some regions missing), not 2,380 distinct patients or samples. Per-region node counts are reported in Table 2. Whole-genome sequences were also clustered but proved uninformative. At the AUTO-TUNE threshold the genotype-1a whole-genome network collapsed into a single dominant cluster of 199 of 210 networked sequences (~95%), matching the conserved core region, because the conserved bulk of the genome dominates pairwise distances. Whole-genome clustering therefore does not improve on the informative single-region targets, indicating that the choice of genomic region, rather than the amount of sequence used, drives informative HCV clustering.
[bookmark: regional-clustering-patterns]Regional clustering analysis showed marked variation in clustering potential across genomic regions, driven by differences in genetic diversity. For genotype 1a (Table 2), optimal regions (E1, E2, NS2, NS3, NS5B) produced 5–7 well-defined clusters with balanced sizes (R1/R2 = 2.0–2.7), consistent with multiple active transmission networks. In contrast, conserved regions (core, NS4A, NS4B, NS5A) yielded poor clustering performance, often forming a single dominant cluster despite threshold optimization. Similar patterns were observed in genotype 4d (Table 3), with envelope regions supporting more distinct clustering than conserved regions.
[bookmark: network-visualization-and-interpretation]Network Visualization and Interpretation
[bookmark: adjusted-rand-index-analysis][bookmark: cluster-comparison]We applied the pipeline to 191 genotype 1a NS5B sequences (Figure 1) using an AUTO-TUNE optimized threshold of 0.01386 substitutions/site, identifying six transmission clusters and 20 singletons. We selected NS5B for network visualization because it was consistently generated within the sequencing workflow, offers suitable genetic resolution for HCV subtyping and molecular epidemiology (NIE et al. 2015), is relevant to resistance-associated variation (Paolucci et al. 2013), and supports comparability with historical datasets based on NS5B sequencing (Murphy et al. 2007). To evaluate the robustness of these inferred clusters, we conducted cross-region cluster validation across four informative genomic regions: E2, NS2, NS3, and NS5B. For each sequence, cluster membership was compared across regions using the Jaccard similarity index, with ≥0.8 indicating high congruence. Of the 191 clustered nodes, 187 (97.9%) were congruent in at least three of the four regions (53, or 27.7%, across all four regions and 134, or 70.2%, in three), and only 4 (2.1%) were congruent in two or fewer. Nodes with 3-region congruence typically reflected cases where two regions disagreed on cluster boundaries. For example, 15 nodes assigned to Cluster 1 in NS2 were assigned to Cluster 3 in NS3, representing genuine region-specific variation in transmission inference rather than methodological artifact. The same cross-region validation analysis was performed for the remaining genomic regions (whole genome, core, E1, NS4A, NS4B, NS5A, and P7), and full results are available at https://autotune.datamonkey.org/hcv

Clustering consistency between genotypes 
The Adjusted Rand Index (ARI) analysis revealed substantial differences in clustering consistency between genotypes (Table 4). Genotype 1a demonstrated moderate overall clustering agreement with a mean ARI of 0.312 across all region pairs, though with considerable variation (range: -0.072 to 1.000). Notably, only 9.1% of region pairs showed excellent agreement (ARI > 0.9), while 69.1% showed very poor agreement (ARI < 0.3), indicating that most genomic regions produce substantially different clustering patterns.
Genotype 4d showed even lower clustering consistency with a mean ARI of 0.089 and median of 0.000, indicating that the majority of region pairs produce essentially independent clustering results. Only 1.8% of region pairs achieved excellent agreement, while 89.1% showed very poor agreement. This pattern suggests that clustering results for genotype 4d are highly region-dependent and may not reflect consistent epidemiological relationships across the viral genome.
[bookmark: regional-compatibility-patterns]Regional Compatibility Patterns
[bookmark: regional-singleton-patterns]Clustering agreement between genomic regions varied widely, and high ARI values were not always indicative of epidemiological utility. For genotype 1a, the highest ARI values occurred between conserved regions (e.g., whole genome vs core; NS4A vs NS4B: ARI = 1.000), which all produced uninformative single dominant clusters due to low genetic diversity. In contrast, envelope and non-structural regions (E1, E2, NS3, NS5B) showed high internal consistency with moderate-to-high ARI values (e.g., E1 vs E2: 0.938; E2 vs NS5B: 0.990) while preserving multiple distinct clusters, supporting their epidemiological relevance. Negative ARI values emerged between informative and uninformative regions (e.g., core vs NS5A: –0.064), reflecting incompatible clustering structures rather than distinct biological processes. 
Singleton counts mirrored these patterns: conserved regions had minimal singletons, collapsing into uninformative single dominant clusters, while informative patterns showed moderate singleton rates in regions E1 (38 singletons, 81.7% networked), E2 (13 singletons, 93.7% networked), NS2 (11 singletons, 94.7% networked), NS3 (8 singletons, 96.2% networked) and NS5B (20 singletons, 90.5% networked), balancing genetic diversity with selective thresholds that preserved meaningful clustering.
[bookmark: sequence-level-clustering-consistency]Sequence-Level Clustering Consistency
Analysis of individual sequence clustering assignments across optimal regions (E1, E2, NS2, NS3, NS5B) revealed patterns of epidemiological reliability. For genotype 1a, sequences appearing in multiple optimal regions showed moderate consistency, with the highest agreement between E2 and NS5B (ARI = 0.990), followed by E1 and NS5B (ARI = 0.933), and E1 and E2 (ARI = 0.938). This pattern indicates that envelope and NS5B regions produce highly congruent clustering patterns suitable for cross-validation.
Genotype 4d showed lower sequence-level consistency across optimal regions, with E2 and NS3 showing the highest internal consistency among informative regions. The lower consistency for genotype 4d likely reflects the smaller sample size (n=52) and greater singleton prevalence in some regions (e.g., NS4B with 29 singletons at 44.2% networked). We present the lower genotype-4d consistency as a hypothesis rather than a conclusion. It is consistent with several non-exclusive factors. First, the smaller sample size (n=52 vs 211) reduces statistical power and network stability. Second, the signal appears genuinely more region-dependent, with a lower ARI (0.089) and Krippendorff's α (0.361) than for genotype 1a. Third, there may be greater transmission-network fragmentation. Fourth, we did not confirm robustness to recombination for the genotype-4d networks. The GARD screen (Supplementary Table 4) detected multiple breakpoints in several 4d regions, and although the genotype-1a networks that anchor our main results were unaffected, we did not test whether within-region recombination contributes to the lower cross-region consistency in 4d. Distinguishing among these possibilities will require larger genotype-4d samples and, where recombination is detected, recombination-aware analyses.
[bookmark: regional-participation-and-coverage]Regional Participation and Coverage
Regional participation analysis revealed substantial variation in sequence representation across genomic regions. For genotype 1a, optimal regions showed the following participation: NS2 (197 sequences), NS3 (201 sequences), E2 (194 sequences), NS5B (191 sequences), and E1 (170 sequences). The lower participation in E1 likely reflects amplification or sequencing challenges in this envelope region.
[bookmark: phylogenetic-analysis-results][bookmark: X9c5593a0548bb3b8def08b0fdf3717eb0f2fa75]Genotype 4d showed more dramatic variation in regional participation, with NS2 and NS3 having the highest representation of sequences (n=51-53) among optimal regions, while E2 showed moderate representation (n=39-50 depending on networking calculation). The smaller sample size for genotype 4d (n=52) resulted in greater sensitivity to regional sequencing success rates.
[bookmark: performance-and-quality-metrics]Overall, the HCV molecular epidemiology pipeline demonstrated robust computational performance and high data completeness across all analytical components. We presented comprehensive performance statistics, success rates for each analytical step, and quality control outcomes to assess the reliability and efficiency of the automated analysis framework.
[bookmark: discussion]Discussion
We present a reproducible pipeline for HCV whole-genome processing by subtype and gene region, alignment, consensus generation, and fragment merging. We also present tools for HCV network analysis using pairwise distances. Genomic regions showing cross-threshold stability in number of clusters, low singleton prevalence and balanced cluster sizes (E1, E2, NS2, NS3, NS5B) demonstrated robust clustering suitable for molecular epidemiological analysis. Importantly, candidate threshold evaluation revealed consistent clustering patterns across these regions at their respective selected thresholds, supporting the approach of balancing multiple clustering quality metrics.
[bookmark: X718d882446b3c2c76a88f5193891cb6fd5328a4]Analysis was conducted on genotypes 1a and 4d, the most prevalent in our cohort, which included a high proportion (~85%) of PLWH. The overrepresentation of genotype 4d compared to previous reports in Mexico (Sedeño-Monge et al. 2021) likely reflects this cohort composition, as genotype 4d has been reported more frequently among PLWH(Lopez Luis et al. 2022). Notably, genotype 4d has only been identified in Mexico City to date(Jose-Abrego et al. 2025), and its increasing prevalence may be linked to its relatively recent introduction into the country around 2015(Lopez Luis et al. 2022). Other genotypes (1b, 2a, 2b, 3a) were excluded from clustering analysis due to low sample sizes or failure to generate high-quality consensus sequences. Our findings align with those of Rose et al., who reported genotype-specific clustering thresholds in the E1 region, ranging from 3.9% to 5.8% over long time spans (1–14 years of follow-up) (Rose et al. 2018a). Our optimal thresholds were generally lower but varied substantially across genotypes, reinforcing the need for customized thresholds tailored to the sampled population and sequencing context. As genotype distributions evolve, surveillance programs must remain flexible to respond to genotypic variations, particularly in high-risk populations. This adaptation is critical to avoid underestimation of ongoing transmission and to optimize public health response.
The analysis revealed substantial heterogeneity in clustering performance across HCV genomic regions, with important implications for surveillance program design. Envelope and some non-structural regions (E1, E2, NS2, NS3, NS5B) emerged as optimal targets, producing 5-7 distinct clusters with balanced size distributions (R1/R2 ratios 2.0-2.7) suitable for epidemiological interpretation. In contrast, relatively conserved regions (core, NS4A, NS4B, NS5A) consistently produced uninformative single dominant cluster patterns (R1/R2 ratios 13.7-19.8) despite AUTO-TUNE optimization, reflecting fundamental biological constraints on genetic diversity in functionally essential regions. Previous studies have commonly used NS5B, Core-E2 regions, or the E1/E2 junction—which includes the hypervariable region (HVR)—for clustering analyses(Campo et al. 2016b; Hochstatter et al. 2021a; Bartlett et al. 2019). NS5B, in particular, has been widely used for genotyping because it balances conservation with phylogenetic signal(NIE et al. 2015). Our findings support its dual utility by showing strong clustering performance and high agreement with other optimal regions, making it a practical target for surveillance where full-genome data are unavailable.
This regional variation is consistent with known HCV molecular evolution patterns. The core region encodes the nucleocapsid protein essential for viral assembly and exhibits strong purifying selection that limits diversity. Similarly, NS4A and NS4B encode non-structural proteins critical for replication complex formation, imposing constraints on sequence variation. In contrast, envelope regions E1 and E2 experience diversifying selection driven by host immune pressure, generating the genetic diversity necessary for meaningful cluster detection. Our finding that whole genome sequences perform similarly to core regions (ARI = 1.000) suggests that whole genome phylogenies may be dominated by conserved regions.
The strong internal consistency among optimal regions (E1 vs E2: ARI = 0.938, E2 vs NS5B: ARI = 0.990, E1 vs NS5B: ARI = 0.933) supports their use for cross-region epidemiological validation. Molecular surveillance studies on HIV have previously demonstrated the value of multi-region validation for high-confidence transmission cluster identification (Weaver et al. 2024), a framework that can also be applied to HCV as sequencing and analysis tools continue to advance. However, the high proportion of region pairs showing very poor agreement (69.1% for genotype 1a, 89.1% for genotype 4d with ARI < 0.3) emphasizes that genomic regions should not be assumed to provide equivalent epidemiological information without explicit validation.
[bookmark: X90f9827ea565bf0dabff61d0bcf0ccfd58c3b80]The AUTO-TUNE algorithm demonstrated strong utility for HCV clustering, with 68.6% of analyses using custom thresholds that varied over 13-fold across genomic regions (range: 0.00354 to 0.04571 substitutions/site). This variability reinforces the need for dataset-specific rather than fixed thresholds. We applied a systematic selection approach incorporating AUTO-TUNE scores, singleton prevalence, and R1/R2 ratios to identify thresholds supporting clustering patterns with epidemiological relevance. Regions showing multiple threshold candidates in the AUTO-TUNE distribution typically yielded more informative results, while single-peak distributions often reflected dominant clusters that may warrant alternative methods or exclusion from clustering. Notably, several thresholds identified through this framework aligned with values previously shown to produce meaningful epidemiological clusters (Hochstatter et al. 2021b; Rose et al. 2018b), but no prior studies have validated clustering thresholds using whole-genome HCV data across multiple regions.
Although HCV molecular surveillance remains limited (Horsburgh et al. 2024c), the U.S. Centers for Disease Control and Prevention (CDC) has developed tools like the Global Hepatitis Outbreak and Surveillance Technology (GHOST), which rely on sequencing selected genome regions using next-generation sequencing (Centers for Disease Control and Prevention 2024). Our results can support and extend such efforts by identifying informative genomic targets and offering candidate clustering thresholds relevant to similar populations. Crucially, by providing a reproducible pipeline for whole-genome sequence processing and clustering—adaptable by region and genotype—this work moves surveillance efforts closer to real-time applicability as WGS becomes more accessible. Programs with limited data can still generate customized thresholds using the publicly available AUTO-TUNE tool.
[bookmark: X5252d15fb025ff81d35b076027e889f0d842052]Operational Recommendations for HCV Molecular Surveillance Programs
Based on our findings, we recommend the following evidence-based practices for HCV molecular surveillance:
1. Primary regional targets and multi-region validation: Prioritize NS2, NS3, E2, or NS5B regions for routine clustering analysis. Whole genome sequencing should be reserved for validation or research settings. Avoid core, NS4A, NS4B, and NS5A for clustering applications, as these regions consistently yield poor resolution. Where possible, validate clustering patterns across multiple regions, especially for findings that may inform outbreak investigation or partner services. Even for genotype 1a, cross-region congruence was relatively high, with 187 of 191 clustered nodes (97.9%) congruent across at least three of the four optimal regions. The remaining discordant nodes nonetheless indicate that single-region analysis may miss relevant epidemiological connections. Cross-region ARI assessment should be used as a quality control measure to flag unstable clustering results before interpretation.
1. Threshold optimization: Implement AUTO-TUNE as standard practice rather than fixed threshold approaches. Evaluate candidate thresholds using the 3-criteria framework (cluster count that avoids under- or over-fragmentation, low singleton prevalence, and balanced cluster sizes) rather than relying solely on highest AUTO-TUNE scores.
1. Genotype-specific strategies: Design genotype 1a surveillance to focus on detecting large clusters and investigating potential outbreaks. Adapt genotype 4d surveillance to smaller, more fragmented transmission networks with lower clustering consistency. Genotype 4d has been reported with higher frequency among people coinfected with HIV(Lopez Luis et al. 2022), which may have implications for targeted surveillance. Consider pooled, multi-jurisdictional approaches for less common genotypes.

[bookmark: limitations]Limitations
All sequences were obtained from a single clinical site in Mexico City. Certain genotypes (1b, 2a, 2b, and 3a) were excluded from clustering analyses due to small sample sizes or failure to generate high-quality consensus sequences, potentially leading to underrepresentation of their transmission patterns. WGS for HCV remains resource-intensive and is not routinely implemented across public health laboratories, limiting scalability and broader applicability of these approaches.
Our study relied on cross-sectional sampling and clustering based on genetic distances, which may not capture the full spectrum of intra-host viral dynamics. Prior research has shown that acute-on-acute infections, co-infections, and superinfections—particularly among high-risk populations such as people who inject drugs (PWID)—can obscure true transmission links or mimic unrelated events (Rose et al. 2018b). This complexity limits the ability of static clustering methods to resolve dynamic transmission processes. Longitudinal sampling strategies would provide higher-resolution insights in those circumstances.
While ARI was useful for comparing clustering consistency, it has limitations when used in isolation. High ARI values with perfect concordance across conserved regions may overstate clustering reliability, as they often reflect epidemiologically uninformative patterns driven by limited genetic diversity. Conversely, negative ARI values between divergent regions (e.g., core vs NS5A: ARI = –0.064; whole genome vs P7: ARI = –0.066) may result from structural incompatibilities between regions that form single dominant clusters and those producing multiple smaller clusters. These limitations underscore the need to interpret ARI values in conjunction with other metrics—such as cluster count, R1/R2 ratio, and phylogenetic support—when evaluating clustering consistency and epidemiological resolution.
Certain genomic regions (e.g., core, NS4A, NS4B, NS5A, whole genome) exhibited poor clustering characteristics regardless of the threshold used. Limited genetic diversity in these regions led to consistent single-cluster patterns in both genotypes 1a and 4d, restricting their utility for identifying transmission structure. These patterns likely reflect intrinsic biological constraints rather than methodological issues, highlighting the importance of evaluating region-specific clustering potential when designing molecular epidemiological studies.
We did not incorporate individual-level epidemiologic characteristics (e.g., injection drug use, sexual behavior) into our clustering analyses. Integrating behavioral and demographic data with genetic networks can improve identification of priority individuals or subgroups for intervention, enhance interpretation of clustering patterns, and increase the utility of molecular surveillance for public health response(Hochstatter et al. 2021b).
[bookmark: future-directions]Future Directions and public health implications
HCV continues to evolve under selective pressures, acquiring mutations that enable evasion of host immunity, adaptation to specific tissues or animal reservoirs, and resistance to treatment (Laugel et al. 2021). As DAAs become more widely available, molecular surveillance will play an increasingly central role for tracking viral evolution and informing public health response.
All individuals in our study were DAA-naive, so findings may not capture the impact of treatment on viral evolution. Longitudinal studies are needed to assess how DAA exposure—particularly among individuals with virologic failure and incomplete adherence—shapes selective pressure and drives viral diversification. The impact of resistance-associated substitutions (RAS) on clustering patterns and transmission dynamics also requires further exploration.
Future research should prioritize key populations such as PWID and incarcerated individuals, who may experience unique transmission dynamics and differing resistance patterns due to poor treatment adherence, limited healthcare access, or confined transmission networks.
[bookmark: conclusion]Conclusion
This comprehensive molecular epidemiological analysis of HCV sequences from individuals in Mexico (2019-2024) provides critical evidence-based guidance for optimizing HCV transmission network analysis. Through systematic evaluation of genomic regions, threshold optimization, and multi-method validation approaches, we identified clear hierarchies in regional performance and established genotype-specific surveillance strategies. These findings address major gaps in standardized HCV molecular surveillance methodologies and provide practical recommendations for operational public health programs.
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Tables

Table 1. Genetic distance thresholds by genotype and genomic region (substitutions/site)
	Genotype
	Region
	Threshold

	1a
	Whole genome
	0.01372

	1a
	Core
	0.01602

	1a
	E1
	0.00879

	1a
	E2
	0.03741

	1a
	P7
	0.01629

	1a
	NS2
	0.02537

	1a
	NS3
	0.02942

	1a
	NS4A
	0.04487

	1a
	NS4B
	0.03708

	1a
	NS5A
	0.04571

	1a
	NS5B
	0.01386

	1a
	NS5A-NS5B-NS3
	0.01759

	4d
	Whole genome
	0.03315

	4d
	Core
	0.00354

	4d
	E2
	0.01818

	4d
	P7
	0.02900

	4d
	NS2
	0.02949

	4d
	NS3
	0.01340

	4d
	NS4A
	0.01936

	4d
	NS5A
	0.01517

	4d
	NS5A-NS5B-NS3
	0.02529



Table 2. Regional clustering summary for genotype 1a (n=211)
	Genome Region
	Nodes
	Number of Clusters
	Largest Cluster (n)
	R1/R2 Ratio
	Threshold

	E1
	170
	5
	101
	2.06
	0.00879

	E2
	194
	6
	109
	2.32
	0.03741

	NS2
	197
	7
	123
	2.67
	0.02537

	NS3
	201
	7
	123
	2.56
	0.02942

	NS5B
	191
	6
	108
	2.30
	0.01386

	P7
	193
	6
	134
	1.82
	0.01629

	Core
	202
	2
	190
	15.83
	0.01602

	NS4A
	208
	2
	198
	19.80
	0.04487

	NS4B
	208
	2
	198
	19.80
	0.03708

	NS5A
	208
	3
	192
	13.71
	0.04571



Table 3. Regional clustering summary for genotype 4d (n=52)
	Region
	Nodes
	Clusters
	Largest Cluster
	R1/R2 Ratio
	Threshold

	E2
	50
	6
	21
	1.91
	0.01818

	NS4B
	49
	6
	21
	1.62
	0.00388

	Core
	35
	2
	33
	16.50
	0.00354

	NS3
	51
	4
	46
	7.67
	0.01340

	NS2
	51
	4
	43
	4.78
	0.02949


Only selected regions shown for brevity. All regions showed 100% network connectivity.

Table 4. Adjusted Rand Index summary by genotype
	Genotype 
	Mean ARI 
	Median ARI
	Excellent (>0.9)
	Good
(0.7-0.9)
	Moderate
(0.5-0.7)
	Very Poor (<0.3)

	1a
	0.312
	0.160
	5 (9.1%)
	9 (16.4%)
	3 (5.5%)
	38 (69.1%)

	4d
	0.089
	0.000
	1 (1.8%)
	1 (1.8%)
	1 (1.8%)
	49 (89.1%)
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Figure 1. Transmission network analysis of HCV genotype 1a NS5B sequences with cross-region cluster validation. Network visualization of 191 NS5B sequences clustered at a genetic distance threshold of 0.01386 substitutions/site, as determined by AUTO-TUNE. Six clusters were identified (sizes: 108, 47, 13, 12, 9, 2) with 20 singletons and 3,394 edges. For each node, we assessed consistency of cluster assignments across E2, NS2, NS3, and NS5B regions using Jaccard similarity. Congruent regions were defined as having ≥80% overlap in cluster membership. Of 191 nodes, 53 (27.7%) were perfectly congruent across all four regions, 134 (70.2%) showed congruence in three regions, and only 4 (2.1%) in two or fewer. Most discrepancies were due to cluster boundary shifts across regions. The size of a node represents its degree — the number of edges (connections) it has in the network. Nodes with more connections appear larger (e.g. a node connected to many other nodes will be visibly bigger than a node with only one or two connections).



Supplementary material
Supplementary Table 1. Summary of HCV sequences analyzed by genotype and consensus threshold
	Genotype
	Unique Persons
	0.01
	0.02
	0.05
	0.1
	0.2
	0.25

	1a
	211
	188
	210
	210
	210
	211
	211

	1b
	11
	9
	11
	11
	11
	11
	11

	2a
	1
	-
	-
	-
	-
	1
	1

	2b
	4
	3
	4
	4
	4
	4
	4

	3a
	7
	6
	7
	7
	7
	7
	7

	4d
	52
	35
	50
	52
	52
	52
	52

	Total
	286
	241
	282
	284
	284
	286
	286


Note: Dashes indicate consensus files that failed to generate due to technical limitations in the merge process. Genotype 1a at 0.2 threshold successfully generated 211 consensus sequences from 211 unique persons.

Supplementary Table 2. Comparison of AUTO-TUNE genotype-1a thresholds with published HCV clustering thresholds.
	Study
	Population / setting
	Region
	Genotype
	Threshold
	Method

	AUTO-TUNE (this study)
	Mexico, HIV+/HCV cohort
	NS5B
	1a
	0.01386
	TN93 pairwise + AUTO-TUNE

	Lamoury et al. 2015
	—
	NS5B
	1a
	0.015
	ClusterPicker (distribution-overlap)

	Han et al. 2020
	HIV+ MSM, Thailand
	NS5B
	1a
	0.045
	ClusterPicker (threshold from Charre 2018)

	Lamoury et al. 2015
	—
	Core-E2
	1a
	0.045
	ClusterPicker

	Lamoury et al. 2015
	—
	Core-E2 (−HVR1)
	1a
	0.030
	ClusterPicker

	Lamoury et al. 2015
	—
	E1
	1a
	0.035
	ClusterPicker

	Jacka et al. 2014
	PWID, Vancouver
	Core-E2 (−HVR1)
	1a/3a
	0.05
	ClusterPicker

	Ndlovu et al. 2025
	PWID, South Africa
	Core-E2 (−HVR1)
	1a/3a
	0.035
	ClusterPicker


Thresholds in substitutions/site. AUTO-TUNE genotype-1a per-region thresholds span 0.00879 (E1) to 0.04571 (NS5A); across genotypes and regions the range is 0.00354–0.04571 (~13-fold), motivating region- and genotype-specific rather than fixed thresholds.
Supplementary Table 3. WG–MiDi merge quality by genotype (0.2 consensus).
Supplementary Table 4. Recombination screening (GARD) by genotype and genomic region.
GARD (HyPhy) recombination screen of all per-region and per-genotype alignments at the 0.2 consensus level (≥10 sequences). BP = number of breakpoints; ΔcAIC = model improvement over a single-tree model. 'None' = no breakpoint accepted; 'Too short' = alignment too short to screen. Concatenated multi-region datasets break at gene boundaries by construction.
	Genotype
	Merged (n)
	WG-only (n)
	Overlap bp (mean/med)
	Mismatch % (med)
	Disagreement→N % (med)
	N introduced (mean/med)

	1a
	191
	21
	440.4 / 372
	0.87
	0.00
	6.5 / 0

	1b
	10
	1
	342.4 / 306
	0.87
	0.00
	14.2 / 0

	2a
	1
	0
	637 / 637
	1.73
	0.31
	2.0 / 2

	2b
	4
	0
	432 / 388
	0.97
	0.39
	1.5 / 1.5

	3a
	7
	0
	370.3 / 369
	1.08
	0.00
	0.0 / 0

	4d
	47
	5
	274.3 / 241
	1.24
	0.00
	5.7 / 0

	All
	260
	27
	405.3 / 369
	1.05
	0.00
	6.4 / 0


Overlap = length of the WG–MiDi overlap region; Mismatch % = median per-sample mismatch across the overlap (coverage-sensitive); Disagreement→N % = median rate of true base disagreements resolved to 'N'; N introduced = ambiguous positions added by merging. Merged (n) counts samples for which both WG and MiDi amplicons were available and merged, while WG-only (n) counts samples processed from the WG amplicon alone; the two columns are drawn from different processing sets and are not mutually exclusive, so they need not sum to the per-genotype sample total.
	Genotype
	Region
	Breakpoints
	ΔcAIC
	Breakpoint sites

	1a
	CORE
	—
	—
	Too short

	1a
	CORE-E2-NS5A-NS3
	2
	10558.31
	631,1119

	1a
	E1
	—
	—
	Too short

	1a
	E2
	0
	—
	None

	1a
	E2-NS5A-NS3
	1
	2917.96
	421

	1a
	NS2
	—
	—
	Too short

	1a
	NS3
	1
	1575.61
	1028

	1a
	NS4A
	—
	—
	Too short

	1a
	NS4B
	—
	—
	Too short

	1a
	NS5A
	1
	325.86
	910

	1a
	NS5A-NS3
	0
	—
	None

	1a
	NS5A-NS5B-NS3
	2
	3648.62
	2038,3120

	1a
	NS5B
	1
	1590.13
	1035

	1a
	P7
	—
	—
	Too short

	1b
	CORE
	1
	62.43
	323

	1b
	CORE-E2-NS5A-NS3
	1
	30.76
	210

	1b
	E1
	2
	103.65
	234,304

	1b
	E2
	2
	50.77
	470,501

	1b
	E2-NS5A-NS3
	2
	26.71
	92,1987

	1b
	NS2
	1
	72.66
	426

	1b
	NS3
	1
	162.42
	1452

	1b
	NS4A
	0
	—
	None

	1b
	NS4B
	1
	26.44
	171

	1b
	NS5A
	1
	114.62
	1183

	1b
	NS5A-NS3
	1
	9.69
	112

	1b
	NS5A-NS5B-NS3
	2
	178.03
	1661,2787

	1b
	NS5B
	1
	233.38
	307

	1b
	P7
	0
	—
	None

	4d
	CORE
	0
	—
	None

	4d
	CORE-E2-NS5A-NS3
	4
	12691.93
	1476,1646,2781,3502

	4d
	E1
	1
	769.99
	471

	4d
	E2
	1
	465.56
	238

	4d
	E2-NS5A-NS3
	5
	14316.51
	240,911,1075,2192,2982

	4d
	NS2
	0
	—
	None

	4d
	NS3
	1
	190.04
	1646

	4d
	NS4A
	—
	—
	Too short

	4d
	NS4B
	0
	—
	None

	4d
	NS5A
	1
	971.66
	995

	4d
	NS5A-NS3
	10
	10613.75
	564,715,852,993,1117,1620,1826,1997,2855,3002

	4d
	NS5A-NS5B-NS3
	1
	3531.39
	3603

	4d
	NS5B
	3
	387.34
	583,910,1187

	4d
	P7
	—
	—
	Too short
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