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Abstract

Accurate cell type prediction is a crucial step in the interpretation of single-cell RNA-seq data, as downstream biological insights
strongly depend on these predictions. However, most annotation strategies rely on an initial unsupervised clustering step that is
sensitive to parameter choices, thus leading to substantial variation in cell grouping.
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While it is widely acknowledged that clustering quality influences downstream analyses, the extent to which “good quality” Human PBMC
clusterings truly translate into better annotation outcomes remains insufficiently characterized. The question of weather researchers ~ 162K Cells
should trust clustering metrics alone to select the “best” clustering for downstream analysis is yet unanswered, as well as weather 31 cell types

robust annotation tools can compensate for suboptimal clustering. 8 broad cell types

This study explores the relationship between clustering quality and cell type prediction accuracy. By comparing multiple clustering v/~ Curated

outputs of varying quality against ground-truth annotations, we evaluate whether commonly used clustering metrics align with / Well-studied tissue _
annotation performance. Our findings aim to guide best practices in single-cell analysis by shedding light on the interplay between / Ground-truth <

clustering and annotation, and by identifying which quality metrics are most informative when no ground truth is available.
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Table 1. Summary of clustering (in purple) and cell type prediction (in blue) evaluation metrics for the different ~ Pperformance per cell type, either giving equal weight to all types or adjusting for their abundance.
clusterings. (a) Unsupervised clustering metrics are computed without external evidence. (b) Supervised clustering ~ Thus, the macro-averaged metrics highlight the prediction performance on rare or infrequent cell
metrics measure grouping agreement between cluster labels and ground-truth cell types. The overall clustering ~ types. The overall prediction quality, for both macro and weighted metrics, is interpreted in
quality is assigned based on the combination of internal and external metrics. (c) Cell type prediction metrics ~ conjunction with the global metrics in (c). A detailed description of each metric can be found by

measured across the entire dataset, while (d) macro-averaged and (e) weighted-averaged metrics summarize scanning the QR.
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