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Although biological studies increasingly rely on embeddings of single cell profiles, the quality of these
embeddings can be challenging to assess. Such evaluations are especially important for avoiding mis-
leading biological interpretations, assessing the accuracy of integration methods, and establishing the
zero-shot capabilities of foundational models. Here, we posit that current evaluation metrics can be
highly misleading. We show this by training a three-layer perceptron, Islander , which outperforms all
11 leading embedding methods on a diverse set of cell atlases, but in fact distorts biological structures,
limiting its utility for biological discovery. We then present a metric, scGraph, to flag such distortions.
Our work should help learn more robust and reliable cell embeddings.

Embeddings of single cell profiles are now routinely employed as a research tool in biological inves-
tigation, to characterize cell types and states, their changes over time, and their distinction between
conditions, including diseases, organs, or drug treatments (1, 2). With a dramatic growth in single
cell data, including the Human Cell Atlas (3), multiple efforts have focused on universal embeddings
for diverse single cell data (4–9). Given their broad utility, it is crucial to scrutinize the embed-
dings’ quality to evaluate the performance of the underlying integration method (10) and zero-shot
capabilities of the resulting foundation model (11, 12).
A critical aspect in deriving helpful cell embeddings is the correction of non-biological batch effects
that stem from technical variations, such as sample handling and sequencing protocols. These vari-
ations can mask biological signals and lead to misleading interpretations. Integration methods thus
aim to mitigate batch-specific discrepancies while preserving essential biological information. The
effectiveness of these integrated cell embeddings is typically assessed through two lenses: how well
the cells from various batches mix together; how closely cells of the same type group together.
Here, we identified an overlooked challenge in the evaluation metrics used to assess embeddings.
To demonstrate the limitations of current gold standard metrics for cell profile embeddings (10),
we first developed Islander (Fig. 1a), a model that scores best on established metrics, but generates
biologically problematic embeddings. Islander is a three-layer perceptron, directly trained on cell
type annotations with mixup augmentations (13). We tested Islander across a diverse set of 11 dif-
ferent human tissue cell atlases (brain (14), breast (15), eye (16), fetal gut (17), heart (18), fetal
lung (19), pancreas (10), skin (20)), which cover different strengths of batch effects and diverse
biological systems, overall comprising more than 3.5 million cells from 10 human organ systems.
For each atlas, we trained a Islandermodel and then compared it with another 12 embedding base-
lines: three dimension reduction methods (PCA, UMAP, TSNE) (21), eight batch integration methods
(Harmony (22), Scanorama (23), BBKNN (24), fastMNN (25), scVI (26), scANVI (27), scGen (28),
scPoli (29)), and one foundation model (Geneformer (5)) (Methods). In addition, for each atlas, we
compared to the performance of the original authors’ integration, if available.
Across all datasets, Islander consistently outperformed all baseline strategies across all 12metrics (10)
(Fig. 1b,c, Extended Data Tables 3-13). This is largely due to the principles underlying the evaluation
metrics (10), which focus on assessing the efficiency of cell embeddings in terms of the coherence
of cell clustering structures with cell type labels and the blending of batches within clusters. When
Islander explicitly aligns these cell embeddings with cell type annotations, it forms well-separated
cell ‘islands’ (Fig. 1d, right), with each island comprising cells annotated as the same type. This
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Figure 1: Drifting Cell Islands highlight limitation of current metrics. a, Islander overview. b, c, Eval-
uation of cell embeddings. Normalized overall score over 12 metrics (y axis, Methods) for each method (x
axis) assessed on using the Fetal Lung Cell Atlas (b) or another 10 cell atlases (c). "Baseline": best baseline
results (Methods). d, Fetal Lung Cell Atlas embedding space. Single cell profiles (dot; color-coded by cell
type annotation) from the Fetal Lung Cell Atlas embedded by the author’s integration method (left, inset
zoom in middle) or Islander (right). Annotations: fibroblast cell subsets. e, “Airway fibroblast” cell neighbor-
hood changes across Islander runs. Normalized Euclidean distance (y axis) between the centroids of airway
fibroblasts and its five nearest neighbor clusters (x axis) in the 50-dimensional (of author’s integration) and
16-dimensional (of Islander ’s) embedding space. g, Cell islands distort developmental stage structure and cell
cell relationships. Cell embeddings as in (d), colored by developmental week (f, color bar) or coarser cell type
annotations (g). h, i. scGraph, a metric using learned cell similarity graphs to evaluate cell embeddings. h.
Method overview. i. scGraph score (y axis, higher is better) for each method (x axis) assessed using the Fetal
Lung Cell Atlas.
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alignment significantly boosts the biological variance conservation metrics, leading to top-tier over-
all performance (Extended Data Tables 3-13).
However, such structure is driven by (and complies well) with the most granular annotation level
at the cost of ignoring any higher level relationships and distorting biological structures, potentially
obstructing downstream analyses and future discoveries (and would thus not be an advisable for an
actual integration method). In particular, when annotated cell subsets follow a continuum, as is the
case for fibroblasts, Islander separates its constituent parts (Fig. 1d). In the developing human lung,
the original analysis (19) identified multiple sub-types of fibroblasts, each distinguished by different
marker genes and spatial locations. While the original embedding preserves a continuum between
these fibroblasts (Fig. 1d, left), they are fully separated by Islander (Fig.1d, right). Similarly, the
Islander embedding disrupted the developmental continuum, clearly observed in the original study
(Fig. 1f, left), but obscured by Islander (Fig. 1f, right).
Moreover, the “cell islands” drifted in different ways across distinct runs, especially for smaller cell
subsets. For example, in three separate runs with overall similar scores, the composition of the
neighborhood of airway fibroblast cells varied substantially, involving as many as 14 distinct cell
types within the five nearest neighbors (Fig. 1e, Extended Data Fig. 1, Extended Data Table 9).
Thus, aside from cluster identity, the embedding may be largely arbitrary in all other relationships,
and this arbitrariness would carry into downstream analysis or the biologist’s interpretation.
Prompted by these limitations of the quality evaluation criteria, we reasoned that focusing solely
on the most granular cell relationships in evaluation can pose a substantial limitations, whereas
preserving relationships between broader cell types (coarser annotations) is an important additional
criterion, and may also be more robust to noise. Indeed, when evaluating the same set of embeddings
using broader cell type annotations provided by the authors, Islander now achieved an overall score
of 0.523, inferior to PCA (0.557) or the top-performing scVI (26) (0.701) (Extended Data Table 14).
Because hierarchical Cell Ontology annotations are often unavailable (6), we next developed sc-
Graph, as a new framework for quality assessment (Methods). For each set of cell embeddings,
we define an affinity graph to elucidate the similarities between various cell types. scGraph then
compares each affinity graph to a consensus graph, derived by aggregating individual graphs from
different batches, based on raw reads or PCA loadings. This metrics efficiently highlights the inher-
ent biological structures, emphasizing cell type similarities, while reducing the impact of technical
variations across batches. Notably , scGraph does not require that any single batch have cells of all
types (Fig. 1h), thus fitting the constraints of real datasets in the domain.
Evaluation by scGraph revealed varied performance across embeddings. Here, Islander had lower
scores (Fig. 1i, Extended Data Table 15), while Harmony and scPoli excelled in capturing the complex
relationships within functional cellular clusters. Indeed,Islanderwas the lowest scoring across seven
of 11 atlases, underscoring scGraph’s ability to detect the “drifting cell islands” artifact. Interestingly,
scGraph favored higher-dimensional embeddings, like PCA over a PCA-derived UMAP. Note that
scGraph’s premise that profiles of functionally-similar cells would be proximate, may not always
hold true.
In conclusion, we demonstrated the limitation of current quality metrics by introducing Islander , a
three-layer perceptron, an integration approach that outperforms all major methods across diverse
cell atlases, but at the cost of “island-like” distortions in the biological structures in cell embedding
spaces. To address the inherent limitations of current evaluation metrics, we propose a new ap-
proach, scGraph, to helps assess how well the results of an integration approach preserve cell cell
relationships at multiple granularities. Our work also highlights the importance of incorporating
weaker supervision, as was recently illustrated in approaches where an encoder is regularized with
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an additional reconstruction loss (6), or using large-scale unsupervised pre-training (e.g., Univer-
sal Cell Embedding (UCE) (7)). These advancements underline the significance of methodological
choices in computational biology and offer guiding principles for future research.

Methods

Datasets and pre-processing. Raw sequencing data were downloaded from the respective data
providers as of October 1, 2023; details on the datasets and their sources are provided in Extended
Data Table 1. The analysis encompasses 11 cell atlases, totaling 3,510,450 cell profiles. A uniform
pre-processing protocol was applied across these datasets. Specifically, cell profiles with fewer than
1,000 reads or less than 500 detected genes were filtered out, and genes present in fewer than five
cells were also excluded. Normalization was performed using Scanpy (30), scaling each cell’s read
counts to a total of 10,000 and subsequently applying a log1p transformation.

Baselines. Eleven baseline methods were used for comparison: three dimensionality reduction
baselines: PCA, t-SNE (31), and UMAP (32); eight integrationmethods: Harmony (22), BBKNN (24),
Scanorama (23), fastMNN (25), scVI (26), scANVI (27), scGen (28), and scPoli (29); and one pre-
trained foundation model: Geneformer (5), for zero-shot embedding extraction. For dimensionality
reduction methods, the log1p transformed raw counts from gene-by-cell matrices were provided as
input. For each integration method, default hyperparameter settings recommended by the orig-
inal authors were used. For Geneformer, the largest pre-trained model weights provided by the
authors (33) were used. While scANVI, scGen, and scPoli utilize cell type as parts of their compu-
tational pipelines, other integration methods do not require such information. The top 1,000 genes
were identified as highly variable gene sets.

Assessmentmetrics. Cell embeddings was assessed usingmetric as described in previous study (10),
and implemented in “scib-metrics” (34). The following evaluation metrics were used (abbreviations
noted are used in Extended Data Tables 3-13) . ’I-label’ for isolated labels, ’L-NMI’ for Leiden nor-
malized mutual information, ’L-ARI’ for Leiden Averaged Rand Index, ’K-NMI’/’K-ARI’ for K-means
NMI/ARI, ’S-label/batch’ for silhouette label/batch, ’c/i-LISI’ for batch-mixing (iLISI) and cell-type
separation (cLISI), ’G-Con’ for graph connectivity, and ’PCR’ for principal component regression. Con-
sistent with previous studies, selection of highly variable genes enhanced the performance of data
integration methods.

Islander design. Islander is as a three-layer perceptron with two hidden layers of sizes 128 and
16, respectively, and an output layer matching the total number of cell types as annotated. The
first hidden layer incorporates ReLU activation and batch normalization, while cell embeddings are
derived from the second hidden layer. The output layer employs a softmax normalization function.
In extended experiments, a decoder module was added mirroring the original MLP structure, with
output dimensions of 16, 128, and the total number of genes, respectively. Each layer in this extended
setup uses ReLU activation and batch normalization, except for the final linear layer.

Training setup. Themodel was trained in a manner aligned with scvi-tools (35), with mini-batches
of 256 randomly sampled cells from all batches, along with their cell type annotations. Islanderwas
trained using cross-entropy loss with mixup (13) augmentations (default setting). The Adam op-
timizer was used with an initial learning rate of 0.001, over 10 epochs, and a cosine annealing
scheduler for learning rate decay. All cells were utilized for training to maximize overfitting.
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Neighborhood calculation. Neighborhoods of each cell type were identified by the Euclidean dis-
tance between the centroids of cell profiles of each type in the embedding space. To mitigate the
effects of batch variation and measurement noise, a trimming strategy was applied. The outermost
20% of data, treated as outliers, were excluded before calculating the centroid coordinates. This en-
sures a more accurate representation of cell type proximity by focusing on the most representative
data points.

scGraph. scGraph quantifies the similarity between two graphs that each represent the closeness
between cell types. In these graphs, each entry (𝑥, 𝑦) signifies the proximity of cell type 𝑥 to cell type
𝑦. The first graph is derived from the provided embeddings, while the second, serving as a reference,
is based on raw counts or PCA loadings from each batch. For the reference, proximity graphs are
initially computed from each batch using normalized Euclidean distances between centroids of the
cell type profiles. These batch-specific graphs are then amalgamated into a single consensus graph
through averaging. The similarity of neighborhoods for each cell type is assessed using Pearson’s
rank correlation. The final score, reflecting the overall similarity and ranging from -1 to 1 (with
higher values indicating greater similarity), is the average across all cell types. The goal is to align
the neighborhood graphs from the embeddings with the reference graph derived from the data,
indicating that cells with similar profiles are appropriately clustered in the embedding space.

Code availability. The implementation code for the Islander , as well as the tutorial notebooks suf-
ficient to reproduce the results presented in this manuscript, can be accessed via https://github.
com/Genentech/Islander. For scIB evaluation pipelines, we use the implementations by Gayso
et al from https://github.com/yoseflab/scib-metrics.
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Supplementary

1. Data availability

Atlas # Gene # Cell # Class # Batch Reference
Brain 59,357 888,263 11 4 Paper (14), Data source (36)
Breast 33,234 703,512 39 126 Paper (15), Data source (37)
COVID 33,537 559,517 31 10 Paper (38), Data source (39)
Eye 36,484 51,645 11 8 Paper (16), Data source (40)
Gut (Fetal) 26,328 62,849 21 9 Paper (17), Data source (41)
Heart 33,234 486,134 27 14 Paper (18), Data source (42)
Lung 28,024 584,444 53 166 Paper (43), Data source (44)
Lung (Fetal, Donor) 26,354 71,752 144 29 Paper (19), Data source (45)
Lung (Fetal, Organoid) 24,653 70,495 28 37 Paper (19), Data source (45)
Pancreas 19,093 16,382 14 9 Paper (10), Data source (46)
Skin 30,933 15,457 13 5 Paper (20), Data source (47)

Extended Data Table 1: Statistics of cell atlases. “# Class” represents the total number of cell types.

2. Performance

The embedding dimensions of each method is reported in Extended Data Table 2.

Method PCA TSNE UMAP Harmony Scanorama BBKNN fastMNN
# Dim 50 2 2 50 100 2 50
Method scVI scANVI scGen scPoli Geneformer Islander
# Dim 30 30 50 10 512 16

Extended Data Table 2: Embedding dimensions of each method.

The detailed performance of each cell atlas is shown in Extended Data Tables 3-13. The best ag-
gregated scores are highlighted in bold, and the term "Author’s" denotes the author’s integrated
embeddings.
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3. Visualization

Run 2

Run 1

Run 3

Extended Data Figure 1: Drifting Cell Islands, different runs of Islander on fetal lung atlas.
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Breast Cell Atlas

Brain Cell Atlas

UMAP scIslander

UMAP scIslander

Extended Data Figure 2: Drifting Cell Islands, Part I
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Eye Cell Atlas

COVID Cell Atlas

UMAP

UMAP scIslander

Fetal Gut Cell Atlas

scIslanderUMAP

scIslander

Extended Data Figure 3: Drifting Cell Islands, Part II
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Lung Cell Atlas

Fetal Lung Cell Atlas, Organoid

scIslander

UMAP

scIslander

scIslander

UMAP

Extended Data Figure 4: Drifting Cell Islands, Part III
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Pancreas Cell Atlas

UMAP

UMAP scIslander

Skin Cell Atlas

Heart Cell Atlas

UMAP scIslander

scIslander

Extended Data Figure 5: Drifting Cell Islands, Part IV
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