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evolutionary relationships between individual cell types 
[5]. The selection of pre-clinical models, such as organ-
oids and animals, and the characterization of their limi-
tations likewise rely on comparison with human tissues 
[6–14]. Similarly, the selection of the optimal sequencing 
protocols requires a comparison of datasets generated 
with different protocols [15, 16]. Lastly, currently arising 
large-scale “atlases” that are posed to serve as references 
of cell biology are aimed to combine public datasets with 
substantial technical and biological variation, including 
multiple organs and developmental stages [17]. Overall, 
with the increasing number of publicly available scRNA-
seq datasets [18], the number of such cross-dataset anal-
yses is also increasing.

These analyses can be complicated due to technical and 
biological differences between samples [19–21]. To over-
come this, computational methods for single-cell specific 
data integration have been developed [22, 23] and previ-
ous benchmarks have evaluated their integration perfor-
mance generally [20, 24] and on cross-species datasets 

Introduction
The joint analysis of multiple single-cell RNA sequencing 
(scRNA-seq) datasets has recently provided new insights 
that could not have been obtained from individual data-
sets. For example, the pooling of datasets generated 
in different studies enabled cross-condition compari-
sons [1, 2], population-level analysis [3, 4], and revealed 
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Abstract
Integration of single-cell RNA-sequencing (scRNA-seq) datasets is standard in scRNA-seq analysis. Nevertheless, 
current computational methods struggle to harmonize datasets across systems such as species, organoids and 
primary tissue, or different scRNA-seq protocols, including single-cell and single-nuclei. Conditional variational 
autoencoders (cVAE) are a popular integration method, however, existing strategies for stronger batch correction 
have limitations. Increasing the Kullback–Leibler divergence regularization does not improve integration and 
adversarial learning removes biological signals. Here, we propose sysVI, a cVAE-based method employing VampPrior 
and cycle-consistency constraints. We show that sysVI integrates across systems and improves biological signals for 
downstream interpretation of cell states and conditions.
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specifically [19, 25]. However, the single-cell community 
is moving towards large-scale atlases that aim to combine 
a broad set of data related to a specific biological concept 
[14, 26] or even all-encompassing foundation models 
[27]. This complicates integration due to increasing data 
complexity and substantial batch effects. Thus, it is cru-
cial to assess how different integration strategies perform 
in this setting.

Among the most popular and best-performing meth-
ods in the past benchmarks are conditional variational 
autoencoder (cVAE) based models, which are able to cor-
rect non-linear batch effects, are flexible in the choice 
of batch covariates, and are particularly scalable to large 
datasets [20, 22]. Thus, they are also a method of choice 
for single-cell atlases [4, 28, 29]. However, while cVAE-
based and other non-deep-learning methods enable good 
integration of batch effects caused by processing similar 

samples in different laboratories, they do not enable suf-
ficient integration when differences between datasets are 
more substantial due to datasets originating from distinct 
biological or technical “systems”, such as multiple species 
or sequencing technologies (e.g. cell-nuclei) [19–21] (Fig. 
1a, b), as demonstrated later. To enable more comprehen-
sive single-cell atlasing efforts that will integrate diverse 
samples with stronger batch effects, it is thus vital to 
further improve the performance of the commonly used 
cVAE-based integration models.

Increased batch integration can be achieved via mul-
tiple extensions of cVAE models, including Kullback–
Leibler divergence (KL) regularization strength tuning 
[30], batch distributions alignment approaches [31–33] 
(with latent space adversarial learning [34–36] being the 
prime example), and latent space cycle-consistency that 
was previously only used for multi-omic integration in 

Fig. 1  The challenge of integrating datasets with substantial batch effects. a Substantial batch effects are present between different biological “systems”, 
such as cross-species, organoid-tissue, and cell-nuclei datasets. We selected at least one dataset for each of these three between-system integration 
types as shown in panel c. b Integrating datasets with substantial batch effects poses a bigger challenge than integrating datasets of similar samples 
across laboratories, where the batch effect is smaller. In this study, we evaluate different approaches for improving cVAE-based batch correction. c Pre-
integration distances between samples from the same or different systems. Points show mean per cell type. d Overview of approaches for improving 
integration in cVAE-based models: KL-loss-based regularization of the latent space, the use of the VampPrior as a replacement for the standard Gaussian 
prior, and adversarial learning and cycle-consistency loss that actively push together samples from different systems. Parts of the cVAE model were omit-
ted from individual panels for brevity. For a detailed description of the standard cVAE and its extensions, see the methods section Overview of cVAE-based 
integration approaches
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combination with adversarial learning [37–39] (Fig. 1d). 
For increasing biological preservation in scRNA-seq rep-
resentation learning without supervision, we previously 
proposed the use of the multimodal variational mixture 
of posteriors (VampPrior) [40] as the prior for the latent 
space (Fig. 1d) in a workshop paper [41], but this exten-
sion has not been explored in integration models. While 
prior work showed that all these strategies can be useful 
for single-cell data representation-learning, it is unclear 
how they compare to each other in the data integration 
setting. Thus, a systematic analysis of their strengths and 
weaknesses under different data integration scenarios is 
called for.

Here, we explore the shortcomings of popular cVAE-
based integration strategies, namely KL regularization 
tuning and adversarial learning, and show how these 
can be overcome by using cycle-consistency loss and the 
VampPrior. In particular, we provided a detailed analy-
sis of why individual approaches fail or outperform in 
diverse use cases. Furthermore, we systematically evalu-
ate batch correction and biological preservation on cell 
type and sub-cell type levels, with existing [20] metrics 
and a newly proposed metric for assessing within-cell-
type variation. We study these across three scenarios 
with substantial batch effects: cross-species, organoid-
tissue, and cell-nuclei. These scenarios cover both sub-
stantial technical and biological confounders as well as 
other aspects that complicate integration and its evalu-
ation, such as cell types with different levels of similarity 
across systems, multiple biological conditions, and dis-
joint gene feature sets. In short, we find that the combi-
nation of the VampPrior and cycle-consistency (VAMP 
+ CYC model) improves batch correction while retaining 
high biological preservation, making VAMP + CYC the 
method of choice for integrating datasets with substan-
tial batch effects. The VAMP + CYC model also empow-
ers post-integration analysis of cell states and biological 
conditions. Our model is easily accessible to the commu-
nity as part of the sciv-tools package [42] under the name 
sysVI, short for “integration of diverse systems with varia-
tional inference”, and the here-proposed strategies could 
be likewise easily added to other cVAE-based integration 
methods.

Results
We explored the shortcomings of existing methods for 
integrating substantial batch effects and subsequently 
developed an improved method to suit diverse use cases. 
We selected multiple datasets where batch effects are 
more substantial than observed within standard use cases 
that integrate samples with relatively similar biology and 
profiling strategies [26]. Datasets known to be challeng-
ing to integrate may include both strong biological and 
technical confounders [20, 26], such as multiple species, 

different technologies (e.g., cell-nuclei), and in vitro and 
in vivo samples (e.g., organoids and primary tissue) (Fig. 
1a). As shown in Fig. 1c, the presence of substantial batch 
effects can be determined by comparing batch effect 
strength between samples from individual, relatively 
homogeneous datasets, and samples from different data-
sets. This can help the users to decide a priori whether 
a stronger batch correction will be required. Besides, 
post-integration evaluation can reveal insufficient batch 
correction, prompting the users to adapt their integration 
strategy [20, 26].

We included five between-system data use cases: 
organoids (N samples = 21, N cells = 43,505) and adult 
human tissue samples (N samples = 20, N cells = 54,491) 
of the retina, scRNA-seq (N samples = 9, N cells = 28,465) 
and single-nuclei RNA-seq (snRNA-seq) (N samples = 9, 
N nuclei = 57,599) from subcutaneous adipose tis-
sue, scRNA-seq (N samples = 48, N cells = 265,767) and 
snRNA-seq (N samples = 57, N nuclei = 1,775,529) from 
the human retina atlas, mouse (N datasets = 8, N sam-
ples = 52, N cells = 263,140) and human (N samples = 65, 
N cells = 192,203) pancreatic islets, and mouse (N sam-
ples = 4, N cells = 9,816) and human (N samples = 6, N 
cells = 24,100) skin cells. We confirmed that in all data 
cases, the per-cell type distances between samples on 
non-integrated data are significantly smaller within sys-
tems, both within and between datasets, than between 
systems (Fig. 1c, Supplementary Table S1).

Existing methods struggle with the loss of biological 
information when increasing batch correction
Tuning of KL regularization strength is the most widely 
adopted approach for tuning batch correction strength as 
it is part of the standard cVAE architecture. It regulates 
how much the cell embeddings may deviate from the 
standard Gaussian distribution. By definition, KL regular-
ization does not distinguish between biological and batch 
information, jointly removing both of them. To assess 
this, we measured batch correction via graph integration 
local inverse Simpson’s index (iLISI) [20], which evaluates 
batch composition in the local neighborhoods of individ-
ual cells, and cell type level biological preservation with 
a modified version of normalized mutual information 
(NMI) [20] metric, which compares clusters from a single 
clustering resolution (NMI fixed) to ground-truth anno-
tation. Indeed, increased KL regularization strength led 
to higher batch correction and lower biological preserva-
tion (Fig. 2a, Supplementary Figure S1). In particular, we 
observed that increased KL regularization strength led to 
some latent dimensions being set close to zero in all cells, 
resulting in information loss (Supplementary Figure S2). 
Thus, the higher batch correction score is simply a conse-
quence of fewer embedding dimensions that were effec-
tively used in downstream analyses. This was reflected by 



Page 4 of 19Hrovatin et al. BMC Genomics          (2025) 26:974 

standard scaling of individual embedding features, result-
ing in the loss of KL regularization-induced changes in 
integration scores (Fig. 2a, Supplementary Figure S3, 
Supplementary Note S1). In particular, on the scaled 
data, higher KL regularization strength did not lead to 
increased batch correction or reduced biological preser-
vation. Thus, KL weight is not a favorable approach for 
removing batch effects as it removes both biological and 
batch variation without discrimination.

The most popular cVAE extensions for actively pushing 
together cells from different batches are based on batch 
distribution alignment [31–33], especially adversarial 
learning [34–36, 44, 45]. However, these approaches are 
prone to mix embeddings of unrelated cell types with 
unbalanced proportions across batches. Namely, if we 
want to achieve indistinguishability of batches in the 
latent space, a cell type underrepresented in one of the 
systems must be mixed with a cell type present in the 
second system [32, 34]. We show this in a cVAE with an 
additional adversarial module to encourage integration 
of systems (ADV), and an existing single-cell integration 
model that leverages adversarial learning, called GLUE 
[34], for which it was previously shown to be among the 
best integration models [43]. This behavior was present 
across datasets, especially when increasing batch correc-
tion strength. For example, as we increased the strength 

of adversarial training (Kappa) in the ADV models, we 
saw increased mixing of acinar and immune cells, and in 
the most extreme cases, even beta cells (Fig. 2c). In addi-
tion, for the GLUE model, we observed mixing of delta, 
acinar, and immune cells in the mouse-human pancreatic 
dataset; astrocytes with Mueller cells in the organoid-tis-
sue retinal dataset; and adipocyte and ASPC cells in the 
cell-nuclei adipose dataset (Fig. 2b, Supplementary Fig-
ure S5, Supplementary Figure S6). In contrast, these cells 
could be easily separated by our baseline cVAE imple-
mentation (Fig. 2b, Supplementary Figure S5). To address 
this issue, the authors of the GLUE method aimed to 
improve the adversarial loss objective by down-weighting 
the contribution of cells from unbalanced populations. 
However, this requires prior population identity knowl-
edge, which is in GLUE initialized by a preliminary inte-
gration round. Our results show that this strategy does 
not guarantee good integration performance, which may 
be explained by biases introduced through imperfect cell 
cluster prior information. Therefore, adversarial learning 
may be problematic as a general integration strategy as 
datasets often have unbalanced cell population propor-
tions due to biological differences or differences in tech-
nical protocol capture [46, 47].

Fig. 2  Adversarial learning and KL regularization strength tuning struggle with retaining biological variation when increasing batch correction. a Inte-
gration performance of scaled and unscaled cVAE embedding with different KL regularization loss weights. Shown are batch correction (iLISI, higher is 
better) and cell type level biological preservation (NMI fixed, higher is better) metrics scaled to [0,1] per metric. Individual runs with different seeds are 
shown as points and their averages (avg.) as lines. Results are presented for pancreatic mouse-human data, with similar performance trends observed in 
other datasets as reported in Supplementary Figure S4. b UMAP visualization of integrated pancreatic mouse-human data colored by cell type. Integrated 
representations were obtained with a standard cVAE model and the GLUE method [34], which is a well-established adversarial model and was reported to 
be among the best integration methods [43]. For both models, the best hyperparameter setting was used. Red circles mark examples of cell types that are 
mixed in the GLUE but not the cVAE integration. c UMAP visualization of the effect of the Kappa parameter on adversarial training. This plot shows how 
varying the Kappa parameter, which controls the strength of adversarial training in the ADV model, affects the integration of mouse and human pancre-
atic data. The data points are colored by cell type. Red circles highlight examples of cell types that are incorrectly mixed as the Kappa parameter increases
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Multimodal priors and cycle-consistency for better 
integration
To tackle the two above-mentioned challenges of existing 
methods, that is the joint removal of batch and biologi-
cal variation and mixing of cell populations with unbal-
anced proportions across systems, we propose to adapt 
the prior regularization of the cVAE model and add addi-
tional batch correction constraints to the general loss. 
In particular, we selected the VampPrior [40] and latent 
cycle-consistency loss [48], as they are able to better pre-
serve biological variation.

The VampPrior was initially proposed as an alternative 
to standard Gaussian prior for generating more expres-
sive latent representations due to the use of multiple 
prior components [40] (see methods and Fig. 1d). It was 
previously shown that this also applies to single-cell data 
[41], where it increases biological preservation, similar 
to other flexible priors, such as Gaussian mixtures (GM) 
[49–51]. Therefore, we here tested whether the Vamp-
Prior could be used to achieve a better batch correction 
and biological preservation tradeoff compared to a cVAE 
with standard Gaussian prior. We observed that while 
biological preservation was relatively similar in both 
models, the model with the VampPrior (VAMP model) 
had much higher batch correction performance (Supple-
mentary Figure S1). As the VampPrior has not previously 
been used for batch effect removal, we investigated the 
cause of improved batch correction. We explored the 
relationship between individual prior components and 
cell metadata. We assigned individual cells into groups 
based on the prior component with the highest support 
for each cell and assessed whether this led to the group-
ing of cells by either cell types or systems. Prior com-
ponent groups corresponded more strongly to cell type 
identity than systems (Supplementary Figure S7). This 

suggests that in contrast to the standard Gaussian prior 
that attracts cells from different systems and different cell 
types, using multiple priors allows individual prior com-
ponents to attract cells from only a subset of cell types 
that nevertheless originate from both systems, which 
could explain the improved batch correction at a similar 
biological preservation score.

To test if batch correction is improved due to the mul-
timodal nature of the VampPrior or its other properties, 
we compared to a VampPrior model with only one prior 
component that resembles a normal cVAE, but in con-
trast to cVAE the prior parameters are learned, and a GM 
prior model (GMM) as a simpler multimodal prior alter-
native where prior and posterior distributions are not 
coupled. We also tested if trainable prior components are 
key for integration by fixing prior component parameters 
and inspected if the identity of cells used for pseudoin-
puts initialization affects the performance.

Across integration datasets, we find that the batch cor-
rection was lower when using only one prior component, 
compared to two or more for both the VAMP and GMM 
models (Fig. 3, Supplementary Figure S8), with the one-
component version being more similar to cVAE with 
standard normal prior (Supplementary Figure S1). How-
ever, the performance of GMM, but not VAMP, dropped 
again at very high prior component numbers (N = 5000). 
Therefore, even a relatively small number of prior com-
ponents (e.g. five) enables good integration while keep-
ing the number of model parameters low. Fixing of prior 
components had little effect on VAMP performance 
(Fig.  3, Supplementary Figure S8, Supplementary Note 
S2) and likewise, the initialization of prior components 
with cells from a single cell type or system did not affect 
performance (Supplementary Figure S9, Supplemen-
tary Note S2). This indicates that the number of prior 

Fig. 3  Multimodal priors improve batch correction and biological preservation. Scatter plots of cell type level biological preservation metric (NMI, higher 
is better) and batch correction metric (iLISI, higher is better) scores for different models (panels), including a VampPrior model with fixed prior compo-
nents. Small circles represent individual runs with different seeds and crosses their averages. Points are colored by the number of prior components. The 
average performances of the models with a single prior component are encircled. Results are shown for the pancreatic mouse-human data, with other 
datasets exhibiting similar trends as presented in Supplementary Figure S8
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components is key for improved batch correction. Never-
theless, VAMP outperformed GMM both in the achieved 
batch correction as well as in the robustness to a vary-
ing number of prior components, underlining the impor-
tance of coupling the prior and the posterior.

We propose latent cycle-consistency loss as an alterna-
tive to adversarial learning. The cycle-consistency loss 
directly compares only cells with an identical biological 
background, that is a cell and its counterfactual represen-
tation from another system (Fig. 1d). Thus, biologically 
distinct cell populations are not forced to overlap, unlike 
in models that aim to align whole system distributions 
in a cell identity-agnostic manner. While previous pub-
lications already used cycle-consistency for integration 
across modalities (e.g. scRNA-seq and scATAC-seq) [37, 
39], they always combined it with adversarial learning, 
thus overlooking the potential benefits of using cycle-
consistency alone.

We validated our hypothesis about cycle-consistency 
outperforming adversarial learning in the presence of 
cell populations with unbalanced proportions across 
systems by implementing a cVAE model with added 

cycle-consistency loss (CYC model) and comparing it to 
adversarial model GLUE. For both models, we gradually 
increased the weight of the loss responsible for batch cor-
rection and measured cell type preservation by compar-
ing prior annotation and post-integration clusters with 
the Jaccard index. When increasing batch correction 
strength, we observed multiple cell types whose clusters 
had a lower Jaccard index in the GLUE than the CYC 
model, thus being merged with other cell types in GLUE 
(Fig. 4, Supplementary Figure S5, Supplementary Figure 
S6). Examples are acinar cells mixed with immune cells 
in the pancreatic mouse-human data, which are not bio-
logically related, adipocytes mixed with adipose stem and 
progenitor cells (ASPC) in the adipose cell-nuclei data, 
and two glial populations (astrocytes and Mueller cells) 
in retinal organoid-tissue data. However, some cell types 
were hard to distinguish for both models, regardless of 
integration strength. In the pancreatic mouse-human 
data, these corresponded to technical doublets, which 
can be explained by their similarity to individual con-
tributing cell types. Similarly, in the cell-nuclei data neu-
trophils co-localized with monocytes, likely due to their 

Fig. 4  Adversarial learning is more prone to cell-type mixing than cycle-consistency loss. Shown is a cell type mixing score measured with the Jaccard 
index between clusters and ground-truth labels (higher is better) and iLISI score. The Jaccard index was min-max-scaled per cell type. Results are pre-
sented for integration of the pancreatic mouse-human dataset with the adversarial GLUE model and the CYC model. For both models, different weights 
of losses that regulate batch correction were tested. Individual cell types are annotated with the number of cells in the more abundant system and the 
ratio of cells between the less and the more abundant system. Red boxes mark example cell types that are commonly mixed by the adversarial model, 
especially when increasing batch correction strength. Cell populations representing technical doublets are marked with “+” in their name. Similar results 
for other datasets are shown in Supplementary Figure S6
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biological similarity, with both of them being immune 
cells (Supplementary Figure S5). Therefore, none of the 
models exhibited perfect cell type resolution based on the 
Jaccard index metric, which is expected as highly similar 
cell types often require more detailed analysis, including 
subclustering, for their annotation [52]. Nevertheless, the 
CYC model was less prone to mix both related and unre-
lated cell types than GLUE.

Integration with the VampPrior and cycle-consistency 
offers a good tradeoff between batch correction and 
biological preservation
Our analysis showed that both the VampPrior and latent 
cycle-consistency loss improved integration perfor-
mance. Moreover, both approaches are complementary, 
with VampPrior providing a more expressive latent space 
than standard Gaussian prior and cycle-consistency loss 
pushing together batches without incurring cell popula-
tion mixing in contrast to adversarial learning. Therefore, 
we propose a new integration approach that combines 
the two (VAMP + CYC, Fig. 5c).

We compared VAMP + CYC against ablated versions 
VAMP, CYC, and a cVAE baseline. All these models are 
based on the same underlying cVAE model with the addi-
tion of the VampPrior (VAMP), cycle-consistency loss 
(CYC), or their combination (VAMP + CYC). To this, 
we also added two established autoencoder-based mod-
els: scVI [23], which is a cVAE-based model that models 
raw expression counts and is among the most popular 
integration methods, and GLUE, which is an example of 
a model that uses adversarial learning. We also imple-
mented an adversarial cVAE baseline (ADV) to individu-
ally study the effect of adversarial learning on mixing 
cell types across systems. For cross-species integration 
examples, we included SATURN [53] as a baseline. The 
comparison was further extended with three additional 
established models that do not use the autoencoder 
architecture: Seurat [54, 55] based on integration using 
canonical correlation analysis, scMGCA [56] as a graph-
based [57] integration method, and Harmony [58], for 
which we included both implementations in R (referred 
to as Harmony) and Python (referred to as Harmony-py). 
To enable a fair comparison, we tuned model hyperpa-
rameters that directly regulate batch correction for all 
methods, as described in the methods. Our benchmark 
thus aims to depict the best possible performance of 
every method optimized for individual datasets (Supple-
mentary Figure S1). Every model was run three times 
with different random seeds to capture random variation 
in model performance.

To complement our integration evaluation via iLISI 
and NMI, we proposed an additional metric, Moran’s 
I, aimed to assess fine biological preservation on the 
sub-cell-type level via preservation of gene expression 

patterns after integration. Evaluating the fine variation 
is of special importance as many downstream questions 
rely on within-cell-type population shifts that arise due 
to different biological conditions, such as in health and 
disease. We further show why the preservation of fine-
grained biological variation is crucial for common bio-
logical analyses in the section High-quality integration is 
key for downstream biological interpretation.

The cVAE-based model scVI [23], which is regarded as 
a state-of-the-art model for scRNA-seq integration [20], 
consistently had excellent biological preservation (Fig. 
5a), in many cases significantly higher than other auto-
encoder-based models (Supplementary Table S2). How-
ever, it had a relatively low batch correction compared to 
other models, including GLUE and our newly proposed 
model VAMP + CYC (Fig. 5a), especially in the pancre-
atic mouse-human and retinal organoid-tissue datasets 
that had the most substantial batch effects (Supplemen-
tary Figure S10). For example, many of the cell types, 
including beta and ductal cells, were also visually sepa-
rated between the systems on the UMAP (Fig. 5b).

GLUE had the highest batch correction overall (Fig. 5a), 
which was in most cases significantly higher than other 
models (Supplementary Table S2), and it also had rela-
tively good cell type preservation (NMI). However, as 
described above, in unbalanced datasets GLUE led to 
the mixing of unrelated cell types, such as delta, acinar, 
and immune cells in the pancreatic data (Fig. 5b). It also 
had lower performance on finer within-cell-type varia-
tion (Moran’s I) (Fig.  5a), which was in all cases signifi-
cantly lower than the state-of-the-art model scVI as well 
as VAMP + CYC (Supplementary Table S2). As we saw at 
the cell type level, poor preservation of within-cell-type 
variation could be partially explained by the mixing of 
cell states with unbalanced proportions across systems. 
Thus, it is likely that the high batch correction of GLUE 
is not biologically meaningful as it comes at the cost 
of mixing unrelated cell populations. Integration with 
adversarial learning is thus less suited for downstream 
cell state analyses.

Seurat consistently localized among models with 
high batch correction. However, it often had relatively 
low cell-type preservation (NMI) and consistently low 
within-cell-type preservation (Moran’s I), similar to 
GLUE. While reducing its k.anchor parameter could 
somewhat improve cell-type preservation at the cost of 
batch correction, it could not rescue the poor within-
cell-type preservation (Supplementary Figure S1). Fur-
thermore, Seurat can not be used for larger datasets due 
to the extensive training time required (over 20 h). This 
makes Seurat an overall unfavorable choice.

When analyzing the two implementations of the Har-
mony method, we observed striking differences. Not only 
was the Harmony-py better able to scale to large datasets 
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Fig. 5 (See legend on next page.)
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than the original R implementation, as expected, but also 
it had consistently higher fine within-cell-type preser-
vation (Moran’s I). In this metric it was among the top 
methods, sometimes even outperforming scVI. However, 
this came at the cost of poor batch correction, similar to 
scVI. For example, in the pancreatic dataset the mouse 
and human beta cells resided in distinct UMAP regions, 
not even localising nearby each other (Fig. 5b). The only 
exception was the retina atlas cell-nuclei dataset, where 
all methods had a similar, visually good (Supplementary 
Figure S5c), batch correction and here Harmony-py was 
actually among best-performing methods. Despite good 
within-cell-type biological preservation, Harmony-py 
had relatively low cell-type preservation on a few data-
sets, below the level of scVI. Nevertheless, Harmony-py 
may be an alternative to scVI and a viable choice for data-
sets with less challenging batch effects.

Furthermore, while Harmony implemented in R had 
lower fine within-cell-type preservation than Harmony-
py, this did not translate to good batch correction per-
formance. Namely, Harmony in R varied strongly in the 
batch correction metric, from relatively poor to relatively 
good results depending on the dataset. The Harmony 
from R may be an inconvenient choice due to variable 
integration performance and extensive training time 
required.

The scMGCA model was less effective at batch correc-
tion than other methods, resulting in only partial mixing 
of cells across most datasets. Moreover, it maintained a 
moderate level of biological preservation, suggesting it 
may be more suitable for applications where the batch 
effect is not substantial, such as the batch effect across 
donors within the same experimental setup.

Overall, the existing methods can be separated into 
two classes: those that have generally good preservation 
of biological variation, also on within-cell-type level, but 
poor batch correction (scVI, Harmony-py, and scMGCA) 
and those that have strong batch-correction but are 
unable to preserve fine-grained biological variation 
(GLUE, Seurat). Thus, there is a need for methods that 
enable sufficient batch correction, even for datasets with 
substantial batch effects, while preserving both cell type 
and within-cell-type biological variation [20].

The VAMP + CYC model was able to achieve a bet-
ter tradeoff between batch correction and biological 
preservation (Fig.  5a). We first show that it consistently 
outperformed the baseline cVAE, indicating that the 

use of cycle-consistency loss and the VampPrior signifi-
cantly improve cVAE-based integration. Specifically, the 
VAMP + CYC model had significantly higher batch cor-
rection than the cVAE baseline across most of the data-
sets (adjusted p-values < 0.1, Supplementary Table S2) 
while retaining comparable biological preservation in 
the majority of comparisons. For example, on the pan-
creatic mouse-human dataset cVAE was unable to batch-
correct some cell types, such as beta and ductal cells, 
while VAMP + CYC had much stronger mixing between 
mouse and human cells for both of them (Fig.  5b). The 
only exception was the skin datasets where an extremely 
high KL loss weight was selected for cVAE. While this 
resulted in cVAE-based batch correction comparable to 
VAMP + CYC, the biological preservation of cVAE was 
significantly worse (Fig.  5a, Supplementary Figure S1, 
Supplementary Table S2). The VAMP + CYC model was 
also able to achieve higher batch correction at compa-
rable biological preservation than the individual CYC 
and VAMP models (Supplementary Figure S1), support-
ing the combined use of both cycle-consistency loss and 
the VampPrior. Namely, the selected VAMP + CYC model 
had significantly higher batch correction than the two 
ablated models in the pancreatic mouse-human and adi-
pose cell-nuclei datasets (Supplementary Table S2).

In comparison to GLUE and Seurat, the VAMP + CYC 
model showed lower batch correction but had higher 
fine-grained biological preservation in all datasets (Fig. 
5a). Moreover, unlike GLUE, it was not prone to mixing 
of cell types with different proportions across systems, 
as described above. On the other hand, VAMP + CYC 
had somewhat lower fine-grained biological preserva-
tion than scVI and Harmony-py, but had in almost all 
datasets much better batch correction. Thus, the VAMP 
+ CYC model seems to be better balanced than existing 
models as it has relatively good performance in both bio-
logical preservation and batch correction. It thus fills a 
gap between groups of models that tend to over-integrate 
(GLUE and Seurat) or under-integrate (scVI, Harmony-
py, and scMGCA). This recommends VAMP + CYC for 
integrating datasets with substantial batch effects. How-
ever, as metric scores alone cannot fully assess biological 
usefulness of a model [26], we also analysed how differ-
ent models affect downstream biological interpretation 
in the section High-quality integration is key for down-
stream biological interpretation.

(See figure on previous page.)
Fig. 5  While existing models struggle with over- or under-integration, the VAMP + CYC model achieves a good trade-off between batch correction and 
biological preservation. a We show the integration performance of individual models using the best hyperparameter settings, with different integra-
tion metrics in columns (larger values indicate better integration performance) and cross-system data cases in rows, showing the average performance 
(vertical line) of three runs (dots). The results of all hyperparameter settings are in Supplementary Figure S1. b UMAPs of representative runs for the best 
hyperparameter setting in the pancreatic mouse-human dataset. A legend for sample colors is not shown due to the large number of samples. UMAPs 
for the other datasets are shown in Supplementary Figure S5. c Schematic representation of the VAMP + CYC model in accordance with the explanation 
of the VampPrior and latent cycle-consistency loss from Fig. 1d
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Furthermore, we believe that the VAMP + CYC model 
will be convenient to use in the future. The fine-tuning 
of the integration hyperparameters led to similar per-
formance characteristics in all datasets (Supplementary 
Figure S1), easing the choice of the ideal hyperparameter 
values. Moreover, VAMP + CYC is scalable to large datas-
ets, requiring less than 50 min for half a million cells and 
memory comparable with scVI (Supplementary Figure 
S19). While its memory requirements are slightly higher 
than scVI model and its runtime is double compared 
to scVI model, likely originating from additional costs 
related to the VampPrior and cycle-consistency loss com-
putation, it was nevertheless able to integrate even the 
largest retina atlas dataset with two million cells.

Models specific for cross-species integration do not 
outperform VAMP + CYC
Cross-species integration is complicated due to differ-
ent gene sets across species. Thus, we further assessed 
models that accept different input genes across systems, 
namely GLUE and SATURN [53], which is an example of 
a model designed specifically for cross-species integra-
tion. We ran both models with one-to-one orthologues 
(OTO) as well as with a flexible orthology (FO) gene set 
that included different types of orthologues and non-
orthologous genes on the pancreatic mouse-human data-
set. Integration with FO input genes did not outperform 
the OTO approach in either GLUE or SATURN (Sup-
plementary Figure S1). Furthermore, despite SATURN 
using protein embeddings to improve gene linking across 
species, it had significantly lower batch correction than 
either VAMP + CYC or GLUE (Fig. 5a, adjusted p-values 
< 0.05, Supplementary Table S2). Overall, this indicates 
that a more advanced gene mapping may not be needed 
for mouse-human integration, as VAMP + CYC was able 
to outperform even dedicated cross-species integration 
methods. However, for more divergent species or spe-
cies with lower-quality genome annotation and orthology 
information, using FO genes could still be beneficial [19].

As SATURN requires prior cell type labels for every 
system, we ran it with clustering-based labels to make it 
comparable to other models that are likewise not given 
prior cell type information, which is in practice often 
not available. Besides that, we also added a version with 
ground-truth cell-type labels (SATURN-CT). How-
ever, using ground-truth labels may lead to a positive 
bias in the NMI metric. Both SATURN and SATURN-
CT performed poorly in biological preservation, with 
SATURN-CT having a bias towards higher NMI scores 
while retaining low Moran’s I (Fig. 5a). The poor preser-
vation of within-cell-type structure was also evident from 
UMAPs. For example, the numerous immune subclusters 
observed on the VAMP + CYC embedding were not pres-
ent after integration with SATURN and SATURN-CT 

(Fig.  5b). The poor biological preservation can be 
explained by over-reliance on prior cell cluster labels in 
the contrastive learning objective, which pushes all cells 
with the same label together, thus neglecting within-cell-
type variation (Supplementary Note S3).

High-quality integration is key for downstream biological 
interpretation
To ensure that a model is of good quality, it must not 
only have relatively high integration metrics, but it must 
also be able to provide meaningful biological interpreta-
tions. Therefore, we used the integrated embeddings of 
the evaluated methods for multiple downstream tasks, 
including the discovery of molecular heterogeneity 
within individual cell types as well as cross-system com-
parison of cell types and conditions.

An important characteristic of integration is to pre-
serve within-sample variation, which is not related to 
batch effects. This is key for studying different cell states 
that arise due to cell specialization or spatial niches. This 
is also an integral part of harmonizing fine-grained cell 
state annotation, which is one of the main aims of the 
integration and atlas-building projects. In particular, 
while coarse cell types often have established markers 
that can be used for annotation, the more specialized cell 
states are often inconsistently annotated across datasets 
and must be re-defined based on multi-dataset consensus 
[1, 26]. However, fine-grained annotation is not possible 
if such variation is lost after integration.

We examined the preservation of known cell states on 
mouse pancreatic beta cells, for which within-sample het-
erogeneity in the expression of multiple gene programs 
has been previously reported [1]. This heterogeneity was 
much better preserved by VAMP + CYC than GLUE 
(Fig. 6b, Supplementary Figure S12c) and was similar to 
the heterogeneity observed in the non-integrated data. 
While some other methods also retained gene program 
heterogeneity (e.g., scVI and Harmony-py), they did not 
integrate beta cells between mouse and human data (Fig. 
5b), rendering harmonization of fine-grained cell states 
across species impossible. Therefore, as VAMP + CYC 
has low within-system information loss and strong batch 
correction, it is best suited for post-integration analysis 
of cell states.

Direct comparison of systems on the integrated embed-
ding requires striking a balance between under and over-
integration, that is, to align only biologically related, but 
not biologically distinct cells. To achieve this, the model’s 
objective must also reflect this balance by jointly opti-
mizing batch correction and biological preservation. An 
example is scGEN [59] that fails to correctly align bio-
logical populations (Supplementary Note S4). This is key 
for diverse downstream use cases. For example, when 
working with models of human biology in vitro (e.g., 
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organoids) or in vivo (e.g., different species), it is impor-
tant to understand which cell types correspond to their 
human counterparts and which are more biologically dis-
tinct. Furthermore, when employing disease models, it 
is important to understand if their disease effects differ 
from the healthy state in a similar fashion as in humans.

Here, we assess how well models achieve this balance 
by inspecting individual cases where systems should, in 
fact, not be completely integrated due to biological differ-
ences. We saw that all evaluated models correctly sepa-
rated retinal pigment epithelial cells between organoid 
and tissue data [7], with the two clusters being the most 
proximal in Seurat integration (Supplementary Figure 
S5a). This indicates that strong biological differences are 
preserved after integration.

Moreover, we assessed the preservation of finer cross-
system biological differences, where cell states within 
cell types are slightly shifted between biological condi-
tions. We show this on Mueller cells, for which it was 
reported that RHCG-expressing fovea cells from primary 
tissue are distinct from the tissue periphery and organoid 
cells [7]. This more subtle biological variation was lost in 
some models, such as GLUE and Seurat, leading to the 
co-localization of cells from all three populations (Fig. 6a, 
Supplementary Figure S11, Supplementary Figure S17a). 
On the other hand, scVI, which has weaker integration, 
failed to align tissue periphery and organoid cells. Perfor-
mance similar to scVI was also observed for Harmony-py. 
In contrast, VAMP + CYC correctly aligned Mueller cells 
from tissue periphery and organoid samples while sepa-
rating cells from tissue fovea samples.

However, as discussed above, GLUE is particularly sen-
sitive to the imbalance of datasets across systems. This 
may be a reason for its under-performance in the retinal 
dataset where the cells from tissue fovea do not have a 
corresponding population in the organoid dataset. Thus, 

we performed a similar analysis on the skin dataset that 
contains two corresponding conditions (healthy and dis-
eased) in both systems (mouse and human). The mouse 
and human skin datasets both contained disease-related 
inflammatory fibroblasts originating from recessive dys-
trophic epidermolysis bullosa [60] and psoriasis [61], 
respectively. This inflammatory phenotype distinguishes 
disease-related and healthy fibroblasts.

In this dataset, GLUE performed the best, more 
strongly aligning the human diseased cells with the 
mouse diseased cells than the healthy cells (Supple-
mentary Figure S17e). While this was also observed in 
VAMP + CYC, the ratio between the two was less pro-
nounced. In contrast, scVI and Harmony almost equally 
mixed the human diseased cells with both mouse healthy 
and diseased cells, being unable to correctly distinguish 
between biological and technical variation. Moreover, 
this issue was even more substantial for Seurat, which 
had a somewhat stronger mixing between human dis-
eased and mouse healthy cells than mouse diseased cells. 
This indicates that GLUE can be the method of choice 
when integrating well-balanced data, with VAMP + CYC 
following.

Interestingly, most methods had a lower ratio of simi-
lar vs. dissimilar alignment with mouse cells when ana-
lyzing human healthy cells (Supplementary Figure S17d) 
rather than human diseased cells (Supplementary Figure 
S17e). A possible explanation for that may be the fact that 
not all mouse disease model fibroblasts actually have an 
inflammatory phenotype [60], hence some of them may 
be mixed with human healthy fibroblasts (Supplementary 
Figure S17d).

However, in an unbalanced skin dataset setting, GLUE 
no longer outperformed other methods. To create an 
unbalanced dataset, we removed human disease sam-
ples from the integration. This presented an additional 

Fig. 6  VAMP + CYC empowers post-integration analysis of biological variation. a UMAPs of Mueller cells based on representative runs for the best hyper-
parameter setting in the organoid-tissue dataset. The UMAPs are colored by the cell density of organoid and tissue periphery cells, which are expected 
to overlap, and of tissue fovea cells expressing RHCG, which are expected to separate from the other two cell populations. Results for other methods 
are shown in Supplementary Figure S11. b Expression of gene groups known to be heterogeneous within individuals, shown on UMAPs of beta cells 
from one healthy adult mouse pancreatic sample from the pancreatic mouse-human data. We compare the heterogeneity before and after integration 
and quantitatively assess gene group variability with Moran’s I (MI). For every model, one representative run from the best hyperparameter setting was 
selected (as shown in Fig. 5b). Results for all models and the remaining gene groups are shown in Supplementary Figure S12c
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challenge for both VAMP + CYC and GLUE, leading to 
potential over-integration of the diseased mouse and the 
healthy human cells. It is thus important to keep in mind 
that no integration is perfect [26] and thus the conclu-
sions drawn from the integrated embedding should be 
generally seen as a source of new hypotheses rather than 
a ground truth.

Despite these challenges, VAMP + CYC presents a 
more robust choice since it was less strongly affected by 
this complex setting. The shift in diseased-healthy mix-
ing between pre- and post-ablation settings was more 
substantial in GLUE than in VAMP + CYC (Supplemen-
tary Figure S17d, f ). Strong discrepancies in conclusions 
obtained under different dataset designs are a big prob-
lem for real-world use cases, such as atlas-based analysis. 
For example, atlas may be evaluated on a subset of condi-
tions with balanced data across systems and afterwards 
used for mapping a different query condition, which does 
not contain balanced data. Subsequent strong shifts in 
performance between the atlas, which was extensively 
evaluated, and the query mapping use-cases, which often 
rely on atlas quality, can thus lead to over-confidence in 
conclusions drawn about query data.

We also note that our automatic hyperparameter selec-
tion approach chose an unusually high cycle consistency 
loss weight (weight = 50) and subsequently batch correc-
tion strength for VAMP + CYC for the unbalanced data-
set. This hyperparameter choice was substantially above 
choices for other datasets (Supplementary Figure S1, 
weight = 2 or 5) and what is recommended in our integra-
tion tutorial (weight around 5). If a more reasonable cycle 
consistency loss weight is considered, the increase of the 
healthy-diseased mixing in the pre- and post-ablation 
setting is less substantial (Supplementary Figure S18). 
This is not the case for GLUE, where all hyperparameter 
settings led to substantial shifts in pre- and post-ablation 
healthy-diseased mixing across species (Supplemen-
tary Figure S18). Thus, by removing the imperfections of 
our automatic hyperparameter selection approach and 
instead considering general method behaviour, the higher 
robustness of VAMP + CYC compared to GLUE against 
unbalanced data becomes more evident, as also observed 
in the retinal data.

We attempted to perform a similar cross-species analy-
sis for healthy and type 2 diabetic beta cells in the pan-
creatic dataset. However, in this dataset, none of the 
methods could consistently sufficiently distinguish dis-
eased cells of one species from healthy cells of the other 
(Supplementary Figure S17b, c). This may be explained 
by the fact that already human beta cells alone do not 
separate between healthy and diseased donors, which 
was highlighted as an issue by the authors of the origi-
nal human dataset publication [62]. Moreover, it was 
before reported that mouse type 2 diabetic models do 

not perfectly mimic human disease [1]. Nevertheless, 
the beta cell biological variation was preserved at least 
within the mouse data alone when using VAMP + CYC, 
as described above (Fig. 6b).

Overall, our results show that VAMP + CYC and, in 
some cases, GLUE can integrate data sufficiently well 
to draw meaningful conclusions about cross-system 
similarity of biological conditions. Other methods were 
generally unable to correctly align cross-system biologi-
cal conditions. However, GLUE should not be used for 
datasets with unbalanced conditions across systems (i.e. 
with certain conditions missing from some systems) as 
it leads to severe loss of true biological differences. Thus, 
as unbalanced data is common in practice, VAMP + CYC 
presents a more reliable choice for real-world applica-
tions. Furthermore, as we also observed strong loss of 
fine-grained biological information in GLUE, this further 
advocates against its use. Overall, VAMP + CYC presents 
the best choice across different downstream use-cases.

Discussion and outlook
In order to improve the integration of scRNA-seq data-
sets, in particular in the presence of substantial batch 
effects such as different protocols, species, or in vitro vs. 
in vivo, we explored the shortcomings of commonly used 
cVAE-based approaches for increasing batch correction, 
namely, KL regularization strength and adversarial learn-
ing. Models relying on these approaches struggled with 
retaining sufficient biological information when increas-
ing batch correction. We observed similar limitations in 
established integration methods that are not based on 
the cVAE architecture. To overcome these challenges, 
we proposed the use of the VampPrior and latent cycle-
consistency loss. We performed evaluation in three data 
scenarios (cross-species, organoid-tissue, and cell-nuclei) 
and observed consistent model performance characteris-
tics and failure modes, enabling us to make recommen-
dations regarding individual models. We found that our 
model, which combines the VampPrior and cycle-con-
sistency loss, had an overall good performance in both 
batch correction and biological preservation as well as 
enabled truthful interpretation of the integrated embed-
ding, making it our method of choice. To make this 
model easily accessible to the community, we also imple-
mented it in the scvi-tools package [42] under the name 
sysVI.

Our proposed method is both computationally efficient 
and scalable, making it well-suited for analyzing ever-
growing single-cell datasets. It demonstrates linear scal-
ability with respect to the number of cells (Supplementary 
Figure S19a), as shown by its successful application to 
the two-million-cell retina atlas. Although its runtime is 
approximately double that of scVI (Supplementary Figure 
S19b), a difference attributed to the computational costs 
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of the VampPrior and cycle-consistency loss, its overall 
efficiency remains highly competitive. For example, it 
can process half a million cells in under 50 min (Supple-
mentary Figure S19a), whereas methods like Seurat can 
require over 20 h for similar large datasets. Furthermore, 
its memory requirements are only marginally higher than 
scVI’s (Supplementary Figure S19c, d). This combina-
tion of robust integration performance, scalability, and 
manageable resource usage makes sysVI a practical and 
robust tool for large-scale data integration, particularly in 
the presence of substantial batch effects.

Based on the findings presented in this work, there 
are multiple directions of cross-system integration that 
could be further explored. The VampPrior and cycle-con-
sistency loss could be easily added to other cVAE-based 
integration tools. Therefore, we urge the method-devel-
opment community to switch from using batch distribu-
tion-matching techniques, such as adversarial learning, 
to cycle-consistency-based approaches and to replace 
the standard Gaussian prior with the VampPrior. Com-
bining these approaches with other cVAE extensions may 
contribute towards achieving the goal of holistic whole-
organism and cross-species atlases. The flexibility of the 
VampPrior holds promise for representation learning on 
complex datasets with diverse cell types and the cycle-
consistency loss further improves the removal of sub-
stantial batch effects present in such datasets. To achieve 
population-wide integration, these two approaches could 
be combined with scPoli [63], which enables the integra-
tion of a large number of batches via learning individual 
batch embeddings rather than relying on the commonly 
used one-hot encoding. As a step towards this goal, 
batch embedding is available in sysVI. Furthermore, we 
here focus on integration strategies that do not require 
any prior cell type annotation, as this information is 
often unavailable and can introduce biases. Neverthe-
less, supervised label-aware integration methods such 
as scANVI [64] may outperform non-supervised models 
[20]. Thus, future work could explore the combination 
of different prior-knowledge-based strategies with the 
unsupervised techniques proposed here. Additionally, 
while we here did not observe a benefit in more com-
plex orthologue mapping for cross-species integration, 
this may be of greater importance when integrating more 
evolutionary divergent species. Thus, future work could 
explore the effect of different gene mapping strategies, 
both as part of data preprocessing [19] as well as in the 
model internally, such as by enabling flexible gene rela-
tionships [5, 34] or using gene embeddings [53, 65].

One unexpected finding of this work was that the 
VampPrior led not only to improved biological preserva-
tion, as would be expected, but also to increased batch 
correction. A similar effect was also observed when 
using a simpler GM prior. However, the VampPrior 

showed overall better performance and higher robust-
ness to varying numbers of prior components. Further 
work will be needed to fully understand the mechanisms 
of this phenomenon. These results may not only have 
applications for scRNA-seq integration but also in other 
domains using cVAE models for covariate effect removal.

While we have shown that VAMP + CYC model 
enables good cross-system integration in comparison to 
existing methods, it is not obvious which combination of 
data analysis decisions will lead to optimal performance 
and whether integration is the ideal approach at all. For 
example, here we have focused on evaluating different 
model architectures but did not analyze alternative data 
preprocessing decisions that may affect the final result, 
such as the approach used for selecting features across 
systems. While previous work assessed some preprocess-
ing options [19, 20], it is unclear if the findings translate 
to all cross-system data use cases, which can make dif-
ferent assumptions about relationships between systems 
and their features. Moreover, while our results show that 
the optimal hyperparameter ranges are relatively similar 
across data use cases, the preferred setting will depend 
on the downstream application at hand. For example, 
annotation transfer across systems would benefit from 
stronger batch correction, while comparative analysis of 
systems may require preserving more biological differ-
ences in order to assess their true similarity. Furthermore, 
the coarse biological preservation metric we used (NMI) 
relies on matching cell type annotations across systems. 
However, as shown above for the retinal pigment epithe-
lial and Mueller cells, sometimes cell types with the same 
name in different systems are, in fact, biologically distinct 
and should thus not be aligned, leading to biases in met-
ric interpretation. Instead, one could use simulated data 
for evaluation. However, as simulations often cannot fully 
encompass the complexity of the real data they are like-
wise not an optimal solution [66]. Therefore, the commu-
nity would highly benefit from standard benchmarking 
datasets where proper alignment is more carefully stud-
ied, reducing biases in integration evaluation.

While integration eases cross-system comparisons, 
there are also arguments against performing integration. 
For example, how strongly to integrate depends on down-
stream applications and is commonly assessed based on 
assumptions about the correct system alignment. There-
fore, since the final integration is biased toward analysts’ 
expectations, it may not represent the biological ground 
truth. The integration also always removes some biologi-
cal information. This is especially problematic if the inte-
grated systems have substantial biological differences, as 
much of the biological variation would be lost to enable 
system alignment. One such example could be the inte-
gration of early-stage organoids with adult human tis-
sue, as it is likely that the overlaps between biological 
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functions of cell populations are minimal. In this case, 
per-system analysis followed by between-system com-
parison may be preferred. Lastly, recently emerging foun-
dation models claim to obtain batch-free representations 
of cells via training on a large number of diverse datasets 
[67, 68], potentially removing the need for future data-
use-case-specific integrations. However, as optimal inte-
gration strength often depends on the application, it is 
unlikely that one-size-fits-all models will be able to fully 
replace data-specific integration. Data-specific tuning of 
foundation models could improve performance, however, 
this is computationally expensive due to the large number 
of parameters. Therefore, classical integration models are 
likely to remain of importance in the foreseeable future.

In conclusion, we proposed an improved strategy for 
integrating datasets with substantial batch effects that 
combines a cVAE model with VampPrior and cycle con-
sistency loss. This will ease comparative analyses across a 
wide spectrum of biological questions, thus better lever-
aging available scRNA-seq datasets.

Methods
Overview of cVAE-based integration approaches
In this study we focused on cVAE-based integration 
approaches and their extensions that improve integration 
by modifying the VAE objective (Fig. 1d). Here we pro-
vide a brief description of these methods.

In cVAE models, the encoder ( Eφ ) embeds cell expres-
sion ( x) and batch information ( c, which also contains 
system information), into a batch-effect corrected latent 
representation ( z). Then, a decoder ( Gθ ) reconstructs 
the expression based on latent representation and batch 
information. Two opposing losses are used to train the 
model (combined as LcV AE(θ,ϕ)), the expression recon-
struction loss that promotes information preservation 
during encoding and decoding and KL loss-based reg-
ularization of latent space that encourages information 
compression towards a Gaussian prior distribution.

	LcV AE(θ,ϕ) = −Ez∼qϕ(z|x,c)[log pθ(x|z, c)] + DKL(qϕ(z|x, c)||pθ(z))

Tuning of KL regularization strength in cVAEs
The most straightforward approach for increasing batch 
correction strength is using a higher KL regularization 
loss weight. This leads to lower preservation of informa-
tion within the latent space, as it pushes samples’ latent 
representations towards the Gaussian prior distribu-
tion. The information is removed not only for technical 
or batch variation, which is desired, but as a side effect 
also for biological variation [30]. To enable good initial-
ization of biological representation the KL regularization 
loss weight can be gradually increased during training via 
annealing, as done in scvi-tools [42].

Adversarial loss
Multiple approaches have been proposed for promoting 
indistinguishability of latent distributions across batches, 
such as maximum mean discrepancy [31, 69], contras-
tive mixture of posteriors misalignment penalty [32], and 
disentanglement of batch and biology-related latent com-
ponents [33]. We chose adversarial learning as an exam-
ple due to its popularity in the single-cell community 
[34–36]. The adversarial classification loss ( LADV ) can 
be added to the LcV AE  objective to promote indistin-
guishability of latent spaces of different batches [34–36]. 
For this, a discriminator network ( Dψ ) is added, which 
is trained by minimizing classification loss ( LADV ) 
responsible for predicting the batch from the latent vec-
tor of each cell. In contrast, the encoder of the cVAE is 
trained by maximizing LADV , opposing the discrimina-
tor’s ability to distinguish between batches.

	 LADV (ϕ,ψ) = Ez∼qϕ(z|x,c)[CrossEntropy(Dψ(z), c)]

Cycle-consistency loss
Latent space cycle-consistency is an alternative to adver-
sarial learning that works by pushing together the latent 
representation of matched cells from two batches. Cell 
xi belonging to the batch i is encoded into a latent 
representation zi. That latent representation is then 
decoded with batch covariate j into the cell x′ j , which 
represents the cell xi as if it originated from the batch 
j. The cell x′ j  is encoded into the latent representation 
z′ j . Finally, the model penalizes the distance between 
the original representation zi and the cycle-generated 
z′ j  via an additional loss component ( LCY C ). Here, dif-
ferent distance minimization losses can be applied, with 
our choice being the mean squared error (MSE) on stan-
dardized data. 

	zi = Eϕ(xi, ci)z′
j = Eϕ(Gθ(zi, cj), cj)LCY C(θ,ψ) = Ez∼qϕ(z|x,c)[Distance(zi, z′

j)]

The VampPrior
The VampPrior replaces the unimodal Gaussian prior 
pθ (z) with a mixture of trainable Gaussian prior com-
ponents (with the number of components L), giving it 
more representation flexibility. Their prior parameters 
are not defined in the latent space, as is usually done in 
cVAEs, but rather in the input cell space as “pseudoin-
puts” ( xpil), which are passed through the encoder to 
obtain latent representations (mean, variance) used to 
parametrize the Gaussian components of the prior dis-
tribution. This thus directly couples the prior and the 
posterior. Additionally, the weights ( w) of the prior com-
ponents are likewise learned [40, 70].
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pθ(z) =

L∑
l=1

Softmax(wl)qϕ(z|xpil)

Cell type supervision
Previous work has proposed using supervised training 
with prior cell type labels to improve data integration. 
This is typically achieved through two main strategies: 
contrastive training, where cells from the same cell type 
are pushed together and cells from different cell types 
may be pushed apart [53, 63], and classification loss, 
which ensures that latent space enables good cell type 
classification performance [64]. scANVI is an exam-
ple of methods using cell type classification to improve 
integration [64]. Additionally, other approaches, such as 
constraining the cVAE’s prior distribution with cell type 
information, have been explored [71]. While in some 
cases cell type labels can be replaced by unsupervised 
cell clusters [53], the effectiveness of supervised learning 
is heavily dependent on the quality of this prior informa-
tion. When this is not the case, serious integration mis-
takes may occur, as described above for SATURN. Since 
new data often lacks reliable annotations, supervised 
approaches are not ideal for general use. For this reason, 
we excluded supervised methods from our analysis and 
instead focused on the performance of unsupervised 
techniques.

Data preprocessing
Five datasets for the three types of use cases were pre-
pared separately as described below. For the mouse-
human data, we prepared a pancreatic data composed 
of pancreatic islet datasets of mouse [1] (without embry-
onic and low-quality cells) and human [62], and a skin 
data composed of adult human skin [61] (without eryth-
rocytes) and skin cells from a mouse model [60]. For 
mouse-human skin dataset we introduced an additional 
biologically unbalanced setup referred to as “limited 
skin mouse-human” where human psoriasis samples are 
removed. For the organoid-tissue scenario, we used a ret-
inal dataset [7]. For the cell-nuclei scenari, o we used adi-
pose dataset [72] (using the SAT fat type), and the human 
retina atlas [73]. We obtained published count data and 
cell annotation for all datasets (see Data availability sec-
tion) and removed unannotated cells. Where necessary, 
we manually curated cell population names to match 
across studies used within individual integration settings. 
In each system, we kept genes expressed in more than 20 
cells, and in the mouse-human OTO setting we also only 
kept OTO genes, while in the FO setting, we removed 
genes without unique gene symbols (required for SAT-
URN). Data was normalized with Scanpy normalize_total 
and log-transformed, and 3000 HVGs (4000 HVGs for 
organoid-tissue) were selected per system, keeping the 

intersection of HVGs across systems, similarly as pro-
posed before [20]. For GLUE, we computed a non-inte-
grated principal component analysis (PCA) per system 
on scaled data using 15 principal components (PCs), and 
for SATURN, we used this data to compute prior clusters 
per system.

Non-integrated embeddings were computed on the 
same cells as used for integration evaluation (described 
below). The normalized expression prepared for integra-
tion was standardized per gene, followed by computing 
15 PCs, neighbors, and UMAP.

Evaluation of batch effect strength in unintegrated data
Batch effect strength comparison within and between 
systems within a data set case was performed by com-
puting Euclidean distances between mean embeddings 
of cell type and sample groups in the PC space (15 PCs 
on scaled OTO data). We used only groups with at least 
50 cells and cell types where both systems had at least 
three remaining samples. The significance of differences 
in distance distributions within and between systems was 
computed per cell type with the one-sided Mann–Whit-
ney U test.

Batch effect strength analysis of the three data types 
was performed using average silhouette width (ASW) 
with systems as the batch covariates for individual cell 
types of every data use case, using the non-integrated 
embeddings. We adapted scIB metrics function [20] so 
that ASW scores were not reported as absolute values. 
We used ASW rather than iLISI metric as iLISI was not 
discriminative enough for the substantial pre-integration 
batch effects [74]. As the computation was performed on 
the PCA space with comparable dimension ranges across 
data use cases, the dimension range bias described in 
Supplementary Note S5 does not affect the comparison.

Integration
We corrected sample and system-level batch effects 
during integration by adding them to the model inputs 
as one-hot encoded vectors. The LCY C  and LADV  
were computed only on the system covariate. We ran 
each model with any given hyperparameter setting, as 
described below, three times with different random 
seeds. To ensure a fair model comparison, we tuned 
hyperparameters aimed at regulating integration in all 
models and did not tune any other hyperparameters.

Our custom cVAE implementation was based on the 
scVI framework [42]. Unlike in scVI, we simplified the 
model by using the Gaussian log-likelihood on normal-
ized log-transformed data for reconstruction loss and did 
not use KL weight annealing. We used the same num-
ber of layers, layer size, and dimensions as for scVI. To 
regulate batch correction strength we tuned the KL loss 
weight.
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Additional extensions were added on top of our cVAE 
model. We implemented the VampPrior as described by 
the authors of the original publication [40] and did like-
wise for the GM prior, but with prior components repre-
senting points in the latent space. For the VampPrior, we 
initialized prior components by randomly sampling cells 
from the data, and for GM prior, we either used sampled 
data that we passed through the encoder before train-
ing or used random initialization with mean in the range 
[0,1) and variance of one. As in cVAE, we also tuned KL 
loss weight for the VAMP model. The cycle-consistency 
loss was computed between the latent representation 
of a cell ( zc=i) and its cycle-pair coming from the other 
system ( z′

c=j) using MSE on data standardized within 
a minibatch separately for cells and their cycle pairs. In 
both CYC and VAMP+CYC models we tuned the cycle-
consistency loss weight. For the ADV model, we adapted 
the MultiVI [75] adversarial classifier within the scvi-
tools framework to discriminate between the systems. 
The weight of the LADV  (Kappa) is optimized.

All previously published models (scVI, GLUE, SAT-
URN, Seurat, Harmony, Harmony-py, and scMGCA) 
were run with default parameters, except for the follow-
ing changes. For scVI we used n_layers = 2, n_hidden 
= 256, n_latent = 15, n_steps_kl_warmup = 1600, and 
gene_likelihood = nb and we tuned max_kl_weight (KL 
loss weight). The parameters n_layers, n_hidden, and 
n_latent were modified according to recent papers that 
used scVI or similar models for large-scale data inte-
gration [1, 28] and were aligned with the settings in our 
cVAE-based models. We used the nb gene_likelihood as 
this is likewise a common practice and part of some of 
the scvi-tools tutorials. We adjusted n_steps_kl_warmup 
to ensure that the warmup ran correctly with the spe-
cific number of epochs required for our datasets. In 
GLUE, we tuned rel_gene_weight (gene graph weights), 
lam_graph (graph loss weight), and lam_align (alignment 
loss weight). In scMGCA, we tuned the W_a, controlling 
the weight of the adjacency matrix reconstruction in the 
loss. In SATURN, we used the provided ESM2 protein 
embeddings and tuned pe_sim_penalty (protein similar-
ity loss weight). The number of epochs was set to a fixed 
value per method and dataset, depending on the number 
of cells. In Seurat, we tuned k.anchor, which determines 
the number of neighbors used to construct anchors. 
This parameter controls the trade-off between sensitiv-
ity and specificity in anchor identification, affecting the 
integration quality. For Harmony (in R) and its Python 
implementation, we tuned the theta parameter. This 
parameter controls the strength of batch effect correc-
tion, with lower values preserving more biological varia-
tion and higher values enforcing stronger correction.

Integration evaluation
We performed evaluations on at most 100,000 randomly 
selected cells per dataset to reduce the computational 
cost, except for Moran’s I, where cells were selected as 
described below. We computed neighbors on the latent 
embedding directly, except where we specified that the 
embedding dimensions were standardized prior to neigh-
bors computation. This data was also used for UMAPs. 
The non-integrated embedding was computed with 15 
PCs on scaled OTO data, using the same set of cells as for 
the integrated data.

We describe the rationale for metric selection in Sup-
plementary Note S5. For LISI and ASW metrics, we used 
implementations from scib-metrics Python package (​h​t​t​
p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​Y​o​s​e​​f​L​​a​b​/​s​c​i​b​-​m​e​t​r​i​c​s), and for NMI, 
we adapted their implementation to set a random seed. 
We computed the NMI-fixed and Jaccard index by first 
computing Leiden clusters at high resolution (r = 2) and 
then assigning a cell type label to each cluster based on 
the most common ground-truth label. This annotation 
was used for comparison to ground-truth labels. For 
Moran’s I, we compared Moran’s I values between non-
integrated and integrated data as follows. For the pre-
integration Moran’s I computation, we kept sample and 
cell type groups with at least 500 cells and excluded dou-
blets. For each group, we removed genes expressed in 
less than 10% of the group’s cells, computed 15 PCs and 
neighbors per group, and used them to compute Moran’s 
I on all genes. We set a cutoff on Moran’s I per dataset to 
keep from around a dozen to around 150 genes per group 
for integration evaluation. On integrated data, we then 
repeated Moran’s I calculation on the same cell groups 
and the selected genes. The final score ( mi) was defined 
as a ratio of post- ( mipost) and pre-integration ( mipre) 
values averaged across genes ( G), samples ( S), and cell 
types ( CT ).

	
mi = avgCT

(
avgS

(
avgG

(
mipost(G,S,CT )

mipre(G,S,CT )

)))

We selected the best hyperparameter setting per model 
over all tested hyperparameters. For every model, we 
scaled individual metrics to [0,1] across all runs com-
puted for hyperparameter optimization and then com-
puted the biological preservation score as the average of 
Moran’s I and NMI and batch correction as iLISI alone. 
The overall score was computed as a weighted average 
of biological preservation (weight = 0.6) and batch cor-
rection (weight = 0.4), similar to a previous benchmark 
[20]. The best hyperparameter setting was selected based 
on the average overall score across runs and for every 
hyperparameter setting we selected a representative run 

https://github.com/YosefLab/scib-metrics
https://github.com/YosefLab/scib-metrics
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for UMAP plots as the run with the median overall score. 
We observed that optimal hyperparameter ranges were 
similar across datasets (Supplementary Figure S1) and we 
further discuss considerations for hyperparameter tuning 
in Supplementary Note S6.

We compared the integration performance of all the 
benchmarked integration methods with their top-per-
forming hyperparameter settings as described above. We 
used Welch’s t-test followed by multiple test correction 
per dataset and integration metric with the two-stage 
Benjamini and Hochberg method. However, a limitation 
of our analysis is that we always had only three samples 
per group due to the resource intensiveness of integra-
tion benchmarking, reducing the statistical power.

Preservation of gene groups known to be variable 
within pancreatic islet beta cells of healthy adult mice 
was evaluated with Moran’s I on the control sample from 
the mSTZ dataset [1]. We used Scanpy score_genes to 
obtain a single score for every gene group and computed 
Moran’s I on these scores for every embedding.

Biological conditions across systems were compared 
with iLISI metric. For each setup, we defined a pair of 
similar cell groups (e.g., healthy cells from both systems) 
and dissimilar cell groups (e.g., healthy cells from one 
system and diseased cells from the other systems) on a 
specific cell type. Then, we measured the mixing of cell 
groups by subsetting only to the cells from these groups 
and applying iLISI with system as a batch. We favor mod-
els with low iLISI for dissimilar groups and high iLISI for 
similar groups.

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​
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