nature computational science

Article

https://doi.org/10.1038/s43588-025-00948-w

Partially shared multi-modal embedding
learns holistic representation of cell state
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Current technologies enable the simultaneous measurement of diverse
datatypes at the single-cell level. However, data are often processed
separately, or integrated via representation learning methods that obscure

the contributions of each data modality. Here we present a computational
framework that automatically learns partial information sharing between
multiple modalities by using an Autoencoder with a Partially Overlapping
Latent space learned through Latent Optimization (APOLLO). We tested
APOLLO onsimulated data, and on four applications involving paired
single-cell data: SHARE-seq (scRNA-seq and scATAC-seq), CITE-seq
(scRNA-seq and protein abundance), and two multiplexed imaging datasets.
APOLLO enables the prediction of missing modalities, such asunmeasured
protein stains, and allows disentangling which modality or cellular
compartment is linked with a specific phenotype, such as the variability in
proteinlocalization observed across single cells. Overall, APOLLO efficiently
integrates diverse data modalities and, by retaining and distinguishing
between shared and modality-specificinformation, provides amore
interpretable and holistic view of cell state.

Recent advances in experimental techniques have enabled the simul-
taneous measurement of multiple modalities, including multiplexed
imaging and different sequencing modalities at the single-cell level'®,
and various spatial transcriptomic methods in the tissue context”’.
While each data modality offers a different view, the true underlying
cellstate remains not directly observable. Given that the physical, tran-
scriptionaland functional state of a cell are correlated, we expect some
information to be shared among the different modalities, while some
aspects of cell state are only captured in one of the modalities (Fig. 1a).

Current computational methods for analyzing multi-modal
data fall into two main categories: those that process each modality
separately and compare results post hoc, or those that learn a com-
bined, integrated representation. Thefirst approachis inefficient and
often fails to fully exploit the information in the multi-modal dataset,
requiring manual interpretation that typically restricts analysis to a
few cell clusters or features>'°. For example, in the context of paired
single-cell assay for transposase-accessible chromatin using sequenc-
ing (scATAC-seq) and single-cell-RNA sequencing (scRNA-seq) data,

chromatin accessibility is often summarized at the gene level to allow
direct comparisonwith gene expression®. Such coarse-graining of the
data into a shared set of features may lose important information in
each modality and can only be done when the modalities are similar.
To overcome this limitation, various integration methods have been
developed. Linear transformations and factor analysis" " are effec-
tive for sequencing-based modalities with common features (such
as genes) but cannot easily be extended to data such as imaging, and
do not explicitly identify shared information. Nonlinear methods
such as optimal transport and generative adversarial networks' ¢,
and neighborhood-based approaches'', also present limitations as
they either do not learn an integrated latent space that account for
all modalities, or are restricted to data with natural distance metrics,
such as sequencing-based data. Morerecently, various representation
learning methods', including autoencoders, have beenintroduced to
single-cell biology?*~** for the automatic integration of multi-modal
datafor joint downstream analysis including clustering and biomarker
identification”°. In previous work, we developed autoencoder-based
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Fig.1| Overview of APOLLO for partially shared multi-modal embeddings

and cross-modality prediction. a, As different experimental technologies
capture different aspects of the cell state, we expect some cell-state information
to be shared among different modalities and some information to be modality
specific.b, APOLLO is an autoencoder-based approach that learns three latent
spaces to disentangle information captured by each modality. APOLLO uses a
two-step training procedure. In step 1, the decoders of each modality are trained
so that the decoders can reconstruct the input data from the latent spaces. In
step 2, modality-specific encoders are trained to enable inferring the latent space
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embedding for cells not used in training the model. ¢, Our model enables the
prediction of missing modalities. The explicit learning of partial information
sharing allows APOLLO to perform accurate cross-modality prediction. The
example shows the predicted protein (CD16, CD3, CD4, CD8, lamin) fluorescence
images of a cellin a held-out patient, given the cell’s chromatin and yH2AX
protein stain. d, The information captured by the shared and modality-specific
latent spaces learned by APOLLO isinterpretable. The partially shared latent
space can be interpreted by morphological features or genetic pathways.

approaches to integrate diverse modalities, such as chromatin imag-
ing, RNA-seqand ATAC-seqin the single-cell domain, as well as spatial
transcriptomics®?*. These frameworks extracted features from each
modality and embedded the features of all input modalities into a
shared latent space for downstream analysis.

Existing multi-modalintegration methodslearn the union of infor-
mation from the input modalities, incorporating both the shared and
modality-specific information, without disentanglement”***. As a
result, itis challenging toinfer whichmodality contributes to certain fea-
tures or phenotypes. For example, while chromatin stainingis standardly

used as areference inlarge multiplexed single-cell-imaging datasets, asit
hasbeenshownto containrichcell-stateinformation andis predictive of
proteinsubcellular localization®*, little is known about the information
shared between chromatin organization and protein localization. Given
the explosion oflarge-scale paired measurementsin the sequencingand
imaging domainat the single-cellandtissue levels and alsoin the medical
domaininlarge-scale biobanks that collect pairedinformation on many
individuals®**, computational methods are needed that automatically
and comprehensively learn the shared and modality-specificinformation
to fully exploit multi-modal measurements.
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We presentamethod thatautomatically learns partial information
sharing between multiple modalities by using an Autoencoder with a
Partially Overlapping Latent space learned through Latent Optimiza-
tion (APOLLO). APOLLO uses one autoencoder per each modality and
atwo-step training procedure:instep 1, the decoders of each modality
aretrained while the latent spaces are updated simultaneously, so that
the decoders canreconstruct the input data from the latent spaces; in
step 2, modality-specific encoders are trained to enable inferring the
latent space embedding for cells not usedin training the model (Fig. 1b).
We test APOLLO’s disentanglement performance on five simulated
datasets with known ground-truth latent structures. We then demon-
strate using a paired scRNA-seq and scATAC-seq dataset (SHARE-seq°)
that APOLLO can comprehensively and automatically identify and
distinguish between gene activity captured by both transcriptomics
and chromatin accessibility, as well as by only one of the modalities. We
further apply APOLLO to a paired scRNA-seq and surface protein data-
set (CITE-seq®) to demonstrate that APOLLO can correctly disentangle
known shared and modality-specificinformation. Beyond sequencing
modalities, using multiplexed single-cell imaging datasets, we show
that APOLLOidentifies features of chromatin organization and protein
localization that correspond to cell-state information shared between
the two modalities, as well as morphological features that are captured
by only one modality. The explicit learning of partialinformation shar-
ingby APOLLO also enables accurate cross-modality predictions, such
as predicting unmeasured proteins from chromatinimaging (Fig. 1c).
Incorporating additional cellular stains, including microtubule and
endoplasmic reticulum (ER), we demonstrate on multiplexed imaging
datafrom the Human Protein Atlas (HPA)* that APOLLO can be used to
uncover associations between variations in protein subcellular localiza-
tionand the morphology of different cellular compartments. Overall,
APOLLO provides ageneral framework that enables disentangling and
interpreting the shared and modality-specific information containedin
multi-modal datasets to obtain biological insights by learning partially
shared latent spaces (Fig. 1d).

Results

APOLLO enables learning of partial information sharing across
data modalities

While aregular autoencoder learns arepresentation of asingle modal-
ity, our previous works have demonstrated that ajoint representation
of multiple modalities can be obtained by using one autoencoder per
modality and aligning their latent spaces®**. However, such alignment
ofthelatentspacesresultsinasinglelatent space that entangles shared
and modality-specificinformation. To overcome this limitation, APOLLO
only enforces alignment between a subset of latent dimensions and
allows the remaininglatent dimensions to account for domain-specific
information. More specifically,let Z = (Z;),_,,bealatent random vector
withdistribution P,representing the true underlying state of a cell. Each
single-cell technology may only measure some aspect of cell state. Let

H;c Hrepresent the subset of latent variables that can be accessed by
technology,jand let D;be a modality-specific map, which takes in the
latent vector Z,(.' := (Z);cy,and outputsadatasample X from modal-
ityj, meaning X' = Dj(ZHjS.Notethatxmmaybehigh-dimensional(for
example, 20,000-dimensional for scRNA-seq technologies or consist-
ing of the number of pixels in a chromatin image). Assuming that we
have access to 1< </ paired modalities that can be measured on the
same cell, then each cell gives rise to samples (X?, ..., X?) from a joint
distribution P(X?, ..., X). Given such samples, the problem then
becomes to identify the latent features Z and in particular understand
whichlatent features are shared across modalities and which are modal-
ity specific; in the case of /=2, this leads to the task of identifying the
shared features Z; = Z,, ., as well as the modality-specific features
Z;, = Ly, and Zg, = Zy,\y,. To generalize to/>2, Zscould represent
the shared information across all modalities, meaning Zs = Z» 4,
and ZSJ :Zl-lj\(n?:lH,‘,#j)'

Without additional assumptions, the shared and modality-specific
latent features may not be identifiable. For linear maps D;, a recent
theoretical study proved identifiability under additional assumptions,
such as non-Gaussianity of each marginal distribution®. Furthermore,
when parameterizing the maps D; with neural networks and using a
latent optimization strategy for training, arecent study demonstrated
empirically in the context of computer vision that simple image aspects
could be disentangled and represented by different latent features™.
APOLLO builds on these works to automatically learn partial informa-
tion sharing between multiple modalities by using an autoencoder
framework with a partially overlapping latent space learned through
latent optimization. While our framework s general, for simplicity we
describeitinthe bi-modal setting where/=2.In this context, D,and D,
are decoders that map from shared and modality specific latent fea-
tures to each data modality. Given data (x?, x®) from P(X®, X®), the
corresponding shared latent features as well as the modality-specific
features are learned simultaneously with the decoders D, and D, by
minimizing the reconstruction error L(xV, Dy(zy,))) + L(X®, D(z4,)),
where L(-) isthe mean-squared error (MSE) or another appropriate loss
function. In practice, the dimension of the shared latent space (S :==
H, n H,) is chosen to be much larger than the dimension of the
modality-specific latent spaces (S, := H,\H, and S, := H,\H,), to enforce
that information shared by the two modalities is represented in the
shared latent space. To encourage this further as well as to enable
cross-modality prediction (described below), we introduce two addi-
tional decoders D; and D), that map from the shared latent space to
each ofthe modalities, trained by minimizing the reconstruction error
L(xD, D)(z5)) + L(x®), D)(zs)) . In the applications of APOLLO to the
SHARE-seq and multiplexed imaging datasets described in the follow-
ing sections, we demonstrate that APOLLO is robust to the choice of
latent space dimensions as well as to whether the two additional
decoders Dand D areincluded. The full set-up and objective function
canbe found in Methods.

Fig.2| APOLLO for identifying shared and modality-specific informationin
paired scRNA-seq and scATAC-seq data. a, Comparison of four separate models
with different latent space dimensions. The dimensions are listed as ‘shared
latent space dimension’-‘modality-specific dimension’; for example ‘50-20’
indicates that the shared latent space has 50 dimensions and the modality-
specific latent spaces have 20 dimensions each. For each model, we train four
separate classifiers, with three random train-test splits, that predict cell type
based on the following inputs respectively: (1) the shared latent space encoded
using scRNA-seq (RNA shared) or scATAC-seq (ATAC shared), and (2) the shared
latent space concatenated with the RNA-specific latent space (RNA full) or the
ATAC-specific latent space (ATAC full) encoded using scRNA-seq or scATAC-seq.
The plot shows the mean and standard deviation of each model. The baseline
accuracy computed by randomly permuting cell-type assignments is 0.108 with
astandard deviation of 0.03 across 5random permutations. b,c, The genes or
peaks explained by each latent space can be identified by performing differential

expression using the cells at the two ends and at the center of each PC (b). The
curvesin ¢ show the number of times among 108 random train-test splits that
agene passes a particular fold-change threshold, while the P-value cut-offis

set to 0.05 after multiple testing correction (see Methods for details). The top
genes with the highest area under the curve are colored. d, GO enrichment
analysis using the differentially expressed genes of the top PCs identified as
describedin c, for the shared and ATAC-specific latent spaces. The heatmap
shows the proportion of times a GO term is observed to be enriched in one of the
latent spaces. e, Summary of genes captured in each of the three latent spaces.

f, Application of APOLLO to the CITE-seq data from ref. 25. Left: UMAPs of the
shared and the two modality-specific latent spaces colored by cell types (top row)
or experimental batches (bottom row). Middle: UMAPs obtained from Seurat
WNN analysis. Right: UMAPs obtained from the shared latent space of standard
multi-modal autoencoder with an encoder and a decoder for each input modality
(see Methods for details).
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To generalize to unseen samples and to enable cross-modality
prediction, we use a second training step to obtain encoders E; that
map from each data modality to their respective latent spaces. More
precisely, given a sample (x?, ..., x?) and the corresponding features
z obtained from the first training step, the encoders £, 1< </, are

obtained by minimizing the MSE L(zy, ,, E ;(x9)). Theencodersand the
previously described decoders can be any neural network architecture
thatis suitable for the particular data modality, such as convolutional
networks forimages and fully connected networks for gene expression.
For cross-modality prediction, a sample x? from input modality j is
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first encoded to the latent space to obtain z; = E(x\Y). Then the
decoder D) of the target modality kis applied to the dimensions cor-
respondingtothe shared latent space to obtain x; = D\ (Zuem,)- Addi-
tional details of model set-up and training are provided in Methods.

Given the limited understanding of information sharing between
multiple modalities, to systematically evaluate disentanglement perfor-
mance, we design simulated datasets with known ground-truth latent
structure with increasing complexity and relevance to real biologi-
cal data (Extended Data Figs. 1-4 and Methods). We assess APOLLO’s
performance across five simulation settings that differ in two aspects:
(1) whether some modality-specific latent features are children of the
shared latent features; and (2) whether the observed features depend
onmorethanonelatentfeature. Itisworth noting that depending onthe
structure of the latent causal graph, the shared and modality-specific
features may not necessarily be independent (Extended Data Figs. 3a
and 4a). Inall five simulation settings, APOLLO correctly identifies the
associationsbetweenlatent featuresand the three latent spaces as meas-
ured by the separation of known latent features in the corresponding
latent spaces (Methods). Importantly, APOLLO has comparable perfor-
mance when thereis dependence between shared and modality-specific
latent features (Extended Data Figs. 3 and 4) aswell aswhen the observed
features depend on more than one latent feature (Extended Data Figs. 2
and4), whichis to be expected in biological data.

Inthe following, we demonstrate that APOLLO is generally appli-
cable to any multi-modal data by discussing four different multi-modal
settings, including paired-sequencing-based modalities as well as
multiplexed imaging.

APOLLO provides a general framework for the integration of
paired-sequencing-based measurements

We demonstrate that APOLLO learns meaningful shared and
modality-specific latent spaces and is generally applicable to
paired-sequencing-based measurements using two representative
datasets: paired scRNA-seq and scATAC-seq measured using SHARE-seq’
(Extended DataFig.5and Supplementary Fig.1) and paired scRNA-seq
and cellular surface protein abundance measured using CITE-seq”
(Extended DataFig. 6a). Training APOLLO using the SHARE-seq dataset
ona24 GBgraphics processing unit (GPU) (A5000) took 10.8 seconds
per epoch for step1and 7.5 seconds per epoch for step 2.

Using the SHARE-seq data, we first assess whether the modality-
specific latent spaces capture additional information compared
withthe shared latent space using a cell-type classification task (see
Methods for details). As a baseline, we used the cell types defined
by Ma et al.’ to train a classifier that predicts the cell types using
the shared latent space. In addition, we trained two separate clas-
sifiers that use the ATAC-seq latent space and RNA-seq latent space
respectively, in addition to the shared latent space. To ensure that
our model is robust to the choice of latent space dimensions, we
tested different dimensions for the shared and modality-specific
latent spaces as well as different ratios between the latent space
dimensions (Fig. 2a). The incorporation of the RNA-specific latent
space improves the cell-type classification accuracy compared with
using the shared latent space alone for all latent space dimensions.
This shows that the modality-specific latent spaces can capture
biologically meaningful information that is not represented in the
shared latent space, and that our model is robust to the choice of
latent space dimensions. Uniform Manifold Approximation and
Projection (UMAP) visualizations of the encoded shared and full
latent spaces further support the separation of cell types captured
by APOLLO (Supplementary Fig. 1d).

We next demonstrate how principal component (PC) analysis
can be used to interpret the information contained in the shared and
modality-specificlatent spaces. Along each PC, we bin the cellsbased on
their positions along the PC and then compare the gene expression or
peak counts of the cells at the two ends of the PCand at the center of the

PC (Fig. 2b and Methods). We identify cell cycle-related genes among
the top genes explained by the first PC of the RNA-specificlatent space,
suchas Ticrrand Dsn1*** (Fig. 2c), while the top PCs of the ATAC-specific
latent space capture the activity of promoters of transcriptional regula-
tors, for example, the promoter of the transcription factor Hey! (Fig. 2c
and Supplementary Fig. 2b). Furthermore, the top genes explained by
the first three PCs of the RNA and ATAC shared latent space contain
known transcriptional regulators, some of which are known transcrip-
tional activators or repressors (for example ZebI) based on the correla-
tion between transcription factor activity and transcription factor RNA
expression levels’ (Fig. 2c and Supplementary Fig. 3a). Interestingly,
thetop genes of the ATAC-specific or the shared latent space are gener-
ally not related to the cell cycle and the top genes of the RNA-specific
latent space are not related to transcriptional regulation; exceptions
arethe gene Nkrfcapturedinthe shared latent space and the gene CBx2
captured inthe RNA-specific latent space, which are known toregulate
the cell cycle*** (Fig. 2c and Supplementary Fig. 3b).

Gene ontology (GO) enrichment analysis is performed on the
genes explained by each latent space, identifying GO terms related
to transcriptional regulation in the shared latent space and the
ATAC-specific latent space (Fig. 2d and Supplementary Fig. 3c). This
could indicate a time lag between the change in chromatin acces-
sibility and the resulting change in gene expression. Interestingly,
GO terms related to post-transcriptional regulation are found in the
shared latent space. These analyses demonstrate that the shared and
modality-specific latent spacesidentified by APOLLO are biologically
meaningful and can be efficiently analyzed to interpret the shared and
modality-specific information (Fig. 2e).

To further demonstrate that APOLLO can disentangle shared and
modality-specific information for different kinds of sequencing-based
measurements, weapplied APOLLO to a CITE-seq dataset of mouse spleen
and lymph nodes with paired scRNA-seq and surface protein measure-
ments obtained from two wild-type mice processed in two separate
experiments®. Weused the same training strategy and model architecture
asintheapplicationtothe SHARE-seq data. As cross-modality prediction
is not the goal in this application, we removed the two decoders D] and
D), that map from the shared latent space to each of the modalities
(Extended DataFig. 6a). Using astandard preprocessing and visualization
procedureimplemented in Scanpy*, the resulting UMAP plots show that
the major cell types can be separated by either scRNA-seq or protein
abundance and that the scRNA-seq data show further separation of the
cells by mouse, indicative of experimental batch effects
(Extended Data Fig. 6b,c). The latent spaces of our APOLLO model suf-
ficiently disentangle the multi-modalinformation for downstreamappli-
cations: the shared latent space between scRNA-seq and protein
abundance shows separation by cell types but not by experimental
batches, whilebatch separationis captured by the modality-specificlatent
space of scRNA-seq (Fig. 2f and Extended Data Fig. 7a-h). In contrast,
applying existing multi-modal integration methods without additional
batch correction, such as the popular weighted-nearest neighbor (WNN)
methodinSeurat” or astandard multi-modal autoencoder®, resultsina
latent space that learns the union of information from both modalities,
in which cells are separated by both cell types and batches without dis-
entanglement (Fig. 2f, Extended Data Fig. 6d and Methods). Existing
integrationmethods aswellas using APOLLO’s full scRNA-seq latent space
both result in worse performance in cell-type clustering
(Extended DataFig. 7i-1). This analysis further demonstrates that APOLLO
correctly disentangles the shared and modality-specific information
whileintegrating differentkinds of paired-sequencing modalities, which
couldnotbeachieved by existingmethods that performonly integration.

APOLLO learns partially shared latent spaces of chromatin and
different proteins through conditioning

APOLLO is a general framework that can be applied to any paired
multi-modal data by choosing the appropriate modality-specific
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encoders and decoders. Furthermore, APOLLO can directly be
applied to integrate more than two modalities. We introduce a ver-
sion of APOLLO that incorporates conditioning in the latent space to
allow for the integration of chromatin images and images of multiple
protein types.

Inthe following, we apply APOLLO to amultiplexed imaging data-
set of human peripheral blood mononuclear cells (PBMCs) fromref. 43,
The dataset consists of a total of 32,345 PBMCs from 40 patients with
10of 4 diagnoses: healthy, meningioma, glioma, head and neck tumor
(Supplementary Fig. 4). For each patient, two different multiplexed
imaging datasets were obtained. One subset of cells was stained
with 4/,6-diamidino-2-phenylindole (DAPI) to label the chromatin,
along with antibodies for CD4, CD8 and CD16. The other subset of
cells was stained with DAPI and antibodies for lamin, CD3 and yH2AX.
To incorporate multiple proteins, a trainable vector of protein ID,
shared across all images of the same protein, is concatenated to the
inputs to the decoders as well as to the last hidden layer of the encod-
ers (Extended Data Fig. 8, Supplementary Fig. 5 and Methods). This
conditional model accurately reconstructsimages of cellsin held-out
individuals (Fig. 3a and Supplementary Fig. 6), which ensures that
APOLLO can comprehensively capture biologically relevant informa-
tion from the input modalities. Training APOLLO on this dataset on a
24 GB GPU (A5000) took 40 seconds per epoch for step 1and 20 sec-
onds per epoch for step 2.

APOLLO enables accurate cross-modality prediction of
protein localization from chromatin imaging

The number of proteins that can be simultaneously imaged in a cell is
limited, ranging from a single protein using endogenous tagging** to
around 30 proteins in fixed samples'. In the following, we show that
the shared latent space learned by APOLLO enables cross-modality
predictions and can be applied to predict the unmeasured proteins
in a cell from the chromatin image of that cell (Extended Data Fig. 8a
and Methods).

The task of predicting images of unmeasured protein stains has
been considered using supervised neural network models**¢, In par-
ticular, image inpainting methods have been applied to predict the
protein image of a target cell from its chromatin and microtubule
stains given all three images of other cells*. While such inpainting
methods can capture the average distribution, they do not produce
realistic single-cell images (Fig. 3b,c, Supplementary Fig. 7e and
Extended Data Fig. 9). In contrast, APOLLO can accurately predict
unmeasured proteins at the single-cell level in held-out individuals
based on chromatin images (Extended Data Fig. 9), and the perfor-
mance of APOLLO is robust to the choice of latent space dimensions
(Fig.3b,c). Tointerrogate the necessity of each component of APOLLO,
we performan ablation study for the cross-modality predictiontask. We
first compare our two-step latent optimization training to the standard
autoencoder training procedure, where encoders and decoders have

the same architecture as our default APOLLO model but are trained
simultaneously without directly updating the parameters of the latent
spaces (Supplementary Fig. 7a and Extended Data Fig. 10a). We find
thatstandard one-step training is not able to generate realistic protein
images in held-out individuals (Fig. 3b,c and Extended Data Fig. 9).
Furthermore, we tested the effect of removing the separation between
the shared and modality-specific latent spaces while keeping the
same two-step training procedure (Supplementary Figs. 7b-d and
Extended Data Fig. 10b). This model without disentanglement of
modality-specific information shows comparable performance to
our APOLLO model that uses only the (smaller-dimensional) shared
latent space for prediction (Fig. 3b), which indicates that the shared
latent space has captured all shared information. These results suggest
thattheimprovementin prediction performance by APOLLO is mainly
aresult of the two-step training procedure and that the latent space
disentanglement allows for the use of asmaller latent space dimension
(two-thirds of the full latent space) for cross-modality prediction at
testtime. Similar to the applications to paired-sequencing modalities,
itis also possible to remove the decoders that map from the shared
latent space to each of the modalities while maintaining comparable
performance in cross-modality prediction (Fig. 3b).

Next, we demonstrate that the protein images predicted from
chromatin images have similar performance on a downstream clas-
sification task as the real protein images. For each protein, we train
four separate convolutional neural network classifiers with the same
architecture to predict the phenotype of the individual fromwhomthe
input cellimage was obtained from: healthy, meningioma, glioma, or
head and neck tumor. For each protein, the four classifiers use the fol-
lowing inputs respectively: (1) real protein images; (2) reconstructed
protein images using the full protein latent space (the shared latent
and protein-specific latent spaces); (3) reconstructed protein images
using only the shared latent space; and (4) protein images predicted
from chromatin images through the shared latent space. While the
reconstructed protein images have similar phenotype classification
accuracy across different proteins as the real proteinimages (Fig. 3d),
reconstruction fromthe full latent space has slightly better classifica-
tion accuracy than reconstruction from the shared latent space for
yH2AX and lamin (Fig. 3d), thereby indicating that the protein-specific
latent spaces are able to learn disease-relevantinformation thatis not
shared by chromatin. Moreover, Fig. 3d shows that the predicted pro-
tein images and the real protein images have comparable phenotype
classification accuracy, indicating that CD3 is a better predictor of
phenotype than CD16, CD4 or CD8, which suggests that the protein
images predicted from chromatin capture similar disease-relevant
information as the real protein images. These results demonstrate
that APOLLO is capable of accurately predicting protein localization
from chromatin organization and the predicted protein images can
be used for downstream tasks with performance mimicking that of
real proteinimages.

Fig. 3| APOLLO for predicting protein localization from chromatinimaging.
a, Examples of reconstructed images of cells from patients held-out from the
PBMCs imaging dataset in ref. 43, compared with ground-truth images. b, Protein
predictions from chromatin images for a cell where the ground-truth protein
images are available for the three proteins (yH2AX, lamin and CD3). The average
prediction loss for each protein is quantified comparing the APOLLO model

with different latent space dimensions to two alternative models, namely, our
model without the decoders that map from the shared latent space to the output
(without shared decoders) and our model without separating the shared and
modality-specific latent spaces (without modality specific). The different latent
space dimensions tested are listed as ‘shared latent space size’-‘modality-specific
latent space size’, for example,1,024-200. The error bars show the standard
deviations across 5 random initializations for the model with sizes 1,024-200

and 4 randomi initializations for all other models. ¢, Cross-modality predictions
obtained using our full model compared with those obtained using a standard

multi-modal autoencoder training procedure as well as a prior image inpainting
model* (see Methods for details). Data are presented as mean + s.d. of 5random
initializations for our model and 4 random initializations for the other models.
Protein predictions from chromatinimages are shown for the same cellused in a.
d, Comparison of the model predictive performance using differentinput types:
real protein/chromatin images (real protein), the reconstructed images from

the full latent space (full protein latent), the reconstructed images from only the
shared latent space (shared protein latent), and the proteinimages predicted
from chromatinimages (predicted from chromatin). Data are presented as

mean + s.d. of 36 different train-test splits. The asterisks indicate that the
prediction performance of the proteinimages reconstructed from the full latent
spaceis significantly better than the protein images reconstructed from only the
shared latent space (P=0.0011for yH2AX and P = 0.098 for lamin using one-sided
two-sample t-test. P= 0.00088 for yH2AX and P = 0.047 for lamin using Wilcoxon
signed-rank test.)
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APOLLO identifies interpretable morphological features
between chromatin organization and protein localization

In contrast to paired-sequencing measurements, where the different
modalities can be compared and interpreted at the level of genes®,
shared features are not directly available for paired image modali-
ties. APOLLO provides a systematic framework that can be applied
also in these settings to interrogate the information that is shared
between modalities and specific to each modality. To identify the
morphological features captured by the shared and modality-specific
latent spaces, we perform PC analysis and bin cells along each PC
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(see Methods for details). Cells along a particular PC can then be
sampled and visualized to interrogate the information captured in
the shared or modality-specific latent spaces (Fig. 4a). We use the
set of chromatin and protein features defined in ref. 43 to compare
the cells at the two ends of each PC and at the center of the PC for
each latent space, thereby allowing us to identify the main features
captured by each latent space (Fig. 4a, Supplementary Figs. 8-14
and Methods). For example, we find that the first PC of the shared
latent space mainly captures bounding box area and homogeneity

of chromatin (Fig. 4a).
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Fig. 4 |Interpretable morphological features in the shared and
modality-specific APOLLO latent spaces of chromatin organization and
proteinlocalization. a, Interpretation of the latent space learned from the PBMCs
multiplexed imaging dataset®. Left: cells separated along the first PC of the
chromatin shared latent space into 11 bins of equal percentiles; randomly selected
cellsin each bin are shown. Right: 234 predefined handcrafted morphological
features are computed for each cell and the values of these features are computed
for the shared and modality-specific latent spaces at the two ends and at the center
of each PC. The changes of representative morphological features along PCland
PC17 of the chromatin shared latent space are plotted. FC, fold change.

b, Heatmaps showing the proportion of times each representative morphological
featureis explained by a top PCin the shared or the modality-specific latent space.
¢, Heatmap showing the morphological feature values in each cell, where each row
represents acell. The bar plot shows the fold change of prediction accuracy per
each feature ablation compared with the prediction accuracy using all features.
Error bars indicate standard deviations across 36 different randomiinitializations.
Pvalues of two-sided ¢-tests between the prediction accuracy of each feature
ablationand the accuracy using all features are 0.46 (median_gh2ax_3d_int), 0.16
(skewness_gh2ax_3d_int), 0.1 (kurtosis_gh2ax_2d_int), 0.14 (skewness_gh2ax_2d_
int) and 0.00022 (gh2ax_foci_count).

Tomore comprehensively characterize the information captured
by each latent space, we compare the image features contained in
the top PCs that explain 70% of total variance in each latent space
(Fig. 4b and Supplementary Figs. 9¢, 10c, 11c and 14c). Interestingly,
such analysis shows that heterochromatin volume, a feature associ-
ated with aging*” and Alzheimer’s disease®, is exclusively captured
by the chromatin and protein shared latent space (namely, in PC17;
Fig. 4a). Whereas homogeneity, mean intensity and aspect ratio of
chromatinare captured by both the shared and the chromatin-specific
latent spaces. A similar analysis applied to each protein shows that

the foci count of yH2AX is a protein-specific feature that is not cap-
tured by the chromatinand proteinshared latent space (Fig.4b). When
training separate regression models to predict the three yH2AX fea-
tures shown in Fig. 4b based on chromatin images (see Methods for
details), the regression outputs show the lowest correlation with the
ground-truth feature values for the foci count of yYH2AX compared with
the other two features that are mainly captured by the shared latent
space (Supplementary Fig.13c). Thisindicates that APOLLO correctly
identified the yH2AX foci count as a protein-specific feature while the
other two features are also captured by chromatin imaging. A feature
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ablation test indicates that removing yH2AX foci count results in the
largest reduction of phenotype classification accuracy (Fig. 4c) andis
consistent with the significant reduction of phenotype classification
accuracy observed when the protein-specific latent space of yH2AX
is not used in reconstructing the protein images (Fig. 3d). This con-
firms that the modality-specific latent space can capture important
disease-relevant features and demonstrates how APOLLO can be used
tointerrogate the shared and modality-specificinformation between
imaging modalities, where shared features are not directly available.

APOLLO identifies associations between protein subcellular
localization and cell morphology
Function and activity of a protein is known to be tightly coupled toits
subcellularlocalization, which can vary across single cells even within
the same cell line*>****=°, Computational tools have been developed
to analyze single-cell variability in protein localization, showing that
cellular and nuclear morphology can be used to predict protein sub-
cellular localization in single cells****', However, these models take
as input images of multiple cellular components and little is known
about the association of each cellular component with the change in
proteinlocalization across single cells. We apply APOLLO to images of
U20S cells (the most abundant cell line) in the HPA* to learn shared and
modality-specific information between the morphology of nucleus,
microtubule and ER with respect to variations in protein subcellular
localization (see Methods for details). In HPA, all cells are stained for
nucleus, microtubule and ER (the 3 reference stains), together with 1
additional target protein (total of 11,657 proteins across all U20S cells;
see Methods for details). Concentrating on the 25 proteins with the
most variable subcellular localization (see Methods for details), we
disentangle theinformationin the three cellular components to analyze
their association with the variability in protein subcellular localization.
Toward this, we separately train three APOLLO models to learn
the shared and modality-specific information between each pair of
the three reference stains (see Methods for details). We then cluster
the cellsin each latent space into 2 clusters and test for each of the 25
proteins whether the 2 clusters capture differences in their subcellular
localization as measured by the proportion of protein localized within
thecell nucleus (Fig. 5aand Methods). Notably, the three models con-
sistently indicate that variation in intranuclear localization of many
proteinsis differentially captured by the three different compartments.
For example, morphological features of both ER and microtubule,
but not the nucleus, are associated with the variability inintranuclear
localization of DDBI (Fig. 5a-c), which is known to change localiza-
tion in response to ultraviolet exposure®. Both the microtubule and
ER modality-specific latent spaces indicate that cells with smaller
cytoplasmic volume and lower intensity of microtubule and ER are
associated with high intranuclear localization of DDBI (Fig. 5b,c). In
contrast, the intranuclear localization of CLNS1A and C8orf59 is only
associated with morphological features of the nucleus (Fig. 5a,d,e).
Interestingly, for CLNSIA, a protein involved in small nuclear ribonu-
cleoprotein biogenesis and control of cell volume®**, our model sug-
gests that higherintranuclear localizationis foundin cells with higher

heterochromatin content (Fig. 5d); for C80rf59, a protein involved in
ribosome biogenesis*, our model suggests thatincreased intranuclear
localization is associated with more circular nuclei (Fig. 5e).

Forsome proteins, the differenceinintranuclearlocalizationis cap-
tured by more than one modality-specificlatent space but not the shared
space in the same model; for example, both the nucleus-specific and
ER-specific latent spaces but not the shared space capture differences
inintranuclear localization of ATE1 across cells (Fig. 5a). This indicates
that multiple aspects of nuclear and cellular morphology, captured
by the different latent spaces, could simultaneously contribute to the
localization of a particular protein in different ways. Indeed, analyzing
the clusters in the different modality-specific latent spaces shows that
whilethey are associated with differencesintheintranuclear localization
ofaprotein, the cell clusters are different (Supplementary Fig.15a-cand
Methods). For example, while both the ER-specific and nucleus-specific
latent spaces show significant separation of cells by their intranuclear
localization of ATE1 (Fig. 5a,f), visualizing cells in the clusters of the
different latent spaces suggests that the ER-specific clusters capture
differences in ER intensity and cytoplasmic volume (Fig. 5g), while the
nucleus-specific clusters capture differences in nuclear sizes (Fig. 5h). A
similar analysis for CIZ1of the clusters in the microtubule-specific latent
space suggeststhat lowintranuclear localizationis associated withlarger
ratio of cytoplasmic-to-nuclear volume (Supplementary Fig.15e), which
isnot adistinctive feature between the clusters of the nucleus-specific
latent space (Supplementary Fig.15d). This analysis demonstrates that
APOLLO can generalize to different multiplexed imaging experiments
and provide insights on relations between protein subcellular localiza-
tionand the morphology of different cellular components.

Discussion

We introduced APOLLO, a general computational framework that
uses autoencoders with partially overlapping latent spaces to explic-
itly model the shared and modality-specific information across
diverse multi-modal single-cell datasets. This design enables accu-
rate cross-modality prediction and provides a systematic way to link
interpretable features to cell state. Although we have demonstrated
that APOLLO performs well on avariety of simulated and real dataand
APOLLOisbased ontheoretical causal foundations, the latent optimi-
zation implementation does not have known theoretical guarantees
and thus the exact conditions under which APOLLO correctly disen-
tangles multi-modal information are unknown. Our work motivates
several future research directions. First, although we demonstrated
inthe SHARE-seq and multiplexed imaging applications that APOLLO
isrobustto the choice of latent space sizes, accurate estimation of the
intrinsic dimensionality of the shared and modality-specific latent
spaces could provide additional guidance for parameter selection and
insightinto underlying biological mechanisms. While recent theoreti-
cal work shows that these dimensions are identifiable under suitable
conditions®, further methodological developmentis needed to devise
practical algorithms for estimating intrinsic dimensionality across
different modalities. Second, the Gaussian noise added to APOLLO
latent spaces could be replaced with learnable noise parameters to

Fig. 5| APOLLO for modeling different cellular components with respect to
protein subcellular localization. a, Comparison of three APOLLO models trained
using nucleus and microtubule stains (left), nucleus and ER stains (middle),

and microtubule and ER stains (right) from the HPA dataset®. For each model,
each of the shared and the two modality-specific latent spaces s clustered into
two clusters. The heatmap shows the absolute value of the difference in the

mean intranuclear proportionin each cluster, averaged across the five random
initializations (see Methods for details). *P < 0.00022 using two-sided ¢-test and
absolute difference between clusters >0.1in all 5 random initializations (see
Methods for details). The arrows indicate proteins with example images shown
below andin Supplementary Fig. 15. b-e, Intranuclear proportions are computed
inatotal of 37,674 single-cell images, with at least 150 single-cell images per

protein. Left: Box plot of the intranuclear proportions of DDB1(b,c), CLNS1A

(d) and C80orf59 (e) in the two clusters of each latent space, obtained using

the models trained with either the nucleus and microtubule images (b,d,e) or
the nucleus and ER images (c). Right: examples of cellsin each cluster of the
microtubule-specific latent space (b), the ER-specific latent space (c) or the
nucleus-specific latent space (d,e) stained for the particular proteins. f, Box plot
oftheintranuclear proportions of ATE1in the two clusters of each latent space,
obtained using the model trained with nucleus and ER images. g, Examples of
cellsstained for ATE1lin each cluster of the ER-specific latent space. h, Examples
of cells stained for ATE1in each cluster of the nucleus-specific latent space.
Boxplots: center line, median; box limits, upper and lower quartiles; whiskers, 1.5x
interquartile range.
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enable uncertainty quantification. Third, as multi-modal measure-
ments becomeincreasingly common, extending APOLLO to unpaired
measurements could provide important insights when paired assays
arenot feasible—for example, when obtaining spatial transcriptomics
and multiplexed protein stains on adjacent tissue slices. One potential
approach is to model unpaired data using two shared latent spaces
learned during step 1training, with a distribution-matchingloss, such
as maximummean discrepancy, that encourages the shared spaces to
represent the same distribution of cells across modalities.

Collectively, APOLLO enables explicit learning of shared and
modality-specific information, leading to a more holistic under-
standing of cell states and their underlying regulatory mechanisms.
While we demonstrated APOLLO on SHARE-seq, CITE-seq and mul-
tiplexed protein staining, the method is broadly applicable to other
multi-modal single-cell measurements by adapting the encoder and
decoder architectures. More broadly still, APOLLO could be applied
beyond single-cell settings to individual-level multi-modal data, lev-
eraging diverse medical modalities in large biobanks****, APOLLO
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thus offers a framework that goes beyond multi-modal integration®’
by enabling mechanistic interpretation of the learned latent space
through information disentanglement.

Methods

Latent optimization

In practice, similar to variational sampling in autoencoders, toimprove
generalizationto unseensamples, we add Gaussian noise to each com-
ponent of the latent space and add a regularization term (£,-norm of
thelatentfeatures) inaddition to the reconstruction losses. Thus, the
full objective function is:

E(X(I)J(Z))Np(x(l)’x(z))[L(x(l),Dl(ZS +€5,25, +€5,))
+LX®, Dy (25 + €5, 25, + €5,)) + L&D, Dl (25 + €5)) (1)

L, Dy (z5 + €N + Al Zsll+ 1| 25, 1+ 1l 25, 11,),

where €, €5 and e;, denote Gaussian noise in each component of the
latent space and A is a hyperparameter. We minimize equation (1) to
obtainthe decoders D;, D,, D;and D, as well as the shared latent features
z;and the modality-specific latent features z5 and zs,.

Model architecture and training of paired scRNA-seq and
SCATAC-seq

For both training steps, we split the data into training and validation
sets, as is standard in neural network training. We use the same ran-
domly selected 85% of cells from the SHARE-seq dataset’ to train our
model and the remaining 15% to validate and test the generalization
performance of our model.

Step 1 latent optimization. In this step, we train the latent spaces
and the corresponding decoders to reconstruct the scRNA-seq and
SscATAC-seq data (Extended Data Fig. 5b and Supplementary
Fig.1a). The training was performed onone 24 GB GPU for 35 hours with
10.8 seconds per epoch.

Latent spaces of paired scRNA-seq and scATAC-seq. The shared
latent space has 50 dimensions and each of the two modality-specific
latent spaces have 20 dimensions. The shared latent space is chosen to
be muchlarger than the modality-specific latent spaces to ensure that
the shared space has enough capacity to contain all shared informa-
tion. Latent spacesare initialized using ‘torch.nn.Embedding’ with the
default parameters. Independent Gaussian noise with zero mean and
unitvarianceis added to the latent spaces at each training epoch. The
hyperparameter Ain equation (1) for the £, regularization of the latent
spaces is set to 0.001 and the learning rate of the ADAM optimizer is
set to 0.001, which are the same hyperparameter values asin ref. 37.

Decoders of paired-sequencing-based modalities. Four decoders
are trained in step 1: (1) a decoder that reconstructs scRNA-seq from
the shared latent space; (2) a decoder that reconstructs scRNA-seq
fromthe full RNA-seqlatent space (the shared latent space embedding
concatenated with the RNA-specific latent space embedding); (3) a
decoder that reconstructs scATAC-seq from the shared latent space;
and (4) adecoder thatreconstructs scATAC-seq fromthe full ATAC-seq
latent space (the shared latent space embedding concatenated with the
ATAC-specificlatent space embedding). The architectures of the decod-
ersareshownin Extended DataFig. 5b. Theinput feature dimensionis
70 for the full latent space decoder and 50 for the shared latent space
decoder except when different latent space sizes are tested (Fig. 2a).
Each decoder has 3 hidden layers, each of which has dimension 1,024.
All hidden layers are linear layers with a dropout rate of 0.01 and are
followed by LeakyReLU activation and abatch normalization layer. The
output layer is a linear layer with a dropout rate of 0.01 and sigmoid
activation. This decoder architecture follows standard autoencoder

set-ups”**®, For both modalities, we use binary cross-entropy loss to
minimize the objective function defined in equation (1), whichis calcu-
lated using ‘torch.nn.BCEWithLogitsLoss’ based on the output before
the sigmoid activation with pos_weight set inversely proportional to
the total counts of genes or peaks. The learning rate of the decoders
is 0.0001 and ADAM is used for optimization, which is the same as in
ref.37.

Step 2 inference. In this step, we train the encoders to infer the
learned latent spaces from the scRNA-seq and scATAC-seq data with-
outupdatingthe latent spaces or the decoders (Extended Data Fig. 5¢
and Supplementary Fig.1b). The training was performed on one 24 GB
GPU for 9 hours with 7.5 seconds per epoch to train the model
past convergence.

Encoders of paired scRNA-seq and scATAC-seq. We train two sepa-
rate encoders for scRNA-seq and scATAC-seq with identical structures
(Extended Data Fig. 5¢). Each encoder starts with two linear layers
withadropoutrate of 0.01, each of which has 1,024 dimensions and is
followed by LeakyReLU activation and batch normalization, whichisa
standard set-up for autoencoders®*%. After the first two hidden layers,
two separate linear layers with LeakyReLU activation are used to obtain
separate hidden layers for the shared and modality-specific latent
spaces. Alinear layerisapplied to each hiddenlayer to obtainthe shared
or modality-specific latent space. The inferred latent spaces from the
autoencoder are compared with the latent spaces learned in step 1
through MSE loss. The MSE loss is minimized using the ADAM optimizer
with alearning rate of 0.0001, the same learning rate as the decoder.

Application to paired scRNA-seq and protein abundance. The same
set-upisapplied tothe paired scRNA-seq and protein abundance data
measured by CITE-seq®, with dimension 50 for the shared latent space
and dimension 30 for the modality-specific latent space. Given that
cross-modality prediction is not the goal in this application and to
demonstrate robustness of our approach, the modelis trained without
the two decoders D; and D, that map from the shared latent space to
each of the modalities (Extended Data Fig. 6a).

Pre-processing of scRNA-seq and scATAC-seq data

The paired scRNA-seq and scATAC-seq datasets from ref. 5 are sepa-
rately filtered for genes or peaks that are non-zeroinatleast 300 cells
andthenfilteredfor cells with at least 300 non-zero genes or peaks. The
common cells between the two modalities are then selected for another
round of filtering with the same criteria. These two rounds of filtering
resultin 28,098 cells with 9,153 genesin the scRNA-seq data, and 58,170
peaksinthe scATAC-seq data. The data are then log-transformed and
min-max scaled, such that the minimum count in each cell is 0 and
the maximum count in each cell is 1. Our filtering and normalization
steps follow standard procedures of preprocessing scRNA-seq and
scATAC-seq data (see, for example, refs. 5,22,23,42).

Preprocessing of scRNA-seq and cellular surface protein
abundance data

Following the approach taken by a previous study that analyzes this
dataset™, we use the top 4,005 highly variable genesin the sScRNA-seq
data and all 110 proteins. Same as in the preprocessing of SCRNA-seq
and scATAC-seq described above, the data are log-transformed and
min-max scaled, such that the minimum countineach cellis 0 and the
maximum countineach cellis 1.

Alternative models for scRNA-seq and cellular surface protein
abundance data

We use the default parameter setting for the Seurat WNN method".
For testing the standard multi-modal autoencoder method, we use the
sameencoder and decoder architectures as the full APOLLO model with
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80 latent dimensions, which is equal to the full latent space dimension
of the APOLLO model. Instead of performing a two-step training, this
modeltrains theencoder and decoder together inasingle step, without
directly updating the latent spaces as parameters for optimization. MSE
lossisadded between the latent spaces obtained from the two encod-
ersof the two input modalities. Similar to the APOLLO model thatadds
Gaussian noise in the latent space, this model performs a variational
sampling step asin astandard variational autoencoder and the result-
ing latent spaces are passed to the decoder for reconstruction. Ineach
epoch, we alternate between training the scRNA-seq autoencoder and
training the protein autoencoder.

Cell-type prediction based on the inferred latent spaces of
scRNA-seqand scATAC-seq

We train four separate neural network classifiers with the same archi-
tecture to predict cell types based on one of the following inputs:
(1) shared latent space inferred from scRNA-seq data using the RNA
encoder; (2) shared latent space inferred from scATAC-seq using the
ATAC encoder; (3) both shared and modality-specific latent spaces
inferred from scRNA-seq data using the RNA encoder; and (4) both
shared and modality-specific latent spaces inferred from scATAC-seq
datausingthe ATAC encoder. We use a standard feedforward neural net-
work architecture in our classifiers; see, for example, ref. 19. Each classi-
fier consists of 4 layers and outputs the probability of agiven cell being
assigned to each of the 23 cell types. Thefirst three layers are followed
by LeakyReLU activation and batch normalization. All 4 layers have a
dropout rate of 0.1 and a hidden dimension of 128. We use the ADAM
optimizer withalearningrate of 0.00001to minimize the cross-entropy
loss between our predictionand the cell-type labels assigned by ref. 5.
We use the same train-validation split to train the classifiers as in the
training of the APOLLO model, which means the same 85% of cells are
used to train the APOLLO model and the cell-type classifiers.

Model architecture and training of paired chromatin and
proteinimaging

Forboth training steps, we hold-out allimages from one patientineach
of'the four phenotypes for testing the model (Supplementary Fig. 4).

Step 1 latent optimization. In this step, we train the latent spaces,
protein IDs, and the corresponding decoders to reconstruct
the chromatin and protein images (Extended Data Fig. 8a and
Supplementary Fig. 5a). The training was performed on one 24 GB
GPU with 40 seconds per epoch.

Latent spaces and protein IDs of paired chromatin and pro-
tein imaging. For each protein, we randomly initialize a trainable
64-dimensional vector of protein ID that is shared across all images of
that protein by using ‘torch.nn.Embedding’. The protein IDs are used
inboth the encoding and decoding steps by concatenating them to the
latent space embeddings, similar to a conditional autoencoder model
(Extended Data Fig. 8). The shared latent space has 1,024 dimensions
and each of the 2modality-specific latent spaces has 200 dimensions
exceptwhendifferentlatentspacesizes are tested (Fig. 3b). Similar tothe
applicationto paired scRNA-seqand scATAC-seq, the shared latent space
is chosen to be much larger than the modality-specific latent spaces to
ensure that the shared space has enough capacity to contain all the shared
information. Latent spaces are initialized using ‘torch.nn.Embedding’
withthe default parameters. Independent Gaussian noise withzeromean
andunitvarianceisaddedtothelatent spacesateachtrainingepoch. The
hyperparameter A in equation (1) for the ¢, regularization of the latent
spaces is set to 0.001 and the learning rate of the ADAM optimizer is set
t0 0.001, which are the same hyperparameter values asin ref. 37.

Decoders of paired chromatin and protein imaging. Four decoders
aretrainedinstep1: (1) adecoder that reconstructs chromatinimages

fromthe shared latent space; (2) adecoder that reconstructs chromatin
images from the full chromatin latent space (the shared latent space
embedding concatenated with the chromatin-specific latent space
embedding); (3) adecoder that reconstructs proteinimages fromthe
shared latentspace; and (4) adecoder that reconstructs proteinimages
fromthe full protein latent space (the shared latent space embedding
concatenated with the protein-specific latent space embedding). The
architectures of the decoders are shownin Extended Data Fig. 8a. The
latent space embedding, after adding noise and being concatenated
withthe proteinID, is passed through alinear layer with ReLU activation
and reshaped to 4 x 4 x 96 dimensions for subsequent convolutions.
This is followed by 5 convolutional layers with a kernel size of 4 and
stride of 2. The number of channels in each hidden layer is listed in
Extended DataFig. 8a. The first four convolutional layers are followed
by batch normalization and LeakyReLU activation. The last convolu-
tional layer is followed by sigmoid activation to scale the output image
from0tol. For bothimaging modalities, we use binary cross-entropy
loss to minimize the objective function defined in equation (1), which
is calculated using ‘torch.nn.BCEWithLogitsLoss’ based on the output
before the sigmoid activation. The learning rate of the decoders is
0.0001and ADAM is used for optimization. The decoder architectures
and training procedure follow standard set-ups for autoencoders (see,
for example, refs. 23,37,45).

Step 2 inference. Inthis step, we train the encoders to infer the learned
latent spaces from the chromatin and proteinimages without updating
the latent spaces, protein IDs or the decoders (Extended Data Fig. 8b
and Supplementary Fig. 5b). The training was performed on one 24 GB
GPU with 20 seconds per epoch.

Encoders of paired chromatin and protein imaging. We train two
separate encoders for chromatin and protein images with identical
structures (Extended Data Fig. 8b). Each encoder starts with five con-
volutional layers with LeakyReLU activation, a standard set-up for
autoencoders™**, The dimensions of the hidden layers are listed in
Extended Data Fig. 8b. The output of the last convolutional layer is
divided into two sets of channels that are used to derive the shared
and modality-specific latent spaces respectively. Eighty out of the
96 channels of the last hidden layer are flattened, concatenated with
proteinID, and passed through alinear layer to obtain the shared latent
space. Similarly, the modality-specific latent space is obtained from
theremaining 16 channels. Theinferred latent spaces from the autoen-
coder are compared with the latent spaces learned in step 1 through
MSE loss. The MSE loss is minimized using the ADAM optimizer with a
learning rate of 0.001.

Cross-modality predictions. To predict unmeasured proteins, the
shared latent space is first inferred from the chromatin image of a
cell using the chromatin encoder. Then each protein image can be
predicted by decoding the inferred shared latent space through
the protein decoder using the protein ID of the target protein
(Extended DataFig. 8a).

Application to HPA data. The same set-up isapplied to the HPA data®,
witha shared latent space dimension of 1,024 and a modality-specific
latent space dimension of 200. The two decoders D; and D), that map
fromthe shared latent space to each of the modalities are not used, as
the omission does notimpact cross-modality-prediction performance
(Fig. 3b) and results in correct disentanglement of the shared and
modality-specific information (Fig. 2f).

Alternative models. The models used for benchmarking our full
APOLLO model are described below. In addition to using binary cross
entropy (BCE) loss for the decoder outputs, we also tested the use of an
alternative loss function, namely, the MSE loss. Allmodel training and
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testing use the same train-test split. For benchmarking cross-modality
prediction, the prediction results are first thresholded using mode
intensity and then compared using ¢, loss, which is not used for train-
ing any of the models.

Standard autoencoder training using a single step. This model
has the same encoder and decoder architectures as the full APOLLO
model, and the same dimensions of the shared, chromatin-specificand
protein-specific latent spaces are used. Protein IDs are concatenated
to the hidden layers during encoding and decoding as described in
the full model. However, instead of performing a two-step training,
this model trains the encoder and decoder together in a single step,
without directly updating the latent spaces as parameters for opti-
mization (Extended Data Fig. 10a). MSE loss is added between the
sharedlatent spaces obtained from the two encoders of the two input
modalities. Similar to the APOLLO model that adds Gaussian noise in
the latent space, this model performs a variational sampling step as
inastandard variational autoencoder and the resulting latent spaces
are passed to the decoder for reconstruction. In each epoch, we alter-
nate between training the chromatin autoencoder and training the
protein autoencoder.

Our model without modality-specific latent space. This model has
the same two-step training procedure as the full APOLLO model, but
does not separate the shared and the modality-specific latent spaces
(Extended Data Fig. 10b). There are only two decoders that decode
the two modalities from the shared latent space and they are trained
instep 1. Theencodersonly output the shared latent space, which has
the same dimension as the combined dimension of the shared and the
modality-specific latent spaces in the full APOLLO model.

Inpainting model. For the inpainting model developed in ref. 45, we
adapted the original code from TensorFlow to PyTorch. We used the
same hyperparameter values as in the original publication, including
the use of MSE loss, except the slight modification to adapt to the
single-channelinputimage without a microtubule channel.

Data simulation and assessment of APOLLO’s disentanglement
performance

To systematically evaluate APOLLO’s ability to disentangle shared and
modality-specific representations, we generate simulated multi-modal
datasets withground-truth latent structure. Given the recent theoreti-
cal results on identifiability of the shared and modality-specific
variables®®, we only allowed directed edges from the shared latent
variables to the modality-specific latent variables but not vice versa.
Forall simulations, we assign the latent variables Z,and Z, to the shared
latent space, Z;and Z, to the modality 1specific latent space, and Z; to
the modality 2 specific latent space. The latent causal graph and the
corresponding probability distribution are specified in panel a of
Extended Data Figs. 1-4, from which 2,000 samples of latent features
are independently drawn for each simulation and visualized in panel
b of Extended Data Figs. 1-4. Given the causal graphs, we expect an
accurate disentanglement to identify that the modality 1 specific latent
space also captures Z, in simulations 3-5 but not in simulations 1and
2.Eachobserved featureis alinear combination of one or more latent
features with the coefficients independently drawn from a standard
normal distribution. In simulations 1and 3, where each observed fea-
turedependsonjustllatentfeature,10 observed features per modality
aregenerated from each latent feature, resulting in a feature dimension
of 40 inmodality1and 30 inmodality 2. Insimulations 2,4 and 5, where
we include observed features with multiple parents, 10 observed fea-
turesin modality 1are generated from: (1) each one of Z,, Z;and Z, (30
observed features total); (2) each pair of Z,, Z;, and Z, (30 observed
features total); (3) Z,, Z;, and Z,; and (4) all four modality 1 latent fea-
tures. Similarly, a total of 40 observed features in modality 2 are

generated from: (1) each one of Z, and Z; (20 observed features total);
(2) Z,and Z; (10 observed features); and (3) all three modality 2 latent
features. Thisresultsin afeature dimension of 40 in modality 1and 30
in modality 2. In simulation 5, we tested the effects of higher weights
for the observed features that depend only on one latent feature by
using the same set-up as simulation 4 while drawing coefficients of the
observed features from M (0,16). For APOLLO training, we use fully
connected decoders with a similar architecture as in the
paired-sequencing applications and an MSE loss. Each of the shared
and modality-specific latent spaces has two dimensions. Accuracy in
disentanglement is assessed by the separation of the binary variables
Z,and Z;inthe three latent spaces, which we quantify using silhouette
scores®® and UMAP visualizations (Extended Data Figs.1-4).

Pre-processing of paired chromatin and proteinimaging

The imaging data are obtained from ref. 43, where the patients are
annotated with one of the following four phenotypic classes: healthy,
meningioma, glioma, or head and neck tumor (Supplementary Fig. 4).
Eachsingle-cellimage of each protein stain and chromatin stainis min-
max scaled such that the minimum pixel value is 0 and the maximumis
1,astandard image normalization step for neural networks*>*. For each
cellnucleus, animage patch centered at the centroid of the nucleus of
dimension 128 x 128 pixelsis cropped from the whole image. A total of
29,174 cellimages were used in training.

Pre-processing of the HPA images

Thesame procedure as in a previous study* is used to pre-process the
images. We use allimages of U20S cells (the cell line with the most data
inthe HPA) thatare also used inref. 32 for studying protein localization
variabiltiy (2,973 proteins used) and exclude proteins that are stained
inless than 150 cells, resulting in a total of 141 proteins used for train-
ingthe model. The subset of proteins has been showninref. 32 to have
diverse subcellular localizations. Nuclear segmentation obtained
using StarDist® is used for computing the intranuclear proportion of
the protein in each image. The standard deviation of the intranuclear
proportion of each protein is computed across all images stained for
the protein. The 25 proteins with the largest standard deviations are
used for interpreting the disentanglement results (Fig. 5).

Phenotype classification using real or reconstructed protein
and chromatin images

We use the ResNet-18 model®, a popular neural network model for
image classification, in PyTorch for the phenotype classifiers to predict
phenotypes from real protein/chromatin images, reconstructed pro-
tein/chromatin images, or protein images predicted from chromatin
(Fig. 3d). The first layer of the ResNet-18 model is adjusted to take
single-channel input images. We use the cross-entropy loss and set
the weight of each phenotype class to beinversely proportional to the
fraction of cells in that particular phenotype class. The classifiers are
trained using the ADAM optimizer with a learning rate of 0.001. The
training of each classifier is repeated 36 times with 6 different groups
of held-out patients, where each held-out group contains one patient
from each phenotype class. One-sided two-sample ¢-test and Wilcoxon
signed-rank test are used for the null hypothesis that the phenotype
predictionaccuracy using thereconstruction fromthe full latent space
issmaller thanor equal to the accuracy using the reconstruction from
the shared latent space.

Interpretation of the partially shared latent spaces

In the following, we describe a procedure to analyze the shared latent
space as well as the modality-specific latent space, which canbe applied
toany datamodality. We compute the PCs of the latent spaces and group
the cellsbased ontheir positions along the PCs. For both of our applica-
tions, we group cellsinto 11 bins withequal percentile ranges along each
PC. In the following description of our approach, we denote the
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percentile bin of PC;, that is centered around 0 as PC{ and the bins
ordered from negative to positive PC values are denoted as
PC;S,...PC;Y,PC?, PC}, - PC; . When comparing cells along PC, we only
usethe cells at the center of all other PCs, meaning the 15% of cells with
the smallest Euclidean distance to the PC origin calculated using all PC;
forj#iand,<10. The number of PCs considered in the analysis can be
adjusted giventhe variance explained by each PCinaparticular dataset.
Using cells at the center of all other PCs, except the PCbeinginterpreted,
ensures that we are only considering the variation of cells along one PC
to tease apart the variations explained by the different PCs. In the fol-
lowing, we explain this procedure in more detail in the context of the
paired-sequencing and paired-imaging datasets, where we also perform
subsampling for amorerobustidentification of the features explained
byeachPC.

Interpretation of the latent spaces of paired scRNA-seq and
scATAC-seq. We test for significant gene expression and peak count
changesalongeachPC. Thecellsaredividedinto 36 random train-test
splits with 20% of cells used for testing in each split, to validate the
significantgenes and peaks identified along each PC. We consider three
groups of cells for each PC; that are all at the center of other PCs: (1)
cellsin PC;° and PC;*; (2) cells in PC; and (3) cells in PC; and PC;. Cells
in each group are compared with all cells in the other two groups
through t-tests using Scanpy’s ‘rank_genes_groups’ function*’. The
threshold of Pvalues after multiple testing correctionis set to 0.05 for
both modalities. The number of times in all train-test splits a gene or
peak is tested to be significant in both the training and testing cells
with the same direction of fold change are plotted for different thresh-
olds of log fold change magnitude (Fig. 2c and Supplementary Figs. 2
and 3). The ATAC-seq peaksin the shared and modality-specific latent
spaces aresummarized in Fig. 2d. For each ATAC-seq peak, we counted
the number of PCs in the shared and modality-specific latent spaces
respectively, in which the peakis found to be significant. The genes are
then grouped by their GO annotations and the total counts of PCs in
the two latent spaces are normalized to 1.

Interpretation of the latent spaces of paired chromatin and protein
imaging. Imaging data can be visually inspected by sampling cells at
each percentile bin along a particular PC (Fig. 4a). In addition, for a
more comprehensive assessment, predefined handcrafted image
features*>*? can be used to test for significant feature changes along
each PC. For the following analysis, we use a total of 234 chromatin
image features and around 30 image features per protein obtained
from*. The patients are divided into 12 different train-test splits,
which are summarized in Supplementary Fig. 4, to validate the sig-
nificant features identified along each PC. As in the application to
paired scRNA-seq and scATAC-seq, we test for significant feature
changes among three groups of cells for each PC; that are all at the
center of other PCs: (1) cells in PC;* and PC;*; (2) cells in PC?; and (3)
cells in PC} and PC;. A feature is considered significant if the P value
after multiple testing correction is less than 0.05 and the absolute
value of log fold change is greater than log,(FC,) in both the training
and testing patients, where FC,is set tobe 1.2 for chromatin features
and 1.4 for protein features. The fold-change thresholds are chosen
so that most representative morphological features are represented
by atleast one PC.Inaddition, the direction of fold change is required
tobethesameinthetraining and testing patients. Figure 4aand Sup-
plementary 19 show the chromatin features that are significantin at
least 8 out of the 12 train-test splits (Supplementary Fig. 4). We sum-
marize the morphological features in all top PCs in the shared and
modality-specific latent spaces respectively in Fig. 4b, and
Supplementary Figs. 9¢c, 10¢, 11c and 14c. For this, we counted the
number of PCs for which each feature is found to be significantin the
shared and modality-specific latent spaces and normalized the total
countsinthetwo latent spacestol.

To obtain a more concise representation, we group the morpho-
logical features of chromatin and each protein by Pearson correla-
tion across all cells and plot one representative feature per group in
Fig. 4a,b, and Supplementary Figs. 8-14. The feature groupings for
eachstain are obtained as follows: we build a network with the features
as nodes and an edge is added between each pair of features whose
Pearson correlation is greater than 0.7. Features within the same con-
nected component ofthegraph are consideredinthe same group. The
representative feature of agroup is the node with the highest degree.
This results in 18 feature groups for chromatin, 5 groups for yH2AX, 5
groups forlamin, 6 groups for CD8, 4 groups for CD4, 5 groups for CD3
and 4 groups for CD16.

Interpretation of the latent spaces of the HPA images. For each sub-
set of U20S cells stained with the same protein, we separately perform
k-means (k= 2) clusteringin the shared and the two modality-specific
latent spaces of each model. The clustering in each latent space is
repeated five times with different random seeds. For each random
seed, a t-test is performed to compare the proportion of intranuclear
protein localization in the two clusters, and the absolute value of the
difference between the cluster meansis computed. A clustering shows
significant difference of intranuclear proportions if P< 0.00022 and
the absolute difference between clusters >0.01in all 5 random ini-
tializations. The P-value threshold is chosen by applying a Bonferroni
correctionto the overall probability of type 1 error at 0.05 for atotal of
225 tests performed for 25 proteins in each of the three latent spaces
of the three separate models.

YH2AX feature prediction using chromatin images

We use the ResNet-18 model® in PyTorch to train separate regres-
sion models that predict the predefined yH2AX features from
chromatin images. Similar to the previous section, for each of the 3
yYH2AX features (Fig. 4b), aregression model is trained 12 times with
different train-test splits of the patients (Supplementary Fig. 4).
The outputs of each regression model on the held-out patients are
then compared with the ground truth using Pearson’s correlation
(Supplementary Fig.13c).

Statistics and reproducibility

Publicly available datasets were used in this study. Standard filtering
steps were performed, and otherwise, no datawere excluded from our
analyses. Randomization and blinding were not applicable inthis study.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All datasets used in this study are publicly available. The SHARE-seq
datafromref.5areavailable under accession number GEO GSE140203.
The CITE-seq data from ref. 25 are available under accession num-
ber GEO GSE150599. The PBMCs multiplex imaging dataset from
ref. 43 is available from the PSI Public Data Repository at https://doi.
org/10.16907/b039dc4e-9366-413¢c-8f34-92ce9110cc14. The Human
Protein Atlasimages fromref. 35 are available at https://www.protein-
atlas.org. Source data for Figs. 2 and 3b,c is available with this paper.
Datain Figs. 3d, 4 and 5 can be reproduced using our deposited code
and publicly available data.

Code availability

The code is available via Zenodo at https://doi.org/10.5281/
zenodo.17841315(ref. 63) andin via GitHub at https://github.com/uhler-
lab/APOLLO/. For ease of use, a modularized version of our method,
for each application, is available on GitHub with clear step-by-step
instructions regarding datainput and use of the method.
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(b) Histograms of the 2000 samples of each latent feature (2, 2,, Z;, Z,, Z;).

(c) Training curves of the APOLLO model. Left: Reconstruction losses of the two
modalities measured by mean squared error (MSE). Right: £, norms of the three

latent spaces. (d) UMAPs of the shared latent space colored by values of Z, (left)
or Z,(right). Silhouette scores are computed using the shared latent features
and Z, or Z, as labels. (e) UMAPs of the Modality 1 specific latent space colored by
values of Z, (left) or Z; (right). Silhouette scores are computed using the Modality
1specificlatent features and Z, or Z, as labels. (f) UMAPs of the Modality 2 specific
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computed using the Modality 2 specific latent features and Z, or Z; as labels.
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Extended Data Fig. 4 | Simulations 4 and 5 - Some modality-specific latent
features are children of shared latent features; each observed feature
depends on multiple latent features. (a) Left: Latent causal graph of the two
modalities. Right: Probability distributions from which the latent features are
sampled. (b) Histograms of the 2000 samples of each latent feature (Z,, 2,, Z;, Z,,
Z5).(c) Training curves of the APOLLO model trained on simulation 4 data. Left:
Reconstruction losses of the two modalities measured by mean squared error
(MSE). Right: £, norms of the three latent spaces. (d) UMAPs of the shared latent
space colored by values of Z, (left) or Z; (right). Silhouette scores are computed
using the shared latent features and Z, or Z; as labels. (e) UMAPs of the Modality
1specificlatent space colored by values of Z, (left) or Z; (right). Silhouette scores
are computed using the Modality 1 specific latent features and Z, or Z, as labels.
(f) UMAPs of the Modality 2 specific latent space colored by values of Z; (left) or
Z, (right). Silhouette scores are computed using the Modality 2 specific latent

features and Z; or Z; as labels. (g) Training curves of the APOLLO model trained
onsimulation 5 data, which has higher weights for the observed features that
depend on asingle latent feature by using the same setup asin simulation 4

(see panel a) while drawing coefficients of the observed features fromN (0, 16).
Left: Reconstruction losses of the two modalities measured by mean squared
error (MSE). Right: £, norms of the three latent spaces. (h) UMAPs of the shared
latent space colored by values of Z; (left) or Z, (right). Silhouette scores are
computed using the shared latent features and Z, or Z; as labels. (i) UMAPs of
the Modality 1specific latent space colored by values of Z, (left) or Z; (right).
Silhouette scores are computed using the Modality 1specific latent features and
Z,or Zyas labels. (j) UMAPs of the Modality 2 specific latent space colored by
values of Z, (left) or Z; (right). Silhouette scores are computed using the Modality
2 specific latent features and Z, or Z; as labels.
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Extended DataFig. 5| APOLLO architecture for paired scATAC-seq and
scRNA-seq data. (a) APOLLO uses atwo-step training procedure. Instep 1, the
shared and modality-specific latent spaces as well as the modality-specific
decoders are trained so that the decoders can reconstruct the scATAC-seq

and scRNA-seq data from the latent spaces. For each modality, there is one
decoder that reconstructs the modality using only the shared latent space and
another decoder that reconstructs the modality using the full latent space,
thatis the shared latent space and the modality-specific latent space. In step

2, modality-specific encoders are trained to enable inferring the latent space
embedding for ells not used in training the model and thus enable cross modality
prediction. The encoders are trained to map the input features, for example
scRNA-seq and scATAC-seq, to the latent space embeddings obtained instep 1.
(b) The decoders of scRNA-seq and scATAC-seq have the same architectures with
four fully connected layers, except that the output layer decodes to different
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feature dimensions for the two modalities. The input feature dimensionis 70
for the full latent space decoder and 50 for the shared latent space decoder.
Eachdecoder has 3 hidden layers, each of which has dimension 1024. All hidden
layers are linear layers with adropout rate of 0.01and are followed by LeakyReLU
activation and a batch normalization layer. The output layer is a linear layer with
adropout rate of 0.01 and sigmoid activation. (c) The encoders of scRNA-seq
and scATAC-seq have the same architectures, except the difference in the input
feature dimensions. Each encoder starts with two linear layers with a dropout
rate of 0.01, each of which has 1024 dimensions and is followed by LeakyReLU
activation and batch normalization, whichis a standard setup for autoencoders
238 After the first two hidden layers, two separate linear layers with LeakyReLU
activation are used to obtain separate hidden layers for the shared and
modality-specific latent spaces. A linear layer is applied to each hidden layer to
obtain the shared or modality-specific latent space.
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Extended DataFig. 6 | Application of APOLLO to paired scRNA-seq and protein
abundance data. (a) We applied the same encoder and decoder architecture

as wellas the default two-step training procedure to the paired scRNA-seq and
protein abundance data (see Methods for details). (b) UMAP visualization of
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latent space of standard autoencoders, encoded using scRNA-seq data, separately
colored by cell types and experimental batches.
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Extended Data Fig. 7| Comparison of clustering results using APOLLO’s latent
spaces, the protein abundance data, and a standard variational autoen-coder.
(a) Leiden clustering of APOLLO’s shared latent space. Resolution of leiden
clustering was adjusted to obtain the minimum number of clusters such that
the major cell types are separated into different clusters. (b) Leiden clustering
of cellular surface protein abundance data. Resolution of leiden clustering was
adjusted to obtain the same number of clusters as (a). (c) Heatmap showing the
number of cellsin each of the two batches, for each cluster of the shared latent
space. (d) Heatmap showing the number of cells in each of the two batches, for
each cluster of the cellular protein abundance data. (e) Heatmap showing the
number of cellsin each cell type, for each cluster of the shared latent space. (f)
Heatmap showing the number of cells in each cell type, for each cluster of the
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cellular protein abundance data. (g) Leiden clustering of APOLLO’s RNA-specific
latent space. (h) Heatmap showing the number of cells in each of the two batches,
for each cluster of the RNA-specific latent space. (i) Heatmap showing the
number of cellsin each of the two batches, for each cluster of the full latent space
of scRNA-seq learned using APOLLO. (j) Heatmap showing the number of cellsin
each of the two batches, for each cluster of the latent space of scRNA-seq learned
using a standard variational autoencoder (Methods). (k) Heatmap showing

the number of cellsin each cell type, for each cluster of the full latent space of
scRNA-seq learned using APOLLO. (I) Heatmap showing the number of cells in
each cell type, for each cluster of the full latent space of scRNA-seq learned using
astandard variational autoencoder (Methods).
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Extended Data Fig. 8| APOLLO architecture for paired chromatin and
proteinimages. (a) APOLLO can be applied to multiplexed imaging data

using conditional decoders and encoders. Instep 1, the shared and modality-
specific latent spaces as well as the modality-specific decoders are trained to
minimize reconstruction error of chromatin and protein images from the latent
spaces. Inaddition to the latent space embeddings, the decoders also take in
atrainable vector representing each protein ID. In step 2, modality-specific
encoders are trained to enable inferring the latent space embedding for cells
notused in training the model and thus enable cross modality prediction. The
encoders are trained to map protein and chromatinimages together with the
trainable protein IDs to the latent space embeddings obtained in step 1. (b) The
decoders of chromatin and proteinimages have the same architectures with
five convolutional layers following a fully connected layer. The input to the
decoder is the full or shared latent space added with noise and concatenated

with learnable protein ID. The latent space embedding, after adding noise and
being concatenated with the protein ID, is passed through a linear layer with ReLU
activation and reshaped to 4 x 4 x 96 dimensions for subsequent convolutions.
Thisis followed by 5 convolutional layers with akernel size of 4 and stride of

2. Thefirst four convolutional layers are followed by batch normalization and
LeakyReLU activation. The last convolutional layer is followed by sigmoid
activation to scale the outputimage from O to 1. (c) The encoder of each modality
starts with 5 convolutional layers with LeakyReLU activation, a standard setup
for autoencoders **". The output of the last convolutional layer is divided into
two sets of channels that are used to derive the shared and modality-specific
latent spaces respectively. 80 out of the 96 channels of the last hidden layer are
flattened, concatenated with protein ID, and passed through a linear layer to
obtain the shared latent space. Similarly, the modality-specific latent space is
obtained from the remaining 16 channels.
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modality. (b) The schematic shows the architecture of our model without the
modality-specific latent spaces. The model is trained with the two-step training
procedure as used for the full APOLLO model. There are only two decoders that
decode the two modalities from the shared latent space and they are trained in
step 1. The encoders only output the shared latent space, which has the same
dimension as the combined dimension of the shared and the modality-specific
latent spaces in the full APOLLO model.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.
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Data collection  No software was used.
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