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Biolord is a deep generative method for disentangling single-cell multi-omic
data to known and unknown attributes, including spatial, temporal and
disease states, used to reveal the decoupled biological signatures over

diverse single-cell modalities and biological systems. By virtually shifting
cellsacross states, biolord generates experimentally inaccessible samples,
outperforming state-of-the-art methods in predictions of cellular response
tounseen drugs and genetic perturbations. Biolord is available at https://
github.com/nitzanlab/biolord.

A cell’s gene expression profile simultaneously encodes information
about multiple attributes, such as cell type, tissue of origin and differen-
tiation stage (Fig. 1a). Single-cell technologies can provide information
about such expression profiles for cellular populations at single-cell
resolution. Yet, itis stillamajor challenge to decode the measured gene
expression, disentangling the processes from one another. A disentan-
gled representation can uncover the existence and characteristics of
diverse biological processes, allowing the reconstruction of multiple
attributes of cellular identity such as response to perturbations and
infection progression. Earlier studies suggested using factor analysis'
ornon-negative matrix factorization® to identify programs associated
with different attributes. Recently, computational methods that spe-
cialize in disentanglement for a specific task were suggested; among
the addressed tasks are decoupling perturbation response**, disen-
tangling group-specific attributes’ or out-of-distribution sampling
of single-cell data'®". However, these are either task-specific and do
not address the general disentanglement problem, rely on linearity
and independence assumptions, cannot integrate multiple types of
information beyond the single-cell measurements or do not provide
ageneric reconstruction procedure.

In machine learning, disentanglement methods view the world
as generated by an unknown forward process that maps the genera-
tive factors (attributes) into the observable data. For example, an
image of a car is generated by several attributes such as model and
pose. The objective of disentanglement is to invert this process,
for example, mapping the car image into variables representing its
model and pose. The disentangled representation can then be used
for data manipulation, generating unseen combinations of model and
pose. Analogously, in the biological setting, given labeled single-cell
data, for example, cell type and age annotations (known attributes),

a disentangled representation will decouple known attributes, cell
type and age, from the unknown attributes. The unknown attributes
correspond to a cell-specific signature, for example, related to batch
effects, biological noise or unclassified biological processes. The disen-
tangled representation can be used for data generation, manipulation
and deriving biological insight (for example, predicting the measured
features of unobserved combinations of cell type and age oridentifying
driver genes of certain cell type or state).

Using recent advances in disentanglement from the computer
vision field'*"®>, we present biolord (biological representation disen-
tanglement), a deep generative framework for learning disentangled
representationsinsingle-cell data (Methods). To disentangle single-cell
dataintoitsunderlying attributes, we assume atraining set consisting
of single-cell measurements, each with partial supervision over alim-
ited set of known attributes. For example, the known attributes may be
cell-typelabels, measurement time or perturbation values; attributes
may be categorical (discrete; for example, cell type) or ordered (con-
tinuous; forexample, age). Given the partial supervision, biolord finds
adisentangled latent space, consisting of embeddings for each known
attribute and an embedding for the remaining unknown attributes in
the data (Fig. 1b). On top of these, biolord learns a generator, which
maps the representations of the known and unknown attributes into
observable single-cell data. It can, in turn, use the disentangled latent
space to predict single-cell measurements for different cell states
across variations in internal or external conditions. Successful dis-
entanglement is obtained by inducing information constraints; the
model’sloss function attempts to maximize the accuracy of the recon-
struction (enforcing completeness) while minimizing the information
encoded in the unknown attributes (limiting its capacity). We modify
the original framework, dedicated to image analysis'>", to account for
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Fig.1|Thebiolord framework for disentanglement of known and unknown
attributes. a, Single-cell dataencode multiple attributes of cellular identity. b,
Schematic overview of the biolord model; given single-cell measurements and
labels for observed attributes, biolord encodes each attribute separately along
with a single encoding of the unknown attributes. These define adecomposed
latent space thatis the input for the generative module providing measurement
predictions. ¢, Biolord can be used for multiple downstream tasks. From left
toright—latent space representation: the decomposed latent space can be
used to obtaininsights into the underlying structure of individual attributes.
Counterfactual predictions: given a control cell and unseen (target) labels as
input, biolord can predict the gene expression of the unseen cellular states and
study the changesin gene expression that correspond to amanipulation of a
cell’sattribute. Association of features to state: by manipulating the known
attributes, biolord can identify measured features associated with the different
possible states, for example, by manipulating control cells to an infected state

and identifying genes associated with infection. Attribute classification: using
the semi-supervised biolord architecture, cells can be labeled with missing
attributes. d, Schematic overview for obtaining counterfactual predictions. We
take as input measurements of a set of reference cells with varying assignment(s)
to the attribute over which predictions are made. For example, we take as

input control cells along with multiple drugs that can be applied to generate
counterfactual predictions as to how the gene expression profiles of these

cells would have been shifted given each drug (Methods). e, An evaluation
ofbiolord’s performance on predictions of unseen drugs over the sci-Plex 3
dataset thatincludes ~-650,000 single-cell transcriptomes from three cancer cell
lines exposed to 188 compounds'®. Results are reported for the 10 uM dosage,
considered to be the strictest setting since measurements show the largest
deviation from control state, which makes them hardest to predict. Mean and
variance are reported over ten different random seed initializations of each
model. Figure panels a-d are created with BioRender.com.

the features of single-cell data through architecture and design choices
(Fig.1b and Supplementary Note 1; Methods). Furthermore, we present
anextension to the framework, biolord-classify, whichcanbe applied to
datasets with partially labeled attributes and provides a classification
for missing labels (Methods; Extended Data Fig. 1).

The generality of the framework allows its application to diverse
biological settings that can be studied with a rich set of downstream
analysis tasks (Fig. 1c; Methods). Using the generative aspect of the
model, we can make counterfactual predictions, predicting unseen
cellular states and performing data manipulation. Applied for the
prediction of responses to unseen drugs or gene perturbations, biolord
outperforms state-of-the-art methods dedicated to this task. The
decomposed latent space representation allows studying the differ-
ent attributes and their inner structure independently. For exam-
ple, this representation of the human fetal chromatin atlas revealed
the relationships between tissue, sample estimated post-conceptual

age and cell-type attributes (Supplementary Notes 1 and 2 and
Supplementary Figs. 1-3). Moreover, we can associate measured
features with a cell state. At last, biolord can be applied to a par-
tially labeled dataset and used to obtain labeling over the entire
dataset (attribute classification). We apply this to a spatiotemporal
Plasmodiuminfection atlas to complete the missing classification of a
distinctstate (initially provided only for the latest time point), thereby
allowing us to study the transient trajectory toward the infected state.
We implemented biolord using the scvi-tools library' and made it
available at https://github.com/nitzanlab/biolord.

Biolord accurately predicts cellular perturbation
response

Accurate prediction of molecular responses to drug or genetic per-
turbations is central to our understanding of cellular behavior and
translational medicine. Hence, many computational tools are dedicated
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to this task® " (Supplementary Note 3). Among these are chemCPA’,
for drug response prediction, GEARS® for genetic perturbations and
PerturbNet®, which addresses both (Supplementary Note 3). Cellular
response prediction can be framed as a disentanglement task, aimed
at decoupling perturbation response from the underlying cell state,
and therefore can be approached by biolord. For the drug response
prediction task, we use the sci-Plex 3 dataset that includes ~650,000
single-cell transcriptomes from three cancer cell lines exposed to 188
compounds at four different dosages and control samples'® (Supple-
mentary Fig.4).

Toallow generalization to unseen drugs, we take advantage of exist-
ing prior knowledge and obtain chemically informed embedding of the
drugs using RDKit features>”. For each cell, the features of each drug,
alongside its dosage, cell line and corresponding scRNA-seq measure-
ments, are given as input to biolord (Methods; Supplementary Note
3).Biolord’s learned latent representation is biologically informative;
it reveals drug organization according to known corresponding path-
ways, and better captures underlying drug organization, relative tothe
chemically informed RDKit features used as input, both qualitatively
and quantitatively (adjusted Rand index RDKit: 0.03, biolord: 0.16;
Supplementary Fig. 4). To further evaluate the quality of biolord’s drugs
representation, we employ the uncertainty measure suggested by ref.
5,assessing the ability to predict the drug’s pathway from the k-nearest
neighbor (k-NN) graph of the embedding space (Methods). Compared
to RDKit, biolord’s uncertainty measure is found to be lower onaverage
and more concentrated (distribution evaluated over all drugs; RDKit:
0.32 +0.008, biolord: 0.19 + 0.005; Supplementary Fig. 4).

We use the trained biolord model to obtain counterfactual predic-
tions for nine unseen drugs (reported among the most effective drugs
insci-Plex3 data™, following the choice suggested inref. 5). Specifically,
we generate the expression prediction for control cells with labels
of unseen compounds. Performance is evaluated using the r* score
between the real measurements of cells exposed to the unseen com-
pounds and the counterfactual predictions (Fig. 1d; Methods). Biolord
outperforms anaive baseline (comparing real measurements of unseen
compounds to the control measurements), as well as state-of-the-art
models, chemCPA and chemCPA-pre (Fig. 1e, Supplementary Fig. 4 and
Supplementary Note 3). Although not provided with the additional
information used by chemCPA-pre, biolord provides more accurate pre-
dictions (mean r%;chemCPA-pre: 0.51+ 0.0062, biolord: 0.76 + 0.0005).
Biolord also outperforms PerturbNet® (Supplementary Note 3) and is
robust to data subsampling, retaining high prediction accuracy (mean
r’:0.63 +0.0003) over 10% of the data (Supplementary Fig. 5).

Todemonstratebiolord’s application to the genetic perturbation
setting, we consider two genetic perturbation screens that use the
Perturb-seq assay'®. The first is a dataset consisting of 81 one-gene
perturbations suggested by ref. 19, and the second is a dataset sug-
gested in ref. 20 that includes 131 two-gene perturbations and 105
one-gene perturbations. In this setting, to allow for generalization,
we use features that are based on edges in a GO term graph defined
over genetic perturbations as defined in ref. 6 (Methods). We show
thatbiolord outperforms GEARS in the prediction of unseen one-gene
perturbation (normalized mean squared error, one of one gene unseen;
GEARS: 0.47; biolord: 0.37) and two-gene perturbations (normalized
mean squared error, two of two genes unseen; GEARS: 0.53; biolord:
0.50, one of one gene unseen; GEARS: 0.39; biolord: 0.35, zero of two
genes unseen; GEARS: 0.28; biolord: 0.20; Methods; Supplementary
Note 3 and Extended Data Fig. 2).

Counterfactual predictions expose infection
gene programs

The collection of spatiotemporal single-cell atlases is continuously
expanding, each capturing a complex biological setting. Among the
computational challenges is disentangling the diverse attributes,
thereby associating the measured features with distinct cell states.

Focusing onaspatiotemporal single-cell atlas of Plasmodiuminfection
progression in the mouse liver”, we show that biolord can obtaina dis-
entangled representation that allows for uncoveringinfection-related
attributes. Single-cell data, including host and parasite transcriptome,
were collected frominfected mice at five time points post-infection (2,
12,24, 30 and 36 h post-infection (hpi)), as well as from control mice,
not exposed to the parasite (control; Fig. 2a and Extended Data Fig. 3).
To classify hepatocytes as infected or uninfected, the authors relied
on GFP contentin the parasite transcriptome? (Fig. 2b). Using biolord,
we aimed at decoupling the changes in gene expression in the host
hepatocytes induced by the infection from the variability rooted in
previously established spatiotemporal processes*>*—either in spatial
zonationacross liver lobules radial axis or in temporal variation along
the time of day (Fig. 2a and Extended Data Fig. 3).

We train a biolord model with hepatocytes from injected mice
(infected and uninfected) and control mice, along with additional
known attributes; namely providing asinput the host transcriptome,
status classification (infected/uninfected/control), spatial zone (peri-
portal/pericentral) and time (2, 12, 24, 30, 36 hpi or control; Fig. 2c
and Supplementary Note 4; Methods). The model is then used to
make counterfactual predictions over the population of control
cells coupled to infected status. Since the status (infected) is the
only attribute modified in the input to the biolord model, for agiven
cell, observed changes in gene expression are driven only by this
attribute (Methods).

To assess these infection-related changes at the level of individ-
ual cells, we use a dependent ¢ test for paired samples. The pairs are
defined as the original observed expression and the infected state
counterfactual prediction. We performed the test for each gene and
used the results as input for gene set enrichment analysis (GSEA),
whichrevealed anincrease in the expression of genes associated with
immune and stress pathways in infected hepatocytes (Fig. 2d). These
findings are in accordance with previous reports. However, in the
original analysis, the comparisons between infected and uninfected
hepatocytes had to be done for cells that were matched in terms of
spatial lobule coordinates and sampling time. As described above,
using biolord’s counterfactual predictions over control cells allowed
for global integrated analysis.

Exposing transient trajectories toward infection
states

So far, we have assumed full supervision over known attributes (for a
known attribute, all cells are labeled); however, this is not always the
case. Often only a subset of the cells is annotated. In such cases, we
can leverage these partial labels to classify the remaining cells using
biolord-classify, a biolord model coupled with a classifier for each
attribute, used for the prediction of missing labels (Extended Data
Fig.1and Supplementary Note 1; Methods). The spatiotemporal
single-cell atlas for Plasmodium infection?, presented above, provides
an example of such a setting. Afriat et al.”' identified a subpopulation
of cells that shows a pattern of vacuole breakdown, termed ‘abortive
hepatocytes’. In the scRNA-seq data, this population was identified
only at the latest time point (36 hpi; Fig. 2e and Extended Data Fig. 4).
However, in analyzing smFISH images, the existence of this population
was verified as early as 24 hpi”’. This motivated to use biolord-classify to
classify abortive cells within the scRNA-seq data at earlier time points
or, in other words, identify the cells that would have progressed to
become identifiably abortive at 36 hpi.

We train a biolord-classify model over hepatocytes at late time
points (24, 30 and 36 hpi) using the host transcriptome along with
partial state classification and complete supervision over spatial zone
andtimeasinputs (Supplementary Notes1and 4). The biolord-classify
model is used to label cells at earlier time points (24 and 30 hpi) as
abortive or productive, thus predicting atemporally extended abortive
population (Fig. 2f; Methods).
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Fig. 2| Recovering transient states by classifying unknown cell states using
biolord. a,b, UMAPs of the single-cell atlas of the Plasmodium liver stage”. Cells
are colored by time after infection (a) and reported classification to infected/
uninfected and control cells (b). c, UMAP of the original control cells with their
counterfactual predictions (c-pred.) forinfected/uninfected state; cells are
colored by the corresponding state. d, GSEA of genes found to be associated with
the infected state based on biolord’s counterfactual predictions of the infection
state in control cells. H denotes Hallmark gene sets; K denotes KEGG gene sets
(P,q;is calculated using a permutation test with Benjamini-Hochberg correction).
e,f, UMAPs of the infected cells from intermediate to late time pointsin the
single-cell atlas of the Plasmodium liver stage®. Cells are colored by the reported
abortive/productive classification of cells at 36 hpi (e) and biolord’s classification
of allinfected cells as abortive/productive (f). The inset shows the fraction

of abortive cells at each time point (24 hpi, 0.016; 30 hpi, 0.057 and 36 hpi,
0.215). g, Box plot comparing abortive and productive cells shows that abortive
hepatocytes retain asmaller fraction of Plasmodium transcriptome across all
time points. Middle line in box plot, median; box boundary, IQR; whiskers,
1.5xIQR; minimum and maximum, not indicated in the box plot; gray dots,
points beyond the minimum or maximum whisker (Mann-Whitney-Wilcoxon
test two-sided with Benjamini-Hochberg correction: 24 and 30 hpi (n=1,823
cells across two states); biolord-classify < 0.0001, 36 hpi (n =1,083 cells across
two states); original < 0.0001; ***P < 0.0001). h, Abortive cells present an over-
expression of interferon response as demonstrated by anincrease in interferon
regulatory factors and response-associated genes. The dendrogram ordering of
the groups shows a trajectory from productive to abortive cells ordered by hpi.
IQR, interquartile range.
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The extended abortive population preserves host gene expres-
sion trends observed in the original 36 hpi population. Namely, rep-
resentative genes found to be upregulated in abortive hepatocytes at
36 hpi* are statistically significantly upregulated in predicted abortive
cells across all time points (Extended Data Fig. 5). Furthermore, cells
predicted to be abortive by biolord show reduced levels of Plasmo-
dium transcripts and appear at earlier phases of Plasmodium-based
pseudotime, consistent with findings regarding the original abortive
populationat 36 hpi*, although these attributes were not used to train
the biolord-classify model (Fig. 2g and Extended Data Fig. 5; Methods).
Additionally, we recover the periportal bias of the abortive population”
inthe newly classified abortive cells (Extended Data Fig. 5).

Theincreased IFN response across all time points, demonstrated
by the over-expression of interferon regulatory factors (Irf3/Irf7/Irf9),
which regulate the transcription of type I IFNs, and an increase in
IFNa, IFNy genes demonstrated by the extended abortive popula-
tion are consistent with the hypothesis linking the abortive state to
interferon-mediated innate immune response induced by the Plas-
modium liver stage (Fig. 2h)****. Furthermore, biolord captures a
transient trajectory of cellular states, showing a gradual increase in
IFN signal across time within the abortive subpopulation (Fig. 2h).

Discussion

To summarize, we demonstrated biolord’s application to a wide
variety of tasks, considering diverse single-cell modalities and bio-
logical systems, showcasing the range of insights such disentangled
representations can provide.

While here we focused ondisentangled representations with respect
to known attributes, an intriguing follow-up direction is to study the
representation of unknown attributes. In addition, similar to other dis-
entanglement methods, itis unclear whatis the desired outcome when
attributes are correlated. This will not adversely affect the result when
aimingto predict previously seen combinations (for example, if measure-
ments of cell type Xintissue Yare provided). However, predictions over
unseen combinations may yield unpredictable results, which is aknown
limitation of neural networks. With that, by providing a decomposed
latent space, biolord allows extracting the underlying structure of each
biological attributeindependently, mitigating the above limitations. At
last, as with any deep generative framework, biolord suffers from the
lack of direct interpretability. We overcome this by suggesting various
downstreamanalysis tools, using both the decoupled latentembedding
and the generative model, providing biological insight and interpret-
ability in feature (for example, gene expression) space.

To conclude, biolord provides a step toward decoupling cellular
identities encoded in single-cell data. It elucidates the effects of the
different components on the overall observed expression, thereby
providing new insights and better utilization of multi-omic data.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41587-023-02079-x.

References

1. Buettner, F. et al. Computational analysis of cell-to-cell
heterogeneity in single-cell RNA-sequencing data reveals hidden
subpopulations of cells. Nat. Biotechnol. 33, 155-160 (2015).

2. Buettner, F., Pratanwanich, N., McCarthy, D. J., Marioni, J. C. &
Stegle, O. f-scLVM: scalable and versatile factor analysis for
single-cell RNA-seq. Genome Biol. 18, 212 (2017).

3. Kotliar, D. et al. Identifying gene expression programs of cell-type
identity and cellular activity with single-cell RNA-seq. eLife 8,
43803 (2019).

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Lotfollahi, M., Wolf, F. A. & Theis, F. J. scGen predicts single-cell
perturbation responses. Nat. Methods. 16, 715-721(2019).
Hetzel, L. et al. Predicting cellular responses to novel drug
perturbations at a single-cell resolution. In Proceedings of 36th
Conference on Neural Information Processing Systems (eds
Koyejo, S. et al.) 26711-26722 (Curran Associates, 2023).
Roohani, Y., Huang, K. & Leskovec, J. Predicting transcriptional
outcomes of novel multigene perturbations with gears. Nat.
Biotechnol., https://doi.org/10.1038/s41587-023-01905-6
(2023).

Lotfollahi, M. et al. Predicting cellular responses to complex
perturbations in high-throughput screens. Mol. Syst. Biol. 19,
e11517 (2023).

Yu, H. & Welch, J. D. PerturbNet predicts single-cell responses to
unseen chemical and genetic perturbations. Preprint at bioRxiv
https://doi.org/10.1101/2022.07.20.500854 (2022).

Weinberger, E., Lopez, R., Hiitter, J. C. & Regev, A. Disentangling
shared and group-specific variations in single-cell
transcriptomics data with multiGroupVI. In Proceedings of the 17th
Machine Learning in Computational Biology Meeting (eds Knowles,
D. A. etal.)16-32 (PMLR, 2022).

Yu, H. & Welch, J. D. MichiGAN: sampling from disentangled
representations of single-cell data using generative adversarial
networks. Genome Biol. 22,158 (2021).

Lotfollahi, M., Dony, L., Agarwala, H. & Theis, F. Out-of-distribution
prediction with disentangled representations for single-cell
RNA sequencing data. Preprint at bioRxiv https://doi.org/
10.1101/2021.09.01.458535 (2021).

Gabbay, A. & Hoshen, Y. Demystifying inter-class
disentanglement. In 8th International Conference on Learning
Representations (ICLR, 2020); https://openreview.net/
forum?id=Hyl9xxHYPr

Gabbay, A., Cohen, N. & Hoshen, Y. An image is worth more

than a thousand words: towards disentanglement in the wild. In
Proceedings of 35th Conference on Neural Information Processing
Systems (eds Ranzato, M. et al.) 9216-9228 (Curran Associates,
2021).

Gayoso, A. et al. A Python library for probabilistic analysis of
single-cell omics data. Nat. Biotechnol. 40, 163-166 (2022).
Alquicira-Hernandez, J., Sathe, A., Ji, H. P., Nguyen, Q. &

Powell, J. E. scPred: accurate supervised method for cell-type
classification from single-cell RNA-seq data. Genome Biol. 20,
264 (2019).

Srivatsan, S. R. et al. Massively multiplex chemical
transcriptomics at single-cell resolution. Science 367, 45-51
(2020).

Landrum, G. Rdkit: open-source cheminformatics software.
GitHub github.com/rdkit/rdkit/releases/tag/Release_2016_09_4
(2016).

Dixit, A. et al. Perturb-seq: dissecting molecular circuits with
scalable single-cell RNA profiling of pooled genetic screens. Cell
167, 1853-1866 (2016).

Adamson, B. et al. A multiplexed single-cell CRISPR screening
platform enables systematic dissection of the unfolded protein
response. Cell 167, 1867-1882 (2016).

Norman, T. M. et al. Exploring genetic interaction manifolds
constructed from rich single-cell phenotypes. Science 365,
786-793 (2019).

Afriat, A. et al. A spatiotemporally resolved single-cell atlas of the
Plasmodium liver stage. Nature 611, 563-569 2022).

Halpern, K. B. et al. Single-cell spatial reconstruction reveals
global division of labour in the mammalian liver. Nature 542,
352-356 (2017).

Droin, C. et al. Space-time logic of liver gene expression at
sub-lobular scale. Nat. Metab. 3, 43-58 (2021).

Nature Biotechnology


http://www.nature.com/naturebiotechnology
https://doi.org/10.1038/s41587-023-02079-x
https://doi.org/10.1038/s41587-023-01905-6
https://doi.org/10.1101/2022.07.20.500854
https://doi.org/10.1101/2021.09.01.458535
https://doi.org/10.1101/2021.09.01.458535
https://openreview.net/forum?id=Hyl9xxHYPr
https://openreview.net/forum?id=Hyl9xxHYPr

Brief Communication https://doi.org/10.1038/s41587-023-02079-x

24. Liehl, P. et al. Host-cell sensors for Plasmodium activate innate as long as you give appropriate credit to the original author(s) and the
immunity against liver-stage infection. Nat. Med. 20, 47-53 (2014).  source, provide a link to the Creative Commons license, and indicate
25. Miller, J. L., Sack, B. K., Baldwin, M., Vaughan, A. M. & Kappe, S. H. if changes were made. The images or other third party material in this

Interferon-mediated innate immune responses against malaria article are included in the article’s Creative Commons license, unless
parasite liver stages. Cell Rep. 7, 436-447 (2014). indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
Publisher’s note Springer Nature remains neutral with regard to use is not permitted by statutory regulation or exceeds the permitted
jurisdictional claims in published maps and institutional affiliations. use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.
Open Access This article is licensed under a Creative Commons org/licenses/by/4.0/.
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, © The Author(s) 2024

Nature Biotechnology


http://www.nature.com/naturebiotechnology
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Brief Communication

https://doi.org/10.1038/s41587-023-02079-x

Methods

Latent optimization as an inductive bias in disentanglement
Latent optimization is a critical component of our approach. Typical
representation disentanglement approaches use anencoder tomapthe
original datasamplesinto latent codes. Thisis often called amortized
inference. While having an encoder network to map samples to codes
is convenient, Gabbay and Hoshen' showed that this approach may
achieve subpar results. Thereasonis that at the beginning of training,
anencoder (whichis randomly initialized) maps all sample attributes
toeachlatent code, both known and unknown. While the loss function
encourages disentanglement (removal of the known attribute), the
randominitialization of the encoder causes the optimization to begin
from a perfectly entangled state. Later training iterations struggle to
remove this entanglement entirely.

In contrast, randomly initialized latent codes trivially do not con-
tain any information on known or unknown attributes. While training,
thelatent code correspondingto each sample becomes more informa-
tive over the unknown attribute, while the disentanglement objectives
ensure that it does not gain information over the known attribute.
Intuitively, preventing the gain of unwanted information is easier
than losing existing information. To conclude, latent optimization
helps achieve more disentangled latent codes by providing a better
initialization for the learning process.

Itisimportant to note that the results obtained in ref. 12 directly
apply to the biological setting presented here. As detailed above, the
challenge, whichis resolved by the latent optimization, is with respect
tothelabeled attributes. As these are the labels provided along with the
sample (image or single-cell measurements), they areidenticalinboth
settings. Hence, the latent optimization allows us to obtain meaningful
latent codes with respect to the target attributes.

Thebiolord model

Biolordis a deep learning generative framework, composed of multiple
modulesthatarejointly optimized. Theinputtobiolordis a dataset of
D = [(x.,¥c)]r—;, Where n is the number of cells. For each cell ¢, x, € RM
stands for the M measured features (for example, a vector of gene
expression counts or peak counts fromMgenes), and y. is a set of size
Krepresenting the known cell attributes, for example, cell-type label,
tissue of origin or age. As we elaborate below, within y., we make a
distinction between categorical and ordered attributes when con-
structing its corresponding latent space. In accordance, each of the K
elementsinthe sety may be of adifferent dimension. Given theinput
dataset D, the biolord pipeline consists of two main components,
defined and trained simultaneously (construction details are provided
inthe following subsections and Supplementary Note 1):

1. Decomposed latent space—for each known attribute, a dedi-
cated subnetwork is constructed. The architecture of each
subnetwork is chosen based on the attributes’ type (categorical
or ordered), and the user can modify additional hyperparam-
eters. We denote z, as the output of each subnetwork, which is
the latent space corresponding to an attribute (categorical or
ordered) iny,, and z, as the latent space of unknown attributes
(Fig. 1b).

2. Generative module—the generator G takes the concatenated
decomposed latent space as input and outputs a prediction for
the measured features.

It is important to note that the optimization of the above, the
decomposed latent space and the generative prediction, is donejointly,
such that the embeddings in the decomposed latent space are opti-
mized with respect to the reconstruction error of the generator.

Known attributes latent space. Given the known attribute set, y., a
dedicated subnetwork is constructed for each of the K attributes to
represent its corresponding latent space. Here we make a distinction

between categorical attributes, where similar cells share class labels,
and ordered attributes, in which distances between the attribute’s
features encode similarity. In our definition of ordered attributes, we
consider continuous variables as well as categorical ordinal variables,
as the important aspect is that attribute’s features contain structural
information. Furthermore, measured categorical ordinal variables
(such as age) often represent a sample of continuous variables. With
this, we construct the different subnetworks as follows:

« Categorical attribute subnetworks—these are defined using the
embedding modulesuch that thelatent code, z,, is shared between
all cells belonging to the same label. The embeddings are opti-
mized directly, namely applying latent optimization throughthe
objective function of the complete model.

* Ordered attribute subnetworks—to use the structure of
each of the ordered attributes, we use encoders; multilayer per-
ceptrons (MLPs) with default values of depth =2, width =256. The
MLPs map the input features to a corresponding latent space, z,,
which is optimized using the objective function of the complete
model.

Unknown attributes latent embedding. We learn the unknown attrib-
utes’ representation by optimizing per-sample embeddings directly.
We use aregularized embedding subnetwork, an embedding module
to which Gaussian noise, , a random variable n ~ #(0,0%/), with a
fixed variance value o, is added (Supplementary Note 1). The outputis
auniquelatent code, z,, for each cell, independent of gene expression
or known attributes, optimized during training using latent
optimization.

With that, optimizing a unique code for each cell may hinder our
disentanglement efforts; the model may encode the entire expression
information with the latent code of unknown attributes andignore the
attribute-specific encoding. Following Gabbay and Hoshen', to ensure
thatknown attribute information does notleakinto the representation
ofthe unknown attributes, we regularize it into two manners. First, we
introduce the additive Gaussian noise to the embeddings, and second,
we add an activation penalty term to the loss, limiting the magnitude
of the embedding, thus inducing the minimality loss term,

2
Lmin = /1”211” >

where 1 is a hyperparameter weighting this term. Together, these
enforce the minimality of shared informationbetween the representa-
tion of unknown attributes and known attributes. That s, the represen-
tation of unknown attributes is optimized to minimize the information
itencompasses regarding known attributes.

Generator module. The generator G is constructed as a decoder
network, parameterized by 6, which takes as input the concatenated
decomposed latent space, and outputs a parametrization of the expres-
sion distribution of the measured features (given by the mean and
variance),

P=Gy ({zy};(:l,zu + rz).

Depending on the data provided as input to the model, preproc-
essed log-normalized data, raw counts or peaks, the distribution,
P, canfollow a Gaussiandistribution, azero-inflated negative binomial
or Poisson, respectively'?. To define the reconstruction, and com-
pleteness lossterm, we use the respective negative log-likelihood loss
foreachdistribution, NLL (x|G). Following the original model presented
by Gabbay and Hoshen'?, we include a mean squared error term, con-
cerning the predicted means, g, as provided by, G,, MSE (x, up), tuned
by 7 (‘reconstruction_loss’) hyperparameter. This allows us to directly
optimize the mean predictions, for all choices of parametric
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distribution modeling (Supplementary Note 1). Hence we can write the
completeness termas,

Lemp = NLL (x|Gg) + TMSE (X, 1ig) -

Model optimization. Combining the above, we can write the complete
model objective asacomposition of two terms. The first terminduces
completeness by optimizing the accuracy of the generator, and the
second term enforces the minimality of information shared between
the representations of known and unknown attributes,

Lpiolord = Lcmp + Lmin

Since the different components defined above are jointly opti-
mized, the embeddings within the decomposed latent space along
withthe generator’s predicted output areinfluenced by input measure-
ments as well as the known attribute labels.

Biolord-classify: biological representation disentanglement
with partial labels

To perform semi-supervised disentanglement, a setting in which we
have missing labels for a subset of cells, we adopt the derivation pre-
sentedinref.13.Inaddition tothe biolord model components described
above (the decomposed latent space and generative module), we
includeaclassifier, C e ¢, foreach categorical attribute,and aregressor,
R € ®, for each ordered attribute, which are trained together with
previous components.

The classifier (regressor) takes as input the gene expression and
outputs the class label/features. For cells with missinglabels, the clas-
sifier’s (regressors) output is used to complete the decomposed latent
representation (Extended Data Fig. 1). To train the classifiers (regres-
sors), we add a term to the existing loss function that encourages the
correct prediction for the samples for which labels are available. For
the classifiers, we use the categorical cross-entropy loss, H (y, C (x)). For
theregressors, we use the mean squared error loss between the output
and provided features, MSE (y, R (x)). In all cases, the loss is evaluated
only over cells for whichlabels are provided (denoted by the sets X5, ¥5).
The classification loss is then provided by,

Las= > H(YS,C(XS))+ 3 MSE(YS.R(XY)),

where Y2 (¥3) denotes the set of labels (features) associated with the
respective classifier, C (regressor, R). £ sis added to the biolord objec-
tive, such that all components are now trained jointly,

Lbiolord—classify = Lcmp + Lmin + Lcls-

By including the classification module (classifiers and regressors)
aspartofthebiolord training procedure, we allow training of a biolord
modelinasemi-supervised setting, since the classifiers and regressors
are used to impute missing labels used as input for the decomposed
latent cells. Furthermore, the imputed labels can be used in down-
stream analysis of the data (Fig. 1c).

Biolord-enabled downstream analysis

Biolord enables diverse downstream analysis tasks using the
decoupled latent representation, the generative pipeline and the
biolord-classify module (Fig. 1c). Within the biolord framework, we
provide utility functions to enable this analysis. The downstream
tasks are given as follows:

1. Latentspace representation—the latent space embeddings
provide insight into the structure within a specific attribute and
between the different attributes. The latent representation is a

set of vectors mapping the states of the known attributes to a
Ny,ene dimensional state. Any downstream analysis tool can be
now applied to expose properties and relationships between
the states, for example, correlation analysis, clustering or lower
dimensional representation. The latent representation can be
used to explore structure between different labels of a given
attribute, for example, using a correlation matrix, or to study
interactions between the different attributes by considering a
concatenated representation.

2. Uncertainty evaluation—uncertainty measures provide a proxy
to assess the generalizability of a model. We use an evalua-
tion metric presented in ref. 5 which allows quantifying the
uncertainty of an attribute over its latent representation when
additional covariates associated with the attribute are known,
for example, pathway association of the drug attribute, and pro-
vide its implementation in the biolord package. The uncertainty
is defined by the inability to predict the covariate (the drug’s
pathway) from the k-NN graph of the attribute’s latent space
representation. Formally, we define,

xH(Cy,),

u;

1
- ,;V log d (i)

where ;is the set of neighbors of value i, d is a distance measure and

H s the Shannon entropy, and Cy, is the covariate vector associated

with neighbors of ibased on the latent representation.

3. Counterfactual predictions—the biolord module can take a
specific cell instance and modify its known attributes. The
unknown attribute embedding obtained by biolord captures
a cell-specific embedding. Hence, when passing as input the
measured features of a cell along with different labels for known
attribute(s) of interest, the cell-specific attributes representa-
tion will remain constant (the unknown attribute embedding)
and only the embeddings of modified known attributes will
change. Since the embeddings are the input for the generative
module providing the predictions, all observed changes are in-
duced by the modification of the known attribute(s). To obtain
counterfactual prediction in practice, we take a set of reference
cells, for example, control cells in an infection dataset, and use
their measured features along with any combination of known
attributes (for example, modify the state label considering
infected case) as input to a trained biolord model. This allows us
to first sample unseen biological states and more importantly
obtain a controlled set of samples where we are guaranteed that
all observed changes in the measured features are a result of the
modified attribute (Fig. 1d).

4. Association of features to state—pairing the counterfactual
predictions with a statistical test allows us to recover a set of
features (for example, genes) that encode the given observed
state. Here we explicitly decouple the modified attribute from
the underlying cell state; hence, observed changes in the pre-
dictions are induced by the modified attributes.

5. Classification—the biolord-classify module can extend the
labeling of partially labeled attributes. This provides complete
labeling of the data that can in principle be further inspected
and used as input for diverse downstream analysis pipelines.

Datasets, training and evaluation

Sci-Plex 3. The sci-Plex 3 dataset'® contains measurements for 649,340
cells across 7,561 genes from three human cancer cell lines—A549,
MCF7 and K562 with perturbations for 188 drugs at four different dos-
ages, 10 nM, 100 nM, 1 pM and 10 puM. We use a preprocessed anndata
file provided in ref. 5, downloaded from https://f003.backblazeb2.
com/file/chemCPA-datasets/sciplex_complete_middle_subset.h5ad.
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To the downloaded anndata file, we add RDKit features” using chem-
prop package” and an out-of-distribution split, keeping nine unseen
drugs for validation—Dacinostat, Givinostat, Belinostat, Hesperadin,
Quisinostat, Alvespimycin, Tanespimycin, TAK-901 and Flavopiridol.

Training parameters. We train a biolord model over the processed
gene expression. We use RDKit chemically informed features embed-
ding of the drugs", as well as the dosage as ordered attributes. The cell
lineis passed as a categorical attribute. We used Weights & Biases for
experiment tracking and hyperparameter tuning. Hyperparameter
details are provided in Supplementary Note 3.

Evaluation and benchmarks. Following the setting provided by ref.

5, we evaluate the prediction accuracy using the coefficient of deter-

mination r? (r* score), calculated between a model’s counterfactual

predictions and the ground-truth measurements on all genes.
Theincluded benchmarks were as follows:

1. naive baseline—the r* score is evaluated between control, unper-
turbed cells (per cell line) and the respective drug-treated cells.

2. chemCPA’—the standalone setting that trains the drug encod-
ing network directly on the single-cell data using reported
optimal hyperparameters’.

3. chemCPA-pre’—a pretrained model, for which the drug encod-
ing network was trained over bulk RNA high-throughput screen
(L1000)”. The pretrained model was kindly shared with us by
the authors of chemCPA®. Hyperparameter tuning for all adver-
sary parameters was performed.

4. PerturbNet®*—the model consists of three networks, a perturba-
tion representation network, a cellular representation network
and a mapping network. For the perturbation representation
network, we use the pretrained model provided by ref. 8 trained
on the ZINC dataset™®. The remaining networks were trained
following the example provided in the PerturbNet online
Github repository. The cellular representation network was
trained over the anndata file described above. The mapping
network was trained over the latent representation provided by
both trained models.

Further details regarding all frameworks are provided in
Supplementary Note 3.

Genetic perturbations. Perturb-seq (one-gene). The Perturb-seq
dataset” contains measurements of 65,899 cells across 5,060 genes,
including 81 one-gene perturbations and control cells. We use the
preprocessed anndata provided by GEARS®. To obtain meaningful
features (representing the genetic perturbations), we use the pertur-
bation edges inthe GEARS’ Gene Ontology (GO) graph. The GO graph
was originally generated by adding weighted edges between genes
that share a significant number of GO terms®. Lastly, for training, we
consider only the averaged expression over each perturbation and
the control cells.

Perturb-seq (two-gene). The Perturb-seq dataset® contains meas-
urements of 89,357 cells across 5,045 genes, including 131 two-gene
perturbations, 105 one-gene perturbations and control cells. We use the
preprocessed anndata object provided by GEARS®. As above, we lever-
agethe GEARS GO graph to obtain meaningful features that represent
the genetic perturbations. For training, we consider only the averaged
expression over one-gene perturbations and the control cells. To obtain
predictions over the two-gene perturbations, we approximate the dif-
ferenceinexpression as the sum ofthe differencein prediction of each
one-gene perturbation.

Training parameters. We train abiolord model using the mean expres-
sion for perturbationin the train set. We follow the setting defined in

GEARS that considers five different train-test-validation splits differing
inthe set of unseen perturbations. For the two-gene perturbation set-
ting, we make the distinctionin one of five splits between perturbations
for which two, one or zero of the two-gene perturbations are unseen
during training. We use the GO term features as an ordered attribute
for the model. We used Weights & Biases® for experiment tracking and
hyperparameter tuning (Supplementary Note 3).

Evaluation and benchmarks. Following the procedure suggested in
ref. 6, we evaluate the normalized mean squared error in the predic-
tion of unseen perturbations. Normalization is done with respect to
predictionsina‘no perturb’setting, thatis predictions that there was
no effect of performing a perturbation; hence, the unperturbed cell
stateis the same as the post-perturbed one.

For benchmarking, we compare our performance to GEARS®,
running the evaluation using the setting provided in their reproduc-
ibility repository (https://github.com/yhr91/gears_misc/blob/main/
paper/fig2_train.py).

Spatiotemporal single-cell atlas of the Plasmodium liver
stage. To study the liver stage of the malaria parasite Plasmodium,
Afriat et al.” molecularly characterized thousands of infected and
uninfected hepatocytes at five time points post-infection (2,12, 24,30
and36). We downloaded the preprocessed annotated data provided by
theauthors from Zenodo®. The dataannotationsinclude the following:

« coarse_time: denoting the number of hpi when the cells were
collected (or control).

« eta_normalized: a spatial zonation score based on zonation
marker genes which were used to classify the cells as periportal/
pericentral.

« pseudotime: calculated using Monocle over the normalized data
of the infected hepatocyte PBA genes subset.

« status:infection status inferred by FACS sorting of the hepatocytes.

« abortive: classification of cells at 36 hpi as abortive/productive
based on clustering of host transcriptome.

Training parameters. We define two biolord settings, as described
below. Hyperparameters for reported results are provided in Sup-
plementary Note 4.

Infected state analysis over the complete dataset. Abiolord modelis
defined over hepatocytes frominjected mice (infected and uninfected),
aswellas control mice (the dataset excluding mock and mosquito bitten
samples). As input, we use the host transcriptome (restricted to 8,355
genes used in the original publication) along with status classification
(infected/uninfected/control), spatial zone (periportal/pericentral)
and time (2,12, 24, 30, 36 hpi or control).

Abortive state classification. A biolord-classify model was trained
overinfected hepatocytes at 24,30 and 36 hpi. The host transcriptome
(restricted to highly variable genes) along with spatial zone (periportal/
pericentral), time (24,30 and 36 hpi), astress_score (computed using
scanpy’s* function ‘scanpy.tl.score_genes()’ withstress genes”) and the
partial abortive state classification for 36 hpi (abortive/productive). We
introduce the stress_score to disentangle the stress signal, reportedin
the original publication®, from the abortive signature.

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

Data availability

Datasets analyzed in this manuscriptare publicly available. Processed
data files can be downloaded from figshare (https://figshare.com/
projects/biolord_datasets/160085).
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The original datasets analyzed in the current study are available at

«Sci-Plex3: https://f003.backblazeb2.com/file/chemCPA-datasets/
sciplex_complete_middle_subset.h5ad, a preprocessedfile provided
byref.5.

Perturb-seq (one-gene): https://dataverse.harvard.edu/api/access/
datafile/6154020, preprocessed data and additional files provided
byref. 6.

«Perturb-seq (two-gene): https://dataverse.harvard.edu/api/access/
datafile/6894431, preprocessed data and additional files provided
by ref. 6.

«Fetal chromatin accessibility atlas: https://doi.org/10.6084/
mo.figshare.24886248.v1, a preprocessed file provided by ref. 33.

«Spatiotemporal single-cell atlas of the Plasmodium liver stage:
publicly available at GSE181725 or as processed Seurat object at
https://zenodo.org/record/7081863.

Code availability

We implemented biolord using the scvi-tools library and
using cookiecutter-scverse (https://github.com/scverse/
cookiecutter-scverse) as a template for the package. The package is
released as open-source software at https://github.com/nitzanlab/
biolord. Documentation is available at https://biolord.readthedocs.
io.The codetoreproduce theresultsisavailable at https://github.com/
nitzanlab/biolord_reproducibility.
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Extended Data Fig. 1| A detailed schematic illustration of biolord. a, The optimized jointly (Methods). b, Anillustration of the biolord loss terms with
semi-supervised biolord architecture, biolord-classify. To handle partial labels respect to the different model attributes. Figure panels aand b are created with
we add classifiers to the standard biolord model. The whole framework is BioRender.com.
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Extended DataFig. 2 | Biolord outperforms GEARS® in predictions of genetic
perturbations outcome. a,b, The normalized mean squared error (MSE) in

the prediction of post genetic perturbation expression of top 20 differentially
expressed (DE) genes per perturbation. a, The MSE in the prediction of an unseen
one-gene perturbation in the Perturb-seq (one-gene) dataset by Adamson etal.”.
b, The MSE in the prediction of two-gene perturbations in the Perturb-seq (two-
gene) dataset by Norman et al.® evaluated over perturbations for which: 2,1 or

0 of the independent two-gene perturbations are unseen. We use the

b
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(two unseen of two) (one unseen of two) (zero unseen of two)

normalization as defined by Roohani et al. in GEARS®. This normalizationis done
withrespectto a‘No perturbation’ model which predicts that there was no effect
induced by the perturbation implying that the unperturbed cell state is the same
as the post-perturbed one. In all boxplots middle line, median; box boundary,
interquartile range (IQR); whiskers, 1.5x IQR; minimum and maximum, not
indicated in the box plot; gray dots, points beyond the minimum or maximum
whisker.
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Extended Data Fig. 3 | Biolord applied to the single-cell atlas of the com. b, UMAP of the single-cell atlas of the Plasmodium liver stage; cells
Plasmodium liver stage”.. a, Experimental schematic. GFP+ parasites are are colored by spatial zone. ¢, UMAP of the original control cells with their
injected into mice and liver samples are extracted at different time points. counterfactual predictions (c-pred.) for infected/uninfected state; cells are
Hepatocytes are classified as infected/uninfected using FACS sorting. Control colored by spatial zone.

samples are collected from healthy mice. Figure is created with BioRender.
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Extended Data Fig. 4| Application of biolord-classify to late time points of Plasmodium infection. a,b, UMAP of cells from late time points, 24,30, and 36 hours
post infection (hpi); cells colored by spatial zone (a) or hpi (b).
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Extended Data Fig. 5| Gene expression patterns are recovered in abortive
hepatocytes identified by biolord-classify. a-d, Violin plots of representative
genes upregulated in abortive hepatocytes. Mann-Whitney-Wilcoxon test
two-sided with Benjamini-Hochberg correction P-values. Cxcl10; 24 and 30 hpi
(biolord-classify) < 0.0001, 36 hpi (original) < 0.0001 (a), SgstmI; 24 and 30 hpi
(biolord-classify) < 0.0001, 36 hpi (original) < 0.0001 (b), Mdm2; 24 and 30 hpi
(biolord-classify) < 0.0001, 36 hpi (original) < 0.0001 (c), Cdknla; 24 and 30 hpi
(biolord-classify) < 0.0001, 36 hpi (original) < 0.0001 (d). e, Boxplots comparing
abortive and productive cells show that in accordance with the original
abortive hepatocytes population, biolord classified abortive hepatocytes are
more periportally zonated compared with productive hepatocytes; the y-axis
represents zonation score and scores corresponding to Periportal/Pericentral

spatial zones are indicated (Methods, Mann-Whitney-Wilcoxon test two-sided
with Benjamini-Hochberg correction P-values: 24 and 30 hpi (biolord-classify)
<0.0001, 36 hpi (original) < 0.0001. f, The abortive population is concentrated
at early pseudotime. Pseudotime was evaluated over parasite mRNA*
(Mann-Whitney-Wilcoxon test two-sided with Benjamini-Hochberg correction
P-values: 24 and 30 hpi (biolord-classify) < 0.0001, 36 hpi (original) < 0.0001).
All statistical tests at 24 and 30 hpiare reported for n =1,823 cells across two
states; and at 36 hpi for n =1,083 cells across two states. In all plots middle line,
median; box boundary, interquartile range (IQR); whiskers, 1.5x IQR; minimum
and maximum, notindicated. In (a)-(d) the symmetric kernel density estimate is
shownand in (e)-(f) gray dots, points beyond the minimum or maximum whisker.
**P<0.001, ***P<0.0001.
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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

OXX O OO0 0XOS

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated
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Software and code

Policy information about availability of computer code

Data collection  No software was used for data collection.

Data analysis We used biolord v0.0.2.
We share our software in an open-source package on github (https://biolord.readthedocs.io/en/latest/) as well as
jupyter notebooks to reproduce our figures and analysis (https://https://github.com/nitzanlab/biolord_reproducibility).
Python packages: cell-gears v0.0.2, chemprop v1.5.2, muon v0.1.3, numpy v1.22.4, scanpy v1.9.1, scipy v1.10.0, scvi-tools v0.20.3,
statsmodels v0.13.5.
Python cloned repositories: https://github.com/welch-lab/PerturbNet (commit d719212aableb7cc56d7413e611cdb67987f1laec), https://
github.com/theislab/chemCPA (commit ad4a4ded0c3b949c64fflea51033belb7c301c36b).
R packages: clusterProfiler v4.7.1.001, msigdbr v7.5.1, org.Mm.eg.db v3.16.0.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The datasets analyzed in the current study are available at:

1. sci-Plex3: https://f003.backblazeb2.com/file/chemCPA-datasets/sciplex_complete_middle_subset.h5ad, a pre-processed file provided by Hetzel et al.
2. Perturb-seq (1-gene): https://dataverse.harvard.edu/api/access/datafile/6154020, pre-processed data and additional files provided by Roohani et al.
3. Perturb-seq (2-gene): https://dataverse.harvard.edu/api/access/datafile/6894431, pre-processed data and additional files provided by Roohani et al.
4. Fetal chromatin accessibility atlas: http://download.gao-lab.org/GLUE/dataset/Domcke-2020.h5ad, a pre-processed file provided by Cao et al.

5. Spatio-temporal single-cell atlas of the Plasmodium liver stage: publicly available at GSE181725 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE181725) or as processed Seurat object at https://zenodo.org/record/7081863.
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Reporting on sex and gender not applicable

Population characteristics not applicable
Recruitment not applicable
Ethics oversight not applicable

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.
Sample size We used five different datasets in this study to showcase the range of possible applications of the biolord method.

These datasets provide diversity in terms of the biological system, including mammalian, human and cell-lines data from diverse tissues and
conditions, as well as single-cell assays, including sci-RNA-seq, Perturb-seq, scRNA-seq and sci-ATAC-seq.

Data exclusions  No data was excluded from public data sets beyond described pre-processing steps (see Methods and reproducibility code).

Replication Reproducibility was examined using different data sets and settings. We also provide a reproducibility repository which allows recovering
reported results. Experiments evaluating accuracy in perturbation response were performed over n=10 different random seeds.

Randomization  This study did not include data collection and thus randomization procedures were not applied. Samples order is not relevant for the
computational analysis performed.

Blinding In the analysis of datasets focused on extracting biological insight blinding was not performed, as the analysis is exploratory, aimed at
exposing unknown features in advance. For accuracy in perturbation response samples of held out perturbations were not provided in model
training.
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