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Characterizing cell–cell communication and tracking its variability over time are crucial for understanding the coordination

of biological processes mediating normal development, disease progression, and responses to perturbations such as thera-

pies. Existing tools fail to capture time-dependent intercellular interactions and primarily rely on databases compiled from

limited contexts. We introduce DIISCO, a Bayesian framework designed to characterize the temporal dynamics of cellular

interactions using single-cell RNA-sequencing data from multiple time points. Our method utilizes structured Gaussian

process regression to unveil time-resolved interactions among diverse cell types according to their coevolution and incor-

porates prior knowledge of receptor–ligand complexes. We show the interpretability of DIISCO in simulated data and

new data collected from T cells cocultured with lymphoma cells, demonstrating its potential to uncover dynamic cell–

cell cross talk.

[Supplemental material is available for this article.]

Single-cell RNA sequencing (scRNA-seq), whichmeasures gene ex-
pression at the resolution of individual cells, is a powerful technol-
ogy for elucidating heterogeneous cell types and states (Tirosh
et al. 2016; Azizi et al. 2018; Wilk et al. 2020). The recent expan-
sion of single-cell data sets profiling biological systems and longi-
tudinal clinical cohorts over multiple time points offers an
exciting opportunity to characterize the temporal dynamics of
cell types and their underlying communication. However, there
is an unmet need for computational frameworks that can effective-
ly integrate single-cell data across time points while accounting for
temporal dependencies. This need is particularly acute in longitu-
dinal clinical data, where the timing of biopsies cannot be planned
or controlled and often varies significantly across patients
(Bachireddy et al. 2021).

Complex systems such as the tumor microenvironment are
constantly evolving, particularly with disease progression or ther-
apeutic interventions. Various cancerous and noncancerous cell
types engage in interactions that lead to diverse treatment out-
comes. Uncovering cross talk between tumor and immune cells
(Kumar et al. 2018), for example, can unravel immune dysfunction

mechanisms. Furthermore, characterizing the dynamic nature of
these interactions and their effect is crucial for understanding
mechanisms driving response or resistance to therapies and how
thesemechanisms can be leveraged to developmore effective ther-
apies (Yofe et al. 2020; Sievers et al. 2023; Maurer et al. 2024).

Current approaches for predicting cell–cell interactions using
scRNA-seq data rely on existing databases of interacting protein
complexes, and they predict interactions based on expression lev-
els of known receptor–ligand (R–L) pairs (Browaeys et al. 2020;
Efremova et al. 2020; Jin et al. 2021; Li et al. 2023). However, these
methods have several limitations. The effects and expression of R–
L subunits can vary across different cell types, a context-dependent
nuance often overlooked by existing tools. Reliance on databases
also limits the discovery of novel interactions and rare understud-
ied cell types. Finally, existing tools only predict static interactions.
They are not capable of inferring dynamic time-varying interac-
tions from the integration of time-series data sets and do not ob-
tain the strength or sign of interactions, for example, inhibitory
or activating cross talk.

Here, we present Dynamic Intercellular Interactions in Single
Cell transcriptOmics (DIISCO), an open-source tool (https://
github.com/azizilab/DIISCO_public) for joint inference of cell
type dynamics and communication patterns. DIISCO is a11These authors contributed equally to this work.
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Bayesian framework that infers dynamic interactions in scRNA-seq
data from nonuniformly sampled time points, incorporates prior
knowledge on R–L complexes, and quantifies uncertainty in
both its predictions and interpretations. Unlike previousmethods,
DIISCO can be trained on temporal data to learn how interactions
change over time between samples. We demonstrate the perfor-
mance of DIISCO on simulated data as well as newly generated
data collected from chimeric antigen receptor (CAR) T cells inter-
acting with lymphoma cells.

In brief, the key contributions of our work are: (1) construc-
tion of a probabilistic framework for modeling temporal dynamics
of diverse and interacting cell types in complex biological systems,
through the integration of scRNA-seq data sets collected across
nonuniformly sampled time points; (2) development of first-in-
class computational tool for predicting time-resolved cell–cell
interactions, alongwith the strength and sign (activating or inhib-
itory) of interactions, empowering discoveries of cell communi-
cation associated with progression of biological processes or
treatments; (3) a novel Bayesian framework for incorporation of
prior knowledge on signaling protein complexes with time-series
scRNA-seq data to improve identifiability of dynamic cell interac-
tions and quantify uncertainty; and (4) demonstration of perfor-
mance in simulated and experimental lymphoma-immune
interaction data.

Results

Overview of DIISCO

DIISCO captures the temporal dynamics and interactions of cell
types using scRNA-seq data from multiple time points. We define
cell types or states as clusters of cells with similar gene expression
profiles in scRNA-seq data. The time-series single-cell data are first
merged to define unique cell types or states through typical cluster-
ing approaches (Levine et al. 2015; Wolf et al. 2018). The pooling
of cells helps with improving statistical power in the detection of
rare cell types. Then, the number of cells assigned to each cell
type at each time point is computed and used as training data
for DIISCO (Fig. 1A). The cell type dynamics can be in the form
of cell counts at each time point or standardized proportions of
each cell type, that is, normalized by total cells in the sample col-
lected at each time point. Using proportions is often useful in com-
plex patient data where the sampling and quality of biopsies are
inconsistent over time points (Maurer et al. 2024).

Our first assumption is that cell–cell communication, espe-
cially if associated with response to external perturbation, can be
reflected in compositional shifts in cell states. In other words, a
positive or negative temporal correlation between two cell states
may be indicative of an activating or inhibitory interaction
between them, respectively. Our second assumption is that
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Figure 1. Overview of DIISCO framework. (A) General workflow of the DIISCO algorithm including inputs and outputs. Cell type proportions are com-
puted from scRNA-seq data in each time point. Expression of R–L complexes is incorporated to obtain time-resolved interactions between cell types. (B)
Network diagram of the model framework. (C) Graphical model of DIISCO, including all hyperparameters. Latent variables are depicted as white circles,
and observed variables are depicted as yellow-shaded circles. (D) Process for incorporating domain knowledge on R–L interactions as a prior for cell–cell
interactions into DIISCO.
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differential gene expression of R–L complexes by these correlated
cell types reinforces the likelihood of direct cell–cell communica-
tion. To improve predictive power in time intervals with low cell
numbers, we integrate time-series data and encode temporal de-
pendencies between interaction networks at different time points.
By simultaneously fitting the model to all detected cell states and
all time points, the algorithm effectively identifies the best sender
cell state communicating with each receiver cell state, and leverag-
es data observed in other time points, particularly the closest ones
to improve prediction at a given time point. The output of DIISCO
is twofold. It includes predicted cell type dynamics which is help-
ful for assessing model fit, for example, when tuning hyperpara-
meters. Additionally, DIISCO outputs a time-series interaction
matrix that reveals which cell–cell interactions are evolving with
time (Fig. 1A).

At its core, DIISCO utilizes a generativemodel. To capture the
temporal dynamics of cell types, that is, changes in their frequency
over time, while addressing the challenge of varying time inter-
vals, we deploy Gaussian process (GP) regression models (Wilson
et al. 2012; Methods). GPs provide sufficient flexibility with non-
parametric function learning, and therefore do not require any
knowledge of form or rate of changes of cell types, thus expanding
their applicability. They have been proven successful in integrat-
ing time-series single-cell data sets (Lönnberg et al. 2017), and in
identifying key cell states with distinct temporal dynamics shap-
ing response to immunotherapy in human leukemia (Bachireddy
et al. 2021). By utilizing GPs, which encode temporal dependen-
cies between all pairs of time points, we expand the utility of the
model not only to controlled experimental settings but also to sce-
narios with variable timing (e.g., patient data).

To encode dynamic interactions between cell types (Fig. 1B),
we draw inspiration from Gaussian process regression networks
(GPRNs) that have been previously applied to gene expression dy-
namics as well as data sets in finance, physics, geostatistics, and air
pollution (Wilson et al. 2012; Li et al. 2020). GPRNs are Bayesian
multioutput regression networks that leverage the flexibility and
interpretability of GPs as well as the structural properties of neural
networks. The ability to capture highly nonlinear and time-depen-
dent correlations between outputsmakes GPRNs ideal for learning
complex cell–cell interactions and their variability over time (Fig.
1C; Methods). Although previous methods have applied GPs
to learning cell type dynamics in time-series single-cell data
(Bachireddy et al. 2021), our method is the first to utilize a GPRN
framework for learning interactions between cell types, rather
than learning the dynamics of each cell type independently.

Finally, DIISCO utilizes an optional prior based on the ex-
pression of receptor–ligands (R–Ls) and learns interactions from
both R–L gene pairs and temporal dynamics of cell types, while re-
liance on R–Ls can be adjusted with the prior strength (Fig. 1D;
Methods). Utilizing the R–Ls is beneficial for constraining the sol-
ution space of interactions and improving model identifiability
and robustness.

DIISCO recovers time-resolved interactions in synthetic data

We first evaluated the performance of DIISCO on synthetic data by
constructing a data set with known dynamics and interactions
(Methods). We observe an accurate modeling of temporal dynam-
ics for five simulated cell states, even with volatile dynamics and
nonuniform sampling of time points (Fig. 2A,C).

Through these simulations, we noted DIISCO’s ability to un-
cover awide range of interactions, including constant interactions,

monotonically increasing or decreasing interactions, as well as
transient interactions (Fig. 2B,D). Distinguishing various forms
of interactions is important in biological data, especially in study-
ing the impacts of perturbations and disease progression, and in re-
solving the timing of critical cross talk. In the case of disease
progression, interactions between cell types may steadily increase
or decrease over time (such as in C4←C0 and C2←C1), for exam-
ple, as malignant cells become more prominent or immune cells
exhibit clonal expansion. Recapitulating these complex interac-
tions by DIISCO demonstrates its potential to derive insights
into dynamic cell communication.

Because sparse sampling of time points can typically occur in
real-world scenarios, particularly with clinical samples, we evaluat-
ed the robustness of ourmethod to the number of time points.We
repeated the described experimentwith removing a random subset
of time points, ranging from 0% to 90%, and observed sustained
performance even with 70% of time points removed (Fig. 2E). We
also tested the scalability of DIISCO by increasing the number of
clusters and timepoints (Fig. 2F), aswell as analyzing the algorithmic
complexity of DIISCO (Methods). Our empirical assessment of scal-
ability confirmed exponential scaling with the number of cell types
and time points; however, we still observe run times <5min for 100
simulated clusters and 20 timepoints using aGoogleCloudmachine
instance with 117 GB of RAM and 30 cores (Fig. 2D). This scalability
suggests DIISCO would be able to provide insight into large-scale
temporal cell atlases, should they become available.

To further benchmark DIISCO’s ability to infer temporal dy-
namics and interactions, we compared DIISCO’s performance
to both a linear model and a rolling linear model (Methods). We
also tested the importance of the prior, by comparing to models
with and without a prior incorporated. By simulating various sce-
narios with differing time points and noise (Methods), we con-
firmed that DIISCO accurately reconstructs temporal changes,
and demonstrates superior performance in predicting interactions
compared to baseline models without the prior (Fig. 2G;
Supplemental Tables S1, S2). The performance in predicting inter-
actions between cell types at measured time points becomes com-
parable to the rolling linear model if the DIISCO prior is
incorporated, underscoring the impact of promoting sparsity in
the interaction network. However, the baseline models are yet in-
capable of interpolating interactions between measured time
points, limiting the evaluation of interaction dynamics over
time. They are also unable to identify R–Ls or gene programs corre-
lated with time-resolved cell type interactions. Overall, DIISCO
performs both tasks of inferring smooth time-dependent interac-
tions without assumptions about functional form and incorporat-
ing prior knowledge in an integrated Bayesian framework, while
quantifying uncertainty and enabling downstream analysis of un-
derlyingmechanisms. This is an essential feature for biological ap-
plications and hypothesis generation for future investigations.

DIISCO characterizes dynamic interactions between

CAR T and lymphoma cells

To demonstrate an application of DIISCO to biological data, we
generated single-cell data from a controlled in vitro experimental
setting. Specifically, we cocultured green fluorescent protein
(GFP)-transduced anti-CD19 (CAR T cells togetherwithMEC1 cells
(Stacchini et al. 1999)—a B cell (chronic lymphocytic leukemia
[CLL]) leukemia cell line expressingCD19—as theCART cell target
(Fig. 3A; Supplemental Fig. S1A–C; Methods). We confirmed dose
response activation (cytotoxicity) of T cells by quantifying the
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percentage of remaining MEC1 cells. This showed a reduction in
MEC1 cell survival starting from 50% to 60% at an effector-to-tar-
get ratio of 0.125 to survival of <5% at an effector-to-target ratio of
4 (Supplemental Fig. S1D). We profiled four biological replicates
with scRNA-seq at 10 time points spanning 24 h, thereby obtain-
ing high-quality data for 49,283 total cells (Supplemental Table
S3). The data show compositional shifts with time, motivating
the use of this data set as a test case for investigating temporal in-
teractions with DIISCO (Fig. 3B).

We preprocessed this data by defining major cell types from
the combination of all replicate experiments to increase statistical

power. Through clustering and examining the expression of curat-
ed gene sets, we identified fourmajor cell types (metaclusters): can-
cer cells, exhausted CD8+ T cells, activated CD8+ T cells, and other
CD8+ T cells showing neither activated nor exhausted markers.
MEC1 cancer cells were annotated based on the expression of
CD19 and CD79A. T cells were annotated based on the expression
of CD3E, CD3D, and CD8A. Activated T cells were defined by ex-
pression of CD69, CD27, and CD28, whereas exhausted cells
were defined by expression of TIGIT, PDCD1, TGFB1, and LAG3
(Fig. 3C–E). Clusters that were positive for both T cell and MEC1
gene markers were removed as doublets. We acknowledge that
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doublets could also contain interacting cells. However, because we
only obtain one measurement of receptor or ligand gene, our cur-
rent method (as well as existing methods) cannot resolve them.
Future extensions deploying mixture models could help decon-
volve doublets.

After cell type annotation, proportions were calculated at
each time point, and DIISCO was trained on each experiment sep-
arately (Supplemental Fig. S2A,C). To construct the prior for inter-
actions, we obtained a set of 8234 literature-curated R–L pairs from
OmniPath, a database of cell signaling prior knowledge (Türei et al.
2016) and summarized the number of R–Ls with differential ex-
pression between each pair of cell types (Fig. 3F; Methods).

Applied to the CAR T and MEC1 data, DIISCO learned the
proportions of cell types, highlighting the expected decrease in
cancer cells over time and the increase in exhausted T cells (Fig.
4A; Supplemental Fig. S2A,C). We also inferred interactions be-
tween cell types and specifically observed strong negative interac-
tions predicted between cancer cells and exhausted CAR T cells, as
well as between activated and exhausted T cells (Fig. 4B,C;
Supplemental Fig. S2B,D). Investigating the dynamics of interac-
tions W(t) over time, as expected, we predicted an increase in
the strength of the interaction (|W|) with coculture time (Fig.
4C) between exhausted T cells and MEC1 cells, as well as in ex-
hausted T cells interacting with activated T cells, which was direc-
tionally specific. The former recapitulated the targeting of cancer
cells by T cells and the latter may be due to phenotypic shifts
from activated T cells becoming more exhausted or terminally dif-
ferentiated over time (Bachireddy et al. 2021). When comparing
DIISCO results across experiments, we note that the predicted in-
teractions (W) between cell types averaged over time remain con-
sistent for the strongest positive and negative interactions
(Supplemental Fig. S2E). Furthermore, the main interaction links
between exhausted T cell–MEC1 and exhausted–activated T cells
exhibit the same time-varying dynamics across experiments, dem-
onstrating DIISCO’s robustness and reproducibility across biologi-

cal replicates (Supplemental Fig. S2F,G). One benefit of DIISCO is
its ability to provide uncertainty estimates in interaction predic-
tions, andwe note that the uncertainty, as defined byone standard
deviation, increases after 12 h, due to increased sparsity in collect-
ed time points (Supplemental Fig. S3).

The ability to predict how interactions between exhausted
T cells and MEC1 cells evolve with time is a unique feature of
DIISCO, whereas other existing methods are not able to achieve
such time-resolved predictions. Indeed, we observed a positive cor-
relation between predicted interaction strength and coculture time
(Fig. 4C), in line with the cytotoxicity of T cells, that is, their in-
creased ability to kill cancer cells.

Additionally, we assessed the sensitivity of DIISCO to the in-
teraction prior by changing the interaction score threshold that we
used for quantifying the number of possible R–L complexes associ-
ated with a pair of cell states. A lower threshold would lead to a
larger solution space, whereas higher thresholds emphasize clus-
ters with the largest number of expressed R–L genes. We noted
that the average interaction strength predicted by DIISCO re-
mained stable, excluding the interactions that drop out with high-
er thresholds (Fig. 4D). Importantly, the ranking of most strongest
predicted interactions remained stable (Fig. 4E).

To assess the sensitivity of DIISCO to the number of cells, we
downsampled the cells in this data set and observed robust ranking
of interactions even when cells are downsampled to 30% of the
original numbers, with only minor changes when downsampling
40%–50% of cells (Fig. 4F–H; Supplemental Fig. S4A). To addition-
ally test sensitivity to user input, we also downsampled the time
points in this data set (Supplemental Fig. S4B). DIISCO recovers
similar dynamics even with 50% of time points dropped.
Tracking the average interaction strengths over time, we see robust
estimations even with 30% of time points dropped (Supplemental
Fig. S4C). This is also evident in the time-varying dynamics of
these interactions (Supplemental Fig. S4D,E). We additionally
sought to test sensitivity to clustering techniques, as users may
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utilize different preprocessing pipelines. We first tested DIISCO’s
performance on the individual PhenoGraph clusters without
merging them into metaclusters. The results show MEC1 cells
(clusters 10, 17, 22, and 23) have a decrease in proportion after
10 h post-coculture (Supplemental Fig. S5A). Activated T cells
(clusters 3 and 12) show higher proportions early in the experi-
ment and then decrease over time. This complements the dynam-
ics of exhausted T cells (clusters 9, 15, and 26) which are increasing
over time.

Examining the average W interactions over time, C10→C26
and C10→C9 are the strongest negative interactions
(Supplemental Fig. S5B,C). These are both MEC–exhausted T cell
links consistent with our previous results at the level of metaclus-

ters. The strongest positive interactions belong to C23→C9, C9→
C23, and C26→C9. These are MEC–exhausted T cell and exhaust-
ed T cell–exhausted T cell interactions. These results demonstrate
DIISCO’s robustness to various clustering methods and varying
data quality. One benefit to combining clusters into metaclusters
that define individual cell types is the ability to remove any self-
interactions. With multiple clusters representing exhausted T
cells, we see interactions between different exhausted T cell clus-
ters arise. Although there are cases where this may be important
to study, DIISCO has been built to study intercellular interactions
between different cell types, instead of within them.We also dem-
onstrate DIISCO’s robustness to the clustering method by repro-
cessing the data following SCANPY’s pipeline, including Leiden
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clustering to define cell types (Methods). We see similar results in
both dynamics and predicted interactions (Supplemental Fig.
S5D–F).

DIISCO outperforms existing methods in identifying cell

communication mediated by signaling molecules

To investigate mechanisms underlying the interaction between
MEC1 cells and exhausted T cells in our in vitro experiment, we
calculated the correlations between different R–L gene pairs and
the learned dynamic interaction (Fig. 5A). For calibration, we first
confirmed that CD19, the target of the engineered CAR, is highly
correlated with the interaction from exhausted T cells to MEC1
cells, as expected (Fig. 5A). Examining the MEC1→ exhausted in-
teraction, CD86–CTLA4 and CD80–CTLA4 were the top R–L pairs
ranked by ligand correlation (Fig. 5A). CTLA4 is an established
marker of T cell exhaustion, andCD80 andCD86 are costimulatory
molecules that are expressed inmalignant lymphocytes (including
B cells) in several hematologic diseases (Delabie et al. 1993;
Dorfman et al. 1997; Vyth-Dreese et al. 1998). Ranked by the high-
est average correlation, ICAM1–IL2RA was the top predicted R–L
pair. ICAM1 is a known regulator of inflammatory response and
is elevated in CLL patients with more severe disease progression
(Molica et al. 1995; Musolino et al. 1996; Bui et al. 2020).

Finally, we benchmarked the predicted DIISCO R–L interac-
tions against other methods including CellChat (Jin et al. 2021)
and CellPhoneDB (Efremova et al. 2020). We applied
CellPhoneDB and CellChat to log-normalized expression data
from all time points. We excluded any interactions within the
same cluster (i.e., MEC1→MEC1). R–L pairs were filtered based
on P-value (P<0.05), and we identified 260 significant pairs using
CellPhoneDB and 180 significant interactions using CellChat.

To compare these results to DIISCO-predicted interactions,
we calculated the correlation between the predicted receptor and

ligand expression over all time points. Our rationale is that if R–L
protein complexes mediate cell–cell interaction, their expression
levels on the corresponding sender and receiver cell types will like-
ly change concomitantly. Otherwise, the genes are less likely to be
involved in the cellular interaction and could rather be intrinsic
markers of the cell states. We observed a significantly higher
Pearson’s correlation for R–Ls in DIISCO-predicted interactions
than those predicted by other methods (Fig. 5B). Because changes
in the expression of receptor genes on the receiver cell type may
not be linearly associated with the corresponding ligand expres-
sion on the sender, we also calculated Spearman’s correlation,
again demonstrating a significant improvement with DIISCO
(Fig. 5B). Although all three methods identified the CD80/CD86–
CTLA4 interactions, only DIISCO predicted the ICAM1–IL2RA in-
teraction, which is the onewith themost time-varying expression.
Note that temporal changes in the expression of R–L genes are not
used in the DIISCO prior. Our results thus confirm the ability of
DIISCO to identify a monotonic increase in the expression of
R–L pairs underlying cell–cell interactions.

Further examining the overlap between methods, we noted
that the predicted interactions shared between DIISCO and
CellChat are the most correlated by both Spearman’s correlation
and mutual information as another metric, whereas the interac-
tions predicted by both DIISCO and CellPhoneDB are most corre-
lated using the Pearson’s correlation test (Fig. 5C). Combined,
these results confirmDIISCO’s ability to identify cell–cell commu-
nication that can be supported by coexpressed R–L gene pairs,
from time-series single-cell data.

As DIISCO learns interactions from the integration of time-
series data, we further compared DIISCO to CellPhoneDB applied
to different time points. Due to low numbers of cells in metaclus-
ters in individual time points, we were unable to apply
CellPhoneDB to each time point separately. Instead, we combined
the first 5 and last 4 time points into “early” and “late” time
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intervals to obtain pseudo-dynamic interactions. Identifying R–L
pairs that were only predicted in the “late” bucket suggests that
these interactions are growing in strength over time. Predicted
R–L interactions between MEC1–exhausted cells found with
both DIISCO and the “late” bucket in CellPhoneDB include
TNF-ICOS, FAM3C-PDCD1, and FAM3C-LAMP1. ICOS is known
to be expressed on activated T cells, and it has been investigated
as a costimulatory domain for CAR T cell therapy (He et al.
2022). High expression of TNF in CLL cells has been associated
with poor prognosis, andTNFhas been suggested as a potential tar-
get for CLL immunotherapies (Dürr et al. 2018). Even with the
bucketing approach CellPhoneDB did not predict CD80/CD86–
CTLA4 interactions, which have strong literature support for their
importance in CLL (Delabie et al. 1993; Dorfman et al. 1997; Vyth-
Dreese et al. 1998). CellPhoneDB also did not identify the ICAM1–
IL2RA interaction. This suggests that incorporating temporal dy-
namics is crucial for identifying R–L interactions most relevant
to the biological system.

Discussion

As longitudinal single-cell data sets becomemore prevalent, we be-
lieve DIISCO can provide a rigorous and flexible framework for
characterizing cell–cell communication and its temporal variabili-
ty, aiding in the understanding of disease progression and the im-
pact of treatments or perturbations in complex biological systems.

We demonstrate the performance of DIISCO in simulated
data as well as cancer-immune cell interaction data. In particular,
we show how the integration of time-series data and prior knowl-
edge of protein complexes in a probabilistic model leads to achiev-
ing dynamic intercellular interactions. The ability to infer the
sign and change in the strength of interactions with time is not at-
tainable with previous methods and is crucial for studying the im-
pact of perturbations such as treatment. In addition, DIISCO
provides insight into signaling mechanisms mediating dynamic
interactions.

The advantage of the probabilistic framework is that with
very few time points or long time intervals, DIISCO will present
high uncertainty for estimates.We also showhigh accuracy in syn-
thetic data for predictions even with sparse sampling of time
points. Although the interaction prior impacts model identifiabil-
ity, we showed that the strongest inferred interactions are robust to
the prior strength.

The choice of hyperparameters is essential for achieving inter-
pretable dynamics. We thus provide comprehensive guidance for
the choice of hyperparameters according to data quality and sam-
pling rate in Supplemental Information Section D. Additionally,
spurious correlations may emerge when using cell type propor-
tions due to the constraint of having all points in the simplex.
Supplemental Information Section E includes a short discussion
on this issue.

As DIISCO assumes that cellular interactions lead to shifts in
the cell state composition in the system, itmaynot be an appropri-
ate method if no changes in cell state proportions or numbers are
observed over time. Thismaybe the casewith communicationme-
diated by cells exhibiting static proportion. However, composi-
tional shifts frequently occur with perturbations such as therapy
or external stimuli, and are particularly relevant in clonally ex-
panding lymphocytes driving immune response, for example, in
hematological malignancies such as leukemia. We recently
showed that DIISCO can resolve time-varying dynamics associated
with response to therapy in single-cell data collected from relapsed

leukemia patient samples (Maurer et al. 2024). This data set in-
volves 74 longitudinal bone marrow samples from 25 heteroge-
neous relapsed leukemia patients. Furthermore, the number of
cells ranged from 144 to 14,584 high-quality cells across samples
and our results demonstrate DIISCO’s robustness to unbalanced
data sets. DIISCO revealed a cascade of immune interactions cen-
tered around a cytotoxic T cell subtype that expands with therapy,
and further identified potential R–L complexes associated with
predicted interactions.

To address limitations in relying on changes in cell type com-
position in other systems, DIISCO can potentially be adapted to
learn temporal correlations betweenmodules of coexpressed genes
instead of cell state proportions. Furthermore, there is an inherent
limitation in using R–L databases to learn interactions. Although
DIISCO addresses this limitation through binarization, the lack
of context-dependent information in these databases requires
the user to interpret the predicted interactions and downstream
gene networks relevant to the context. Identified interactions
should also be validated through literature searches or follow-up
experiments.

Future application of DIISCO to other clinical data sets can
elucidate cell–cell communication underlying response or resis-
tance to treatments such as immunotherapy. Deciphering the
mechanisms of response and lack of response to therapy allows
for more patient-specific therapeutics and offers the opportunity
to reverse-engineer new therapies for improved efficacy.

We envisionmultiple directions for building upon this work.
Notably, for clinical samples, incorporating priors that account for
sample size (i.e., total cells) could improve robustness by down-
weighting the influence of samples with very few cells. Recent ad-
vances in spatial transcriptomics also offer an opportunity to ex-
pand DIISCO and infer interactions from both temporal and
spatial dynamics by integrating spatial colocalization information.

Methods

Notations

We assume that we have K cell types with their frequencies mea-
sured at time points t1, …, tN. We define y(ti) as a K-dimensional
vector of observations at time ti where the kth dimension corre-
sponds to the frequency of the kth cell type. Additionally, we as-
sume we have a set of M unobserved time points tN+1, …, tN+M,
placed anywhere on the time axis, for which wewould like to infer
(interpolate) the cell type values y(tN+1),…, y(tN+M). We denote the
set of all time points as T = {t1, . . . , tN+M } and call T u the set of un-
observed time points T u = {tN+1, . . . , tN+M } and T o the set of ob-
served time points T o = {t1, . . . , tN }. We use the convention of ·u
and ·o to denote unobserved and observed variables, respectively.
In the remainder, for ease of exposition, wewill refer to y(ti) as pro-
portions with the understanding that either proportions or cell
counts could be used, although the results should be interpreted
in a different manner depending on the value used.

In addition to these features, we have a binarymatrixΛ of size
K×Kwhere Lk,k′ = 1 indicates that the kth cell type might interact
with the k′th cell type and Lk,k′ = 0 indicates that they do not. We
allow for nonsymmetric matrices to allow for directionality in in-
teractions. In practice, we obtain this matrix from measurements
of expression of known R–L complexes.

Model specification

DIISCO is a generative model that assumes cell type frequencies,
denoted as ŷ(ti), are derived from the following process (Fig. 1B):
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1. For every time point, we sample a set of latent features, f (ti)∈RK

where every feature, that is, every coordinate of f(ti), is a GP.We
call this setF = {f (ti)|ti [ T } and letF o andFu denote the set of
latent features at observed and unobserved time points,
respectively.

2. Similarly, we sample at each time point an interaction matrix
W(ti)∈RK×K where we also assume that each of the K×K co-
ordinates of W(ti) is a GP across time. We call this set
W = {W(ti)|ti [ T } and let Wo and Wu denote the set of interac-
tion matrices at observed and unobserved time points,
respectively.

3. Finally, we sample the standardized cell type proportions
ŷ(ti) [ RK. We do this by sampling from a multivariate
GaussianwithmeanW(ti)f(ti) and covariances2

y I. In otherwords:

ŷ(ti) = W(ti)f (ti)+ 1(ti) (1)

where 1(ti) � N (0, s2
y I) represents a zero-centered Gaussian

noise process. We use Y = {ŷ(ti)|ti [ T } to denote the set of all
standardized cell type proportions across all time points
with Yo and Yu having the same meaning as before. We also al-
low for the inclusion of a bias term b(t) such that
Y(t) = W(t)f (t)+ b(t)+ 1(t) where b(t) is centered at 0 and
has a kernel like that of W(t) but without any interaction regu-
larization. For brevity, we omit it as it is equivalent to extending
the model dimension by one, ignoring the last coordinate of
y(t), and setting the last coordinate of f(t) to be a GP centered
at 1 with infinite length scale.

Figure 1C depicts this process graphically and Algorithm 1 de-
tails the generative process. The arrows Wo � Wu and F o � Fu

represent tractable distributions that can be computed analytically
and can be sampled due to the properties of GPs. Thus, the model
only requires tractable operations that lead to the joint distribution
described. DIISCO currently ignores the original space that the
data lies in and makes the simplifying assumption that y(t) can
be treated as a vector in Rk rather than on the simplex or the space
of positive integers. Although these assumptions aid greatly in the
interpretability of the latent variables, further improvements using
distributions that truly match the real support of the data would
lead to better uncertainty estimates and predictions.

Algorithm 1: Generative process used by DIISCO

1: Input: Set of time points T , Number of latent features K,
Noise covariance s2

y .
Sampling of Latent Features

2: for each feature k∈ {1, …, K} do
3: Sample fk(t) � GP(mf

k(t), Kf
k (ti, tj))

4: end for
Sampling of Interaction Matrix

5: for each feature k∈ {1, …, K} do
6: for each feature k′ [ {1, . . . , K} do
7: Sample interaction Wk,k′ (t) � GP(0, KW

k,k′ (ti, tj))
8: end for
9: end for

Sampling of Observed Values
10: Sample a K-dimensional Gaussian noise process

1(t) � N (0, s2
y IK)

11: Compute standardized cell type proportions:
ŷ(t) � W(t)f (t)+ 1(t)

Model interpretation

The latent variableWi,j(t) represents the direction and effect of in-
tercellular interaction (signaling communication) from cell type j

to cell type i at time t. In particular,Wi,j(t) > 0 represents an activat-
ing effect, Wi,j(t) < 0 denotes inhibitory impact, and |Wi,j(t)| re-
flects the strength of the interaction. f(t)i is a latent variable that
represents the normalized proportion of cell type i at time t (Fig.
1B). DIISCO focuses on identifying interactions between different
cell states. Thus, in constructing the prior for W, we penalize self-
interactionsWi,i, such thatWi,j can be interpreted as the impact of
other cell types j≠ i on the dynamics of cell type i. We justify why
this interpretation is reasonable, given our choice of priors below.

Prior distribution over F

Intuitively, we aim for the latent features to align closely with stan-
dardized cell type proportions so that W(t), with suitable restric-
tions on the diagonal, learns to capture the interactions between
cell types by predicting the standardized proportion of one cell
type given the standardized proportions of the rest. We achieve
this by first defining for every feature an auxiliary zero-mean GP
on which we perform inference. Formally, for every k∈ {1, …, K},
we define an auxiliary GP with covariance function Kf given by

Kf (ti, tj) = vf exp − (ti − tj)
2

2t2f

( )
+ s2

f dij. (2)

where δij is the Kronecker delta function, and vf, τf, and σf are
shared hyperparameters denoting the variance of the latent fea-
tures, the length scale of the latent features, and the noise of the
latent features, respectively. We then update these auxiliary GPs
using the observations ŷk(ti) at the observed time points ti [ T o

which provides us with a posterior GP GP(mf
k, K

f
k ) that we use as

the prior for the GP corresponding to feature fk(t) in Algorithm 1.

Prior distribution over W

To further limit the solution space, and improve model robustness
and interpretability, we set two constraints on the sampling pro-
cess of W. First, we set off-diagonal elements to zero if the cluster
pairs do not express any complementary R–L pairs and second,
we zero out the diagonals when a row has at least one other non-
zero entry. In the case when we are dealing with proportions and
not raw counts, this also ensures that we avoid a trivial solution
due to the

∑
k yk(t) = 1. Formally, we achieve this by sampling

W(t) so that for k, k′ [ {1, . . . , K}.

Wk,k′ (t) � GP(0, KW
k,k′ (t, t)) (3)

where

KW
k,k′ (t, t

′) = vWexp − (t − t ′)2

2t2W

( )
+ s2

W if k = k′

0 if k = k′ or Lk,k′ = 0

⎧⎪⎨
⎪⎩

(4)

and vW, τW, and σW are shared hyperparameters, retaining the
same interpretations as before. To constructΛ, we scan for comple-
mentary expression of known R–L pairs, that is, when the sending
cluster expresses a ligand at a defined threshold and the receiving
cluster expresses the complementary receptor at a similarly de-
fined threshold (Fig. 1D). This threshold is user-specified, as differ-
ent genes are captured at different rates in sequencing data and a
single threshold may not be an accurate representation of relative
expression across all genes.

We then quantify the number of these interactions expressed
by cluster pairs. The number of R–L pairs does not necessarily
determine the strength of interaction, and a single complementary
R–L pair could be biologically important. To account for this, we
set a binarization threshold. The binarization threshold can be

Park et al.

1392 Genome Research
www.genome.org

 Cold Spring Harbor Laboratory Press on June 9, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


set by users and may be datatype-specific. A very high threshold
leads to a prior that is too sparse andmay lead to losing potentially
relevant interactions, whereas a very low threshold may lead to
spurious interactions. The threshold is user-specified and deter-
mines the sparsity of the prior during the binarization step.

To demonstrate the robustness of predicted interactions to the
threshold, we performed additional sensitivity analysis by dropping
30%–70%of the R–L pairs in theOmniPath R–L database.Whenwe
drop different percentages of R–L pairs, we obtain a similar distribu-
tion of interaction scores (Supplemental Fig. S6A–C). By specifying
a threshold guided by the knee point of these distributions, we
achieve the same prior using 30% or 70% of the data. By changing
the threshold to account for downsampled or incomplete interac-
tions, we can retain flexibility in the model and utilize a consistent
prior. Unfortunately, similar to current interaction methods like
CellPhoneDB or CellChat, if there is a bias in the database where
certain cell types are underrepresented, we are unable to capture
that in the predicted results. Future databases expanding these in-
teractions can improve results obtained with DIISCO.

By binarizing the R–L interaction matrix, we allow for more
model flexibility while also limiting the solution space to exclude
clusters with no complementary R–L expression. This final binary
matrix is defined as Λ, and as shown in Equation 4, the value of
Lk,k′ determines whether the model allows for a possible interac-
tion between cell types k and k′. In practice, we build the prior us-
ing OmniPathDB, a database used by more traditional interaction
methods like CellPhoneDB (Türei et al. 2016). However, it is im-
portant to note that R–L databases lack context-dependent infor-
mation and are often incomplete with many interactions having
not been characterized yet in literature.

Inference

Due to the complex nature of the model, it is not possible to per-
form inference analytically. Instead, we deploy a two-step approx-
imate inference method combining both analytic and
approximate techniques.

Specifically, we: (1) perform approximate inference to
obtain samples from an estimate of the posterior distribution
p(Wo, F o|Yo); and (2) perform ancestral sampling and standard
GP conditioning to obtain an approximation to the posterior dis-
tribution p(Wu, F u, Yu|Yo, Wo, F o). Supplemental Information
Section B provides a justification for this approach. Below we
describe in detail how we perform each of these steps.

Approximate inference

To approximate p(Wo, F o|Yo), we use variational inference imple-
mented using Pyro (Bingham et al. 2019), a probabilistic program-
ming language written in Python. Within this framework, we
define a parameterized distribution qf(Wo, F o) and then optimize
the parameters ϕ to maximize an estimate of the evidence
lower bound (ELBO) (Blei et al. 2017) via a gradient descent
algorithm. In the situation where the hyperparameters are fixed,
this is equivalent to minimizing the KL divergence
KL(qf(Wo, F o)||p(Wo, F o|Yo)).

In this case, the ELBO is given by

L(f) = Eqf(Wo , F o)[ log p(Yo, Wo, F o )− log qf(Wo, F o)] (5)

and we define qf(Wo, F o) as a multivariate Gaussian factorized by

qf(Wo,F o)=
∏

k,k′[{1,...,K}

N (Wk,k′ (T o)|m̂W
k,k′ , Ŝ

W
k,k′ )

∏
k[{1,...,K}

N (fk(T o)|m̂f
k, Ŝ

f
k)

(6)

where m̂W
k,k′ [Rn and ŜW

k,k′ [Rn×n are the mean and covariance of
Wk,k′ (T o), m̂

f
k and Ŝ

f
k are the mean and covariance of fk(T ),

Wk,k′ (T o) denotes the vector of values of Wk,k′ (t) for t[T o and
fk(T o) denotes the vector of values of fk(t) for t[T o.

In other words, we assume that the latent features and the in-
teraction matrix are independent of each other, but they are de-
pendent across time points, and this dependency is captured by
the mean and covariance of the Gaussian distribution. In practice,
we parameterize the Cholesky decomposition of the covariance
matrix rather than the covariance matrix itself and use Adam
(Kingma and Ba 2017) to optimize the parameters ϕ. Due to the
amount of computation required for using this variational family,
we also provide in the package the option to use amean-field guide
where each variable is fully independent from the others and is pa-
rameterized by a one-dimensional normal distribution, where
qf(Wo, F o) =

∏
z[Wo<F o

q(z|mz, sz). We refer to the family with
the time-wise dependency structure as the partially factorized var-
iational family, and the one with a full diagonal covariance as the
fully factorized variational family.

To perform optimization, we used an expectation with the
form Eqf(Z)[hf(Z)] where Z = (Wo, F0) and h represents the func-
tion inside of the expectation in Equation 5. This is problematic
for taking the gradient with respect to ϕ because it appears both
in the distribution with respect to which we are taking the expec-
tation and in h. However, using the fact that if L=Cholesky(Σ),
1 � N (0, Id) and z = m+ S1 then z must be distributed as
N (m, S), it is easy to see that one can rewrite the expectation as
ED(1)[h(z(1, f))] where D is a multivariate normal distribution
with identity covariance and z(1, f) maps this random variable
to the equivalent Z values using the above approach. We use this
reparameterization trick (Kingma and Welling 2022) to construct
and estimate the gradient of the ELBO. Supplemental
Information Section C outlines the inference algorithm and pro-
vides details of ancestral sampling.

Algorithmic complexity and scalability

An important consideration for GP-based models is their
scalability and time complexity. For DIISCO, using either varia-
tional family, the computational complexity of approximate infer-
ence is of the order O(|T o|3K2) per gradient step and the exact
conditioning step leads to a computational complexity of
O(K2(|T o|3 + |T o|2|T u|)) for either sampling or computing the
means. Supplemental Information Section F details which exact
operations lead to the above bounds.

Nevertheless, for most of the data sets that could appear in
practice the algorithmic complexity is not an issue, especially
when using the fully factorized normal guide. To demonstrate
this, we ran DIISCO on various simulated data sets with different
sizes of T o and K to benchmark the performance. Specifically, we
constructed the data sets by sampling the K GPs with half of the
processes being independently sampled and the other half being
a linear combination of the independent ones. The values for
the linear combinationwere also sampled from aGPwith 10 times
the length scale of the independent ones, which was set to 1. To
simulate sparsity for every nonindependent process, we selected
at random a number between 0 and floor(K/2) and then proceeded
to zero out that many values in the linear combination. The ob-
served time points were sampled uniformly between 0 and 10.
We then ran DIISCO for up to 50,000 iterations with early stop-
ping if there were no improvements for over a 1000 iterations.
We conducted these experiments on a Google Cloud machine in-
stance with 117 GB of RAM and 30 cores. Figure 2F shows that the
run-time remains under 5 min even when fitting to up to 100
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clusters and 20 time points, which are reasonable dimensions for
comprehensive time-series single-cell data sets.

Benchmarking with simulated data

To understand the behavior of DIISCO under different scenarios,
we conducted a benchmarking experiment using simulated data.
We specifically aimed to evaluate the ability to predict interactions
with nonzero strength. Details of this process are provided below.

Data generation

To define ground truth interactions for W, we simulated seven
nonzero dynamic interactions among 5 cell types using the equa-
tions below. To include cases of isolated cell types that do not in-
teract with others, we also allow nonzero diagonals in the prior
for a subset of cell types. This can alternatively be captured with
a bias term. In particular, we assume:

W0,0(t) = 1
W1,1(t) = 1
W4,0(t) = cos(t/30)

W2,1(t) = cos((t − 10)/30)
W3,0(t) = cos((t + 20)/40)
W3,1(t) = sin((t + 20)/40)
W4,2(t) = cos((t + 10)/20)

Any interactions not listed above were set to 0. Data points were
generated using the following equations:

c0(t) = 1
2
cos((t + 5)/3)+ cos(t/5)+ 11(t)

c1(t) = sin((t + 1)/2)+ cos(t/3)+ cos((t + 0.5)/3)+ 12(t)

c2(t) = W2,1c1(t)+ 13(t)

c3(t) = W3,0c0(t)+W3,1c1(t)+ 14(t)

c4(t) = W4,2c2(t)+W4,0c0(t)+ 15(t)

where 1 is a noise term drawn for each time point for each cluster,
and 1i(t) represents noise processes.We run these simulationswith
two different epsilons, with a standard deviation equal to 0.1 and
0.5 to represent differences in data quality. We create the data set
by sampling 100 points uniformly between 0 and 100 and then
randomly downsampling the data to a range between 10 and 90
time points. Based on this generative process, c0 and c1 are inde-
pendent and act on c2, c3, and c4 with different interaction
strengths dependent on a time-varyingW. We set the following el-
ements of the prior matrix:

Lc0,c0 = Lc0,c1 = Lc0,c2 = Lc0,c3 = Lc0,c4 = Lc1,c1 = Lc1,c2 = Lc1,c3

= Lc2,c4 = 1. (7)

All other elements of Λ are set to 0. To address potential issues with
colinearity, any cluster pairs that were correlated but not causally
related through the defined equations were set to 0. We follow
the guide in Supplemental Information Section D. For fitting the
model we let τF=5, σf=0.1, vf=3, σw=0.01, vw=20, σy =0.1 and
we place a gamma hyperprior on the length scale of W with 90%
of the mass between 10 and 30. For this simple example, we use
the DiagonalNormal guide and Adam (Kingma and Ba 2017)
with a learning rate of 0.005.

Baseline models

We compare DIISCO against two baselines.

1. Linear model: We fit a linear model on the centered version of
the data. For a fair comparison, we only regress yk(t) on all
yk′ (t) such that Lk,k′ = 1. We also provide a version without us-
ing the prior.

2. Rolling linear model: As with the pure linear model, we fit a
linear model on the centered version of the data with regressors
chosen via Λ. However, unlike the previous model, at every ob-
served time point tobs, we fit a separate linear model containing
only the data points in the set {yk(ti) | 1 ≤ i ≤ N, |t − tobs| , 1}
or the closest nmin-closest data points, whichever set is larger.

nmin-closest and 1 are hyperparameters chosen by the user. We
also provide a version without using the prior we construct.

We chose these models as they capture particular aspects of
DIISCO, such as linear dependency structure and, in the case of
the rolling model, changing dependence through time.
However, the baseline models are limited in that they do not cap-
ture uncertainty in the predictions and do not include a priori bi-
ases on smoothness.

Converting latent W matrix to 0–1 interactions

The result of DIISCO is a continuous latent matrix W(t). Because
this matrix can be large as it scales with the square of the number
of cells, it is important to find a method of discretizing it automat-
ically to determine whether a cell is active or not. A helpful guide-
line for our experiment is to say that the cell i interacts with
another cell j at time t if |E[Wi,j(t)]| ≥ CŝW , where C is a user-deter-
mined constant and ŝW is the standard deviation of all values of
the form |E[Wk,k′ (t)]| with k, k′ [ {1, . . . , K} and t∈ {t1, …, tN}. In
our experiments, we found that setting C=1 is a good heuristic,
but this might vary depending on the sparsity assumptions that
a practitioner might have about their data. We emphasize that
this heuristic can only be applied if the data has been scaled and
centered so that themagnitude of the coefficients can be interpret-
ed meaningfully.

CAR T data collection

CD19 CAR T cells were generated by transducing healthy donor
T cells with third generation lentiviral vectors encoding a bicis-
tronic construct containing either FMC63 CD19 scFv-CD28-
CD3ZETA (currently known as CD247) and GFP or FMC63 CD19
scFv-41BB-CD3ZETA (Supplemental Fig. S1A; Nicholson et al.
1997). Peripheral blood mononuclear cells were resuspended at 2
×106/mL and seeded at 1 mL per 24-well plate and activated
with CD3/CD28 Beads. The next day, fresh media was added
with IL2 to a final concentration of 100 IU/mL. Six hours later cells
were harvested, counted, and resuspended at 0.6 × 106/mL, and 0.5
mL was seeded into a 24-well plate precoated with RetroNectin
(Supplemental Fig. S1C); 1.5 mL of lentiviral supernatant was add-
ed to eachwell with fresh IL2 to a final concentration of 100 IU/mL
and spun for 40min at 1000G. Two days later cells were harvested,
resuspended at 0.5 × 106/mL with 50 IU/mL of IL2 and left to ex-
pand and split every 48 h. Transduction efficiency was assessed
by determining the percentage of GFP+ T cells.

Cocultures of CD19 CAR T cells andMEC1 cell line (ATCC), a
CLL cell line that constitutively expresses CD19, were established
at various effector-to-target ratios and at different time points
(Supplemental Table S3). Cocultures were harvested together and
stained with hashing antibodies (Biolegend), normalized, and pre-
pared for scRNA-seq on the 10x Genomics Chromium platform.
Experimental details for each of the four experiments are found
in Supplemental Table S3.

CAR T data preprocessing and analysis

Each coculture experiment was hashed by time point according to
Supplemental Table S3. Demultiplexing was done in R as detailed
below: All cells with <200 detected UMIs were removed as empty
droplets. For each cell, hashtag oligos (HTOs) were ranked accord-
ing to detected counts, and the standard deviation and mean for
HTOs ranked 2–4 were calculated. Cells were removed if the differ-
ence between HTO2 and HTO3 were within 1 SD and if HTO2 was
within 15% of the mean of HTO2–4. Finally, the top 2 HTOs for
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each cell were used as cell identifiers and matched based on
Supplemental Table S3.

All count data across all four experiments was aggregated and
log-normalized as (log(0.1 + counts)). Data were visualized by
UMAP, based on principal component analysis (PCA) with eight
components. Clustering was performed on 15 PCA components,
using PhenoGraph (Levine et al. 2015) and a k-nearest neighbor
(kNN) with n=15. Thirty clusters were found, and then separated
into four different metaclusters. MEC1 cells (clusters 1, 7 8, 10, 17,
22, 23, and 24) were defined based on differential expression of
IKGC,CD79A,MS4A1, andCD19. T cells were defined based ondif-
ferential expression ofCD3D andCD3E. Exhausted T cells (clusters
0, 6, 9, 11, 15, 21, and 26) were defined based on TIGIT, CTLA4,
PDCD1, IL10, TGFB1, LAG3, and activated cells defined based on
the expression of CD69, CD27, and CD28. Any CD8+ cells that
did not express activation or exhaustion signatures were grouped
into a separate fourth category (clusters 19 and 28). The following
clusters were removed as doublets: 2, 11, 14, 16, 20. All other clus-
ters were removed due to low library size.

To construct Λ, we first obtained a set of 8234 literature-curat-
ed R–L pairs from OmniPath, a database of cell signaling prior
knowledge (Türei et al. 2016). For each cell type pair k, k′ in the ex-
periment, we quantified interactions as the number of differen-
tially expressed ligand genes in cell type k with their
corresponding differentially expressed receptor genes in cell type
k′ at each time point. These interaction count values were averaged
across all time points in the experiment and then thresholded to
obtain the binary interaction prior matrix Λ, where Lk,k′ signifies
whether cell types k and k′ can interact a priori. The threshold
was chosen with a data-driven approach according to the knee
point of sorted values.

CAR T data preprocessing—Leiden comparison

Count data for all CAR T replicates was aggregated and filtered
according to the SCANPY scRNA preprocessing tutorial (https://
scanpy.readthedocs.io/en/stable/tutorials/basics/clustering.html).
Cells expressing <100 genes were removed, and any genes ex-
pressed in <3 cells were removed. Scrublet was then used, via scan-
py.external.pp.scrublet() function to remove doublets. Data were
log normalized. The kNN neighbor graph was built on 20 PCA
components and 10 neighbors, and Leiden clustering was then
used to define clusters with the resolution set to 0.5. Clusters
were then sorted into cell types based on gene expression. T cells
were assigned based on expression of CD3E, and CD3D. Clusters
5 and 6 were designated as exhausted T cells based on the expres-
sion of TIGIT, CTLA4, PDCD1, IL10, TGFB1, and LAG3. Clusters 7,
9, and 17 were assigned as activated T cells based on expression of
CD69, CD27, and CD28. Clusters 0, 3, 4, 11, 14, and 15 were des-
ignated as MEC1 cells based on the expression of IGKC, CD79A,
MS4A1, and CD19. Clusters 1, 2, 13, and 16 were designated as
Other CD8+ T cells, and clusters 8 and 10were labeled as additional
doublets and removed due to contradictory expression of both T
cell and MEC1 markers. Proportions were calculated by normaliz-
ing to total numbers of cells in clusters.

DIISCO design parameters

CAR T experiments

Hyperparameters used for all coculture experiments are as follows:
σF=0.5, σW=0.1, σY=0.5, τF=6.5, τW=6.5, vF=1, vW=1.
Threshold on number of interactions used for prior chosen based
on midpoint for the histogram of values.

For all CAR T DIISCO runs, the model was trained with
10,000 iterations and a learning rate of 0.00005, and the

MultivariateNormalFactorized guide. For predictions,
10,000 time points were sampled, and all confidence intervals
were calculated using all predicted time points to be within one
standard deviation and show the 84th and 16th percentile. Exper-
iment Bwas excluded in comparison due to differences in Effector:
Target ratio compared to all other experiments (Supplemental
Table S3).

We used Experiment C to further evaluate the sensitivity of
DIISCO to the following parameters:

1. Number of cells: Cells were subsampled by randomly removing
10%, 30%, 50%, 70%, and 90% of cells from the original set of
Experiment C cells. For each subsample, metacluster propor-
tions were calculated and a separate DIISCOmodel was trained.

2. Number of time points: Separate DIISCO models were trained
on the original Experiment Cmetacluster proportions after ran-
domly removing proportions at 10%, 20%, 30%, 40%, and 50%
of the observed time points.

3. Clustering resolution: Cluster proportions were calculated for
the higher-resolution PhenoGraph clusters instead ofmetaclus-
ters. A new interaction prior was constructed based on cluster-
level R–L expression. A new DIISCO model was trained using
the cluster-level proportions and interaction prior.

4. Clusteringmethod: Same as 3, but cluster proportions were cal-
culated for Leiden clusters instead of PhenoGraph clusters, as
described in section “CAR T data preprocessing—Leiden
comparison.”

R–L comparison

CellPhoneDB version 2.0.0 was applied to generate interactions
in Experiment C. To filter predicted interactions, we only reported
R–L pairs that had nonzero counts in the respective sender and re-
ceiver clusters and P<0.05. For running CellChat in RStudio, we
used the default human CellChat database (Jin et al. 2021;
R Core Team 2022). For both methods, all time points were aggre-
gated to increase statistical power. To compare the results between
all three methods, we focused on the MEC→ exhausted interac-
tion. Spearman’s and Pearson’s correlations were calculated with
the SciPy package, and mutual information was calculated using
sklearn package for the union of all R–L pairs predicted by any of
the three methods.

We further ran CellPhoneDB on “early” and “late” time
points grouped together. “Early” was defined as the first 5 time
points and “late” was defined as the last 4 time points. We then
ranCellPhoneDB and processed the predicted interactions asmen-
tioned above. To compare to DIISCO, we limited predicted interac-
tions to ones that were in either the “early” or “late” set, not both.
We then compared the predicted R–L pairs fromDIISCO and from
these two bucketed groups, identifying R–L pairs shared between
both methods and ones unique to either method.

Data access

All raw andprocessed sequencing data generated in this study have
been submitted to the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.nlm.nih.gov/geo/) under accession number
GSE255888. The DIISCO package and notebooks for generating
the figures in this manuscript are publicly accessible at
GitHub (https://github.com/azizilab/DIISCO_public) and as
Supplemental Code.
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