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Abstract

Single-cell RNA sequencing trades read-depth for dimensionality, often leading to loss of critical signaling gene information that
is typically present in bulk data sets. We introduce DURIAN (Deconvolution and mUltitask-Regression-based ImputAtioN), an
integrative method for recovery of gene expression in single-cell data. Through systematic benchmarking, we demonstrate the
accuracy, robustness and empirical convergence of DURIAN using both synthetic and published data sets. We show that use of
DURIAN improves single-cell clustering, low-dimensional embedding, and recovery of intercellular signaling networks. Our study
resolves several inconsistent results of cell–cell communication analysis using single-cell or bulk data independently. The method
has broad application in biomarker discovery and cell signaling analysis using single-cell transcriptomics data sets.
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Introduction
Single-cell RNA sequencing (scRNA-seq) provides insights
into the diversity of tissue composition and regulation in
multi-cellular organisms [1, 2]. It can also dissect cellular
development process using lineage inference [3, 4] or
transcriptional dynamics [5–7]. More recently, cell–cell
communication analysis with scRNA-seq measurements
has drawn increasing attention to reveal the complex
multiscale signaling regulations during cell development
or disease [8, 9]. These advances were made possible
using existing sequencing technologies by embracing a
fundamental trade-off between sequencing depth and
sequencing breadth [2, 10].

In single-cell data, the possibility of undetected
transcripts (commonly referred as the ‘dropout’ phe-
nomenon), which results from various factors such as
biological noise, limited capture efficiency or amplifi-
cation bias [2, 10, 11], can pose serious threats for the
performance and validity of downstream analysis. For
instance, current analytical tools for cell–cell communi-
cation commonly quantify the strengths of intercellular
communications through the gene expression values
of ligand and receptor pairs in corresponding sender
or receiver cells [8, 12, 13]. Therefore, dropout of key
signaling ligand genes [8, 14] in single-cell data sets
may affect the accurate inference of cellular interaction
relations. Historically, confirmation of these dropout
events involves analysis of traditional bulk RNA sequenc-
ing data sets, where the measurements of important

genes are likely to remain, due to greater read depth
and immunity to biological sources of dropout such as
stochastic gene expression because of averaging effects
[2, 15]. On the other hand, bulk data lack the resolution to
distinguish the specific celltypes in tissues. An important
strategy called deconvolution [16–19] is necessary to
resolve the heterogenous celltypes in bulk data sets.
With the increasing availability of data sets containing
both measurements of single-cell and bulk sequencing
in clinical studies [20, 21], it is also necessary to develop
computational methods to integrate the single-cell and
bulk data sets efficiently and effectively.

To deal with dropouts and impute single-cell data,
many algorithms have been developed. The pooling
approach implemented scran R package used a hier-
archical model of sparsity to address biological sources
of dropout at the normalization stage [22]. The SCDE
and ZINB-WAVE packages explicitly account for dropout
at the differential-expression stage [15, 23]. ZIFA [24],
URSM [25], CIDR [26] and scVI [27] represent dropout
within a dimensionality-reduction framework. Methods
such as ScImpute [28], VIPER [29] and SAVER [30] fit a
sparse regression model whose response is the observed
expression value.

In addition, McImpute [31] and PBLR [32] exploit
the low-rank structure of single-cell data to perform
imputation of dropout reads. However, these algorithms
focus solely on the single-cell data, lacking the ability to
enforce consistency with bulk data sets.
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Although we present DURIAN (Deconvolution and
mUltitask-Regression-based ImputAtioN) primarily as
a tool to enhance downstream analysis via dropout
imputation, the simultaneous deconvolution of bulk
data by DURIAN is essential to this task. Existing
approaches for bulk data deconvolution rely either on
marker-gene specification to constrain the output of an
unsupervised method or on additional data sets to allow
supervised learning. Semi-supervised methods such as
CellMix utilize specific markers for non-negative matrix
factorization [33, 34], whereas mixture model-based
methods such as RNA-Sieve and BayICE aim to perform
variable selection implicitly [35, 36]. Supervised methods
such as MuSiC [37] and Bisque [38] use weighted non-
negative least-squares (NNLS) regression to estimate
the bulk celltype proportions by incorporating multiple
single-cell data sets with gene-specific weighting or
corrections, and SCDC [39] proposes the ensemble
approach for deconvolution across multiple single-
cell references. High-confidence prior knowledge about
marker genes or multiple single-cell reference data sets
are important to the robust performance of current
deconvolution algorithms [19].

Recently, new methods have been proposed to impute
single-cell data by utilizing bulk measurements. URSM
[25] fits a unified generativemodel of single-cell and bulk
measurements, which involves specific assumptions
about dropout mechanisms and counts distributions,
yet to be justified for data sets generated from different
sequencing platforms or biological systems. SCRABBLE
[40] utilizes the data-driven approach of low-rank
matrix completion, constraining the imputation by
integrating bulk and single-cell data sets to enforce
consistency between the average imputed expression of
each gene and its bulk-sequencing counterpart, though
the heterogeneous celltype fractions in bulk samples
have not been fully accounted for. Thus, an efficient and
flexible computational framework to simultaneously
and explicitly accommodate single-cell imputation and
bulk deconvolution is still lacking.

Here, we introduce the modular, iterative learning
framework DURIAN, which imputes single-cell data with
more efficient use of bulk data by taking deconvoluted
celltype profiles into consideration. To facilitate this,
DURIAN alternates between the deconvolution of bulk
data sets and the imputation of single-cell data sets
(Figure 1). In the deconvolution step, the bulk celltype
fractions are estimated with respect to imputed single-
cell biomarkers; whereas in the imputation step, the
sparse single-cell expression matrix is further refined
under the guidance of deconvoluted celltype fractions
and expression values in bulk data sets. We designed the
benchmarking on both synthetic and downsampled real
data to reveal the accuracy and robustness of DURIAN
and inspected the empirical convergence of the iterative
algorithm. We then applied DURIAN to clinical and
experimental data sets, demonstrating its capability to
improve signals in single-cell data and highlighting its

unique integration of single-cell and bulk data sets for
cellular communication analysis.

With respect to our benchmarking of DURIAN against
existing imputation methods, we focus on approaches
which encompass both similar and distinct approaches
to our own: smoothing approaches that perform naive
clusterin on the data to generate a reference profile
(DrImptue), convex rank-minimizationmethods (SCRAB-
BLE, DURIAN, CMF-Impute), hierarchical generative
methods that simulate missing reads from a posterior
predictive distribution, based on some causal hypothesis
about the data (URSM, DURIAN-dsLDA), methods that
utilize bulk data to regularize imputation estimates
(SCRABBLE, URSM, DURIAN), iterative methods that
involve structure-recovery of paired bulk data to aid
dropout-detection (DURIAN, URSM) and graph-based
smoothing methods (G2S3).

Results
Overview of DURIAN
Input for DURIAN includes a single-cell data set and
a second bulk (or pseudobulk) data set (Figure 1A and
B). At each iteration, DURIAN first computes the decon-
volution, an estimate of the percentage of each cell-
type in the bulk data (Figure 1C). Either Gibbs sampling
or non-negative regression may be used for deconvolu-
tion, depending on the research priority and available
metadata. The scheme under this modular approach is
outlined in Algorithms 1 and 2 (Supplementary Text),
following notation provided in Supplemental Methods.
Regardless of algorithm selection, deconvolution of the
bulk data is supervised by the original single-cell data
during the first iteration and by the current single-cell
imputation estimate during all subsequent iterations.
Following deconvolution, the deconvolution map is con-
structed (Figure 1D). The deconvolution map converts
the current imputation estimate to a pseudobulk refer-
ence for the observed bulk data via the deconvolution
estimate (Supplemental Methods). Next, the imputation
objective is updated based on the deconvolution map
and the minimum-rank imputation estimate is com-
puted (Figure 1E). This imputation is constrained by the
difference between the continuously updated pseudob-
ulk reference and the observed bulk data (Supplemen-
tal Methods). The next DURIAN iteration then begins
with deconvolution of the bulk (Figure 1C), supervised
by the newly imputed single-cell data. Stopping crite-
ria are satisfied when the optimized objectives of two
successive DURIAN iterations are within tolerance, or
a maximum number of iterations has been performed.
Empirically, this scheme leads to correlated improve-
ment in both imputation and deconvolution as DURIAN
converges (Figure S1). The final output includes both the
final deconvolution of the bulk data and the imputed
single-cell data (Figure 1F and G). Direct applications of
this output include inference of intercellular communi-
cation networks (Figure 1H), based on complete data.
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Figure 1. Schematic of DURIAN method. (A) Input: single-cell expression data (m × n). (B) Input: bulk expression data (m × w). (C) Deconvolution
of bulk data, yielding a matrix of celltype proportions (w × k). (D) Construct deconvolution map (m × w) where each column corresponds to the
pseudobulk average of the current imputation result according to the celltype ratios calculated in (C). (E) Update the imputation objective with the
current deconvolution map. Perform imputation to replace zeros in the single-cell expression data (m × n) with estimated counts. Finally, update the
deconvolution model with the imputation estimate. (F) Output: final deconvolution matrix of celltype proportions (w × k). (G) Output: final estimate of
single-cell data with dropout replaced by imputed reads. (H) Application: use imputed single-cell data to directly compute cell-signaling patterns.

Iterative imputation scheme
Imputation of single-cell data in DURIAN fits a convex
optimization objective utilizing a tissue-matched bulk
data set to improve accuracy. Here �̃ represents the
deconvolution of the bulk data W (Equation 1), which
is initialized using raw single-cell data, and based on
the imputation estimate X̃ during subsequent iterations.
Once �̃ is estimated, we update the deconvolution
map S̃, a matrix whose individual columns represent
the pseudobulk reference for the corresponding bulk
sample in W (Equation 2). Finally, dropout reads in X
are imputed based on the singular-value thresholding
scheme described in [41], which is closely related to the
ADMM implementation described in [40]. The 1st term in
Equation 3 ( 12‖P�(X) −X0‖2F) penalizes the imputation (X)

of nonzero entries recorded in the original unimputed
data (X0) by projecting X onto P�(X). The projection
operator P�(·) sets any entry in the argument to zero
which was zero in the X0 before imputation. Thus, if any
nonzero entry in the original data X0 is altered, term
1 of Equation 3 will be positive and zero otherwise. In
contrast to SCRABBLE, we utilize a deconvolution map to
pull information from celltype-specific gene expression
signatures in the bulk data via the 3rd term in Equation 3.
In particular, the parameter β (Equation 3) penalizes the
discrepancy between the expression levels X̃ estimated
by imputation and observed bulk dataW.We also include
the standard parameters for convex matrix completion
[40, 41] in Equation 3: the parameter α penalizes the rank
of the imputed data X̃, and the parameter γ controls
the ADMM learning rate. Mathematical details of the
two deconvolution approaches we address under this
scheme (including our novel topic model), in addition to
pseudocode for DURIAN under these two approaches,

are provided in the Supplemental Methods.

�̃ = deconv(W, X̃) (1)

S̃ = �̃�̃, �̃ = X̃IX

IXi,j =
{
1 cell i is of type j
0 otherwise

(2)

X̃ = argmin
X≥0

(
1
2

‖P�(X) − X0‖2F + α‖X‖∗ + β‖S̃ − W‖22
)

(3)

Imputation benchmarks for downsampled and
synthetic data
We compared the performance of DURIAN to existing
imputation methods using two standard benchmarking
approaches: downsampled scRNA-seq data to introduce
zeros at known locations [28, 40] and simulating single-
cell data via the Splatter method [42]. For each bench-
marking strategy we compare the performance of six
algorithms: DrImpute [43], SCRABBLE [40], URSM [25]
(scaled posterior celltype distributions as described in
Methods), mtSCRABBLE (a single iteration of DURIAN
with a deconvolution map based on the known celltype
percentages in the bulk), DURIAN [MuSiC] and DURIAN
[dsLDA]. The performance of both DURIAN and SCRAB-
BLE is dependent upon the optimization parameters α,β
and γ (see Methods). In both methods, the α parame-
ter governs the relative importance of low-rank, which
favors smaller numbers of implicit cell clusters, and γ

determines the relative rate of convergence (ADMM step-
size). In DURIAN, the β parameter uniquely controls the
relative importance of the deconvolution in the impu-
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tation estimate (Figure S4). For each benchmarking task
below, we provide results for DURIAN, mtSCRABBLE and
SCRABBLE that utilize a moderate β = 1e − 6 value
and a high β = 1e − 5 value. The high value forces the
imputation to lean more on celltype information present
in the bulk data.

Benchmarking with downsampling

Downsampling is a common strategy for imputation
benchmarking that takes real single-cell expression
data as input and subsequently sets individual entries
to zero [28, 40]. Previous downsampling benchmarks
utilized a constant gene-wise dropout probability across
single-cell donors, which does not reproduce the batch-
related dropout effects introduced via the separate
sequencing of biological replicates, which has previously
been reported as a common source of technical bias
[44]. We resolve this issue by utilizing donor-specific
dropout rates rather than imposing a single, gene-wise
dropout probability. Our approach sets the observed
value to zero with probability p = exp(−λx̄2g,j) where x̄g,j
is the mean expression of gene g in single-cell donor
j. Here λ represents the dropout rate, given the single-
cell sample, where lower values of λ correspond to
higher dropout rates. For each of three dropout rates
(λ = 1e − 5, 5e − 6, 1e − 6), we ran imputation on 50 data
replicates each composed of 1000 randomly selected
genes and 800 randomly selected islet (alpha/beta/gam-
ma/delta/epsilon) cells taken from published single-cell
data from healthy adult human pancreatic tissue [45]. In
this tissue, the differentiated celltypes provide a strong
foothold for deconvolution [37], and this represents the
best-case test for DURIAN’s performance compared
with other methods. We present the cell-wise mean
imputation error (log RMSE), and the L2 imputation
error in Figures 2A and 3A, respectively. In each case,
the average sparsity of the the three tested λ values is
shown in the 2nd-level horizontal facet on the right.

For down-sampled data, DURIAN (β = 1e− 5) achieves
significantly-lower mean error than other methods at
the two lower dropout levels (Tables S13–16). For very
sparse down-sampled data, DURIAN (β = 1e − 6) still
acheives lower mean error than other methods but is
not significantly lower than CMFImpute (Tables S17–18).
Each data point in Figure 2A represents the log mean
error across the entire data set. To better see how the
error may relate to the underlying celltype, the mean
across all genes in each individual cell for a single, repre-
sentative downsampled replicate is depicted graphically
in Figure 2C. Here, a single, unimputed replicate from
the maximum dropout group (λ = 1e − 6, mean sparsity
0.908) was embedded via UMAP [46] and each cell is
colored according to the error resulting from each of
the imputation methods. In Figure 2C we can see that
DURIAN ismore resistant than othermethods to celltype
related bias in dropout, as depicted by the relatively uni-
form coloring of the UMAP embedding. In contrast, both
DrImpute and SCRABBLE show much higher celltype

dependent error in the left-most lobe of the UMAP
embedding, whereas URSM shows higher celltype
dependent error in the right-most lobe of the embedding.

In contrast to the average error,which provides a broad
picture of how well imputation performs regardless of
underlying celltypes or the individual genes, the L2 error
(the largest singular value of the error matrix) shows
how well the imputed data match the true data when
considering the imputed data as a low-rank approxima-
tion to the true data [47]. We found that DURIAN’s mea-
sured improvementwith respect to the other approaches,
across multiple benchmarking strategies, was statisti-
cally significant (Tables S13 and S14). For downsam-
pled data in particular, we found that for individual
dropout levels DURIAN achieves significantly lower L2
error when the β parameter is increased from 1e − 6
to 1e − 5 (Figure 3A and Tables S15 and S16). For very
sparse data (corresponding to λ = 1e − 6) DURIAN’s L2
error is significantly lower than all other methods when
β is increased forcing the imputation estimate to rely
more heavily on celltype information present in the bulk,
whichDURIAN obtains via deconvolution (Tables S21 and
S22). For the lowest dropout level, the L2 error of DURIAN
is slightly higher than the tested smoothing methods on
down-sampled data (Tables S17–20). These results also
show that our novel topic-model based deconvolution
approach (dsLDA) provides a slight advantage in L2 error
rate at lower dropout levels. A complementary perspec-
tive to the cell-specific L2 error across genes, is the gene-
specific average error across cells via an adaptation of
the MA plot for bulk sequencing [48]. Each of the facets
of Figure 3C show the gene-wise error of the true versus
imputed version of a single downsampled replicate for
the respective method. For each method, log ratio of true
versus imputed gene-wise average over the log average of
true and imputed gene-wise counts is plotted, with over-
estimates highlighted in red and underestimates high-
lighted in blue, with error threshold of ±2. These plots
clearly show that DURIAN’s use of celltype expression
profiles in the bulk prevent overestimation observed in
SCRABBLE, a trend which was also reported previously
[40].

Benchmarking on synthetic data

In contrast to the downsampled pancreatic data above,
a continuum of very closely related celltypes, in addition
to batch effects provides a worst-case example of
DURIAN’s performance relative to other methods. In this
benchmark, batch effects separate simulated single-cell
samples as well as the simulated bulk samples. These
challenges are compounded by the decreased distinction
between individual celltypes based on a poorly differen-
tiated lineage. The splatter R package [42] implements
a zero-inflated generative model of single-cell library
simulation. This model is a standard platform for assess-
ing the effects of biological and technical noise that has
been repeatedly validated [49–51]. We used splatter to
simulate 50 single-cell data sets, each composed of 1600
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Figure 2. Mean error of imputation benchmarks. (A-B) Mean error (log RMSE) of imputation for both synthetic data strategies: downsampling and
simulation. For each strategy, themean sparsity (percentage of zeros in the unimputed data) of all replicates corresponding to each of three values for the
strategy-specific dropout parameter is shown in the 2nd level vertical label: 0.76, 0.818, 0.908 (downsampling), 0.76, 0.859, 0.927 (simulation). The x-axis
is arranged into threemethod categories (shown in top label): control, DURIAN, existingmethods. Controlmethods include dropout: unimputed data and
mtSCRABBLE: the DURIAN algorithm where the deconvolution map is permanently set according to the true bulk celltype percentages. Both dsLDA and
NNLS (MuSiC) deconvolution approaches are included for DURIAN benchmarks. Two sets of values for the ADMM parameters of the SCRABBLE/DURIAN
objective are provided for DURIAN, SCRABBLE and mtSCRABBLE: α = 1,β = 1e − 6, γ = 1e − 4 and α = 1e − 2,β = 1e − 5, γ = 1e − 5. (C) Scatter plots of a
UMAP embedding for a replicate of the downsampling strategy at sparsity 0.908, color corresponds to the centered and scaled logistic transformation
of cellwise RMSE. (D) Scatter plots of a UMAP embedding for a replicate from the simulation strategy at mean sparsity 0.927. DURIAN parameters for
C–D are α = 1,β = 1e − 6, γ = 1e − 4.

cells and 1000 genes, from four celltypes in a simulated
lineage, subject to dropout rates defined by the logistic
midpoint parameter (x0 = 4.5, 5.5, 6.5), where higher

values of x0 correspond to higher dropout rates. We used
splatter’s batch effect model to generate four batches
for each simulation and reserved two batches each for
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Figure 3. L2 error of Imputation Benchmarks. (A-B) The y-axis is the log L2 norm of difference between the imputed data and the true data, for
both synthetic data strategies: downsampling and simulation. For each strategy, the mean sparsity (percentage of zeros in the unimputed data) of
all replicates corresponding to each of three values for the strategy-specific dropout parameter is shown in the 2nd level vertical label: 0.76, 0.818, 0.908
(downsampling), 0.748, 0.859, 0.927 (simulation). The x-axis is arranged into three method categories (shown in top label): Control, DURIAN, Existing
Methods. Controlmethods include dropout: unimputed data, andmtSCRABBLE: the DURIAN algorithmwhere the deconvolutionmap is permanently set
according to the true bulk celltype percentages. Both dsLDA andNNLS (MuSiC) deconvolution approaches are included for DURIAN benchmarks. Two sets
of values for the SCRABBLE objective are provided for DURIAN,SCRABBLE andmtSCRABBLE: α = 1,β = 1e−6, γ = 1e−4 and α = 1e−2,β = 1e−5, γ = 1e−5.
(C) MA plots for a replicate of the downsampling strategy at sparsity 0.908. The y-axis is the log ratio of true vs imputed gene-wise average. The x-axis
is the log average over true and imputed gene-wise counts. (D) MA plots for a replicate of the simulation strategy at mean sparsity 0.927. DURIAN
parameters for B–C are α = 1,β = 1e − 6, γ = 1e − 4.

the single-cell and pseudobulk data. For each simulated
replicate, the two pseudobulk samples were constructed
by taking the mean across all cells bearing their

respective batch IDs. Like the downsampling approach
above, we present the cell-wise mean imputation error
(log RMSE) in Figure 2B and the corresponding L2 error in
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Figure 3B. In each case, the average sparsity of the three
tested λ values is shown in the 2nd-level horizontal facet
of Figures 2 and 3.

For simulated data, non-parametric tests over the
combined data at all dropout levels reveal that DURIAN
has significantly lowermean error than existingmethods
(Tables S11 and S12). This favorable performance gap
appears to widen when β is decreased to 1e−6, enforcing
a weaker reliance on the bulk data.

Furthermore, even when a closer match to the decon-
volution is enforced at β = 1e−5, only SCRABBLE achieves
a lower mean error than DURIAN (Figure 2B and Tables
S11 and S12). The graphical representation of mean
error for simulated data in Figure 2D clearly shows that
splatter simulation is less challenging to other methods,
relative to DURIAN than the downsampling approach
based on real data above. More importantly, the UMAP
embedding plotted in Figure 2D shows that globally, the
four simulated celltypes are more closely related and
less distinct than the adult islet cell populations in the
downsampled real data. Therefore, it is expected that
DURIAN’s utilization of population structure detected in
the bulk data will be less important when imputing data
where the global distinction between celltypes is lost.

Even under this more challenging scenario, DURIAN’s
L2 norm error is not significantly (p = 1e − 3) lower than
SCRABBLE and significantly lower than other methods
(Tables S23 and S24). This is consistent with the fact that
SCRABBLE, while unable to use celltype-specific gene
expression to its advantage when such global informa-
tion is rich, is also immune to very challenging decon-
volution tasks. The overall trends shown in the MA plots
(error ratio over average expression) of splatter simulated
data in Figure 3D mirror those for downsampled data in
Figure 3D above, except that SCRABBLE does not over-
estimate the counts as badly in this plot. We attribute
this difference to the fact that SCRABBLE’s regularizer
based on the average bulk counts is more effective for
very closely related celltypes in this simulated lineage.

Overall, benchmarking of DURIAN on both the best-
and worst-case scenarios suggests that the method
can accurately address the simultaneous tasks of
single-cell imputation and bulk-deconvolution and is
robust to concrete selection of deconvolution schemes.
Furthermore, we found that when results were pooled
across simulation strategies and dropout rates, DURIAN
mean and L2 error were significantly lower p =
1e − 3 than the the other methods (Tables S1,S2 and
S13,S14, respectively). This is due to DURIAN’s more
consistent performance across downsampled and sim-
ulated benchmarks, especially in contrast to SCRABBLE
(Figure 3A-B). Finally, we note that because Splatter’s
ZINB generative model is distinct from the logistic
midpoint thresholding employed by downsampling,
we have empirically determined the values of the
parameters for both of these strategies such that approx-
imately the same three empirical dropout levels are
observed.

DURIAN improves clustering quality for real data
The downsampling approach described above directly
measures imputation performance on data that is
as close as possible to real-world cases. Meanwhile,
imputation is also expected to improve the score of
raw single-cell data for some standard cluster-quality
metrics. In Figure 4a, we present five standard quality
metrics (described below) [52] for DURIAN, SCRABBLE
and DrImpute applied to adult pancreas (healthy and
diabetic), adult skin (healthy and eczema) and embryonic
(E13.5) mouse skin. The intracluster spanning-tree
widest gap (cwidegap) takes the spanning tree computed
for each cluster and calculates the longest distance
between two cells in the tree. The cluster diameter is the
longest distance between any two cells in a single cluster.
For both of these metrics, DURIAN and DrImpute are
equivalent on both of the pancreatic data sets, whereas
DURIAN has the largest clustering quality on two of the
three remaining data sets. The Dunn index (dunn) is the
minimum separation over the maximum diameter for
the data set. For this metric, DURIAN is equivalent to
DrImpute on both pancreatic data sets, and on diseased
skin, in the meantime yields better clustering quality for
both healthy skin and embryonic skin. The silhouette
index (sindex) is the mean of the bottom 10% of the dis-
tances from every cell in a cluster to the closest cell not
in the same cluster. DURIAN is consistent with DrImpute
for both pancreatic data sets, as well as healthy skin,
and achieves the improved clustering quality for both
diseased skin and embryonic skin. The sum-of-squares
distance (within.cluster.ss) is half the sum of the squared
distances for each pair of cells in the cluster divided by
the cluster size. For this metric DURIAN is equivalent
to DrImpute for both pancreatic tissue and embryonic
skin, and achieved satisfactory results for both adult skin
data sets.

In addition to the quantitative cluster-quality metrics
above, we also compared the robustness of DURIAN’s
output with respect to the global structure of the
data by inspecting the low-dimensional embeddings of
imputed data sets. Figures 4B and C show scatter plots
for the UMAP embeddings of each imputation method
on the human skin and pancreatic data analyzed in
Figure 4A. From these figures, it is obvious that a fair
amount of global heterogeneity already exists between
mature islet cells in the raw data (shown as ‘dropout’
method) for pancreatic tissue (Figure 4B). In this case,
we qualitatively measure the success of imputation
based on how well it preserves this separation in the
low-dimensional embedding, which could easily be
obscured if error was introduced through overestimation.
Conversely, the skin data set (Figure 4C) is composed of
many celltypes, some ofwhich are notwell separated and
were identified via clustering on a subset of the
data in the original report [14]. Here, we can see
that both DURIAN and DrImpute improve the global
separation between celltypes, including closely related
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Figure 4. Quantitation of cluster-quality for imputated single-cell data (A) Single-cell data from adult human pancreas (healthy and diabetic) and skin
(healthy and eczema), and mouse embryonic skin was imputed via DrImpute, SCRABBLE and DURIAN. The y-axis corresponds to the log of the following
cluster statistics: ‘cwidegap’ (lower is better): the longest edge in the within-cluster spanning tree of each cluster (each data point corresponds to a
single cluster), ‘diameter’ (lower is better) the longest distance between two cells of a single cluster (each data point corresponds to a single cluster),
‘dunn’ (higher is better): each point represents the Dunn index corresponding to the minimum separation verus maximum diameter for two (possibly
the same) clusters in the corresponding data set, ‘sindex’ (higher is better): the Silhouette Index corresponding to the mean of the bottom 10% of the
distances from every cell in a cluster to the closest cell not in the same cluster (each data point corresponds to a single cluster), ‘within.cluster.ss’ (lower
is better): half the sum of the squared distances for each pair of cells in the cluster divided by the cluster size (each data point corresponds to a single
cluster). (B–C) Scatter plots of the imputed result from each data set, colored by the published label.

fibroblasts that were found to express APOE and
FBN1 in a mutually exclusive fashion [8, 53], in the
cluster approximately centered at (0,-5) in the com-
mon UMAP embedding of Figure 4C. Overall, DURIAN

improves the quality of unsupervised clustering on
single-cell data sets, but can also reveal separation
between distinct celltypes not present in the original
data.
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DURIAN enhances intracellular ligand recovery
in embryonic skin
Intercellular signaling relies on the presentation of one
or more ‘sender’ molecules (ligands) by one cell, the pre-
sentation of one or more ‘receiver’ molecules (receptors
and co-receptors) by another cell. The expression of these
molecules in general, and ligands in particular, is vital to
the cell communication analysis using single-cell data.
For instance, CellChat determines significant intercellu-
lar interactions via a resampling approach across poten-
tial signaling partners such that all possible signaling
events between two cells, which are recapitulated by
less than a threshold percentage of randomized sam-
ples (default is 5%) are declared significant [8]. However,
the expression of signaling genes is notoriously difficult
to detect in single-cell data from tissues where bulk
sequencing and othermolecular assays have shown acti-
vation of their respective pathways [8, 54]. We reason
that DURIAN’s approach to single-cell data imputation
using bulk data deconvolution can resolve the challenge
and inconsistency in cell communication analysis. We
demonstrate the application of imputation to a popular
biological domain: embryonic development and highlight
specific pathway findings for ncWNT.

We first compared the cell signaling analysis perfor-
mance using the imputed single-cell data byDURIANand
DrImpute (as baseline control without bulk data) from
mouse E13.5 embryonic skin [14]. In Figure 5A, each row
of the bar plot shows a pathway for which the relative
abundance of predicted interactions for both DURIAN
and DrImpute is depicted as a percentage of all recovered
interactions for that pathway for the respective method.
DURIAN dominates the recovery of signaling interactions
in all 26 pathways except three (including MK and
PTN, for which the two methods are tied). The remain-
ing 23 pathways that highlighted DURIAN’s recovery
include noncanonical WNT (ncWNT) signaling, which
is broadly implicated in skin pattern formation at E13.5
[55, 56].

Next, we explored the imputation effects of key
markers in important pathways. The CellChat database
contains a partial list of ligands, receptors, co-receptors
and other molecular species for each available pathway.
Figure 5B shows the relative imputed expression of
all ncWNT pathway markers involved in predicted
interactions for the data set. Here we can see that
DURIAN recovers ligand expression more broadly and
at higher magnitude than Dr Impute, and provides
the enhancement of all ligands expression in several
celltypes (immune, myeloid, melanocyte) for which
DrImpute was unable to recover as robustly as DURIAN.

Interestingly, formation of the dermal placode at
E13.5–14.5 relies on communication between the fibrob-
lasts of the nascent dermal condensate and the cells
of the basal epithelium [14]. We therefore examined
the relative intensity of predicted signaling interactions
between these two celltypes, based on imputation
with DURIAN versus DrImpute in Figure 5C. Here,

we can see that DURIAN detects previously hidden
interactions between members of the multicellular
lineage of differentiated (FIB-A,FIB-B) and proliferating
(FIB-P) fibroblasts. In summary, DURIAN can be utilized
to enhance signaling analysis in single-cell data with the
recovery of intracellular ligand expression.

Discussion
Single-cell transcriptomics trade sensitivity for resolu-
tion, while maintaining the high dimensionality of bulk
sequencing [2]. For applications such as embedding and
certain lineage inference tasks, this trade-off introduces
few compromises and can even aid feature selection
[57, 58]. In contrast, additional steps may be required
in applications which seek to identify rare celltypes or
rely on the recovery of specific markers that are prone to
dropout [8, 53]. In particular, inference of cell–cell com-
munication based on kinetic representation of signaling
events cannot make use of implicit dropout correction
and are less tolerant to noise, since individual markers
must be robustly detected in subsets of the population
[8, 59]. Here we present DURIAN, an iterative learning
framework that achieves accurate and robust bulk-data
deconvolution and single-cell data imputation simulta-
neously (Figure S1), which is useful to enhance single-
cell signals, and particularly suitable for the integrative
analysis of cellular communications using both single-
cell and bulk data sets.

Three key features distinguish our approach from
existing methods for joint analysis of both single-cell
and bulk data such as URSM [25]. First, DURIAN serves
as the first fully supervised imputation method to
learn and utilize the deconvolution of bulk data for
improved performance, while simultaneously utilizing
prior knowledge about celltypes. This is in contrast to
the generative, semi-supervised method employed by
URSM [25], relies on latent celltype signatures during
both deconvolution and imputation. Second, in contrast
to URSM, which comprises a unified graphical model,
our approach is modular and permits the use of diverse
deconvolution strategies. Finally, though both URSM and
DURIAN utilize deconvolution of bulk data to supervise
imputation, URSM treats the single-cell signature matrix
of the model as latent, whereas we utilize prior labeling
of the cells. This allows us to utilize not only the
output of existing unsupervised clustering pipelines [59–
61], but also the celltype signatures associated with
labels that are impossible to derive from genetic data
alone, such as labeling revealed by functional assays
[62, 63].

Compared with other imputation methods involving
bulk data, DURIAN can make use of celltype-specific
gene expression patterns in the bulk expression data
to reduce its error rate [40]. By iteratively sharing
information between its imputation and deconvolution
stages, DURIAN improves the usefulness of both the bulk
(via the deconvolution) and single-cell data during the
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Figure 5.Quantitative comparison of imputation via DURIAN and DrImpute onmouse embryonic skin . (A–C) CellChat comparative analysis of signaling
in mouse E13.5 embryonic skin. (A) Relative information flow (higher is better) on each pathway (for which significant interactions were detected),
defined as the sum of communication probability among all pairs of cell groups in the inferred network. (B) Violin plots for markers in the noncanonical
Wnt pathway after imputation by either DrImpute (in red) or DURIAN (in green), units of expression are log(counts+1). (C) Bubble plots showing the
communication probability from individual fibroblast clusters to individual basal cell clusters. Colors on the x-axis labels denote imputation by either
DrImpute (in red) or DURIAN (in green). For each row, adjacent bubble pairs within a set of vertical dashed lines represent signaling detected by DrImpute
versus DURIAN.

imputation task. The performance of our supervised
rank-minimization approach measurably improves in
the presence of increasing global structure in the bulk
data (Figure 2A). In contrast tomethods that only provide
supervision via global gene expression averages, our
analysis suggests that deconvoluted bulk data provide

critical information about expression at the single-cell
level (Figure 2A).

Because deconvolution is critical DURIAN’s use of
bulk data to supervise imputation, we directly measured
imputation accuracy against several existing methods
both in a realistic scenario (downsampling) and a
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scenario in which poorly differentiated celltypes are
further obscured by high-magnitude batch effects
(Figures 2A and 3A). These experiments suggest that
mis-representation of specific sub-populations (L2 error)
is themost critical limitation of all methods, highlighting
the improved consistency of our approach (Figures 3A
and 3B). Like other optimization-based approaches,
parameter-selection is critical to DURIAN’s performance
[40] and our benchmarking procedure could be adapted
for parameter selection to prevent overestimation in
practice. In particular, the error could be empirically
minimized on downsampled versions of the target single-
cell data matrix, while adjusting the learning rate (γ ).

Our synthetic benchmarks (Figures 3B and 3D) in com-
bination with reported rates of signaling ligand recovery
(Figure 5B) highlight the contrast between DURIAN and
methods like DrImpute that rely on single-cell data alone
to predict dropout [43]. Because DrImpute utilizes the
average gene expression from unsupervised clustering of
the input data to estimate missing reads, it is less prone
to overestimating reads and to adding reads to nonzero
entries in the original data, especially when the celltypes
in the original data are well differentiated (Figure 3A)
[43]. However, as suggested by the relative increase of
predicted signaling rates in embryonic skin (Figure 5b),
the rare expression of some genes within a given cell
subpopulation makes it more likely that DrImpute will
underestimate these reads,whichmay be critical to infer-
ence of cell-signaling events.

Though DURIAN shows promise on a wide variety of
data, several refinements of our approach could increase
performance. Preprocessing of single-cell data is essen-
tial to downstream applications [64]. In the experiments
above, all methods were provided with the same input
data, including all genes expressed by over 5% of cells.
While this eliminated dimensionality as a variable in our
benchmarking, it is likely that more rigorous gene selec-
tion could improve deconvolution for data sets where the
maximum expression of celltype markers is lower. Addi-
tionally, it is known that NNLS methods like MuSiC are
significantly less accurate when dropout in the single-
cell reference is above 40%. Therefore, initial imputation
could be performed by SCRABBLE (at a reduced learning
rate), until the sparsity of the single-cell data reaches the
threshold [37]. With regard to the impact of imputation
on differentially expressed genes, we regard this as a
critical area of future study, especially with respect to the
impact of preprocessing on downstream performance.
Finally, we note that one major advantage of DURIAN
is that it can recover a gene that is completely missing
in the single-cell data through the deconvolution, which
is not the case for some other methods such as DrIm-
pute or G2S3. On the other hand, while SCRABBLE can
recover such missing genes, the cell cluster information
is lost.

We present a new method for correcting drop-out in
single-cell expression data that utilizes deconvoluted
bulk expression data to supervise imputation. Novel

features of this approach include its integrative and
iterative schemes combining data imputation and
bulk deconvolution, with modular design allowing
deconvolution using either NNLS or a novel topic-
model network featuring a distributed MCMC sampler.
DURIAN is accurate and robust in benchmarks and
can improve quality of unsupervised clustering and
embedding of single-cell data, as well as enhance the
recovery of signaling pathway markers and facilitate cell
communication analysis combining single-cell and bulk
data sets. DURIANwill be useful to dissect themultiscale
characterization [8] of intercellular interactions and
study the diversity and regulation of multicellular
lineages [1, 65].

Key Points

• A novelmathematical framework is presented for single-
cell and bulk data integration with detailed empirical
analysis of convergence.

• Superior performance is demonstrated under a unique
modular design allowing flexible incorporation of vari-
ous choices in deconvolution, such as best-in-class NNLS
regression or a newly proposed Bayesian network.

• Imputation is fully supervised via the latent population
structure of bulk expression data.

Methods
Package website and code availability
Package examples and source code are provided at
https://mkarikom.github.io/DURIAN. A docker image
providing a working installation of the DURIAN package
and its vignette library at the time of publication is
available at 10.5281/zenodo.6544669. Algorithmic details
of the method, including deconvolution modules are
presented in the Supplementary Materials.

Supplementary data
Additional file 1—supplementary methods and
tables
Details of imputation under DURIAN, including nota-
tion and pseudocode. Details of computational packages
utilized for benchmarks and synthetic data. Hypothesis
testing for benchmarking statistics. Supplementary data
are available online at https://academic.oup.com/bib.
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