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Abstract

Cellular deconvolution estimates cell-type fractions from bulk transcriptomic data,

but current methods often overlook cell type-specific expression varying across sam-
ples, discrepancies between bulk and single-cell data, or lack guidance on reference
data selection and integration. Therefore, we present BLEND, a hierarchical Bayesian
method that leverages multiple single-cell reference datasets to perform cellular
deconvolution. BLEND estimates cellular fractions accurately by learning the most
suitable reference for each bulk sample, accounting for the aforementioned issues.
BLEND outperforms state-of-the-art methods in comprehensive benchmarking studies
using human brain cortex data and provides reliable insights into Alzheimer's disease
progression.

Keywords: Cellular deconvolution, Single-cell RNA sequencing, Bayesian estimation,
Gibbs sampling, EM algorithm, Maximum a posteriori estimation

Background

Bulk RNA sequencing (RNA-seq) technology provides a valuable and cost-effective
approach to studying gene expression patterns across different tissues or conditions [1].
However, bulk RNA-seq is typically performed on tissues composed of many cell types,
where estimating the proportion of each cell type in each sample can facilitate cell type-
specific (CTS) analyses and address the confounding caused by cellular heterogeneity [2,
3].

Many in silico cellular deconvolution methods have been developed in recent years
to estimate cellular fractions as a computational alternative. Cellular fraction estimates
allow analysts to infer how cell type proportions vary with different phenotypes, account
for cell type confounding, and facilitate downstream CTS analyses, such as estimating
CTS gene expression, CTS differential expression, and CTS expression quantitative trait
loci analyses [4, 5].
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Cellular deconvolution models bulk gene expression as the weighted average of CTS
gene expression, where the weights are cell type proportions. Among existing methods
to estimate cell proportions, reference-based methods have shown more robust perfor-
mance compared to unsupervised reference-free methods [6, 7]. Reference-based meth-
ods rely on single-cell or sorted-cell data to construct a CTS expression reference matrix
whose entries indicate each gene’s expected expression in each cell type. Due to the chal-
lenges of incorporating inter-subject variation in CTS expression into deconvolution
models, existing methods assume the same reference matrix shared across all study sub-
jects and provide no guidance to choose appropriate references. This belies the fact that
there is often substantial heterogeneity in CTS expression that arises due to differences
in experimental conditions, technical batch effects, and variation in reference sequenc-
ing technologies. Nonetheless, the choice of reference is the most important factor
affecting deconvolution accuracy [7-9]. It is therefore critical to develop new statistical
methods to individualize signature matrices for each subject to account for inter-subject
variation in CTS expression.

Furthermore, the deconvolution of certain tissue types is more challenging due to
inherent data characteristics. For example, human brain tissues are typically collected
from frozen samples with relatively small sample sizes, and only nuclear RNAs are quan-
tified, leading to single-nucleus RNA sequencing references of generally lower quality
compared to other tissues [10]. Also, Sutton et al. [11] highlighted high transcriptomic
heterogeneity of human brain due to diverse alternative splicing isoforms, non-coding
RNAs, subtypes, etc. These characteristics underscore that the human brain is a highly
heterogeneous tissue type with limited quality references.

To address the above issues, we developed BLEND, a hierarchical Bayesian model that
is, to our knowledge, the first deconvolution method to leverage multiple available refer-
ences to create individualized references for study subjects. Inspired by Latent Dirichlet
Allocation (LDA) [12], we use a “bag-of-words” representation for bulk RNA-seq count
data whereby we view a read count as a word, a cell type as a topic, and a bulk sample as
a document. In this analogy, a cell-type topic’s reference is its distribution over words.
However, unlike conventional LDA-based deconvolution methods, which assume refer-
ences are shared across bulk samples, BLEND allows references to be sample-specific
and uses the data to learn each sample’s most appropriate reference among all possible
references in the convex hull of available references. We show through extensive realistic
simulations and real data applications with a focus on human brain cortex that such ref-
erence learning drastically improves cell type proportion estimates. BLEND also stands
out for being user-friendly, as it avoids the need for manual reference evaluation, data
transformation and normalization, and the selection of cell type marker genes.

Results

Overview of the BLEND method

BLEND is a cellular deconvolution method that can integrate multiple references as
visualized in Fig. 1. First, BLEND individualizes the most suitable reference matrix for
each bulk sample by exploring convex hulls of available CTS reference vectors. In our
context, a convex hull is the set of all possible convex combinations of available cell type
reference profiles. Second, BLEND uses individualized references to deconvolve bulk
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Fig. 1 Overview of BLEND. a BLEND integrates multiple cell type-specific (CTS) expression references from
single-cell or sorted-cell studies to individualize references for heterogeneous bulk RNA-seq samples. By
exploring the convex hull of available references, BLEND automatically selects the most suitable reference for
each sample through reference blending. b BLEND estimates each bulk sample’s cellular fractions using its
individualized reference matrix. By contrast, regular deconvolution methods use a fixed reference for all bulk
samples. ¢ For each bulk sample, BLEND models gene expression as a weighted average of CTS expression,
where the weights correspond to cell type fractions. By employing a “bag-of-words” representation, BLEND
jointly models individualized references, cellular fractions, and bulk samples in a probabilistic framework

count data by employing a “bag-of-words” representation. BLEND adopts a unified hier-
archical Bayesian framework to incorporate these two steps. Two consistent parameter
estimation strategies are provided: a Gibbs sampler and an expectation maximization
algorithm to maximize the posterior distribution (EM-MAP). We conducted experi-
ments using the Gibbs sampler because of its guaranteed posterior convergence. The
detailed statistical model of BLEND is provided in Methods and algorithm derivations
are in Additional file 1: Section 1.

BLEND improves performance with partially matched references

In the BLEND model, we assume the CTS expression of bulk samples lies in the convex
hulls of the provided references. We first tested BLEND with an oracle simulation that
simulated data according to BLEND’s generative model, which confirmed that BLEND
accurately selects references and estimates cellular fractions (Additional file 1: Fig. S3).

However, since real data likely deviate from this ideal setting, we consider more realistic
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simulated data below that use real single nucleus RNA-seq (snRNA-seq) data to gener-
ate pseudo-bulk data. Notably, these simulations make no assumptions on the distribu-
tion of gene counts and do not require a subject’s references exactly lie in the convex
hulls of provided references.

The real snRNA-seq dataset we used for simulation is from Mathys et al. [13], who col-
lected 427 individuals’ postmortem dorsolateral prefrontal cortex (DLPFC) tissues from
Religious Orders Study and Rush Memory and Aging Project (ROSMAP) [14]. They
measured gene expression levels across 2.3 million nuclei isolated from these tissues
using droplet-based snRNA-seq. Among all donors, 418 of them contained cells of six
major cell types in the brain: astrocyte (astro), microglia (immune), inhibitory neuron
(inh), oligodendrocyte progenitor cell (OPC), oligodendrocyte (oligo), and excitatory
neuron (ex). As the data we used were already processed by the original authors to filter
out low-quality cells and doublets [13], we did not perform further filtering to keep the
data as raw as possible to avoid any biases (e.g., “cherry-picking” samples). To generate
realistic data, we randomly chose 40 out of 418 individuals (9.6%) to serve as references
to deconvolve all 418 individuals. We generated pseudo-bulk samples by summing up
counts of snRNA-seq data for each individual and used the cell counts of different cell
types to calculate ground truth cellular fractions.

We compared BLEND with four deconvolution methods: BayesPrism [15], which is
an LDA-based Bayesian method using a fixed reference; MuSiC [16], a weighted non-
negative least squares method that utilizes multi-subject references; Bisque [17] and
hspe [18], both of which were recommended for brain tissue deconvolution by a recent
benchmarking paper [19]. We set function parameters as recommended by the original
method papers and software vignettes (Additional file 1: Table S2). BLEND used the ref-
erences from the abovementioned 40 subjects to deconvolve all 418 pseudo-bulk data-
sets. For each cell type, we calculated Lin’s concordance correlation coefficient (CCC)
[20] between the true and estimated fractions across individuals. CCC ranges between
minus one and one and measures the deviation from the line y = x, where values close
to one indicate points lie closer to the line. CCC combines the mean difference and cor-
relation between two sets of points to capture both location and scale shifts from the
ground truth. We also computed the mean CCC across cell types (mCCC).

We first checked the results for the 40 subjects with matched snRNA-seq reference
and pseudo-bulk data. Notably, BLEND was a priori unaware of the correspondence
between references and bulk samples and had to learn it from the data. Figure 2a gives
the CCC computed for these 40 subjects and shows that BLEND’s estimates are superior
to those from existing methods. Evaluating the estimated reference mixing proportions
of the pseudo-bulk samples with matched references, we found that BLEND was also
able to identify matched references for all subjects (Fig. 2b).

We next assessed the results for the remaining 378 pseudo-bulk samples without
matched references. Despite not having matched references, we expected BLEND to
outperform existing methods by identifying references for each subject that were simi-
lar to their CTS expression. Figure 2c plots each method’s estimated fractions against
the simulated ground truth proportions. BLEND clearly has the largest CCC for all cell
types, indicating BLEND’s individualized references substantially improve cell type pro-

portion estimates.
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Fig. 2 Benchmarking cellular deconvolution methods with partial reference simulation. a Barchart of
Lin's concordance correlation coefficients (CCC) between the estimated and ground truth fractions for
each cell type across 40 pseudo-bulk samples with matched references and mean CCC (mCCC) across cell
types. b Heatmaps of estimated reference mixing proportions of the pseudo-bulk samples with matched
references. Rows represent bulk samples, and columns represent references. ¢ Scatter plots of 378 samples
with no matched reference. The x-axis represents true cellular fractions, and the y-axis corresponds to the
estimated ones. CCC calculated for each cell type between estimated and true fractions is presented on
the top-left corner of each plot, and mCCC across cell types of each method is listed on the right. The CCC
of the best performer for each cell type is highlighted in red. astro: astrocyte; inh: inhibitory neuron; OPC:
oligodendrocyte progenitor cell; oligo: oligodendrocyte; ex: excitatory neuron

BLEND alleviates discrepancies between bulk and reference data

In most applications, the bulk data to be deconvolved do not have matched reference
data, where bulk and reference datasets typically derive from different labs and undergo
different processing steps. To examine the impact of such heterogeneity on deconvolu-
tion estimates and whether BLEND can circumvent these issues, we considered snRNA-
seq data collected on the same set of 231 subjects from Mathys et al. [13] and Fujita
et al. [21]. Despite being collected on the same subjects, the CTS expression in these

Page 5 of 17
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two datasets shows significant batch effects, where a clear decision boundary separating
these studies exists in the uniform manifold approximation and projection (UMAP) plot
in Fig. 3a. As such, we used these datasets to illustrate how BLEND overcomes discrep-
ancies between bulk and reference data.

We designed two sets of cross-data simulation studies (Fig. 3b). The first set, denoted
“Mathys-Fujita,” used the Mathys et al. snRNA-seq data as references to deconvolve
pseudo-bulk data generated by collapsing the Fujita et al. snRNA-seq data. The second
set, denoted “Fujita-Mathys,” employed the opposite approach. In both settings, we gen-
erated pseudo-bulk samples and acquired true cell fractions as described in the above-
mentioned partial reference simulation. After deconvolution, we calculated the CCC
between estimated and ground truth fractions for each cell type across all pseudo-bulk
samples and mean CCC across cell types in each simulation setting (Fig. 3c and d). In the
first setting, BLEND showed superior performance in all cell types, with a mean CCC of
0.41 higher than the runner-up (Bisque). In the second setting, BLEND performed the
best in five out of six cell types and had the highest mean CCC.
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Fig. 3 Benchmarking cellular deconvolution methods with cross-data simulation. a UMAP of CTS expression
for the 231 individuals from Mathys et al. and Fujita et al.. Each point is a subject, cell type, and experiment
triplet. b Cross-data simulation experimental design. ¢, d The CCC between estimated and ground truth
fractions for each cell type across all bulk samples and mCCC across cell types in the cross-data simulation.
astro: astrocyte; inh: inhibitory neuron; OPC: oligodendrocyte progenitor cell; oligo: oligodendrocyte; ex:
excitatory neuron
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BLEND performs well when cell types are missing

Cell type missingness is a common challenge in cellular deconvolution analyses and can
occur either in bulk samples (zero fraction) or reference datasets (novel cell type with
unknown reference). To systematically evaluate BLEND’s robustness under these two
scenarios, we conducted experiments addressing each case separately.

First, we considered missingness in bulk data, where a particular cell type may be
absent due to sample collection or processing issues. We repeated the experiment
described in the partial reference simulation, generating 418 pseudo-bulk samples but
intentionally excluding immune cells, which comprise a median of 3.5% of the total cell
population. BLEND was provided with reference data for all six cell types, including
immune cells. In this scenario, BLEND correctly estimated negligible fractions for the
missing immune cells (mean estimated fraction of 1.5 x 10~ for samples with matched
references and 3.7 x 1072 for samples with no matched reference), without compromis-
ing the accuracy for the other five cell types, as demonstrated by barcharts in Fig. 4a.

Next, we investigated the case where the reference data lacks information about
a novel cell type that might be present in bulk samples. Since novel or unknown cell
types may be encountered in practice, we recommend augmenting the reference dataset
with a uniformly distributed surrogate reference across genes, similar to the approach
by [22]. To validate this strategy, we again used the 418 pseudo-bulk samples (includ-
ing immune cells), provided references in which actual immune cell references were
replaced by the surrogate reference. Results indicated that BLEND maintained accurate
fraction estimates for the five known cell types; however, estimates for the immune cells
(the novel cell type without a direct reference) were less precise (Fig. 4b), as expected
due to the surrogate reference’s inherent deviation from the actual cell type gene expres-
sion distribution.

BLEND accurately estimates cellular fractions in real data
Having shown BLEND significantly outperforms existing methods in pseudo-bulk data,
we next assessed its performance in real bulk data. To evaluate BLEND in as wide a
variety of datasets as possible, we considered data from Huuki-Myers et al. [19], which
provided a multi-assay dataset to benchmark deconvolution methods. Their data con-
sisted of postmortem human dorsolateral prefrontal cortex (DLPFC) samples from 10
donors and were assayed from adjacent brain regions using three RNA extraction meth-
ods (nuclear [Nuc], cytoplasmic [Cyto], and total [Bulk]) and two library preparation
techniques (polyA and RiboZeroGold). To benchmark deconvolution methods, Huuki-
Myers et al. [19] also measured the fractions of astrocytes, microglia, oligodendrocytes,
endothelial cells, inhibitory neurons, and excitatory neurons via RNAScope/Immunoflu-
orescence (RNAScope/IF). A total of 110 bulk samples with RNAScope/IF cell type pro-
portions passed the quality control and were provided in the dataset. They also included
19 snRNA-seq reference samples measured from the same 10 donors used to generate
bulk samples. Following Huuki-Myers et al. [19], we used the 19 snRNA-seq samples as
references.

We evaluated each method’s performance on these data by computing Pearson’s
correlation coefficient between estimated and RNAScope/IF cellular fractions. We
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Fig. 4 BLEND's performance under cell type missingness in bulk data (zero fraction) or reference data (novel
cell type). a Performance when pseudo-bulk samples lack a given cell type. “Zero_immune” pseudo-bulk
mixtures were generated as described in the partial reference simulation but with no immune cells; “Regular”
mixtures match those in the partial reference simulation. Left: 40 samples with matched references; right: 378
samples without matched references. Bars show Lin's concordance correlation coefficients (CCC) between
true and estimated fractions for the five present cell types, with mean estimated immune cell fractions
annotated above. b Deconvolution with no immune-cell reference. All 418 pseudo-bulk samples were
deconvolved using 40 randomly selected references for the other five cell types only. Scatter plots compare
true fractions (x-axis) versus estimated fractions (y-axis). Each panel reports CCC on the top-left corner. astro,
astrocyte; inh, inhibitory neuron; OPC, oligodendrocyte progenitor cell; oligo, oligodendrocyte; ex, excitatory
neuron

used Pearson’s correlation and not the CCC because RNAScope/IF fractions summed
up to 0.74 on average (which is much less than 1), suggesting we can only estimate the
correlation between estimates and RNAScope/IF proportions up to potential loca-
tion and scale shifts. Correlations between each method’s estimated and RNAScope/
IF fractions for each RNA extraction and library preparation combination are given in
Fig. 5. BLEND accurately estimates cellular fractions across all data preparation con-

ditions, outperforming all competing methods in five of the six conditions.
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We next sought to determine whether we could improve BLEND’s performance by
simply providing it with more references. Sutton et al. [11] collected nine brain datasets
and provided a list of corresponding CTS reference matrices [23—31] with 6388 genes.
These datasets were from varied sources and sequenced by different technologies. Refer-
ence names and original data sources are in Additional file 1: Table S1. Without any data
evaluation and processing, we added these references to the reference list and re-ran
BLEND. These extra references significantly improved BLEND’s performance across all
conditions (“BLEND_extra” in Fig. 5). These results suggest BLEND can leverage a large
set of references to better estimate each subject’s CTS expression to improve deconvolu-

tion results.

BLEND detects cell fraction changes in Alzheimer’s disease

To demonstrate BLEND’s ability to enhance downstream analyses, we used BLEND to
detect cellular abundance changes in Alzheimer’s disease (AD). The Mount Sinai Brain
Bank (MSBB) study [32] provided bulk RNA-seq data of 894 samples collected from
postmortem human brain, 850 of which had Braak AD-staging score (bbscore) for
progression of neurofibrillary neuropathology. With tissues collected from four brain
regions, Brodmann area information was also provided. To illustrate the adaptability of
BLEND’s automated reference selection, we used the reference list provided by Sutton
et al. [11] that we also used in the real DLPFC data benchmarking above.

We assessed the relationship between bbscore and cellular fractions for three major
AD-related cell types: excitatory neurons, inhibitory neurons, and microglia. As shown
in Fig. 6a—c, BLEND’s estimates suggest excitatory and inhibitory neuron fractions
decrease and microglia fractions increase with increasing bbscore, which aligns with
existing literature [33-35].

We next considered whether the above associations could also be identified if we used
a different method to estimate cell fractions. We were specifically interested in varia-
tion due to the user-specified reference, which is a critical factor in many existing meth-
ods. We therefore repeated the analysis after using BayesPrism or hspe with one of the
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Fig. 6 Analyzing MSBB postmortem human brain data. a—c Differential cellular fractions with AD progression
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settings have. @ Heatmap of reference mixing proportions. Rows represent bulk samples, and columns

represent references

references used by BLEND or with the averaged reference to estimate cell fractions. We
only consider BayesPrism and hspe here because these methods allow for single refer-
ence matrix input (a CTS expression profile matrix). As shown in Fig. 6d, results for
inhibitory and microglia depend heavily on the choice of reference, where most refer-
ences suffer from issues including (1) small fraction estimates (median fraction < 0.001,
given all considered cell types are common), (2) an AD association whose direction
is inconsistent with the current literature, and (3) no statistical significance (p value
> 0.05). BLEND avoids such issues related to manual reference selection by using the
data to learn the most appropriate reference for each subject.

BLEND’s estimated reference mixing proportions can help us understand the impor-
tance of reference selection. While reference mixing proportions of bulk samples from
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unrelated subjects were estimated independently, heatmaps in Fig. 6e all indicate overtly
non-random patterns. Several factors appear to dictate reference selection. First, refer-
ence quality appears to matter the most. Astrocytes and endothelial cells both preferred
the IP reference, which was created using acutely purified human astrocytes and other
major cell types [29], thereby serving as a high-quality reference. Excitatory neurons
selected the CA reference, which is consistent with Hodge et al. [23] only being able to
validate the excitatory neuron label from this reference. OPCs preferred the DM refer-
ence, which was derived from surgically resected brain tissues [24] that generally have
higher quality than frozen tissues. Second, when two references are of similar quality,
biological factors appear to become relevant. We found a significant association between
the Brodmann area of bulk samples and the reference preference for inhibitory neurons
(chi-squared test p value < 2.2 x 10716, Methods). The NG reference measured human
brain samples from Brodmann area 9 [26], and 45.4% of bulk samples choosing NG were
from the adjacent Brodmann area 10. The LK reference includes information from Brod-
mann areas responsible for human executive functions [28], where 44.0% of bulk sam-
ples choosing LK were sampled from area 44, which is located in this functional region.

Discussion

In summary, we presented BLEND, a novel hierarchical Bayesian model for cellular
deconvolution that accurately and robustly estimates cellular fractions by using the
data to learn each subject’s most appropriate reference. As far as we are aware, our
method is the first to automate reference selection systematically. By customizing ref-
erences for bulk samples through exploring convex hulls of all the available references,
BLEND accommodates cross-sample, cross-data, and cross-technology heterogene-
ity to improve cellular fraction estimation. We used realistic pseudo-bulk data and real
multi-assay data from postmortem human brains to comprehensively validate BLEND
and show that it significantly outperforms existing methods. By deconvolving large-scale
human brain data, we detected cellular abundance changes with AD progression, show-
casing its potential in data integration and real-life application.

BLEND also exhibits robust performance despite cell type missingness in bulk data or
reference data, where we proposed a surrogate uniform reference approach for the novel
cell type. In practice, we recommend including the surrogate reference when the pres-
ence of an unknown cell type is uncertain. If the estimated mean fraction of that novel
cell type falls below 0.01, it can be safely omitted; otherwise, it should be retained.

Notably, BLEND demonstrated its capability to find the most suitable references for
bulk samples automatically, eliminating the need for reference quality evaluation. More-
over, BLEND needs no data transformation/normalization or cell type marker gene
selection before deconvolution. All of these facts illustrate that BLEND is an accurate,
robust, and easy-to-use deconvolution tool.

Nevertheless, there are some drawbacks of BLEND. First, the computational time of
our Gibbs sampler and EM-MAP algorithms can be relatively long, especially when all
genes are used and hundreds of references are provided to BLEND. However, the EM-
MAP algorithm has been implemented using Rcpp and allows parallelization, which
accelerates computation enormously. Second, like existing deconvolution methods,
BLEND assumes genes are independent conditional on cellular fractions, which is likely
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incorrect. While the veracity of this assumption does not impact point estimates, it does
suggest credible and confidence intervals for true fractions will be too narrow. It should
be noted, however, that while we cannot quantify the error in BLEND’s estimates, this
error does not compromise downstream applications for two reasons. First, the error is
mean-zero and independent of biological variables (e.g., bbscore in the Alzheimer’s dis-
ease application), meaning correlations between fraction estimates and biological vari-
ables will remain accurate. Second, the error is small because BLEND estimates fractions
using thousands of genes.

BLEND serves as an accurate and robust tool for cell type-specific analyses. In the
future, it will be interesting to design a unified statistical tool that can perform gene-
gene correlation-aware deconvolution utilizing multiple references and incorporate cel-
lular fraction estimate uncertainties in differential analysis.

Conclusions

In summary, we present BLEND, a probabilistic cellular deconvolution model with indi-
vidualized cell type reference integration. By explicitly modeling the most suitable refer-
ences for each bulk RNA-seq sample, BLEND accommodates cross-sample, cross-data,
and cross-technology heterogeneity to substantially improve deconvolution accuracy
compared to state-of-the-art methods. Furthermore, BLEND does not require data nor-
malization/transformation or cell type marker gene selection, and thus serves as a user-
friendly computational tool. In our Alzheimer’s disease application, we showed BLEND
avoided issues related to manual reference selection and was able to identify cellular
changes with disease progression. These features, together with our easy-to-use soft-
ware, make BLEND a robust and accurate deconvolution tool for use in transcriptomic
analysis pipelines.

Methods

Notation used throughout the manuscript

For any positive integer n, we let [n] = {1,...,n}. For p € [0, 1]” satisfying Z?:l pi=1,
we call the random variable x € [n] categorically distributed as x ~ Cat([n],p) if
P =i) = p;foralli € [n].

Overview of BLEND’s probability model

BLEND models the deconvolution of bulk count RNA-seq data using multiple CTS
gene expression references. Let X, ; € Ng be the bulk RNA-seq count for gene g € [G]
in subject n € [N]and R, = Zngl Xy, be the library size for subject n. Let u,, € [0, 117
be the nth subject’s vector of cell type fractions across T cell types, which satis-
fies ZtT:I Ut = 1. We assume there are M; available references for cell type ¢ and let
P, ,, € [0, 1]€ be the mth reference for cell type t. As this is a distribution over genes,
Z§=1 ®¢mg = 1. Our goal is to estimate cell type proportions ., given the observed
data {X,,4}¢c[G]and references { @} re[T1;me[M;)

BLEND uses a generative “bag-of-words” model [12] to generate each read’s gene
identity. Briefly, we first draw the read’s cell type of origin. The probability that the
read is assigned to gene g is then determined by the originating cell type’s refer-
ence. Unlike traditional LDA, which assumes references are the same across subjects
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[12], BLEND allows references to be subject-specific by assuming that the reference
for cell type t in subject # lies in the convex hull of {®; ,,}me[a,). We formalize these
ideas in the following generative probability model, which generates the observed
data {X,,4}¢c[G) for each subject #n. The graphical plate representation is in Additional
file 1: Fig. S1. We implicitly condition on library size R, and observed references ®; ,,
although we leave them out of conditioning arguments for presentation simplicity.

(i) Generate a length-T vector of cell type proportions u,, | & ~ Dirichlet(e).
(ii) For each cell type t € [T, generate a length-AM; vector of reference mixing propor-
tions ¥, , | B; ~ Dirichlet(8,).
(iii) For read r € [R,], draw its cell type source Yy, | p,, ~ Cat([T], »,,)-
(iv) Draw the rth read’s gene identity, 5(”,,, as )~(,,,, | Y, =t,9,,) ~ Cat([G], <I>5,I;END),
where QE,I;END = Z%tzl Yt m Pt m-
(v) For each gene g € [G], set X,q = Zfll X, =g)
Step (iv) lets each subject have their own reference <I>E,I;END for each cell type ¢, which
is assumed to be a convex combination of the observed references {®; ,}mear,- This
is quite general, as it allows a subject’s reference to be the average of observed refer-
ences (Ypt,m = 1/M; for all m) or be determined by only a subset of references (V,:,m
is large for some references m and small for others). The latter will occur when refer-
ences are sampled from multiple populations, where v, ,, will be large if reference
m and the CTS expression for subject 7 are sampled from the same population. This
ensures our model captures the variation in CTS expression across subjects.

Parameter estimation strategies of BLEND

Here we derive a Gibbs sampler to sample from the posterior
Py (¥, )ee1) | {(Xnglgelc), @ {Bi}ee(r)), where our estimator for cell type propor-
tions is then the posterior expectation of u,.. To ensure Gibbs updates are tractable,
we introduce a new latent variable by noting that drawing the rth read’s gene identity
in step (iv) of the above generative probability model is equivalent to the following

two-step procedure:

Znyrl(Ynr =1t, wn,t) ~ Cat([M,], wn,t)
XYy = t, Zyr = m) ~ Cat([G], ®rm).

The new latent variable Z, , is interpretable as the rth read’s reference source. To
derive the Gibbs sampler, let

Ry
Sngtim = Z WXnr =g Yur =t Zyr = m}

r=1

be the number of gene g’s reads that are drawn from cell type ¢ using reference m € [M,],
and define S;¢ = {Sygt,m}te[T];melm, - In Gibbs sampling, we sample from marginal

posteriors:
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P({Snglectcr | Mo (¥ e deerr) (Xnglgeran o (B lterr1)
Py | {Snglgercp AV uedeerrn, (Xnglgercr o By teerr)s
PV, ¢ ety | {Snglaelcls M (Xngleerar o (B leerr)-

The Gibbs sampler converges quickly due to the large library sizes in bulk RNA-seq
data. We let the entries of & and 8, be 0.01 in practice, which ensures the priors for u,,
and ¥, ; are non-informative.

While our Gibbs sampler is relatively fast and easy to implement, we would ideally
optimize computation to be able to estimate cell-type proportions in modern datasets
that include thousands of bulk samples. We therefore present an algorithm to maximize
the posterior distribution, that is, to derive the maximum a posteriori (MAP) estimate
for w,, and {¥,,;};c[7). We use an expectation-maximization (EM) algorithm to maxi-
mize the log-posterior for p, and {¥,,}:c[7] conditional on the data {X;,,S,4}ec(G]
and Dirichlet hyperparameters o, {8;};c[7]. Briefly, we consider the latent variables
S1e = {SngtmlteT]:mem,) and define the latent variable-augmented log-posterior to be

Ly, (W deerr)) = 108 Py, (W ) eerr) | (Xings Sngleetan @ (Bedeerr))-

The E-step of the EM algorithm is then:

Qs (W) eerr) = EXL(foy, (W0 deer)))s

where  expectation is  taken  with  respect to  the  distribution

0 0 0 0 e
P{Suglgecic) | {(XngleelGls IL;(q ), {VI;,E}[E[T]), where [L;(,, ) and 1/f£,2 are the algorithm’s cur-
rent values of u,, and ¥, ;. The M-step is

ArgMaAXy, (., deeir) Qs (W e }eerr)s

subjecttou, >0, ¥, , > 0, Zthl tne = 1, and Zﬁf‘:l Ynem = Lforallt € [T].

Aside from being able to provide the same parameter estimates, EM-MAP simplifies
estimation by replacing the time-consuming sampling process and the need for addi-
tional samples after burn-in with purely algebraic operations and direct parameter esti-
mation upon convergence. We implement the Gibbs sampler in R and the EM-MAP
algorithm in Rcpp. In the MSBB application, it takes the Gibbs sampler 36 min to decon-
volve one bulk sample (6388 genes) using nine references. Apart from providing consist-
ent estimates (Additional file 1: Fig. S2), the EM-MAP algorithm significantly reduces
computation time to 1.5 min.

Cell size adjustment

After the parameter estimation, we focus on the interpretation and use of the cellular
fraction parameter p,,. In BLEND, we model RNA transcripts directly. Thus, p,, should
be interpreted as proportions of transcript attributed to cell types in the tissue (RNA
fractions). When cell fractions are of interest, we need to consider the varying abun-
dance of transcripts of different cell types, which is quantified by a cell size vector
S € RT. § can be given or estimated by the average library sizes of cell types, the latter of
which was used in our experiments. Then, we estimate cell fractions by
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cll _ _ Mmt/St
LT :
! Z£<:1(Mn,t*/st*)

In benchmarking studies with reliable ground truth of cell fractions, such as simula-
tion, we perform cell size adjustment first before comparison.

Chi-squared test in the MSBB data analysis

We tested the independence between Brodmann areas and the reference preferences of
bulk samples using the chi-squared test on the MSBB data. For cell type ¢, we estimated
the reference mixing proportions fht = Les 1/}2,“ ce &N,t)’. We then defined the pre-
ferred reference for a bulk sample-cell type pair (#, £) as the reference with the highest
value in fk nt- We constructed a contingency table using reference preferences and Brod-
mann areas of bulk samples and performed a chi-squared test. The p value < 2.2 x 10716
indicated major statistical significance that was below the computation limit in R.
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