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Abstract

Spatial transcriptomics technologies promise to reveal spatial relationships of cell-type composition
in complex tissues. However, the development of computational methods that capture the unique
properties of single-cell spatial transcriptome data to unveil cell identities remains a challenge. Here,
we report SPICEMIX, a new method based on probabilistic, latent variable modeling that enables ef-
fective joint analysis of spatial information and gene expression of single cells from spatial transcrip-
tome data. Both simulation and real data evaluations demonstrate that SPICEMIX markedly improves
upon the inference of cell types compared with existing approaches. Applications of SPICEMIX to
single-cell spatial transcriptome data of the mouse primary visual cortex acquired by seqFISH+ and
STARmap show that SPICEMIX can enhance the inference of cell identities and uncover potentially
new cell subtypes with important biological processes. SPICEMIX is a generalizable framework for
analyzing spatial transcriptome data to provide critical insights into the cell-type composition and
spatial organization of cells in complex tissues.
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Introduction

The compositions of different cell types in various human tissues remain poorly understood due to the
complex interplay among intrinsic, spatial, and temporal factors that collectively contribute to cell iden-
tity [1–3]. Single-cell RNA-seq (scRNA-seq) has greatly advanced our understanding of complex cell
types in different tissues [4–6], but its utility in disentangling spatial factors in particular is inherently
limited by the dissociation of cells from their spatial context. To address this limitation, new spatial tran-
scriptomics technologies based on multiplexed imaging and sequencing [7–17] are able to reveal spatial
information of gene expression of dozens to tens of thousands of genes in individual cells in situ within
the tissue context.

However, the development of computational methods that capture the unique properties of the spa-
tially resolved single-cell transcriptome data to unveil single-cell identities remains a challenge [18].
Zhu et al. [19] previously proposed the use of a hidden Markov random field (HMRF) to model spatial
domains after distinguishing spatial and intrinsic genes (based on scRNA-seq). The major drawback of
the method of [19] is that it cannot learn contributions of spatial and intrinsic factors to gene expression
directly from spatial transcriptome data. In addition, the model relies on the assumptions that spatial
subtypes are discrete and exhibit homogeneous spatial patterns, which prohibits it from learning the un-
derlying mixture of diverse factors of cell identity with varied spatial patterns (e.g., distinct layer-like
structures or diffuse patterns). Several other methods have been developed to study the relationship
of known cell types in local neighborhoods [20], to explore the spatial variance of genes [21–24], and
to align scRNA-seq with spatial transcriptome data [25–27]. But no existing method seeks to jointly
model spatial patterns of the cells and their expression profiles to reveal cell identity, which is of vital
importance to fully utilize spatial transcriptome data.

Here, we report SPICEMIX (Spatial Identification of Cells using Matrix Factorization), a new in-
tegrative framework to model spatial transcriptome data. SPICEMIX uses latent variable modeling to
express the interplay of spatial and intrinsic factors that comprise cell identity. Crucially, SPICEMIX

enhances the non-negative matrix factorization (NMF) [28] of gene expression with a novel integration
with the graphical representation of the spatial relationship of cells. Thus, the learned spatial patterns
can elucidate the relationship of intrinsic and spatial factors, leading to much more meaningful represen-
tations of cell identity. Application to the spatial transcriptome data of the mouse primary visual cortex
acquired by seqFISH+ [12] and STARmap [13] demonstrated that the latent representations learned by
SPICEMIX can refine the identification of cell types, uncover subtypes missed by other approaches, and
reveal important biological processes. SPICEMIX has the potential to provide critical new insights into
the cell composition based on spatial transcriptome data.

Results

Overview of SPICEMIX

SPICEMIX models the cell-to-cell relationships of the spatial transcriptome by a new probabilistic graph-
ical model formulation, the NMF-HMRF (Fig. 1). The input of the model consists of gene expression
measurements and spatial coordinates of cells from spatial transcriptome data (e.g., seqFISH+ [12] and
STARmap [13]). From the spatial coordinates, an undirected graph is constructed to capture pairwise
spatial relationships, where each cell is a node in the graph. For each node, a latent state vector explains
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the observed gene expression of the cell. More critically, unique to the NMF-HMRF model is the inte-
gration of NMF into the HMRF [29] to represent the observations as mixtures of latent factors, modeled
by metagenes, where the proportions are the hidden states of the graph. In contrast, in a standard HMRF,
hidden states are assumed to be discrete, thus restricting the expressiveness of the model.

In the NMF-HMRF model of SPICEMIX, the potential functions of the graph capture the probabilis-
tic relationships between variables in the model. The potential functions for observations capture the
likelihood of the observation given the hidden state of the cell. The potential functions for edges capture
the spatial affinity between the metagene proportions of neighboring cells. In a standard HMRF, it is
assumed that neighboring nodes will have similar hidden states, resulting in a spatial smoothing effect
that is inadequate to describe the heterogeneous spatial patterns of the cells. However, in the formula-
tion of SPICEMIX, we do not assume such a relationship a priori, but rather allow the method to learn
spatial affinities from the spatial transcriptome data. Crucially, SPICEMIX learns the parameters of the
model that best explain the input spatial transcriptome data, while simultaneously learning the underlying
metagenes and their proportions that define the identities of the cells. This is achieved by a new opti-
mization algorithm that alternates between maximizing the joint posterior distribution of the parameters
in the model and maximizing the posterior distribution of the metagenes in the matrix factorization. The
learned parameters, metagenes, and proportions provide biological insights into the latent representation.
See Methods for the detailed description of the SPICEMIX model.

Evaluation of SPICEMIX on simulated spatial transcriptome data

We first evaluated SPICEMIX on simulated data that we designed to model the mouse cortex, which has
served as a prominent case study for several spatial transcriptomic methods, including seqFISH+ [12] and
STARmap [13] (Fig. 2a-b; see Methods for detailed simulation strategy). This region of the brain con-
sists of cell types that exhibit strong, layer-wise patterns of expression as well as cell types that sparsely
populate the entire tissue. The goal of the evaluation was to infer the latent metagenes describing gene
expression and to reveal the underlying simulated cell types. We compared the inference of SPICEMIX

to that of NMF and HMRF, since they are the fundamental underlying models of many relevant compu-
tational methods. This comparison also aimed to demonstrate the advantage of the integration of these
two models in SPICEMIX, rather than using either alone. We assessed performance by quantitatively
comparing the cell types learned from each method with the simulated true cell types, using the adjusted
Rand index (ARI). For SPICEMIX and NMF, we applied additional hierarchical clustering to the learned
latent representation to group cells into clusters. The number of clusters was determined objectively by
maximizing the Calinski-Harabasz (CH) index [30]. The strategy for choosing other hyperparameters for
SPICEMIX and NMF is described in Methods. The number of clusters, or discrete states, for HMRF was
chosen automatically during operation, given an upper bound, and the smoothing parameter was chosen
manually to maximize the ARI, representing its best-case performance. We devised four simulation sce-
narios for evaluation, which varied the randomness of the data in terms of both the noise variance and
the variance of the true hidden states (see Methods).

We found that SPICEMIX consistently produced the best ARI score (0.6-0.8 on average; the maxi-
mum value being 1.0) across all scenarios (Fig. 2d). In contrast, NMF achieved an ARI between 0.2-0.4
on average, a reduction by more than 50%. As expected, as the variance of the expression values or
hidden states increased, the performance of all methods decreased (Fig. 2d). To ensure that the CH index
was not favorably biased towards SPICEMIX, we also evaluated NMF when the number of clusters was
instead chosen to maximize the ARI directly rather than according to the CH index (denoted as “NMF*”
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in Fig. 2d). The resulting ARI ranged from 0.5-0.65. Thus, the best-case scenario for NMF was sig-
nificantly worse than the performance of SPICEMIX. In addition, HMRF achieved a far lower ARI,
between 0.1-0.2 on average. Looking closer at an example simulated sample reveals that the superior
cell type inference of SPICEMIX was due to its successful recovery of both layer-specific and sparse
spatial patterns of metagenes (Fig. 2c; metagene 8 shows layer-specific localization whereas metagene 2
has a more diffuse pattern). The precise recovery of these metagenes lead to a much clearer separation
of the simulated cell types in the learned latent space of SPICEMIX (Fig. 2f). Notably, this resulted in a
clear and accurate delineation of the layer-specific excitatory neurons in the sample (Fig. 2e). We found
that, in contrast, the metagenes learned by NMF lacked spatial coherence (Fig. 2c). Consequently, NMF
often failed to reveal the excitatory neurons according to their layer-specific enrichment (Fig. 2e). Also,
in contrast to both SPICEMIX and NMF, HMRF smoothed over sparse cell types and yet still failed to
detect clear layer-wise boundaries (Fig. 2e), despite having optimized the smoothing parameter. Specif-
ically, the spatial patterns of the boundaries between HMRF clusters are not consistent with the ground
truth (dashed vertical lines in Fig. 2e), especially in layer L4, where green, yellow, and blue cell types
show an interleaving pattern. This same phenomenon was also manifested in our real data application
(see later sections and Fig. S4).

Taken together, we showed that the novel integration of matrix factorization and spatial modeling in
SPICEMIX yields superior inference of underlying cell identities across a variety of settings, compared
to either NMF or HMRF alone. This improvement was seen for cell types with either sparse or layer-
specific spatial patterns, both of which are prevalent in real data from complex tissues (e.g., the mouse
cortex data used in this work). In addition, our evaluation also confirmed the effectiveness and robustness
of our new optimization scheme for fitting the SPICEMIX model to spatial transcriptome data.

SPICEMIX refines cell identity inference from seqFISH+ data

We applied our method to the data acquired by seqFISH+ [12]. Specifically, we sought a robust model
of the spatial variation of gene expression using SPICEMIX that would reveal both intrinsic factors of
expression as well as spatial patterns, thereby unveiling cell identities more accurately. Here, we used
the data of five separate samples of the mouse primary visual cortex, all from the same mouse but from
contiguous layers, each from a distinct image or field-of-view (FOV), with single-cell expression of
2,470 genes in 523 cells [12]. We compared the cell identities revealed by SPICEMIX to those of NMF
and Eng et al. [12].

The clustering of the learned latent representation of SPICEMIX revealed five excitatory neural sub-
types, two inhibitory neural subtypes, and eight glial subtypes (Fig. 3a), supported by scRNA-seq marker
genes [31] (Fig. 3b (left)). Although the assignment of major types was consistent between SPICEMIX,
NMF, and [12] (Fig. 3b (middle) and Fig. S1), SPICEMIX refined and expanded the identification of
cell subtypes (Fig. 3b (middle)). In particular, the identification of layer-specific excitatory neurons by
SPICEMIX had a high correspondence with their associated layer (Fig. 3c), whereas several excitatory
clusters from the original analysis in [12] were incorrectly dispersed across as many as three layers (see
Fig. 3h in [12]). Furthermore, SPICEMIX correctly distinguished eL5b and eL6 neurons, which were
mixed together in several clusters in [12] (Fig. 3b (middle)). The expression of marker genes Col6a1 and
Ctgf [31] confirmed the identity of these cells (Fig. 3b (left)).

Beyond mere discrete cell type assignments, the metagenes and spatial affinities learned by SPICEMIX

provided new insight into the underlying factors of glial cell states. The metagenes of SPICEMIX tend to
capture either expression patterns of specific cell types, expressed at high levels, or patterns shared across
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cell types, expressed at lower levels (Fig. 3b (right)). Notably, as annotated in Fig. 3b (right), metagene 7
is expressed at a high proportion among oligodendrocytes, distinguishing them from OPCs, while the ex-
pression of metagene 8, which is also present in OPCs, distinguished the rare Oligo-2 type from Oligo-1.
This separation is confirmed by the expression patterns of the OPC marker gene Cspg4, the differen-
tiating Oligo marker gene Tcf7l2 [32], and the mature Oligo marker gene Mog [33] (Fig. 3b (left)).
Furthermore, the expression of the latter two marker genes supports the hypothesis that the Oligo-2 cells
of SPICEMIX are likely in an intermediate transition during maturation from OPCs to oligodendrocytes,
corresponding to the proportions of metagenes 7 and 8, rather than constituting a discrete cell type. Also,
the learned metagene spatial affinities reveal that metagene 7 has a strong affinity for metagenes 3 and
4 (highlighted by black arrows in Fig. 3d (right), which are expressed primarily by the excitatory neu-
rons of deeper tissue layers (eL5a, eL5b, and eL6) (Fig. 3b (right)). Thus, the spatial affinity of this
oligodendrocyte-specific metagene 7 led to the separation of the Oligo-1 cells from OPCs, which, in
contrast, do not have a strong affinity with any particular excitatory neuron type (Fig. 3d). In contrast,
without spatial information to help decompose the highly similar expression profiles of these cell types,
both NMF and Eng et al. [12] failed to distinguish these cells from other oligodendrocytes or OPCs
(Fig. S1 and Fig. 3b (middle), respectively). Lastly, SPICEMIX revealed an additional separation of a
cluster of [12] into SMC and Endo cells, which can be confirmed by the expression of their respective
marker genes (i.e., Bgn highly expressed in SMC but not Endo cells, and Flt1 highly expressed in both
SMC and Endo cells [31]) (Fig. 3b).

Together, by analyzing the seqFISH+ data with SPICEMIX, we identified cell subtypes of the mouse
cortex whose spatial distributions are more consistent with prior experiments. We also delineated rarer
subtypes that were not distinguished by other methods. This analysis strongly demonstrates the advan-
tages and unique capabilities of SPICEMIX.

SPICEMIX reveals spatially-enriched cell types and subtypes from STARmap data

Next, we applied SPICEMIX to a single-cell spatial transcriptome dataset of the mouse cortex acquired
by STARmap [13]. As in the analysis of the seqFISH+ dataset, the learned latent representation of cell
identity of SPICEMIX provided a better characterization of cell subtypes and offered additional insight
into their underlying factors. We analyzed a single sample consisting of 930 cells passing quality control,
all from a single image or FOV, with expression measurements for 1020 genes. To distinguish cell-type
labels between methods, we append an asterisk to the end of the cell labels of Wang et al. [13] when
referenced.

We found that SPICEMIX produced more accurate cell labels than [13] and revealed subtypes missed
both in [13] and by NMF (Fig. 4, Fig. S2). In comparison to NMF, SPICEMIX uncovered the following
additional subtypes: SST inhibitory neuron, Oligo, Astro/Oligo, and two eL6 subtypes (Fig. 4a, b (left);
supported by known marker genes [13, 31]). In comparison to the clusters from [13], SPICEMIX refined
the assignment of excitatory neurons and further delineated the Oligo type into three subtypes: Oligo-1,
Oligo-2, and Astro/Oligo (Fig. 4b (middle)). Specifically, SPICEMIX was able to learn the layer-like
structure of excitatory neurons in tissue (Fig. 4c), thereby improving upon the assignments reported in
Fig. 5d in [13], which erroneously mixed several neuron subtypes across layer boundaries. We noted
that ≥15 eL2/3* or eL4* cells of [13] in fact resided not in layers L2-L4 but in layers L5 and L6
(black ‘×’ in the middle panel in Fig. 4c) and ≥15 eL5* neurons of [13] resided outside of layer L5
(black dots in the bottom panel in Fig. 4c), which is not consistent with the spatial association of those
neurons. The refinement by SPICEMIX is especially notable in the reassignment of 36 cells in excitatory
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subtypes eL2/3 and eL4, which yielded a much clearer delineation of their corresponding layers (‘×’
and ‘+’ in Fig. 4c (middle panel)). We found that the smoothing assumption of HMRF produced overly-
smooth boundaries between cell types and failed to identify the layer-wise structure of excitatory neurons
(Fig. S4).

Additionally, SPICEMIX corrected the assignment of a large set of eL5 neurons erroneously labeled
as astrocytes in [13] (Fig. 4b (middle), c). Astrocytes are known to be dispersed throughout the primary
visual cortex, unlike the highly-localized Astro-1* cluster of [13] in the L5 layer (Fig. S5). SPICEMIX

learned this spatial pattern without a priori knowledge, which it simultaneously used to correct these
neurons. Differential expression analysis showed that many of the marker genes of astrocytes (identified
by [31]), such as F3 and Sox9, are expressed in Astro-1* at a level significantly lower than those in
Astro-2* and comparable to those in eL5 neurons (Fig. S5), confirming this assignment. Furthermore,
the Astro-1* cells express marker genes of excitatory neurons, such as Slc17a7, Tcerg1l, Stac, and
Parm1, at much higher levels than Astro-2* cells (Fig. S5).

The learned metagenes of SPICEMIX explain the improved cell identity inference and provide in-
sights into the relation of different expression patterns across cell types. Metagenes for layer-specific
cell types, such as metagene 3 for eL4 neurons, exhibited precise layer-specificity, enabling SPICEMIX

to carefully delineate such subtypes (Fig. 4d; see also Fig. S3a). Sparsely expressed metagenes, such as
metagene 8, which led to the identification of PVALB inhibitory neurons, were also successfully recov-
ered by SPICEMIX. Such informative spatial patterns were attainable because of the accurate inference
of the spatial affinity between metagenes (Fig. 4e). Excitatory subtypes eL6b and eL6c were also distin-
guished due to the learned spatial affinity between metagenes. The expression of metagenes 5 and 7 in
contrary proportions distinguishes these two subtypes (Fig. 4b (right)), and the detection of these meta-
genes was aided by their strong affinity to each other (highlighted by a black arrow in Fig. 4e (right)).
Our assignments represent a refined, spatially-informed separation for eL6 subtype. Also, metagene 11
shows a moderate affinity with many other metagenes, likely because metagene 11 is enriched in Astro
cells. The strong self-affinity of metagenes 2-5, which are associated with excitatory neurons, yielded
the clear layer boundaries seen in the labels of SPICEMIX and the correction of the Astro-1* to eL5
neurons mentioned above (Fig. 4c). In contrast, NMF metagenes typically exhibited diffuse and unspe-
cific patterns of metagene expression (Fig. 4d and Fig. S3b). Another important novel observation from
SPICEMIX is the expression of metagenes 12 and 13 among Oligo-1 and Astro/Oligo, which shed new
light on the relation of these cells (see later section).

These results collectively suggest that SPICEMIX is able to refine cell identity and metagene infer-
ence with distinct spatial patterns from STARmap data, further demonstrating its unique advantage.

SPICEMIX identifies continuous myelination stages in oligodendrocytes

As in the results from the seqFISH+ data, the expression of metagenes learned by SPICEMIX from
STARmap suggested the existence of continuous factors of cell identity that cannot be described merely
by discrete clusters. One such factor, which SPICEMIX alone revealed, provided new insights into the
myelination process of oligodendrocytes from the STARmap data. This process was observed among the
oligodendrocytes of the Astro/Oligo and Oligo-1 types, which were discovered to lie along a continuum
between the two classes in the latent space of SPICEMIX (Fig. 4a). We note that the Astro/Oligo type
(colored magenta in Fig. 4) included a distinct group of astrocytes as well, which we removed from
consideration. These astrocytes correspond to the thin sliver of magenta-colored cells at the superficial
extremity of the tissue, whereas the remainder of Astro/Oligo cells, which we posit are oligodendrocytes,
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are located in a deep-tissue layer near Oligo-1 cells (Fig. 4c). Additionally, the expression of astrocyte
and oligodendrocyte marker genes among these astrocytes clearly resembles that of the STARmap Astro-
2* class, whereas the expression of such genes among the oligodendrocytes of the Astro/Oligo class
resembles that of the Oligo* class (Fig. S6a,c,d). We then examined the latent representation of the
remaining oligodendrocytes and the cells of Oligo-1 and noted that cells from both clusters expressed
metagenes 12 and 13 at high, but strikingly anti-correlated, levels (Fig. 4f).

We hypothesized that the differential expression of these metagenes was capturing the gradually ac-
tivated myelination process of oligodendrocytes that is reflected by the gradually elevated or reduced
expression levels of myelin sheath-related genes. To test this hypothesis, we used linear regression mod-
els to fit the relationship between the expression levels of myelin sheath-related genes and the differences
in the proportions of metagenes 12 and 13 in individual cells. The eleven genes that we tested were those
from the STARmap panel that were attributed to myelin sheath formation, according to the Gene On-
tology (GO) database (see Supplementary Results B.1), and were expressed in at least 30% of the cells.
We found that the correlations of seven of the eleven genes were significant (p < 0.05, after a two-step
FDR correction for multiple testing) (Fig. 4f and Fig. S6b), supporting our hypothesis. Furthermore, we
identified one gene, Atp1a2, which was confirmed recently by scRNA-seq [34, 35].

This result suggests that the latent representation of SPICEMIX is uniquely able to elucidate relevant
factors of cell identity, such as the myelination process among oligodendrocytes, further demonstrating
the capability of SPICEMIX to uncover cellular heterogeneity from spatial transcriptome data.

Discussion

In this work, we developed SPICEMIX, an unsupervised method for modeling the diverse factors that
collectively contribute to cell identity based on single-cell spatial transcriptome data. The novel inte-
gration of NMF and HMRF in SPICEMIX combines the expressive power of NMF for modeling gene
expression with the HMRF for modeling spatial relationships, advancing current state-of-the-art mod-
eling for spatial transcriptomics. We evaluated the performance of SPICEMIX on simulated data that
approximates the mouse cortex spatial transcriptome, showing a clear advantage over NMF and HMRF.
Applications of SPICEMIX to single-cell spatial transcriptome data of the mouse primary visual cortex
from seqFISH+ and STARmap demonstrated its effectiveness to produce reliable and informative latent
representations of cell identity, unveiling more accurate cell type identification than prior approaches and
uncovering important biological process underlying cell states.

As future work, SPICEMIX could be further enhanced by incorporating additional modalities such
as scRNA-seq data. Other recent computational methods have been used to study scRNA-seq and spa-
tial transcriptomic data jointly [25, 26, 36], but they do not attempt to comprehensively model spatial
cell-to-cell relationships. With proper normalization and preprocessing, data from scRNA-seq could be
incorporated into the SPICEMIX framework. This additional data may improve the inference of the latent
variables and parameters of the model, which could further improve the modeling of cellular heterogene-
ity. In addition, further enhancements could be made to the probabilistic model of SPICEMIX including
additional priors, such as sparsity, to tailor toward particular application contexts.

As the area of spatial transcriptomics continues to thrive and data become more widely available,
SPICEMIX will be a uniquely useful tool for enabling new discoveries. In particular, the refined cell
identity with SPICEMIX has the potential to improve future studies of cell-cell interactions [37]. We
considered STARmap and seqFISH+ methods in our study, because they provide gene counts for single
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cells and they have some of the largest gene panels of such methods, however, there is still much potential
to analyze data of other methods with SPICEMIX and also in a more integrated manner for cross-platform
analysis. Nor is SPICEMIX limited to transcriptomic data, but its methodology may also be well-suited
for other recent multi-omic spatial data, e.g., DBiT-seq [38]. Overall, SPICEMIX is a powerful frame-
work that can serve as an essential tool for the analysis of diverse types of spatial transcriptome and
multi-omic data, with the distinct advantage that it can unravel the complex mixing of latent intrinsic and
spatial factors of heterogeneous cell identity in complex tissues.
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Methods

Probabilistic formulation of NMF-HMRF in SPICEMIX

Gene expression as matrix factorization

We consider the log-transformed normalized expression of individual cells Y = [y1, . . . , yN ] ∈ RG×N
+ ,

where constants G and N denote the number of genes and cells, respectively, to be the product of K
underlying factors (i.e., metagenes), M = [m1, . . . ,mK ], mk ∈ SG−1, and weights, X = [x1, . . . , xN ] ∈
RK×N

+ , i.e.,
Y = MX + E. (1)

This follows the non-negative matrix factorization (NMF) formulation of gene expression of prior work [39].
The termE = [e1, . . . , eN ] ∈ RG×N captures the unexplained variation or noise, which we model as i.i.d.
Gaussian, i.e., ei ∼ N (0, σ2

yI). To resolve the scaling ambiguity between M and X , we constrain the
columns of M to sum to one, so as to lie in the (G − 1)-dimensional simplex, SG−1. For notation
consistency, capital letters are used to denote matrices and lowercase letters denote their column vectors.

Graphical model formulation

Our formulation for the NMF-HMRF in SPICEMIX enhances standard NMF by modeling the spatial
correlations among samples (i.e., cells in this context) via the HMRF [29]. This novel integration aids
inference of the latent M and X by enforcing spatial consistency. The spatial relationship between cells
in tissue is represented as a graph G = (V ,E) of nodes V and edges E , where each cell is a node and
edges are determined from the spatial locations. Any graph construction method for determining edges,
such as distance thresholding or Delaunay triangulation, can be used. For each node i in the graph, the
measured gene expression vector, yi, is the set of observed variables and the weights, xi, describing
the mixture of metagenes, are the hidden variables, or state. The observations are related to the hidden
variables via the potential function φ, which captures the NMF formulation. The spatial affinity between
the metagene proportions of neighboring cells is captured by the potential function ϕ. Together, these
elements constitute the HMRF.

Given an observed dataset, the model can be fit by maximizing the likelihood of the data. By the
Hammersley-Clifford theorem [40], the likelihood of the data for the pairwise HMRF can be formulated
as the product of pairwise dependencies between nodes,

P (Y,X|Θ) =
1

Z(Θ)

∏
(i,j)∈E

ϕ(xi, xj)
∏
i∈V

φ(yi, xi)π(xi), (2)

where Θ = {∆,M} is the set of model parameters and metagenes and Z(Θ) is the normalizing partition
function that ensures P is a proper probability distribution. The potential function π is added to capture
a prior on the hidden states. We assume that the potential functions have an exponential form, allowing
them to be written in the form of the exponential of an energy function, i.e.,

φ(yi, xi) = exp (−Uy(yi, xi)) , ϕ (xi, xj) = exp (−Ux(xi, xj)) . (3)

The energy functions are given by:

Uy(yi, xi) =
(yi −Mxi)

2

2σ2
y

, Ux(xi, xj) =
x>i
‖xi‖1

Σ−1
x

xj
‖xj‖1

. (4)
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The energy function Uy is the reconstruction error of the measured expression of cell i according to
the estimated xi and M , and σ2

y represents the variation of expression, or noise, of the NMF model.
The energy function Ux measures the inner-product between the metagene proportions of neighboring
cells i and j, weighted by a learned, pairwise correlation matrix Σ−1

x , which captures the spatial affinity
of metagenes. By normalizing the weights xi of each cell, any scaling effects, such as cell size, are
removed, such that the similarity is purely a measure of proportions. Additionally, we formulate the
potential function of the hidden states X to also have an exponential form, with a scale parameter of

λx = 1, π(xi) = exp (−λx‖xi‖1) . (5)

We normalize the average of the total normalized expression levels in individual cells to K correspond-
ingly.

Parameter priors

We assume a Gaussian prior with zero mean and σ2
Σ variance on the elements of the pairwise matrix Σ−1

x ,
while enforcing that the matrix be transpose symmetric, i.e.,

P
(
Σ−1
x

)
=
(√

π/λΣ

)−K2/2

exp
(
−λΣ

∥∥Σ−1
x

∥∥2

F

)
, (6)

where λΣ = 1/(2σ2
Σ) and F denotes the Frobenius norm. This prior can be viewed as a regularization

that allows us to control the importance of the spatial relationships during inference.

Alternating estimation of hidden states and model parameters

To infer the hidden states and model parameters of the NMF-HMRF model in SPICEMIX, we optimize
the data likelihood via coordinate ascent, alternating between optimizing hidden states and model param-
eters. This new optimization scheme is summarized in Algorithm 1. First, to make inference tractable,
we approximate the joint probability of the hidden states by the pseudo-likelihood [40], which is the
product of conditional probabilities of the hidden state of individual nodes given that of their neighbors,

P (X|Θ) ≈
∏
i∈V

P (xi|xη(i),Θ), (7)

where η(i) is the set of neighbors to node i.

Estimation of hidden states

Given parameters Θ of the model, we estimate the factorizations X by maximizing their posterior distri-
bution. The maximum a posteriori (MAP) estimate of X is given by:

X̂ = argmax
X∈RK×N

+

P (X|Y,Θ) = argmax
X∈RK×N

+

P (Y,X|Θ) = argmax
X∈RK×N

+

{logP (Y,X|Θ)} (8)

= argmax
X∈RK×N

+

∑
i∈V

[−Uy(yi, xi) + log π(xi)]−
∑

(i,j)∈E

Ux(xi, xj)

 . (9)

This is a quadratic program and can be solved efficiently via the iterated conditional model (ICM) [41]
using the software package Gurobi [42] (see Supplementary Methods A.1 for more details).
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Algorithm 1 NMF-HMRF model-fitting and hidden state estimation.
1: Derive an initial estimate M (0) using K-means clustering assuming no spatial relationships.
2: for 1 < t ≤ T0 do
3: Derive an estimate X(t) by minimizing R(X) = ||Y −M (t−1)X||22.
4: Derive an estimate M (t) by minimizing R(M) = ||Y −MX(t)||22.
5: end for
6: Set M (0) = M (T0), X(0) = X(T0).
7: Derive an initial estimate σ(0)

y =
√
R(X(0))/(G×N).

8: Initialize (Σ−1
x )

(0) to a zero matrix.
9: for 1 < t ≤ T do

10: Derive an estimate X(t) given Θ(t−1) by maximizing P (X|Y,Θ = Θ(t−1)).
11: Derive an estimate Θ(t) given X(t) by maximizing P (Θ|Y,X = X(t)).
12: end for

Estimation of model parameters

Given an estimate of the hidden states X , we can likewise solve for the unknown model parameters Θ

by maximizing their posterior distribution. The MAP estimate of the parameters Θ is given by:

Θ̂ = argmax
Θ

P (Θ|Y,X) = argmax
Θ

P (Y,X|Θ)P (Θ) = argmax
Θ

{logP (Y,X|Θ) + logP (Θ)} (10)

= argmax
Θ

∑
i∈V

[−Uy(yi, xi) + log π(xi)]−
∑

(i,j)∈E

Ux(xi, xj)− logZ(Θ) + logP (Θ)

 (11)

≈ argmax
Θ

∑
i∈V

[−Uy(yi, xi) + log π(xi)− logZi(Θ)]−
∑

(i,j)∈E

Ux(xi, xj) + logP (Θ)

 . (12)

Eqn. 12 is an approximation by the mean-field assumption [40], which is used, in addition to the pseudo-
likelihood assumption, to make the inference of model parameters tractable. We note that we can estimate
metagenes, spatial affinity, and the noise level independently. The MAP estimate of the metagenes M
is a quadratic program, which is efficient to solve. The MAP estimate of Σ−1

x is convex and is solved
by the optimizer Adam [43]. Due to the complexity of the partition function Zi(Θ) of the likelihood,
which includes integration over X , it is approximated by Taylor’s expansion. Since it is a function of Θ,
this computation must be performed at each optimization iteration. See Supplementary Methods A.2 for
details of the optimization method.

Initialization

To produce initialize estimates of the model parameters and hidden states, we do the following. First,
we use a common strategy for initializing NMF, which is to cluster the data using K-means clustering,
with K equal to the number of metagenes, and use the means of the clusters as an estimate of the
metagenes. We then alternate for T0 iterations between solving the NMF objective for X and M . This
produces, in only a few quick iterations, an appropriate initial estimate for the algorithm, which will be
subsequently refined. We observed that if T0 is too large, it can cause the algorithm to prematurely reach
a local minimum before spatial relationships are considered. However, this value can be easily tuned by
experimentation, and in our analysis, we found that just 5 iterations were necessary.
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Empirical running time

SPICEMIX takes 0.5-2 hours to run on a spatial transcriptome dataset with 2,000 genes and 1,000 cells
on a machine with eight 3.6 GHz CPUs and one GeForce 1080 Ti GPU. The GPU is used for the first
5 iterations, or around that number, only, when the spatial affinity matrix Σ−1

x is changed significantly.
Later on, most time is spent solving quadratic programmings. Since the algorithm uses a few iterations
of NMF to provide an initial estimate, which is a reasonable starting point, it is expected to find a good
initial estimate of metagenes and latent states efficiently.

Generation of simulated data

We generated simulated spatial transcriptomic data following expression and spatial patterns similar to
cells in the mouse primary visual cortex. Cells in the mouse cortex are classified into three primary
categories: inhibitory neurons, excitatory neurons, and non-neurons or glial cells [31, 44]. Excitatory
neurons in the cortex exhibit concentrated, layer-wise specificity, whereas inhibitory neurons spread
sparsely throughout. Non-neuronal cells can exhibit either layer-specific or diffuse patterns. We simu-
lated data as acquired by imaging a slice of the tissue, consisting of four distinct vertical layers and eight
cell types: four excitatory, two inhibitory, and two glial (Fig. 2a). Each layer was densely populated
by one layer-specific excitatory neuron type. The two inhibitory neuron types were scattered sparsely
throughout several layers. One non-neuronal type was restricted to the first layer and the other was scat-
tered sparsely throughout several layers. The identity of a cell belonging to a specific type was defined
by a specific mixture of metagenes associated with major-type, subtype, or layers, along with three noise
metagenes (see Fig. 2b for the average proportions for each cell type). This pattern followed the ob-
served trends of real mouse cortex data. For excitatory neurons, the layer-specific metagene defined the
subtype. The two glial types had different major-type metagenes and no subtype metagenes. Given the
class-specific metagene proportions, which we denote by the K-dimensional vector bc for cell type c, the
proportions for an individual cell are given by

vi =
ṽi∑
k ṽi,k

ṽi = bc + ηi,

where ηi ∼ N (0, σxΣc) is a K-dimensional Gaussian random variable that controls the cell-to-cell
variation of metagene proportion. The diagonal matrix Σc defines the variance for each metagene for cell
type c. The parameter σx is a scaling constant that controls the overall variance of metagene proportions
for a given simulation. To simulate cell-specific variation of the number of total gene counts, we then
scaled vi by a random scaling factor si drawn from the Gamma distribution, with a shape parameter of
K and a scale parameter of 1. This yields the final hidden state

xi = sivi

for each cell i. For each simulated image, or tissue sample, 500 cells were created with randomly
generated locations, in such a way so as to maintain a minimum distance between any two cells, so that
the density of cells across the sample was roughly constant.

The procedure to generate metagenes is as follows. We randomly generated the value Mg,k for
the expression of gene g for metagene k, but linked a significant percentage of the genes of subtype
metagenes, such that the expression of those genes was the same across linked metagenes. For the two
inhibitory neuron subtype-specific metagenes, 75% of the genes were linked. The four layer-specific
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metagenes had 90% of their genes linked together. We also linked 75% of the genes of the excitatory
and inhibitory major-type metagenes, since they are both neural types. This pattern follows what was
observed of metagenes learned from real spatial transcriptomic data in this work. We generated the value
for each gene for each metagene from the Gamma distribution with a scale parameter of 1. The shape
for noise metagenes was 8, and the parameter for all other metagenes was 4. This achieved a desired
level of sparsity among gene expression values. After the initial values for each gene were drawn, we
normalized each metagene to sum to one. In this way, any scaling of the total number of counts per cell
is captured entirely by the hidden variables xi.

Given the randomized metagenes and hidden states, the observed expression Yg,i for cell i for gene g
is a linear combination of the metagenes, with weights xi, and with added Gaussian noise, yi = Mxi+ei,
where ei ∼ N (0, σ2

yIG) and IG is the identity matrix of dimension G. In our experiments, we set
G = 100 genes.

To test the robustness of SPICEMIX, we designed four different simulation scenarios following the
above description, in which the values of σy and σx were varied (see Fig. 2d). For each scenario, we
generated 20 replicates and reported the 0th, 25th, 50th, 75th, and 100th percentiles (excluding outliers)
of the adjusted Rand index (ARI) across replicates. For details on hyperparamter selection for the results
on this simulated data, see Supplementary Methods A.3.

Data processing for seqFISH+ and STARmap data

We applied SPICEMIX on seqFISH+ and STARmap datasets that profiled the mouse primary visual cor-
tex where different cell types exhibit distinct spatial distributions. We applied appropriate preprocessing
to remove technical biases in the input profiles. See Supplementary Methods A.4 for details. Steps
of data processing include: constructing the neighbor graph of cells, selection of hyperparameters for
SPICEMIX, NMF, and HMRF, random seed selection, the choice of the number of metagenes, and the
choice of the number of clusters for hierarchical clustering. See Supplementary Methods A.5 for de-
tails of these steps, as well as Supplementary Methods A.6 and A.7 for specific details of the number of
clusters and metagenes for analysis of seqFISH+ and STARmap, respectively. See Fig. S7 and Fig. S3c
for the CH index values leading to the choice of the number of clusters for seqFISH+ and STARmap,
respectively. For the explanation of our method for constructing the cell-type affinity matrix, see Sup-
plementary Methods A.8.
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Code Availability

The source code of SPICEMIX can be accessed at: https://github.com/ma-compbio/SpiceMix.
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Figure 1: Overview of SPICEMIX. Gene expression measurements and a neighbor graph are extracted from
in situ single-cell spatial trancriptome data and fed into the SPICEMIX framework. SPICEMIX decomposes the
expression yi in cell i into a mixture of metagenes weighted by the hidden state xi. Spatial interaction between
neighboring cells i and j is modeled by an inner product of their hidden states, weighted by inferred spatial
affinities between metagenes Σ. Collectively, the mixture weights for individual cells X, the metagene spatial
affinity Σ, and K metagenes M , all inferred by SPICEMIX, provide unique insight into the latent intrinsic and
spatial factors of cell identity.
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Figure 2: Overview of the simulated spatial transcriptome data of the mouse cortex, and performance compar-
ison between SPICEMIX, NMF, and HMRF. a. Illustration of three major cell types distributed in four layers. In
this depiction, excitatory and inhibitory neurons are star-shaped and glial cells are ovals. Subtypes are distin-
guished by their colors. b. Dendrogram showing the similarity of the expression profiles of the eight subtypes
(top), their metagene profiles (middle), and their colors and shapes used in panel a. The top four rows cor-
respond to metagenes that determine major type, the next six rows correspond to metagenes that determine
subtypes or are layer-specific, and the bottom three rows correspond to noise metagenes. c. Simulated expres-
sion of metagenes 2 and 8, from a single sample, in their spatial context (top) and the estimated expression of
those metagenes by SPICEMIX (middle) and NMF (bottom). Visualizations in e and f are of the same sample.
d. Box plots of the adjusted Rand index (ARI) that measures the quality of the matching between the identified
cell types for each method and the true simulated cell types. The optimal number of cell types for NMF was
determined by the Calinski-Harabasz index (‘NMF’ in the legend) or by maximizing the ARI score (‘NMF*’ in
the legend). Results are reported across four simulation scenarios with varying noise levels. e. Assignments
of excitatory neurons for each method in their spatial context. Colors were assigned to cells by the closest
matching simulated type. Cells assigned to the incorrect cell types have bright colors. Cells assigned to the
correct cell types have faint colors. Cells in orange belong to a cell type that does not match any simulated cell
type. f. UMAP plots of raw expression values of cells (left) and the learned latent states of SPICEMIX (right).
Colors match those of the spatial maps.
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Figure 3 (preceding page): Application of SPICEMIX to the seqFISH+ data from the mouse primary visual
cortex [12]. Note that colors throughout the figure of cells and labels correspond to the cell-type assignments of
SPICEMIX. a. UMAP plots of the latent states of SPICEMIX (left) and NMF (middle), as well as the dendrogram
of the arithmetic average of the expression for each cell type of SPICEMIX (right). It is highlighted in a (left) that
SPICEMIX further delineated inhibitory neurons into VIPs (yellow) and SSTs (brown) enclosed by the orange
dashed cycle, and delineated Oligos and OPCs into separate subtypes: Astro/Oligo (magenta), Oligo-1 (light
yellow), Oligo-2 (silver), and OPC (red), enclosed with the red dashed cycle. The colors in the NMF UMAP plot
match NMF cell types to the most similar SPICEMIX cell type. b. (Left) Average expression of known marker
genes within SPICEMIX cell types, along with the number of cells belonging to each type (colored circles). The
colored boxes following the name of each marker gene correspond to their known associated cell type. (Middle)
Agreement of SPICEMIX cell-type assignments with those of the original analysis in [12]. (Right) Average
expression of inferred metagenes within SPICEMIX cell types. c. SPICEMIX cell-type assignments for all cells
in each of the 5 FOVs. Samples from superficial layers are on the left and samples from deep tissue layers are
on the right. d. (Left) The inferred pairwise spatial affinity of cell types. (Right) The inferred pairwise spatial
affinity of metagenes, or Σ−1

x .
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Figure 4 (preceding page): Application of SPICEMIX to the STARmap data from mouse primary visual cor-
tex [13]. Colors throughout the figure of cells and labels correspond to the cell-type assignments of SPICEMIX.
a. UMAP plots of the latent states of SPICEMIX (left) and NMF (middle), as well as the dendrogram of the
arithmetic average of the expression for each cell type of SPICEMIX (right). It is highlighted in a (left) that
SPICEMIX separated PVALBs (orange) and SSTs (brown) enclosed by the orange dashed cycle, delineated
eL6 neurons into three subtypes enclosed in the dark green cycle, and delineated Oligos and OPCs into three
separate subtypes: Oligo-1 (light yellow), Oligo-2 (silver), and Astro/Oligo (magenta), enclosed with the red
dashed cycle. The colors in the NMF UMAP plot match NMF cell types to the most similar SPICEMIX cell
type. b. (Left) Average expression of known marker genes within SPICEMIX cell types, along with the number
of cells belonging to each type (colored circles). The colored boxes following the name of each marker gene
correspond to their known associated cell types. (Middle) Agreement of SPICEMIX cell-type assignments with
those of the original analysis in [13]. (Right) Average expression of inferred metagenes within SPICEMIX cell
types. c. SPICEMIX cell-type assignments for all cells in the sample are shown at the top. Lower panels show
comparisons of SPICEMIX clusters and those of the original analysis [13] for specific cell types. The labels in the
legend are the SPICEMIX cell type, followed by a dash, followed by the cell type of [13], denoted by an asterisk.
The regions in the lower panels are cropped from the top panel and share x-coordinates with the top panel.
The layers are separated by black dashed lines and are annotated above the top panel. d. Example spatial
maps of expression of metagenes from SPICEMIX (top) and NMF (bottom). These metagenes are labeled by
their indices in SPICEMIX, and the lower panels show the counterparts in NMF. e. (Left) The inferred pairwise
spatial affinity of cell types. (Right) The inferred pairwise spatial affinity of metagenes, or Σ−1

x . f. (Left) The ex-
pression of metagene 13 plotted against the expression of metagene 12 for oligodendrocytes of the SPICEMIX

Oligo-1 and Astro/Oligo types. (Right) The expression of important marker genes for myelin-sheath formation
in oligodendrocytes plotted against the relative expression of metagenes 12 and 13 of the same cells. The title
of each plot consists of the gene symbol and the corrected p-value of having a nonzero slope, respectively. An
asterisk after the p-value means that the result is significant under the threshold of 0.05 (see Supplementary
Methods B.1 for details).
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