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Interpretable spatial multi-omics data integration
and dimension reduction with SpaMV

Appendix A Graph attention network

Given a dataset = {wi}il with N features, and a graph G in which each node is
a feature in «. A graph attention network uses an attention mechanism to compute
a representation of the features from the graph-structured data. Specifically, for a
feature ¢ in the dataset x, its node representation hﬁ at layer [ in an L-layer GAT is
expressed as follows:

hi=ReLU [ > o ;Whi™ (A1)
JEN;
exp (LeakyReLU (a” [Wh,~" || Wh!']))
> wen, €xp (LeakyReLU (aT [WhI™" || WhiT']))’

where hY = &, a and W are learnable parameters, ./\f) is the neighbouring nodes of x;
in G, and || is the concatenation operation.

(A2)

Qij =

Appendix B Derivation of SpaMV

The SpaMV model is a variational inference approach designed to disentangle pri-
vate and shared information within spatial multiomics data. Suppose that the spatial
multiomics data X = {x1,...,&,,} contains m modalities, the main assumption of
SpaMV is that each omics data set, x;, is generated by a combination of shared latent
variables, z;, which capture information common to multimodal spatial omics, and
private latent variables, z,;, which encapsulate modality-specific information that is
not observable in other omics data sets. For simplicity, this paper considers two omics
datasets, although the model has the potential to be extended to accommodate a
higher number of modalities.

Given our primary assumption, analogous to other Variational Autoencoders
(VAEs) [1], SpaMV aims to approximate the true underlying data generation process
by a generative model pg (X, z) in the following form:

Xw/p@(X,z)dz



— [0 Ipo (@] 202 (2 (B3)

i=1
» where © = U™, {0;} represents the parameters in the generative neural network
s po (X, z),and z =U", {z,} U{zs}.
2 The objective of SpaMV is to maximize the likelihood of data, represented by

2 logpg (X). Due to the intractability of the posterior pg (z | X ), we substitute it with
2 an inference neural network go (z | X) = q¢, (25 | X) ]2, 9., (2pi | @;), parame-

o terized by ® = U, {2, } U{¢=.}. This substitution allows us to derive the evidence
n  lower bound (ELBO) as follows:

m

log pe (X) = log / p(20) [T po. @i | 200 20) p (21) d

i=1
p(z - P (2
>E g (zx)  |log #)X 11 pe. (@i | 2 20) _PlE)
[T a6, (2pilmi) 4o, (Zs ‘ ) i—1 Qs (Zpi ‘ mz)

=E 4, (zx) lzlogpai (i | 25, 2pi) | —

ITi%1 a0y (zpilzs) Li=1

Dk (g9, (25 | X) || p(25)) = ZDKL (40, (Zpi | @) | P (2pi))  (B4)

» To enhance the computational efficiency of our model, we further approximate the
13 posterior of z, using a mixture of expert (MoE) approach [2], ie., go, (25 | X) =
34 % > 4. (2s | ;). Consequently, the ELBO can be expressed as follows:

1 m
logp@ (X) Z E Z (EtM)SJ (Zs‘m]‘) I:logpej (:B] ‘ zs7zpj)} +
j=1

99, (zpjle;)

J
self

ZE‘U’S; (zs|z5) [10gp971 (ml | Zs; zpi)])i

i£] Qg (Zpilxa)

self-modality reconstruction: £

cross-modality reconstruction: £2;%s

Dk, (;LZQQ&: (zs ‘ mz) || p(zs)> -

> Dii (49,0 (zpi | 23) [ 2 (20) (B5)
i=1
3 In Equation B5, we define the self-modality reconstruction as the process of recon-

s structing data x; using the shared latent variables z, derived from the reconstructed
w data itself, denoted by zs ~ gg., (25 | ;). Conversely, cross-modality reconstruction
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involves reconstructing data x; using shared latent variables z; extracted from differ-
ent data, represented as zs ~ ¢4, (2s | ;). When this naive ELBO approaches 0, it
ensures that the inferred posterior private latent variable encapsulates all modality-
specific private information contained in «;. This is because, during the cross-modality
reconstruction, the shared latent representation input for the decoder py, is derived
from other modalities which contain no private information about x;. As a result, to
minimize £2% . the inferred posterior 46, (2pi | ;) must encode all omics-i specific
private information from x; to zp;. However, this ELBO does not guarantee that:
1) the inferred shared latent variable contains all shared information, 2) no shared
information leaks into the inferred private latent variable, and 3) no private informa-
tion leaks into the inferred shared latent variable. To resolve these issues, we take the

following three modifications, each targeting one of these specific concerns.
1. Preserving shared information in the inferred shared latent variable

Since both reconstruction processes rely on private latent variables encoded from tar-
get data, there is a risk that all meaningful information is captured solely in the private
latent space, rendering the shared latent variables insignificant [3]. This outcome is
undesirable, as it undermines the purpose of utilizing shared latent variables to cap-
ture commonalities across different data modalities. To mitigate this issue, we adopt
the modification suggested in [3], wherein the private latent variables used in cross-
modality reconstruction are replaced by random Gaussian variables of the same shape.
As a result, the shared latent variables are compelled to capture shared information
across modalities to effectively optimize the cross-modality reconstruction loss. Based
on this idea, we can derive the following ELBO:

togpe (X) =log [ p(=) [[ o, s | 2.)d.

i=1

p(z) 19
> Ky, (%) llog . (22 | X) Hpei (z; | Zs)]
s A8 i=1

m

1
gz Eq,., (2.lz)) [108P0, (5 | 2] + D B, (zfay) logpe, (@i | 20)] | —
j=1 i£j

Dir (g9, (zs | X) || P (25))

1 ¢ P (2p;)
72 By, (zalz)) log py; (x; |zs,zpj)7m +
m j=1 ( q¢p_:(zpj|mj) ’ Ay, (ij ‘ ZI?]‘)

%

Y By (=l logpe, (@i | 2,)] | = Dicr (g5, (25 | X) || p(25))
i#£j

1 m
Z EZ (E G, (zelas) (108D, (%5 | 25, 2p5)] +

=1\ 4o, (Zpil®))
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ZE%S]. (zs|®s) Uogpei (x4 | zmwi)] -
i#j  wi~N(0,1)

Dir (s, (25 | X) 1| p(25) = Y _ Drcr (ap, (2pi | ®0) [ p(20))  (B6)
i=1

Equation B6 may cause the inferred private latent variables to lack essential private
information since the shared variable is used in both self-modality and cross-modality
reconstruction processes. To prevent this, we halted the backpropagation of param-
eters in the shared encoder during self-modality reconstruction, ensuring that these
parameters are updated solely by the cross-modality reconstruction loss. Thus, we
have the following ELBO:

1 m
logpe (X) = — 2:1 (Esg(% (z.ley)) 108 D0, (5 | 25, 2p5)] +
=

Qo (Zpj|®5)

Z]EQ¢SJ- (zsl®i) [logpgl (mz | zs,wi)] -
i#j  w;~N(0,1)

Dicr (49, (25 | X) 11 9(25) = Y Drcr (a6, (i | ) || p(20)) , (BT)

i=1

where the operator sg(-) means stopping gradient descent of the parameters in the
involved neural networks.

2. Preventing the leakage of shared information in the inferred private latent variables

As noted in [4], when two sets of variables are independent, training a deep neural
network to use one set as input to predict the other will consistently yield the mean of
the predicted variables if the model is optimized using mean squared error. Inspired
by this basic idea, we introduced m — 1 measurement models, denoted as {Mlj } ” for

VE)
each private variable z,; to ensure their independence from data U;.;x;. Specifically,
each measurement model M; takes z,; as input and aims to predict the data x; by
minimizing the mean squared error between the prediction and the observation. If
the inferred private latent variable z,; contains only the private information from x;,

and the measurement model MZJ reaches its global optimum, then the measurement
model MZJ will consistently return the mean x;, i.e., Var (MZJ (zpi)> — 0. Thus, by

iteratively optimizing our main model alongside these auxiliary measurement models,
we can effectively prevent the leakage of shared information into the inferred private
latent variables. The loss for the measurement model M is:

Lhhasure = MSE (M7 (251) ., ) (BS)
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The updated loss function of the main model can be written as:

1 m
L= - Z (Esg(%sj (2]2;)) [logpgj (x; | ZS,ij)} +
Jj=1

96,5 (ZpjlT5)

> By, (eufe D08 o, (@i | 20, w:)] + Var (M] (2,)) | +

Dicr (49, (25 | X) 11 2(26)) + D Dicr (a6, (zpi | ) [ p(2)) (B9

i=1
3. Preventing the leakage of private information in the inferred shared latent variables

To eliminate any potential private information from the inferred shared latent variable,
we designed an additional training phase after the above processes have converged.
After the main model and the measurement models have minimized Equations B9
and B8, we can guarantee that the inferred private latent variables contain all and
only private information. Therefore, during this subsequent training phase, the pri-
vate encoders are kept fixed, while only the parameters of the shared encoders and
decoders are actively updated to promote independence between the shared and pri-
vate latent variables. This selective training approach is instrumental in refining the
shared latent variables, ensuring that any residual private information initially cap-
tured is effectively removed. By focusing the optimization process solely on the shared
components, we facilitate a clearer distinction between shared and private informa-
tion, enhancing the model’s ability to represent common features across different data
sources while maintaining the integrity of the private information.

To quantitatively assess and enforce the independence between the inferred shared
and private latent variables, we employed the Hilbert-Schmidt Independence Crite-
rion (HSIC) [5]. HSIC is a powerful, kernel-based non-parametric statistical test that
measures the degree of dependence between two sets of variables. It evaluates to zero
if and only if the two sets of variables are independent.

Let’s denote {zfi}szl and {z]’jj}kN: , as N samples drawn from the distributions
46.; (2s | ;) and qg,; (2p; | T;), respectively. The learning objective for the second
training phase incorporates both the original loss function £ and a penalty term based
on HSIC to minimize dependency between shared and private variables:

2= L+ Y S HSIC ({25, 25}, ). (B10)
i=1j=1
The HSIC between these sets of variables is computed as:

HSIC ({zfi,z;fj}le) - 11)2trace (K;HL;H) (B11)

(N -
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m,n _ m ,n m,n _ m . n 3 3
where K;"" = k(z}, z5;), L7"" = l(2}}, 2,);) are kernel matrices constructed using

kernel functions k and [, respectively. H,,,, = § (m —n) — % is a centering matrix
used to ensure that the kernel matrices are centered in feature space.

For computational efficiency and effectiveness, we applied the Gaussian kernel to
both k and [. This choice is motivated by the Gaussian kernel’s ability to capture
complex relationships between variables. Consequently, we have:

K = exp (= || 220 — 22, ) (B12)
: 2
LT":exp(—HngL-— i |l ) (B13)
Through this carefully designed second training phase, we iteratively refine the shared
latent variables, ensuring they remain free of private information.
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Supplementary Figure C1: The shared and transcriptome private topics (the first
column) and their corresponding top 10 ranking genes (the second to eleventh columns)
according to the learned feature module embedding for the spatial transcriptome-
epigenome mouse embryo dataset.
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Supplementary Figure C2: The shared and epigenome private topics (the first
column) and their corresponding top 10 ranking genes (the second to eleventh columns)
according to the learned feature module embedding for the spatial transcriptome-
epigenome mouse embryo dataset.
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Supplementary Figure C3: Box plots illustrating the top 10 Pearson correlation
coefficients calculated between each topic and gene from the spatial transcriptome-
epigenome mouse embryo dataset.
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Supplementary Figure C4: Box plots illustrating the top 10 Pearson correlation
coeflicients calculated between each topic and gene derived from the gene activity
score converted from the epigenomics modality in the spatial transcriptome-epigenome
mouse embryo dataset.
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Supplementary Figure C6: The shardd and H3K27me3 private topics (the first
column) and their corresponding top 10 ranking genes (the second to eleventh
columns) according to the learned feature module embedding for the spatial H3K27ac-
H3K27me3 mouse embryo dataset.
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Supplementary Figure C7: Box plots illustrate the top 10 Pearson correlation
coeflicients calculated between each topic and gene derived from the gene activity score
converted from H3K27ac in the spatial H3K27ac-H3K27me3 mouse embryo dataset.
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Supplementary Figure C10: The shared and metabolome private topics (the
first column) and their corresponding top 10 ranking metabolites (the second to
eleventh columns) according to the learned feature module embedding for the spatial
transcriptome-metabolome clear cell renal cell carcinoma dataset.
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Supplementary Figure C11: Box plots illustrate the top 10 Pearson correlation
coeflicients calculated between each topic and gene in the spatial transcriptome-
metabolome clear cell renal cell carcinoma dataset.
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Supplementary Figure C12: Box plots illustrate the top 10 Pearson correlation
coeflicients calculated between each topic and metabolite in the spatial transcriptome-
metabolome clear cell renal cell carcinoma dataset.
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Supplementary Flgure C13: The shared and transcrlptome private toplcs (the ﬁrst
column) and their corresponding top 10 ranking genes (the second to eleventh columns)
according to the learned feature module embedding for the spatial transcriptome-
proteome mouse thymus dataset.
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Supplementary Figure C14: The shared and proteome private topics (the first col-
umn) and their corresponding top 10 ranking proteins (the second to eleventh columns)
according to the learned feature module embedding for the spatial transcriptome-
proteome mouse thymus dataset.
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Supplementary Figure C15: Box plots illustrate the top 10 Pearson correlation
coeflicients calculated between each topic and gene in the spatial transcriptome-
proteome mouse thymus dataset.
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Supplementary Figure C16: Box plots illustrate the top 10 Pearson correlation
coefficients calculated between each topic and protein in the spatial transcriptome-
proteome mouse thymus dataset.
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