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Unified integration of spatial transcriptomics across
platforms with LLOKI

Ellie Haber,1 Ajinkya Deshpande,1 Jian Ma,2 and Spencer Krieger2
1Machine Learning Department, School of Computer Science, Carnegie Mellon University, Pittsburgh, Pennsylvania 15213, USA;
2Ray and Stephanie Lane Computational Biology Department, School of Computer Science, Carnegie Mellon University, Pittsburgh,
Pennsylvania 15213, USA

Spatial transcriptomics (ST) has transformed our understanding of tissue architecture and cellular interactions, but integrat-

ing ST data across platforms remains challenging due to differences in gene panels, data sparsity, and technical variability.

Here, we introduce LLOKI, a novel framework for integrating imaging-based ST data from diverse platforms without requir-

ing shared gene panels. LLOKI addresses ST integration through two key alignment tasks: feature alignment across technol-

ogies and batch alignment across data sets. Optimal transport-guided feature propagation adjusts data sparsity to match

scRNA-seq references through graph-based imputation, enabling single-cell foundation models such as scGPT to generate

unified features. Batch alignment then refines scGPT-transformed embeddings, mitigating batch effects while preserving bi-

ological variability. Evaluations on mouse brain samples from five different technologies demonstrate that LLOKI outper-

forms existing methods and is effective for cross-technology spatial gene program identification, and tissue slice alignment.

Applying LLOKI to five ovarian cancer data sets, we identify an integrated gene program indicative of tumor-infiltrating T

cells across gene panels. Together, LLOKI provides a robust foundation for cross-platform ST studies, with the potential to

scale to large atlas data sets, enabling deeper insights into cellular organization and tissue environments.

[Supplemental material is available for this article.]

In single-cell RNA sequencing (scRNA-seq) analysis, data set inte-
gration is crucial for enabling robust comparisons across studies
and conditions,with its importance growing alongside large public
data repositories such as the Single Cell Portal (Tarhan et al. 2023),
CELLxGENE (CZI Cell Science Program et al. 2025), and the
Human Cell Atlas (Regev et al. 2017). Similarly, integrating spatial
transcriptomics (ST) data sets, which contain both spatial coordi-
nates and gene expression, enables comparative analysis across
samples, technologies, and conditions, revealing cellular spatial or-
ganization and dynamics across diverse contexts in health and dis-
ease (Hu et al. 2024). Although batch integration has been
extensively studied in scRNA-seq (Argelaguet et al. 2021), ST pre-
sents unique challenges. A key difficulty is variation in gene panels
across samples, even within the same technology. Moreover, ST
technologies differ significantly in sensitivity to specific genes
(Hartman and Satija 2024), and varying sparsity levels of the data
further complicate integration. The goal of ST batch integration
is to learn a spatially aware embedding function thatmaps gene ex-
pression profiles into a shared feature space, ensuring biologically
similar cells remain close, regardless of technology or gene panel.

Existing ST integration methods, such as STAligner (Zhou
et al. 2023), SPIRAL (Guo et al. 2023), DeepST (Xu et al. 2022),
and PRECAST (Liu et al. 2023a), predominantly align tissue slices
based on shared genes, limiting their ability to integrate data sets
from platforms with differing gene panels. This challenge is fur-
ther compounded when integrating multiple data sets, as the in-
tersection of gene sets across technologies becomes increasingly
small. For example, our results show that data sets from five differ-

ent technologies share only 19 genes, despite the smallest gene
panel containing around 250 genes.

Recently, single-cell foundation models (scFMs) such as UCE
(Rosen et al. 2023), Geneformer (Theodoris et al. 2023), scGPT (Cui
et al. 2024), and others (Yang et al. 2022; Bian et al. 2024; Hao et al.
2024) have emerged, leveraging large-scale scRNA-seq data to learn
robust, generalizable cell representations. Although promising for
scRNA-seq batch integration, attempts to train foundationmodels
specifically on ST data remain limited (Tejada-Lapuerta et al. 2025;
Wang et al. 2025) due to challenges such as limited data, non-over-
lapping gene panels, and pronounced batch effects. Despite this,
scFMs remain attractive for ST integration due to their extensive
pretraining on full transcriptomes, offering a scalable solution to
variability in gene panels across ST technologies. However, a key
limitation is that scFMs’ cell representations are learned almost ex-
clusively from scRNA-seq data, and the differences in sparsity and
gene capture efficiency between scRNA-seq and ST data further
complicate their direct application to ST integration.

Here, we introduce LLOKI (pronounced “low-key”), a novel
framework for scalable ST integration across diverse technologies
without requiring shared gene panels. The framework consists of
two key components: (1) LLOKI-FP, which leverages optimal trans-
port and feature propagation to transform ST gene expression pro-
files, aligning their sparsity with scRNA-seq to optimize scGPT
embeddings; and (2) LLOKI-CAE, a conditional autoencoder that
integrates embeddings across ST technologies using a novel loss
function balancing batch integration with the preservation of bio-
logical information from LLOKI-FP embeddings. This two-stage
design enables joint analyses of spatially resolved cells across tech-
nologies without requiring shared gene panels. Additionally, we
show that LLOKI’s embeddings facilitate important downstream
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tasks such as physical slice alignment and cross-gene-panel spa-
tially variable gene program identification, enabling cross-tech-
nology analysis of tissue structure and organization across
diverse contexts.

Results

Overview of LLOKI

In LLOKI,we introduce anovel framework for ST integrationby de-
composing the task into two alignment problems: (1) feature
alignment across gene panels; and (2) batch alignment across tech-
nologies (see Fig. 1).

For feature alignment with LLOKI-FP, we leverage scGPT (Cui
et al. 2024) to embed data into a shared feature space, independent
of gene panel differences. However, scGPT—and most existing
scFMs—only process nonzero expression genes, making high spar-
sity problematic, as ST data falls outside the model’s scRNA-seq
pretraining distribution. LLOKI-FP adjusts ST data sparsity by in-
corporating spatial information to align the data with an scRNA-
seq reference, ensuring compatibility with pretrained scFMs. To
achieve this, we first calculate a target sparsity for each cell using
optimal transport, aligning ST data sparsity with the scRNA-seq
reference. We then employ a novel feature propagation method
that integrates gene similarity and spatial proximity to impute
missing features while preserving biological variation. The spar-
sity-aligned ST gene expression is then processed by scGPT, gener-
ating feature-aligned embeddings for each cell.

For batch alignment with LLOKI-CAE, we use a conditional
autoencoder to integrate data across ST technologies, using
LLOKI-FP embeddings as input features for each cell. Our integra-
tion strategy combines three loss functions: (1) reconstruction loss
to preserve accurate data representations; (2) triplet loss to en-
hance clustering and mitigate batch effects; and (3) a new biolog-
ical conservation loss that maintains the local neighborhood
structure from the preintegration embedding space, ensuring
that cell-type relationships established by LLOKI-FP are preserved
during batch correction. Together, these loss functions enable ro-
bust integration while preserving cell-type clusters across diverse
ST platforms.

LLOKI introduces several key innovations that distinguish it
from existing ST integrationmethods. Unlike previous approaches

that rely on shared gene panels, LLOKI-FP accommodates any gene
panel, ensuring all available data contributes to biologicallymean-
ingful embeddings. LLOKI also uniquely incorporates spatial in-
formation to address differences in technical dropout across
technologies without oversmoothing, preserving cell-type specif-
icity rather than collapsing cells into region-specific clusters.

Additionally, the three-part loss function in LLOKI-CAE
maintains biologically meaningful heterogeneity while enabling
robust batch integration. Finally, LLOKI is highly scalable and par-
allelizable—after initial training, each ST slice is processed individ-
ually, and LLOKI embeddings can be computed in under 5 min
using <1 GB of GPU memory.

LLOKI enables cross-technology batch integration

We evaluated LLOKI’s performance on cross-technology batch in-
tegration using one slice from each of five imaging-based ST data
sets of coronal mouse brain sections: MERFISH (Zhang et al.
2023) (1122 genes); MERSCOPE (Yao et al. 2023) (550 genes);
STARmap (Shi et al. 2023) (1022 genes); CosMx (He et al. 2022;
Mallach et al. 2024) (960 genes); and Xenium (10x Genomics
2023) (248 genes). Strain, sex, and age metadata for each sample
are summarized in Supplemental Table S4. Despite the smallest
panel containing 248 genes, these platforms share only 19 genes,
making integration particularly challenging for existing alignment
methods. To benchmark LLOKI, we compared it against six base-
line methods: (1) PCA; (2) Harmony (Korsunsky et al. 2019) (for
scRNA-seq integration); (3) Seurat (Satija et al. 2015) (for scRNA-
seq integration); (4) scVI (Lopez et al. 2018) (for scRNA-seq integra-
tion); (5) STAligner (Zhou et al. 2023) (for ST integration); and (6)
the raw output of LLOKI-FP (prior to batch alignment via LLOKI-
CAE).We visualized the embedding space fromeachmethod using
UMAP (Fig. 2A), coloring cells either by batch or cell type. Because
the data sets differ substantially in annotation granularity and
their fine-grained labels are neither harmonized nor mutually ex-
haustive, we used harmonized broad labels for consistency across
data sets (Supplemental Table S3). For the Xenium data set, which
lacked annotations, cell types were inferred by marker gene analy-
sis (Supplemental Information), yielding only coarse classes (e.g.,
oligodendrocytes, excitatory neurons). In contrast, MERFISH and
MERSCOPE distinguish finer subtypes such as oligodendrocyte
maturation states and cortical-layer excitatory populations.
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Figure 1. Overview of LLOKI. LLOKI performs a two-stage alignment for integrating ST data: First, it unifies the feature space across ST samples, regardless
of gene panel; then, it removes technology-specific batch effects. LLOKI-FP applies optimal transport-guided feature propagation to impute missing gene
expression values using spatially informed cell graphs, mitigating data sparsity and gene sensitivity differences. A single-cell foundationmodel then embeds
the data into a unified feature space. LLOKI-CAE further integrates these embeddings across batches using a conditional autoencoder, removing technol-
ogy-specific effects while preserving biological structure. The resulting embeddings minimize batch effects and support downstream tasks such as cross-
technology slice alignment and spatial gene program identification.
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Attempting subtype-level comparisons across all data sets
would therefore require collapsing detailed taxonomies to the
coarsest resolution or merging nonequivalent labels, both of
which risk obscuring genuine biological differences.

For quantitative evaluation, we employed eight metrics from
scib-metrics (Luecken et al. 2022; Methods). Five metrics assessed
the preservation of biological variation based on cell-type separa-
tion using the unified high-level labels for each data set, and three

metrics measured batch effect removal, reflecting the degree of in-
tegration across technologies into a shared embedding space. For
each category, we computed aggregate scores as the mean of their
corresponding metrics.

LLOKI achieved the best balance between preserving biologi-
cal signals and removing batch effects (Fig. 2B). It preserved biolog-
ical variation between cell types, attaining the highest biological
conservation score (0.67) and batch correction score (0.85). In

A

B

LLOKI LLOKI-FP

Figure 2. Comparative analysis of batch integration using LLOKI versus six baseline methods across slices from five spatial transcriptomics technologies.
(A) UMAP visualizations of integrated data, colored by cell type (top) and by technology (bottom), showing the degree of batch separation and preservation
of biological variation. (B) Quantitative performance evaluation of all methods across eight metrics, measuring both biological variation preservation and
batch correction across technologies.
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contrast, LLOKI-FP alone, although yielding a moderate biological
conservation score (0.44), performed poorly in batch correction
(0.31), highlighting the importance of LLOKI-CAE in aligning
LLOKI-FP embeddings across batches.

To further evaluate the importance of theOTalignment step in
LLOKI-FP, we compared clustering performance using Adjusted
Rand Index (ARI) and Normalized Mutual Information (NMI)
across five ST data sets and related these results to each slice’s aver-
age per-cell sparsity gap with its matched scRNA-seq reference
(Supplemental Table S2). As shown in Supplemental Table S1,
LLOKI-FPwithOT consistently outperforms unmodified scGPT em-
beddings on all five data sets and surpasses LLOKI-FPwithoutOTon
all three. The size of the performance gain reflects the data set’s pre-
imputation sparsity gap and gene panel size. STARmap, which is
highly sparse and measures over 1000 genes, shows the largest im-
provement. MERSCOPE, denser than its reference but with a mid-
sized panel, still gains noticeably. In contrast, Xenium, which is
denser and limited to a narrow panel, sees a modest decline. Thus,
OT primarily benefits slices that are highly sparse and profiled
with broader panel, adapting to platform sensitivity while improv-
ing cell-type separability prior to scGPT embedding.

Among baseline methods, scVI and STAligner achieved the
next highest batch correction scores (0.70 and 0.69, respectively),
but their biological conservation scores were substantially lower
(0.49 and 0.31). Whereas scVI was able to separate major cell types
such as excitatory neurons, inhibitory neurons, and oligodendro-
cytes, it failed to distinguish the remaining cell types. STAligner
showed similar limitations, with UMAPs revealing a collapse of
the embeddings into a unified structure with minimal cell-type
separation. This suboptimal integration is likely due to limited
gene panel overlap—only 19 shared genes—restricting the ability
to fully capture the spectrum of biological variation. PCA embed-
dings yielded low biological conservation (0.36) and batch correc-
tion (0.40), showing weak cell-type specificity in the UMAP
visualization. Seurat and Harmony improved batch correction rel-
ative to PCA (0.62) but further reduced biological conservation
(0.35 and 0.31), indicating a trade-off in improved batch align-
ment at the expense of cell-type resolution.

To dissect the contributions of LLOKI-CAE’s three-part loss
function and to evaluate the importance of the LLOKI-FP
feature transformation, we conducted two ablation experiments
(Supplemental Fig. S1). In the first experiment, we removed each
component of the loss function. Removing the biological conserva-
tion loss had the most significant impact, reducing the biological
conservation score by 0.37, underscoring its critical role in main-
taining cell-type separation in the embedding space. In contrast, re-
moving the triplet loss compromised batch correction, highlighting
the delicate balance required between these objectives. In the sec-
ond experiment, we compared LLOKI-CAE’s performance when
using scGPT embeddings versus the transformed LLOKI-FP embed-
dings as input. Whereas using scGPT embeddings alone improved
batch correction by 0.04, its biological conservation score dropped
by 0.18. Together, these results suggest that, whereas LLOKI-FP is
highly effective at maintaining biological variation and cell-type
separation, LLOKI-CAE is crucial for integrating slices across tech-
nologies and successfully removing batch effects.

LLOKI achieves robust cross-technology spatial alignment

We evaluated LLOKI’s ability to align multiple ST slices within a
common spatial coordinate framework while ensuring key tissue
features are properly aligned. To assess its robustness, we tested

two key aspects: (1) its ability to align slices across different tech-
nologies; and (2) its performance when slices have minimal over-
lap in their gene panels. For slice alignment, LLOKI embeddings
were used to generate landmark pairs between ST slices by identi-
fying mutual nearest neighbors within the LLOKI embedding
space. These landmark pairs were then aligned using the Kabsch al-
gorithm (Kabsch 1976), which finds the optimal rotation and
translation to minimize root-mean-square deviation (RMSD) be-
tween paired landmarks.

First, we evaluated LLOKI’s ability to align slices from dif-
ferent technologies by selecting one slice each from the
MERSCOPE, MERFISH, and STARmap data sets (Fig. 3A, left) and
performing pairwise alignments using overlapping genes. As base-
lines, we compared against: (1) the Kabsch algorithmusingmutual
nearest neighbors from PCA embeddings of shared genes; (2)
PASTE (Zeira et al. 2022), a state-of-the-art spatial alignmentmeth-
od that uses fused Gromov–Wasserstein optimal transport to com-
pute alignment based on both transcriptional and spatial
similarity; (3) STAligner (Zhou et al. 2023), which provides a slice
alignment module in its integration framework; and (4) GPSA
(Jones et al. 2023), which uses deepGaussian processes tomap spa-
tial coordinates between slices into a common coordinate system
based on gene expression.

All four baselines failed to correctly align the slices. However,
LLOKI successfully aligned them such that corresponding regions
overlapped (Fig. 3A, right). PCA, PASTE, and STAligner all rotate at
least one of the slices incorrectly. In addition to scaling, rotating,
and translating the slices, GPSA additionally allows nonlinear scal-
ing, which can produce artifacts like those seen in their alignment
when batch effect is pronounced.

To quantify alignment accuracy, we analyzed each pair of
aligned slices by defining interslice cell pairs, where each cell in
one slice was paired with its nearest spatial neighbor from the oth-
er slice in the aligned coordinate space. For each pair, we computed
Pearson’s correlation using their shared genes. LLOKI outper-
formed all baselines across all three slice pairs (Fig. 3B). In particu-
lar, for the MERFISH–MERSCOPE pair, LLOKI achieved a Pearson’s
correlation of 0.30, compared to 0.17 for the next-best methods,
GPSA and STAligner. The modest Pearson’s correlations primarily
reflect the small set of genes common to each slice pair, because
the metric is calculated solely using those shared transcripts. To
test LLOKI’s performance under low gene panel overlap, we used
the MERFISH and MERSCOPE slices and created 10 simulated
data sets by progressively downsampling their shared genes in
10% increments, repeating this process five times per increment
to create replicates. Because these two data sets share unified cell-
type annotations, we also measured how often interslice pairs
share the same annotated cell type, in addition to computing
Pearson’s correlation. Before alignment, we applied a random rota-
tion and translation to one slice to ensure that alignmentmethods
were actively aligning the data, rather than relying on preexisting
spatial similarity.

LLOKI consistently outperformed GPSA, PASTE, and PCA,
and tracked closely behind STAligner, which held a small but con-
sistent edge (Fig. 3C,D). Notably, LLOKI and STAlignermaintained
stable performance with few overlapping genes in this pairwise
cross-technology alignment, whereas the othermethods exhibited
markedly decreased performance.

Overall, these results demonstrate that LLOKI embedd-
ings are highly robust to differences in gene panels, enabling
accurate alignment even with minimal overlap between slices.
Additionally, LLOKI effectively mitigates batch effects across
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technologies, facilitating accurate cross-technology slice align-
ment for data sets from diverse ST platforms.

LLOKI enhances cross-technology spatial gene

program detection

To assess LLOKI’s utility for downstream analysis, we integrated
data from four ST platforms—MERFISH, MERSCOPE, CosMx,
andXenium—and evaluated whether LLOKI embeddings improve
cross-technology analyses using SPICEMIX (Chidester et al. 2023).
SPICEMIXmodels gene expression as a combination of latent factors
(“metagenes”) that capture transcriptional programs with spatial
organization. Joint analysis enables a more comprehensive under-
standing of tissue biology by revealing conserved spatial patterns
that may be missed when data sets are analyzed in isolation.
However, SPICEMIX requires a common feature space, which limits
its application to data sets with few overlapping genes.We address

this limitation using LLOKI embeddings as an alternative input to
SPICEMIX, providing a unified feature space across data sets.

We computed metagenes using SPICEMIX under three condi-
tions: (1) LLOKI-based integration, using 128-dimensional
LLOKI embeddings as input to SPICEMIX; (2) a shared-gene ap-
proach, applying SPICEMIX to the 22 genes common across data
sets; and (3) independent SPICEMIX runs on each data set, with a
post hoc optimal metagene mapping.

To evaluate the consistency and biological relevance of meta-
genes across conditions, we matched metagenes to the major cell
types annotated in each data set (Fig. 4A). For the LLOKI-based
integration, we found consistent associations between metagenes
and major cell types across data sets. In particular, metagene 1
was enriched in astrocytes, metagene 6 in microglia, metagenes
5, 7, and 14 in vascular cells, andmetagenes 11 and 13 in oligoden-
drocytes, with additional metagenes capturing excitatory and
inhibitory neurons. In contrast, both the shared-gene and

A

B C D
Cell-type

Figure 3. Evaluation of LLOKI’s performance in spatial slice alignment. (A) In situ visualizations of three slices from the MERFISH, MERSCOPE, and
STARmap data sets, along with alignment results using LLOKI and four baseline methods. (B) Alignment accuracy as measured by Pearson’s correlation
of interslice neighbors between each pair of slices from A. (C,D) Comparison of LLOKI and four baseline methods on alignment accuracy of the
MERFISH and MERSCOPE slices as gene overlap decreases, showing results for (C) Pearson’s correlation, and (D) cell-type accuracy.
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independent approaches captured only partial associations, failing
to consistently identify microglia- and oligodendrocyte-specific
metagenes.

We further evaluated metagene quality for each run using
Moran’s I to quantify spatial autocorrelation (Fig. 4B). In brain
tissue, functionally similar cells tend to cluster spatially, so a
metagene exhibiting spatial autocorrelation indicates that it reca-
pitulates known cell-type patterns. Our results show that the
LLOKI-based approach consistently produced metagenes with
strong spatial autocorrelation in all data sets, whereas the shared-
gene approach exhibited the lowest autocorrelation and the inde-
pendent analyses showed high variability.

To assess biological relevance, we examined metagenes with
consistent spatial and cell-type associations in all data sets. We
found that metagene 13 showed consistent spatial expression pat-
terns in all four data sets (Fig. 4C) and was enriched in oligoden-
drocytes (Fig. 4D), indicating it captures a cell type–specific gene
program.

To further investigate the molecular underpinnings of meta-
gene 13, we stratified cells by metagene expression and cross-refer-

enced their original gene panels to compare expression of
oligodendrocyte marker genes between groups (Fig. 4E). Nearly
all oligodendrocyte markers exhibited strong correlation with
metagene 13. Many of these markers were only measured in one
data set, including Mbp, Mobp, and Plp1 in CosMx, and Cldn11
and Ermn in MERFISH. Other markers, such as Mag, Opalin, and
Sox10, were measured in multiple data sets, Collectively, these
findings highlight the value of leveraging full gene panels via
LLOKI—rather than restricting analysis to a limited set of shared
genes—and validate the associationofmetagene 13with oligoden-
drocyte identity.

We used a similar approach to associate metagene 6 with
microglia (Fig. 4F). In both MERFISH and MERSCOPE, cells with
high metagene 6 expression consistently exhibited elevated ex-
pression of the microglia marker Ctss. Higher expression of meta-
gene 6 was associated with increased expression of Laptm5,
Siglech, and Trem2 in Xenium, and C1qa, C1qb, C1qc, and Hexb
in CosMx. These markers—many of which are uniquely expressed
across the different technologies—enabled robust identification of
a conserved program inmicroglia onlywhenusing full gene panels

A

B

E F

C

D

LLOKI

Figure 4. SPICEMIX with LLOKI embeddings enhances cross-technology metagene discovery. (A) Cell-type enrichment of metagenes across MERFISH,
MERSCOPE, CosMx, and Xenium data sets, comparing three approaches: LLOKI-based integration, the shared-gene approach (22 common genes),
and independent analyses. (B) Quantitative assessment of metagene quality using Moran’s I spatial autocorrelation scores, shown as box plots. (C)
Spatial distribution ofmetagene 13 across all four technologies, showing consistent patterns using LLOKI embeddings with SPICEMIX. (D) Spatial distribution
of oligodendrocytes across MERFISH, MERSCOPE, Xenium, and CosMx, demonstrating the correspondence betweenmetagene 13 and oligodendrocytes.
(E) Expression levels of canonical oligodendrocyte marker genes across MERFISH, MERSCOPE, Xenium, and CosMx in cells highly expressing metagene 13
versus cells lowly expressing metagene 13. (F ) Expression levels of canonical microglia marker genes across MERFISH, MERSCOPE, Xenium, and CosMx in
cells highly expressing metagene 6 versus cells lowly expressing metagene 6.
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with LLOKI. As withmetagene 13, microglia-associatedmetagenes
were not consistently detected using baseline methods.

Together, these results show that LLOKI’s integrated embed-
dings enable SPICEMIX to delineate biologically meaningful spatial
gene programs, overcoming the limitations imposed by data
set-specific gene panels and enhancing cross-technology
analyses. For further validation, in situ metagene plots for
SPICEMIX runs using LLOKI embeddings, shared-genes, and inde-
pendent gene panels are provided in Supplemental Figures S2–
S4, respectively.

LLOKI identifies a shared gene program for tumor infiltration

in ovarian cancer

We next applied LLOKI to integrate five ST data sets of human
ovarian cancer (Yeh et al. 2024), which differ in both gene panel
composition and technology (Fig. 5A). These data sets include
three from CosMx (SMI), one from Xenium (ISS), and one from
MERFISH. The CosMx data sets include: (1) 960 genes measured
across 100 small tissue samples (0.9 mm×0.6 mm); (2) 1000 genes
measured across four large whole-tissue samples (up to 2 cm); and
(3) 6175 genes measured across 62 small tissue samples (0.5 mm×
0.5 mm). The Xenium data set contains 240 genes from 32 small
tissue samples (1.5 mm×1.5 mm), whereas the MERFISH data set
includes 140 genes from four large whole-tissue samples (up to
2 cm). Integration via LLOKI achieved robust mixing of shared
cell types across these technologies (Fig. 5B), yielding a biological
conservation score of 0.47 and a batch correction score of 0.23
when evaluated on nonmalignant cells. Malignant cells remained

largely distinct between data sets, reflecting tumor-specific tran-
scriptional differences from diverse origins.

Using LLOKI embeddings, we further investigated T cell
heterogeneity with a focus on tumor infiltration. We combined
T cells from all data sets and clustered them based solely on their
LLOKI embeddings. This unsupervised approach partitioned T
cells into two groups that corresponded well with the percentage
of malignant cells among their 100 nearest spatial neighbors—a
proxy for local tumor infiltration (Fig. 5C). In contrast, performing
the same analysis using shared genes resulted in poor integra-
tion, making it impossible to partition cells in a way that corre-
sponded to tumor infiltration (Supplemental Fig. S5A).
Analyzing each data set individually also failed to recover mean-
ingful T cell partitions, particularly for the ISS 240 data set, where
T cells could not be grouped by local tumor infiltration (Supple-
mental Fig. S5B).

To characterize the genes responsible for this tumor infiltra-
tion program, we performed integrated differential expression
analysis in two stages: (1) comparing T cells against all other cell
types to obtain T cell-specific genes for each data set’s gene panel;
and (2) identifying differentially expressed genes between the two
T cell groups detected via LLOKI embeddings. Genes consistently
up- or downregulated across data sets were retained, yielding a
shared gene panel that reliably distinguishes tumor-infiltrating
T cells (Fig. 5D). In particular, this gene panel includes markers as-
sociated with cell proliferation (e.g., STMN1, TOP2A, UBE2C,
BIRC5, NUSAP1) and antigen processing (e.g., TAP1, TAP2,
TAPBP), suggesting that these processes are correlated with tumor
infiltration.

EDA

B

C

Figure 5. LLOKI identifies cross-technology gene program indicative of tumor infiltration in T cells in ovarian cancer. (A) Summary of the five ovarian
cancer ST data sets used in this analysis. (B) UMAP visualization of LLOKI embeddings shows successful integration of nonmalignant cells across data
sets, whereas transcriptionally distinct tumor cells remain separate. (C) UMAP visualization of LLOKI embeddings of T cells, colored by data set (left) or
by the proportion of 100-nearest spatial neighbors that are malignant (right). Dashed outlines indicate regions identified as tumor-infiltrating. (D)
Expression levels of upregulated genes from the cross-technology tumor infiltration gene program in infiltrating versus noninfiltrating T cells. Missing
dots indicate genes that were not measured in particular data sets. (E) Representative in situ visualization showing T cells colored by the tumor infiltration
score and malignant cells in gray.
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To assess the biological relevance of this gene panel, we de-
vised a tumor infiltration score, weighting upregulated genes pos-
itively and downregulated genes negatively. When spatially
projected onto individual T cells, this score revealed a clear pattern:
T cells within tumor regions exhibited consistently higher scores
than those outside the tumor (Fig. 5E). We further quantified
the correlation between this tumor infiltration score and the
percentage ofmalignant cells among the 100 nearest spatial neigh-
bors. Across 170,000 T cells from all data sets, we observed a signif-
icant correlation (Pearson R= 0.326, P<1 × 10−200; Spearman’s
ρ = 0.366, P<1 × 10−200), confirming the biological relevance of
our scoring approach.

These findings further demonstrate that LLOKI not only
enables effective integration of heterogeneous spatial transcrip-
tomics data but also facilitates the discovery of biologically mean-
ingful gene programs, such as the one defining tumor-infiltrating
T cells in ovarian cancer.

Discussion

In this work, we developed LLOKI, a novel framework for integrat-
ing ST data across diverse platforms without requiring shared gene
panels. LLOKI combines feature alignment and batch integration
through two complementary components: LLOKI-FP, which
aligns gene panels into a shared feature space by addressing
differences in data sparsity, and LLOKI-CAE, which mitigates
batch effects across ST technologies while preserving biological
specificity. By leveraging both components, LLOKI enables robust
cross-technology integration while retaining meaningful biologi-
cal variation.

Our results demonstrate that LLOKI outperforms baseline
methods across key integration metrics, maintaining biological
variation and effectively correcting batch effects—even when
gene panel overlap is minimal. LLOKI’s integrated embeddings
support challenging downstream tasks such as spatial gene pro-
gram identification and slice alignment, underscoring its versatil-
ity in addressing the inherent complexities of ST data integration
and paving the way for more comprehensive analysis of tissue ar-
chitecture across diverse technologies.

Several avenues exist for extending LLOKI’s capabilities.
Refinements to LLOKI-FP—such as improved mitigation of tech-
nology-specific biases via optimal transport—could enhance the
alignment between ST and scRNA-seq data. Similarly, the condi-
tional autoencoder design of LLOKI-CAE offers promising general-
ization capabilities: by updating only the conditional weights
while retaining shared parameters, LLOKI can be readily adapted
to new ST platforms without full retraining. As the field of scFMs
evolves, our approach can be extended to incorporate emerging
models, further enhancing integration performance.

Beyond methodological advancements, LLOKI has several
practical applications. One notable use case is leveraging sam-
ples from one ST technology as controls for disease samples
collected using a different technology, reducing data require-
ments and conserving resources. Moreover, LLOKI could be ap-
plied to the integration of atlas-scale data sets, enabling large-
scale, cross-technology analyses to identify rare cellular niches
without necessitating prohibitively large sample sizes. Overall,
LLOKI provides a powerful tool for harmonizing ST data sets across
different platforms and gene panels, facilitating a deeper under-
standing of spatial cellular organization in diverse biological
contexts.

By addressing key challenges in ST data integration, LLOKI
lays the groundwork for scalable, cross-technology spatial tran-
scriptomics analysis, empowering researchers to uncover biologi-
cally meaningful patterns across diverse tissue samples and
experimental conditions.

Methods

LLOKI is a framework for integrating spatial transcriptomics data
from diverse platforms by addressing two key alignment challeng-
es (Fig. 1): (1) feature alignment across varying gene panels, han-
dled by LLOKI-FP, which imputes gene expression and embeds
cells using a single-cell foundationmodel; and (2) batch alignment
across different ST technologies, handled by LLOKI-CAE via a con-
ditional autoencoder with a novel three-part loss function. This
approach allows for unified analysis of heterogeneous ST data
sets while preserving essential biological signals.

Feature alignment and denoising with LLOKI-FP

scFMs offer a promising solution for aligning features across ST
data sets without requiring shared gene panels (Rosen et al.
2023; Theodoris et al. 2023; Cui et al. 2024). However, ST data of-
ten appears out-of-distribution for scFMs pretrained on scRNA-seq
due to differences in sparsity and gene detection sensitivity.
Additionally, many scFMs process only genes with nonzero ex-
pression, making higher sparsity a major challenge, as it reduces
the effective feature dimensionality and introduces variability in
embedding quality across ST platforms.

To address this, LLOKI-FP employs a sparsity-matching and
denoising approach, combining Wasserstein optimal transport
(Peyré and Cuturi 2019) with graph-based feature propagation
(Rossi et al. 2022). Rather than performing conventional gene im-
putation, LLOKI-FP transforms the sparsity profile of ST data to
bettermatch the scRNA-seq distribution, optimizing compatibility
with scFMs and improving embedding quality (see Supplemental
Table S2 for per-data set sparsity values). Unlike prior feature prop-
agation methods for single-cell data (Lee et al. 2024), LLOKI-FP in-
tegrates spatial information and computes a sparsity prior via
optimal transport, shifting the focus frommere imputation to dis-
tribution alignment.

At a high level, LLOKI-FP first determines a target sparsity for
each ST cell using optimal transport. It then constructs a cellular
graph incorporating both gene similarity and spatial proximity,
which is used to iteratively impute missing gene expression until
each cell’s target sparsity is reached.

Graph construction

LLOKI-FP begins by constructing an undirected graph G= (V, E),
where nodes vi ∈ V represent cells, and edges eij ∈ E encode
similarity between cells. Because feature propagation assumes
high graph homophily—where connected cells share similar
gene expression—it is critical that the graph reflects true biological
similarity.

To achieve this, LLOKI-FP integrates gene expression and
spatial proximity into graph construction. Each cell’s k-nearest
neighbors (k-NNs) are identified in the gene expression space to
establish graph connectivity, whereas edge weights (w: E → R+)
are set using a Radial Basis Function kernel based on spatial
distance

w(eij) = exp − d2ij
2s2

( )
, (1)
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where dij is the spatial distance between cells i and j and σ is a band-
width parameter computed as the mean distance from a random
sample of 100 cell pairs. This weighting reinforces graph homo-
phily by leveraging the biological insight that physically adjacent
cells tend to share microenvironments and gene expression pat-
terns. The graph is then symmetrically normalized to ensure ba-
lanced feature propagation across cells. This graph-guided feature
propagation aligns ST sparsity distributions with scRNA-seq while
ensuring imputation is informed by both transcriptional and spa-
tial information.

Feature propagation for data imputation with optimal transport

To impute sparse gene expression values, LLOKI-FP employs fea-
ture propagation (Rossi et al. 2022), enhanced with optimal trans-
port (Peyré and Cuturi 2019) to align ST sparsity with scRNA-seq
references. Given that ST data is typically more sparse than
scRNA-seq data, our approach selectively imputes missing values
while preserving a degree of inherent sparsity—completely elimi-
nating sparsity would reduce embedding diversity and obscure
biologically meaningful variation. Each ST slice is processed inde-
pendently, with feature propagation performed on the graph con-
structed from that slice’s assayed genes and spatial coordinates.

This process starts with the constructed similarity graph G
with spatially informed, normalized adjacency matrix A, and the
original gene expression matrix X. Gene expression is iteratively
updated as follows:

1. Feature propagation with controlled sparsity. Imputed gene expres-
sion values are updated iteratively as

X(t+1) = (1−M) ◦AX(t) +M ◦X(0), (2)

whereX (0) is the original gene expression matrix,M is a binary
mask indicating observed (nonzero) entries in X (0), and ○ de-
notes the element-wise Hadamard product. Thus, imputation
is applied only to genes included in the assayed panel but ob-
served as zero due to dropout or sparsity. Genes with nonzero
expression values are preserved, whereas unmeasured genes
are excluded entirely from imputation. This update minimizes
the graphDirichlet energy as shown inRossi et al. (2022), ensur-
ing that imputation is both spatially coherent and biologically
relevant.

2. Sparsity matching with optimal transport. To harmonize sparsity
profiles between ST and scRNA-seq data, we compute per-cell

sparsity as si = 1− nonzero(xi)
N

, where nonzero(xi) is the num-

ber of nonzero gene expression values in cell i andN is the total
number of genes. We then compute the empirical cumulative
distribution function (CDF) for the sparsity values. For a sorted
set {s(1), s(2), . . ., s(n)}, the CDF is defined as

F(s(i)) = i
n
. (3)

Denoting the CDFs for the ST data and the scRNA-seq reference
as FST(s) and FscRNA(s), respectively,we align the distributions by
mapping each ST sparsity value s to a target value s∗ via

s∗ = F−1
scRNA(FST(s)). (4)

This quantile alignment minimizes the Wasserstein distance
between the distributions, yielding target sparsity levels that
mirror the scRNA-seq profile (Peyré and Cuturi 2019).
Subsequently, the feature propagation update is applied itera-
tively until each cell reaches its target sparsity, defined as hav-
ing no more than Nmax = ⌈(1 − sref)G⌉ nonzero genes, where
sref is the reference sparsity from scRNA-seq data and G is the

number of genes. To prevent overimputation—where the im-
puted data becomes denser than intended—we monitor the
number of nonzero entries per cell and reintroduce zeros as
needed to recapitulate the natural dropout observed in
scRNA-seq data. We additionally apply early stopping when
the Frobenius norm of the change in imputed expression falls
below a threshold ε.

This iterative process—alternating between controlled feature
propagation and sparsity adjustment via 1D optimal transport
mapping—ensures that LLOKI-FP embeddings preserve critical bi-
ological signals while aligning with scRNA-seq sparsity, thereby
enhancing compatibility with scFMs.

Denoising with feature diffusion

Following optimal transport-enhanced feature propagation, we re-
fine gene expression data using feature diffusion. We construct a
new cell similarity graph based on the imputed gene expression
matrixXimputed, with Aimputed as the corresponding adjacency ma-
trix. During this phase, the original gene expression matrix is dif-
fused across the new graph without modifying nonzero values,
using

Xdenoised = aAimputed X(0) + (1− a)X(0). (5)

This diffusion step propagates gene expression features across
the spatially weighted k-NN graph, updating missing or noisy val-
ues while preserving the original gene expression measurements.
The hyperparameter α ∈ [0, 1] controls the extent to which infor-
mation from neighboring cells (via Aimputed X (0)) influences the
denoised output. A value of α close to 1 emphasizes the diffused
signal from neighboring cells, whereas a value closer to 0 favors re-
taining the original gene expression values. This formulation le-
verages the assumption that cells that are both spatially and
transcriptionally similar share comparable true gene expression
patterns.

Feature alignment using a single-cell foundation model

Once ST sparsity is aligned to match the scRNA-seq reference and
the data is denoised, we proceed with feature alignment via a scFM
pretrained on scRNA-seq data. This step ensures that all data sets
regardless of their original gene panels share a common feature
space, allowing the full gene panel to inform cell embeddings.

scGPT (Cui et al. 2024) demonstrated strong performance
across cell-type clustering metrics (Supplemental Information). It
is not only computationally efficient but also particularly adept
at handling smaller gene panels due to its autoregressive pretrain-
ing strategy. The final output of LLOKI-FP is a 512-dimensional
embedding space, consistent across all input data sets, enabling ro-
bust feature alignment across diverse ST technologies.

We compared the performance of LLOKI-FP to scGPT alone
(without feature propagation) across five ST technologies (Supple-
mental Information). LLOKI-FP consistently outperforms scGPT,
with themost significant improvement observed on the STARmap
data set (ARI of 0.423 compared to 0.197). We also conducted an
ablation study evaluating the impact of the optimal transport spar-
sity alignment step in LLOKI-FP (Supplemental Information). This
analysis revealed that incorporating optimal transport alignment
significantly enhanced performance for theMERSCOPE and STAR-
map data sets, confirming the importance of this step in our
workflow.
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Batch integration with LLOKI-CAE

Cell embeddings from LLOKI-FP effectively capture biological var-
iationwithin each ST data set but still exhibit large batch effects be-
tween technologies. To address this, we develop a conditional
autoencoder (CAE) for batch integration, conditioned on both
ST technology and specific gene panel, which allows the model
to differentiate between data sets by technology or gene panel.
Integration is achieved through a novel three-part loss function
that aligns embeddings across technologies while preserving the
structure of cell-type clusters within each data set.

Conditional autoencoder architecture

Our CAE architecture follows a standard designwith some key new
developments. Both the encoder and decoder comprise three lay-
ers, reducing the dimensionality of the 512-dimensional input em-
beddings from LLOKI-FP down to 128. Many downstream tasks
require positive embeddings, so we apply a softplus activation
function in the final layer of the encoder to ensure all embeddings
are positive.

The conditional component of the autoencoder is imple-
mented as a learnable embedding that maps a batch token to a
10-dimensional embedding, appended to the input of both the en-
coder and decoder.

Three-part loss function

Conventional methods for integrating ST data sets—such as
STAligner (Zhou et al. 2023)—typically balance cell-type heteroge-
neity and batch integration using a combination of reconstruction
loss and triplet loss. Although triplet loss effectively promotes
batch integration, we found that reconstruction loss alone does
not sufficiently preserve critical biological information. We there-
fore introduce a third loss function, the biological conservation
loss, designed to maintain the local structure of the original
LLOKI-FP embeddings, which inherently capture robust biological
signal across cell types. By jointly optimizing reconstruction loss,
triplet loss, and our newbiological conservation loss, our approach
aligns embeddings across batches while preserving essential bio-
logical information.

1. Reconstruction loss. The reconstruction loss seeks to recre-
ate the original LLOKI-FP embeddings for each cell X. Given
the decoder output Y, we minimize the mean squared error
(MSE) between X and Y, ensuring that the CAE preserves origi-
nal information through the encoding-decoding process

Lrec = 1
n

∑n
i=1

(Xi − Yi)
2. (6)

2. Triplet loss. Triplet loss encourages embeddings of biologi-
cally similar cells from different technologies to be closer, while
pushing apart embeddings of dissimilar cells within the same
technology. Anchor-positive pairs consist of a cell from one
technology (anchor) and its mutual nearest neighbor from an-
other. Negative pairs are randomly selected cells from the same
slice as the anchor, which are likely to be dissimilar. When reli-
able cell-type annotations are available, we optionally refine
this selection by: (1) restricting positive pairs to cells sharing
the same cell type across batches; and (2) selecting negative
pairs using hard negative sampling, where the negative pair is
chosen as the closest cell from the same batch that belongs
to a different cell type than the anchor. The triplet loss is

defined as

Ltrip = 1
n

∑n
i=1

max 0, Zanchor
i −Zpositive

i

∥∥∥ ∥∥∥2− Zanchor
i −Znegative

i

∥∥∥ ∥∥∥2+a

( )
,

(7)

where Zi is the CAE embeddings, and α is the margin separat-
ing positive and negative pairs.

3. Biological conservation loss.Our new biological conserva-
tion loss preserves cell-to-cell similarity by ensuring that the
distances between each cell and its k-nearest neighbors in the
original LLOKI-FP embedding space are maintained in the
LLOKI-CAE embedding space. The biological conservation
loss is defined as

Lbc = 1
n

∑n
i=1

∑
j[N i

(‖Zi − Zj ‖ − ‖Xi −Xj ‖)2, (8)

where N i is the set of nearest neighbors of cell i in the original
embedding space.

To balance these components, we introduce weighting pa-
rameters λrec, λtrip, and λbc, which are tuned to determine the opti-
mal balance among the three competing objectives. The total loss
is defined as

Ltotal = lrecLrec + ltripLtrip + lbcLbc. (9)

These weights are optimized to ensure that each aspect of the loss
appropriately influences training, preserving cell-type clustering
while effectively reducing batch effects across technologies.

Further details about hyperparameter choices for LLOKI-CAE
are in Supplemental Information.

Evaluation metrics for batch integration

To quantitatively evaluate LLOKI and compare it to baselines
for batch integration, we used eight metrics from scib-metrics
(Luecken et al. 2022). Five of these metrics assessed the biological
variation preserved by the embeddings, based on cell-type separa-
tion using cell-type annotations provided with each data set: isolat-
ed labels silhouette score, k-means clusteringNMI and ARI (KMeans
NMI and KMeans ARI), silhouette width (Silhouette label), and cell-
type local inverse Simpson index (cLISI). The remaining three met-
rics evaluated batch effect removal, measuring how well technolo-
gies were integrated into a shared embedding space: silhouette
batch score, batch connectivity in a cell type–specific subgraph
(graph connectivity), and principal component regression compar-
ison (PCR comparison). Aggregate scores were computed by averag-
ing biological conservation and batch correction metrics.

Scalability of LLOKI

LLOKI demonstrates robust scalability for processing large ST data
sets. The computational framework consists of two main compo-
nents with complementary performance characteristics. LLOKI-
FP processes each ST slice independently, resulting in computa-
tional requirements that scale linearly with the number of slices.
For a typical slice containing around 50,000 cells, running
LLOKI-FP takes ∼5 min and uses 20 GB of memory. Importantly,
this component can be fully parallelized across compute nodes
to process multiple slices simultaneously, offering substantial ac-
celeration for large-scale studies. LLOKI-CAE employs an efficient
batching approach during training and maintains a lightweight
memory footprint of <2 GB regardless of data set size. For the
five-slice integration task described in our results, model training
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was completed in <1 h on a single GPU. Posttraining embedding
generation is computationally efficient, requiring only a single for-
ward pass operation through the trained encoder. This process
takes <1 sec to generate embeddings for cells from all five slices
(250,000 cells), enabling rapid integration of newdata sets without
retraining. Notably, only one slice of each technology is needed to
train themodel; processing all slices from large data sets after train-
ing takes only 5 min each and is fully parallelizable.

Slice alignment

For slice alignment with LLOKI, we implemented the Kabsch algo-
rithm (Kabsch 1976) for image alignment and used our LLOKI em-
beddings to determine landmark pairs between two slices. The
algorithm then seeks to minimize the root-mean-squared distance
for all landmark pairs. For baselines, we ran PASTE, STAligner,
GPSA, and a version of the Kabsch algorithm that uses PCA embed-
dings of shared gene expression instead of LLOKI embeddings.We
ran PASTE with default parameters and five different values for al-
pha (0.01, 0.05, 0.001, 0.005, 0.0001), using the best-performing
parameter set for our comparison. We note that we run PASTE in-
stead of PASTE2 (Liu et al. 2023b), because the advantage of
PASTE2 is in partial alignment, and all of our analysis was on
full-slice alignments. We ran STAligner and GPSA using their de-
fault parameters.

SPICEMIX analysis

For the SPICEMIX analysis on the four mouse brain coronal slices
from MERFISH, MERSCOPE, Xenium, and CosMx, we ran
SPICEMIX with the following parameter settings.We set the number
of metagenes K= 15 and the spatial affinity regularization to 10−4.
We performed pretraining without optimizing spatial affinity pa-
rameters for 10 iterations, followed by 200 iterations with full
optimization.

For baseline comparisons where SPICEMIX was run indepen-
dently on each data set using full gene panels, we constructed a
cross-data set metagene mapping to enable direct comparison of
metagene identities across technologies. To do this, we first com-
puted metagene signature matrices for each data set, defined as
the Pearson’s correlation between each metagene and the unified
cell-type annotations (excluding “Other/Unannotated” cells).
These signatures capture the degree to which each metagene is as-
sociated with distinct cell types. For each pair of data sets, we com-
puted metagene similarity based on their signature vectors and
applied the Hungarian algorithm (Kuhn 1955) to derive a one-
to-one metagene mapping that maximizes correspondence.
UsingMERSCOPE as the reference, we identified the best-matched
metagene in each of the other data sets (MERFISH, Xenium, and
CosMx) for each reference metagene and retained only those
with consistent matches in at least two additional data sets. This
mapping was then used to reorder the metagene dimensions in
the independently trained data sets’ SPICEMIX embeddingmatrices,
so that mapped metagenes align across data sets.

To assess the correspondence of metagenes identified by
SPICEMIX with cell-type annotations, we computed an enrichment
matrix where each row represents a cell type and each column a
metagene, using only high-confidence cell-type annotations. For
each data set, we excluded “Other/Unannotated” cells, retaining
seven cell-type labels. For each data set, we computed the mean
metagene expression for each cell type using only nonzero values,
then aggregated the results into a unified matrix. Metagenes were
then reordered based on their maximum enrichment across cell
types to highlight cell type–specific patterns and enable cross-
technology comparisons.

WeusedMoran’s I to evaluate spatial autocorrelation ofmeta-
gene expression for each data set. Spatial neighborhood graphs
were constructed using Squidpy (Palla et al. 2022). For each meta-
gene,Moran’s I was computed to quantify how strongly its expres-
sion was spatially clustered.

To further evaluate the biological relevance of individual
metagenes, we conducted a marker gene analysis stratified by
metagene expression. Specifically, for metagenes of interest (e.g.,
metagene 13 for oligodendrocytes, metagene 6 for microglia), we
divided cells into high and low expression groups based on the
95th percentile of metagene expression within each data set. We
then examined the expression of known cell type–specific marker
genes across these groups using the original, unprocessed gene ex-
pression matrices. For each gene and group, we computed the
mean expression and the fraction of expressing cells (nonzero ex-
pression), enabling comparison across technologies with non-
overlapping gene panels.

Ovarian cancer analysis

We integrated the ovarian cancer data sets using LLOKI with the
following hyperparameters: λbc = 500.0, λtrip = 0.2, λrecon = 1.0, a
learning rate of 0.0005, a chunk size of 16,000, and a batch dimen-
sion of 10. Hyperparameter tuning was performed to optimize for
both a high biological conservation score and effective batch cor-
rection which was measured using scib-metrics.

To identify tumor-infiltrating T cells, we first performed
Leiden clustering on T cells from all data sets, using LLOKI embed-
dings. We then selected clusters corresponding to regions in the
UMAPwith a high percentage ofmalignant neighbors, thereby de-
fining a cross-technology group of tumor-infiltrating T cells.

To derive a gene list associated with tumor infiltration, we
used a two-stage process. In the first stage, for each data set, we per-
formed differential expression analysis comparing T cell popula-
tions to identify genes that were enriched in T cells. We applied
filters to retain only genes expressed in at least 5% of T cells and
exhibiting a minimum fold change of 0.3. This produced 816 T
cell-enriched genes in all data sets. In the second stage, we split
T cells by infiltration status and repeated differential expression
analysis on the subset of genes identified in the first stage. These
results were aggregated using a weighted rank-based aggregation
method: for each data set, each gene received a normalized ranking
and the final ranking was averaged across data sets.

Finally, using the shared gene list, we scored T cells for their
expression of the tumor infiltration program with Scanpy, using
positive weights for upregulated genes and negative weights for
downregulated genes. This provided a robust metric to quantify
T cell infiltration in the integrated ovarian cancer data sets.

Software availability

The source code for LLOKI is available on GitHub (https://github
.com/ma-compbio/Lloki/) and as Supplemental Code.
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