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Abstract. Understanding neighboring cell influences is central to spa-
tial transcriptomics, yet existing methods rely on correlation or pre-
defined ligand-receptor (LR) pairs and do not test directionality. We
introduce a counterfactual, intervention-based framework for inferring
directional cell—cell influence that is LR-agnostic and tests sender speci-
ficity. A neighborhood graph model predicts receiver cell state from lo-
cal spatial context. Directional influence is quantified by counterfactu-
ally replacing neighbors of a sender type and measuring resulting dis-
placement in predicted receiver state. We define a Counterfactual Di-
rectionality Score (CDS) that quantifies directional influence, and com-
pute pairwise CDS by aggregating across receiver cells and test cores
sender—receiver pair. Applied to Xenium cholangiocarcinoma tissue mi-
croarrays (38 cores), the framework identified reproducible, asymmetric
interactions between tumor, immune, and stromal compartments; e.g.
Tumor-EMT —Macrophage (CDS: 0.0828) and Fibroblast—Macrophage
(CDS: 0.0582). Effects exceeded label-permutation and spatial-shuffle
null models (p < 0.001, FDR-controlled) and remained stable under
core-level bootstrap resampling. Inferred directional strengths correlated
strongly with matched LR scores (r = 0.758, p = 0.0027), supporting
biological concordance. Code: https://github.com/Snigdha022/Coun
terfactual-Cell-Influence-Spatial-Transcriptomics.git|
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1 Introduction

Spatial transcriptomics measures gene expression while preserving tissue ar-
chitecture, enabling analysis of cell-cell interactions in situ [5]. In oncology
and immunology, understanding how specific cell types influence neighboring
cells is central to tumor progression, immune modulation, and therapeutic re-
sponse [12I8]. However, inferring directional cell-cell influence from single-snapshot
spatial data remains challenging [IT]. Existing computational approaches to cell-
cell communication (CCC) are largely correlational. Ligand-receptor (LR)-based
methods, including CellPhoneDB [6], CellChat [7], and NicheNet [2], test curated
interaction pairs between annotated populations. While interpretable, they de-
pend on prior knowledge and do not explicitly test directionality [9]. Spatial
toolkits and transport-based models (e.g., Squidpy [10], Giotto [4], SpaOTsc [4],
COMMOT [3]) incorporate spatial structure, and predictive frameworks such as
GNNs and transformer-based models (e.g., GITIII [13]) capture complex depen-
dencies. Nevertheless, influence is inferred through predictive attribution rather
than explicit intervention.

We instead adopt a counterfactual formulation of directional influence. A
neighborhood-conditioned graph model predicts receiver cell state from local spa-
tial context, after which controlled perturbations of sender composition quantify
the resulting displacement in predicted receiver state. This enables directional ef-
fect quantification through interventional testing of the predictive model, rather
than relying on correlation-based association.

Contributions. (1) We introduce a counterfactual, intervention-based frame-
work for analyzing directional cell-cell influence through model interpretability
in spatial transcriptomics without predefined LR priors. (2) We define a Counter-
factual Directionality Score (CDS) with complementary sender type-swap and
within-type shuffle operators to disentangle cell-type identity from intra-type
heterogeneity. (3) We establish a rigorous evaluation protocol using matched
permutation null models with FDR correction and strict core-level data sepa-
ration. (4) We enhance interpretability through functional program projection
and ligand-receptor concordance analysis.

Additional implementation details are provided in the accompanying ex-
tended technical report [1].

2 Proposed Methodology

2.1 Overview

We introduce a counterfactual framework for analyzing directional cell-cell in-
teractions in spatial transcriptomics. A neighborhood-conditioned Neighbor In-
fluence Model predicts receiver cell state from local spatial context, after which
counterfactual perturbations of sender composition quantify directional influence
across independent tissue microarray (TMA) cores. The framework assumes lo-
cal spatial influence and stable counterfactual perturbations; details are provided
in the technical report [I].
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2.2 Cell State and Spatial Context Modeling

Let 7; € RE (G = 480) denote the expression vector of cell i. To isolate functional
state from cell-type identity, we compute a residualized state s; = z; — (),
where ¢(4) is the cell type and p; its mean expression. Residual values are clipped
to [—5,5] and projected to 50 principal components, yielding a denoised state
representation z; € R?°. Each TMA core is treated as an independent biological
unit. For every cell i, the k = 20 nearest spatial neighbors are identified using
FEuclidean distance in tissue coordinates. Neighbor states are aggregated via
distance-weighted softmax pooling:

ai= Y wyz,  wiocexp(—d),
JEN (D)

yielding a neighborhood context vector a; € R%°. The choice of neighborhood size
and distance weighting is evaluated through sensitivity analyses (Section [3.5)).

We train a Neighbor Influence Model to predict receiver state z; from neigh-
borhood context a; conditioned on receiver cell type (7). The model comprises an
input batch normalization layer followed by residual hidden layers with layer nor-
malization. Receiver cell type is provided as an index tensor (recv_type_idx)
and mapped to a learnable embedding via an nn.Embedding layer. This em-
bedding is linearly projected and passed through a sigmoid to generate a multi-
plicative gate, which modulates the hidden representation element-wise, enabling
type-specific processing of spatial context. The network is trained using Huber
loss (§ = 1.0) between predicted and observed cell states.

Cores are partitioned into training (25), validation (3), and held-out test (10)
sets, with counterfactual analyses performed exclusively on test cores. Optimiza-
tion uses AdamW with early stopping based on validation loss.

2.3 Counterfactual Directionality Score (CDS)

For a sender type S and receiver type R, we quantify directional influence by
comparing model predictions under observed versus counterfactual neighbor-
hoods. For each receiver cell i of type R in test cores, we define the vector
difference:
A; = f(af,1(0) — f(a", 1(0)) € R,

where a‘i)rig uses the original neighbors and agf is computed from a counterfactual
neighborhood. Counterfactual neighborhoods are generated by replacing sender-
type neighbor identities while preserving spatial structure via distance binning.
For each receiver cell, neighbors are assigned to predefined distance bins and re-
placement cells are selected from the same core and distance bin. Crucially, only
neighbor indices are changed. So, original distances remain unaltered preserving
spatial autocorrelation structure. Two complementary counterfactual operators
are applied:
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Type-swap operator. Neighboring S cells are replaced with non-S cells drawn
from the same core, preserving distance bin structure where possible. This tests
whether the presence of sender type S directionally influences receiver R. A
significant CDS under this null indicates that sender-type identity, rather than
spatial proximity alone, drives the observed receiver shift.

Within-type shuffle operator. Neighboring S cells are replaced with other cells
of the same type S from the same core, preserving sender identity but disrupt-
ing specific sender states. This operator tests dependence on sender cell-state
heterogeneity. The within-type operator tests whether specific sender functional
states are required for the interaction.

For each receiver cell i, we define the CDS as the L1 displacement

CDS;(S—R) = || A1

The core-level CDS was calculated by averaging receiver-cell CDS values
within each core. Furthermore, the pair-level CDS was computed by averaging
core-level CDS values across the 10 held-out test cores. Signed mean deltas were
examined separately to characterize the direction of receiver-state shifts (activa-
tion vs. suppression). The detailed pseudocode for the counterfactual neighbor-
hood replacement algorithm is presented in Supplementary Algorithm S1 in the
technical report [I].

2.4 Program-Level Projection

To enhance biological interpretability, gene-level changes are projected onto pre-
defined functional programs (e.g., EMT, macrophage activation, T-cell exhaus-
tion). For a given functional program P, we compute the program-level delta for
cell 4 by first mapping the counterfactual state difference back to gene expression
space using the inverse PCA transformation, and then averaging the resulting
gene-level deltas across all genes in the program. Program-level CDS are aggre-
gated identically to gene-level CDS. This provides insight into which biological
processes are most affected by a given sender-receiver interaction.

2.5 Statistical Significance

Statistical significance was assessed using three matched null models (each with
B = 200 permutations) preserving complementary aspects of biological struc-
ture: (i) label permutation within cores (tests dependence on cell-type annota-
tion), (ii) distance-bin neighbor shuffling followed by type-swap (tests spatial
specificity), and (iii) sender-agnostic replacement (tests sender identity versus

. . 1+32 , (DS >CDS, s
generic occupancy ). Empirical p-values were computed as p = +2pm I B be) ,

with Benjamini—-Hochberg correction applied across all sender—receiver pairs to
control the false discovery rate (FDR) at o = 0.05. Uncertainty was estimated
using block bootstrap over held-out TMA cores (1000 resamples).
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2.6 Ligand—Receptor Concordance Validation

For orthogonal biological validation, we assess whether genes driving significant
CDS values correspond to known ligand-receptor interactions between sender
and receiver types. For each significant pair, we identify genes with largest abso-
lute mean delta and query CellChatDB for interactions where the ligand is ex-
pressed in the sender type and the receptor in the receiver type. Only pairs with
mean expression > 0.05 in both cell types are retained. The ligand—receptor score
is defined as the geometric mean of sender ligand expression and receiver receptor
expression. Concordance was quantified by computing the Spearman rank cor-
relation between pair-level CDS values and corresponding ligand-receptor (LR)
scores across all evaluated sender—receiver pairs.

3 Experiments

3.1 Dataset and Evaluation Protocol

We evaluated the proposed counterfactual framework on Xenium spatial tran-
scriptomics data from human cholangiocarcinoma tissue micro-arrays (TMA).
After doing quality control, we selected 38 independent TMA cores. We then
partitioned the cores into 25 training, 3 validation, and 10 held-out test cores.
We exclusively computed all reported CDS values, null model analyses, and bio-
logical interpretations on the held-out test set. CDS values were first calculated
within each core and then aggregated and the uncertainty was estimated using
block bootstrap resampling at the core level (B=1000).

3.2 Spatial Model Validation

To verify that our Neighbor Influence (NI) model leverages spatial information
rather than learning cell-type-specific expression, we performed a controlled vali-
dation on held-out test cores comparing three models: (i) true-NT (authentic spa-
tial neighbors); (ii) shuffled-NT (disrupted neighbor-receiver correspondences);
and (iii) a receiver-only MLP baseline (predicts cell state solely from cell type).

Figure [I|shows that true-NI consistently achieves lower prediction error than
both baselines. In panel A, it can be seen that the mean squared error (MSE)
averaged across 10 held-out cores is lowest for true-NI (0.846), compared to
MLP (1.036) and shuffled-NT (0.969). The error bars indicate +1 SD. Panel B
displays per-core paired comparisons. So for nearly every core, true-NI yields
reduced error relative to both baselines, with boxplots confirming downward shift
in both median and variance. Paired t-tests confirm significance (p < 0.001),
which demonstrates that authentic spatial neighborhoods provide measurable
predictive benefit.
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3.3 Directional Influence of Sender Cell Types

We evaluated directional influence using a sender type-swap counterfactual op-
erator. For each sender—receiver pair, we replaced neighboring sender cells with
non-sender cells of a different type from the same core, preserving all other
micro-environmental aspects. The resulting shifts in predicted gene expression
were aggregated per core as a CDS. Averaging across the 10 held-out test cores
yields the pair-level CDS for each sender—receiver pair. Higher CDS indicates
stronger directional influence of the sender on the receiver. Several interactions
exhibited a statistically significant directional influence. For instance, Fibrob-
last — Macrophage showed a robust effect (CDS = 0.0582, 95% CI [0.0459,
0.0719], FDR < 0.05), while Tumor-EMT — Macrophage (CDS = 0.0828, 95%
CI [0.0811, 0.0839], FDR < 0.05) represented the largest directional perturbation
detected across all pairs.
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Fig. 1. Performance comparison across held-out test cores. (A) Cohort-level MSE with
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3.4 Biological Interpretation of Directional Effects

Gene-level counterfactual deltas were projected onto predefined biological pro
grams to assess coherent functional shifts (Figure|3)). Tumor-EMT—Macrophage
interactions showed significant suppression of Angiogenesis and Macrophage Ac
tivation programs, whereas other pairs exhibited weaker or selective effects,
indi cating program-specific modulation. Sender—receiver pairs showed coherent
bio logical patterns (Fig. 4 of [I]). Tumor-EMT and Tumor-LD reprogrammed
macrophage states, while Fibroblast—CDS8 T cell interactions suggested stromal
suppression of cytotoxic programs. Ligand-receptor concordance analysis using
CellChatDB (Figure 4) identified organized interaction structure, with receptors
such as CD44, CCRY7, and CXCR4 acting as central nodes. This supports in-
terpretation of the directional effects as coordinated signaling modules rather
than isolated gene changes Furthermore, we identified the top three up- and
down-regulated genes for each significant program-level effect for each pairs.
For example, in Fibroblast—Macrophage, Macrophage Activation was primar-
ily driven by upregulation of CD68, C1QC, and FCGR3A, while EMT showed
downregulation of POSTN, COL6A1, and COL6A2. These findings are consis-
tent with the program-level directionality reported above (see Section . The
full lists of up-regulated and down-regulated genes per program are presented in
Supplementary Tables S1 and S2, respectively, in the technical report [IJ.
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Fig. 3. Program-level mean signed counterfactual deltas (asterisk: FDR < 0.05).

3.5 Robustness Analysis

We evaluated whether the observed effects exceed those expected under random-
ized spatial structure using matched null models (Fig. [4]). Under the type-swap
operator (Fig. [4A), the Fibroblast—Macrophage CDS (0.0582) lies in the ex-
treme tail of the label-permutation, neighbor-shuffle, and sender-agnostic null
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Fig. 4. Null model comparison for Fibroblast—Macrophage. (A) Type-swap random-
ization. (B) Within-type constrained distribution.

distributions (all p < 0.001, FDR-significant), demonstrating robust directional
influence that is specific to the true spatial and sender-type configuration. Under
the within-type shuffle operator (Fig. ), the observed CDS (0.0524) is within
all corresponding null distributions (all p = 1.00). This indicates that the signal
is driven primarily by Fibroblast type identity rather than intra-type state het-
erogeneity. Bootstrap confidence intervals (reported above) further supported
stability across test cores. Per-core CDS estimates are presented in Fig. 6 of the
technical report [I].

Sensitivity analyses across neighborhood sizes and distance weighting schemes
demonstrated robust CDS estimates. Increasing k produced a monotonic de-
crease in CDS, motivating the choice of & = 20. Complete results are provided
in Supplementary Table S3 of the technical report [I].

3.6 Ligand—Receptor Concordance Validation

To evaluate biological concordance, we queried CellChatDB and computed ligand—
receptor (LR) scores as the geometric mean of sender ligand and receiver recep-
tor expression (mean expression > 0.05 in both cell types). Across 13 significant
sender—receiver pairs, CDS values were strongly correlated with mean LR scores
(r = 0.758, p = 0.0027), indicating alignment between counterfactually inferred
directional influence and established signaling pathways. Fibroblast—Macrophage
exhibited the highest LR score, consistent with its strong CDS.

Thus, our framework captures biologically meaningful directional influences.
But direct numerical comparison with existing methods such as CellChat, Nich-
eNet, or GITTII is not feasible, as they produce fundamentally different outputs
(e.g., ligand-receptor co-expression scores or attention weights) which aren’t
directly comparable to our CDS displacement score. Nevertheless, the strong
concordance with CellChatDB ligand-receptor scores provides solid biological
validation that our counterfactual framework aligns with established biology.
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4 Conclusion

We presented a counterfactual framework for inferring directional cell—cell influ-
ence in spatial transcriptomics without predefined ligand-receptor priors. Ap-
plied to Xenium cholangiocarcinoma tissue microarrays, the framework identified
reproducible and biologically concordant directional interactions between tu-
mor, immune, and stromal compartments. These results establish a statistically
grounded approach for model-based directional effect analysis in cell-cell com-
munication. Additional methodological details and supplementary analyses are
provided in the technical report [I]. Limitations include dependence on curated
gene sets for biological interpretation and evaluation on a single cholangiocarci-
noma tissue microarray with 10 held-out test cores. Future work will evaluate
the framework across larger multi-patient cohorts. Future work will evaluate the
framework on larger multi-patient cohorts and extend it to additional spatial
transcriptomics platforms.
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