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Supplementary Methods51

S1.1 HistAgent model architecture52

HistAgent contains approximately 1.23 billion parameters, of which approximately 94.5953

million (7.69%) are trainable. Each spot is represented by a local H&E view centered on54

the nominal Visium capture region and a contextual H&E view covering four times the55

linear field of view. Both views were converted to 3× 224× 224 tensors before encoding.56

A shared GigaPath tile encoder mapped each image view to a 1,536-dimensional feature57

vector. Parameters of the pretrained backbone remained frozen, except for inserted low-58

rank adaptation (LoRA) modules. Separate Perceiver-style resamplers transformed the59

local and contextual visual vectors. Each resampler used eight attention heads and returned60

16 latent tokens with a width of 512. The 16 local tokens and 16 contextual tokens were61

concatenated with one learned species token and one learned organ token, producing a62

34× 512 contextual memory for each spot.63

The autoregressive Transformer decoder comprised six layers, eight attention heads64

with a hidden width of 512, with dropout of 0.1. Causal self-attention modeled the pre-65

ceding gene tokens, whereas cross-attention conditioned each prediction on the contextual66

memory. The decoder generated a ranked molecular readout containing at most 50 non-67

repeating canonical gene tokens. Its cleaned vocabulary contained 32,019 genes plus 468

special tokens. During inference, greedy decoding masked padding, beginning-of-sequence,69

unknown, and previously generated gene tokens and stopped at the end-of-sequence token70

or after 50 genes.71

S1.2 HistAgent training and optimization72

LoRA modules with rank 16, scaling parameter 32, and dropout of 0.05 were applied to the73

query–key–value projection, attention output projection, and two feed-forward projections74

of GigaPath. Training used teacher forcing with a normalized rank-weighted cross-entropy75

and label smoothing of 0.1, leading to larger loss weights being assigned to earlier positions76

in the measured ranking.77

We trained HistAgent for 30 epochs with AdamW, at an initial learning rate of 1×10−4,78

a weight decay of 0.05, and gradient clipping at a maximum norm of 1.0. The learning79

rate increased linearly during the first 5% of optimization steps and then followed cosine80

decay. The per-GPU batch size was 24. During training, Gaussian noise with a standard81

deviation of 0.02 was added to the visual features, and species and organ conditions were82

independently replaced by their unknown embeddings with a probability of 0.15. The83

complete training run lasted approximately 103 hours on eight NVIDIA H100 GPUs.84

The release and held-out-evaluation checkpoints used the same architecture and op-85

timization procedure. The held-out-evaluation checkpoint excluded all 135 molecular-86

evaluation slides from optimization, validation, and model selection.87
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S1.3 Evidence-grounding and hallucination evaluation88

We evaluated whether responses from the spatial agentic module depended on the sup-89

plied evidence rather than on query wording alone. The evaluation contained 22 scenarios90

selected before response scoring from the natural-language retrieval benchmark. For each91

scenario, the three highest-ranked measured spatial transcriptomics (ST) evidence cards92

were supplied to the fine-tuned agentic module, which was instructed to support molecu-93

lar and spatial statements with structured evidence refs. Responses were generated by94

greedy decoding.95

Each scenario was evaluated under three conditions. The full-evidence condition used96

the retrieved cards without modification. The evidence-removal condition deleted the97

fields that directly supported the query, including relevant annotations, genes, inferred98

cell composition, functional programs, and spatial context. The counterfactual condition99

replaced those fields with manually constructed, biologically incompatible evidence for the100

same query type. Claim traceability was the proportion of molecular claims linked to a101

cited field that supported the claim. A molecular claim was classified as a hallucination102

when a stated gene, cell type, or functional program could not be traced to any cited103

evidence-card field. We also assessed whether responses changed appropriately or expressed104

uncertainty after evidence removal or counterfactual replacement. The evaluation scenarios105

were excluded from supervised fine-tuning and model selection.106

S1.4 Standard ST analyses107

We evaluated spatially variable gene (SVG) detection, spatial domain identification, cell-108

type deconvolution, differential expression, and pathway enrichment with standard ST. For109

methodm and spot i, the top-50 gene window was fixed before performing any task-specific110

calculations. Within that window, we canonicalized the gene symbols and removed genes111

in the fixed housekeeping list, genes matching the predefined technical prefixes, duplicate112

symbols, and genes absent from the common expression axis without backfilling. Let Y(m)
113

be the continuous expression matrix, comprising reference-guided expression estimates for114

HistAgent and native continuous predictions for STPath and OmiCLIP. Let B(m) be the115

binary support matrix, with an entry of one when a gene was retained from the method’s116

original top-50 prediction for that spot after filtering and zero otherwise. The common117

input to all five tasks was118

X(m) = Y(m) ⊙B(m), (S1)

where ⊙ denotes element-wise multiplication. Thus, continuous expression values were119

retained only for genes supported by the corresponding top-50 50 predictions, and all120

other values were set to zero. Corresponding reference results were derived from measured121

ST using the same task definitions and evaluation procedures.122

For SVG detection, we constructed a common spatial graph from the measured coordi-123

nates using six nearest neighbors, then symmetrized its adjacency matrix. Using spatially124
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variable gene detection, Moran’s I [1] was calculated for every gene included in the analysis125

using this common spatial graph.126

For spatial domain identification, measured ST data and each predicted readout were127

processed using the same joint molecular–spatial clustering procedure. For each readout128

r, the expression features were standardized, restricted to genes with nonzero variance,129

and reduced to at most 30 principal components. Let W
(r)
mol be the binary symmetric130

12-neighbor graph constructed from these features and Wspatial the binary symmetric six-131

neighbor graph constructed from the measured coordinates. The joint affinity was132

W
(r)
joint = W

(r)
mol + 2Wspatial, (S2)

with diagonal entries set to one. If λ1 ≤ · · · ≤ λn are the eigenvalues of its normalized133

Laplacian, the number of domains was134

K∗
r = arg max

K∈{2,...,min(12,n−1)}
(λK+1 − λK), (S3)

with ties resolved in favor of the smaller K. Spectral clustering [2] with K∗
r clusters135

produced the spatial-domain partition for each measured or predicted readout.136

For cell-type deconvolution, let Mc denote the marker set for cell type c, let C be the137

number of retained marker sets, and let fg be the number of those sets containing gene g.138

For the amplitude-ordered genes (gi,1, . . . , gi,Li
) at spot i, the unnormalized marker score139

was140

ãi,c =
1√
|Mc|

∑
r:gi,r∈Mc

log
[
1 + (C + 1)/(1 + fgi,r)

]
log2(r + 1)

. (S4)

Scores were normalized within each spot,141

ai,c =


ãi,c∑C
d=1 ãi,d

,
∑C

d=1 ãi,d > 0,

0,
∑C

d=1 ãi,d = 0,

(S5)

to obtain relative marker-composition profiles rather than absolute cell fractions.142

For differential expression, the fixed measured ST spatial domains were used for every143

method. Genes were standardized across spots, and one-versus-rest domain effects were144

calculated for each gene. For pathway enrichment, we retained Reactome gene sets Pp145

containing 5–500 genes. Let hi,p be the number of retained genes at spot i that occurred in146

pathway p, let Li be the number of retained genes, and let U be the size of the pathway-gene147

universe. The pathway score was148

qi,p =

hi,p log2

[
1 +

hi,p

Li|Pp|/U

]
, hi,p ≥ 2,

0, hi,p < 2.

(S6)

Pathways were ranked in descending order of qi,p, with the predefined pathway index149
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resolving ties. The output of each task was compared with the corresponding measured150

ST result using the metrics defined below.151

S1.5 Local interpretation of clinical predictions152

Local scores were generated for held-out slides using the ABMIL model, trained without the153

corresponding patient’s outer fold. The trained instance encoder and linear prediction head154

were applied to each tile representation without attention aggregation. This yielded a local155

target-class score for classification and a local risk score for survival. Region comparisons156

used the individual tile scores intersecting the supplied annotations.157

For stomach adenocarcinoma, local genomically stable subtype scores were compared158

between poorly differentiated and highly differentiated regions using separate one-sided159

Mann–Whitney U tests for each displayed slide. For breast invasive carcinoma, the local160

overall survival risk scores were compared between tumor and stromal regions defined by161

the Breast Cancer Semantic Segmentation annotations [3]. These tile-level comparisons162

were descriptive, and patient-level clinical performance was evaluated only from the out-163

of-fold predictions described above.164

S1.6 Survival stratification and multivariable Cox regression165

Kaplan–Meier and Cox analyses involved the same patient-level out-of-fold risk scores used166

to calculate the clinical concordance indices. For clearer visualization, patients with liver167

hepatocellular carcinoma and lower-grade glioma were divided at the cohort median of168

the out-of-fold risk score. Kaplan–Meier curves included 95% confidence intervals and169

numbers at risk, and high- and low-risk groups were compared using a two-sided log-rank170

test [4, 5]. The cohort-wide median split was descriptive and was not used to calculate the171

concordance index.172

For multivariable analysis, the continuous HistAgent risk score was standardized so173

that one unit represented one standard deviation. Complete-case Cox proportional-hazards174

models were fitted separately for the two cohorts. The liver hepatocellular carcinoma model175

included the HistAgent risk score and American Joint Committee on Cancer stage, and the176

lower-grade glioma model included the HistAgent risk score and isocitrate dehydrogenase177

status. Hazard ratios, 95% confidence intervals, and two-sided Wald P values were reported178

for a one-standard-deviation increase in the HistAgent risk score. The proportional-hazards179

assumption was assessed using scaled Schoenfeld residuals [6].180

S1.7 Comparisons of methods181

S1.7.1 Compared methods for spatial molecular recovery182

We compared HistAgent with the frozen visual-omics foundation models STPath [7] and183

OmiCLIP [8]. All three methods received the same H&E slides, were aligned to the same184
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capture-spot coordinates, and were evaluated over canonical gene symbols. In the 135-185

slide analysis, HistAgent used its directly generated ranked molecular readout for ranked186

recovery and the reference-guided expression estimates described above for all analyses187

requiring continuous values.188

Paired measured ST data were used to define the evaluation targets, rather than pro-189

viding a competing prediction. For each query study, the independent ST reference used190

for reference-guided expression inference excluded the entire query study. No baseline was191

fine-tuned on the evaluation slides.192

S1.7.2 Compared methods for clinical prediction193

For slide j, method m produced a bag of frozen tile representations Z
(m)
j ∈ Rnj×dm , where194

only the representation dimension dm and the model-specific encoder differed. We com-195

pared HistAgent’s 512-dimensional intermediate visual-omics representation with eight196

methods:197

1. GigaPath [9], using the 1,536-dimensional tile representation produced by its re-198

leased pretrained tile encoder.199

2. UNI v2 [10], using its released 1,536-dimensional pathology tile representation.200

3. MUSK [11], using its released 2,048-dimensional pathology representation.201

4. CHIEF [12], using its released 768-dimensional pathology representation.202

5. CONCH [13], using its released 512-dimensional pathology representation.203

6. OmiCLIP [8], using its released 768-dimensional H&E–omics representation.204

7. STPath [7], using its 512-dimensional contextual tile representation from the final205

spatial-transformer layer before the gene-expression prediction head.206

8. Path2Space [14], using the organ-specific predicted gene-expression vector gener-207

ated for each tile. For non-breast endpoints, organ-specific Path2Space models were208

trained using external organ-matched paired H&E–ST reference slides that excluded209

all evaluation patients, and the resulting models were frozen before clinical prediction.210

We used the official implementations and released weights for GigaPath (https://211

github.com/prov-gigapath/prov-gigapath; https://huggingface.co/prov-gigapath/212

prov-gigapath), UNI v2 (https://github.com/mahmoodlab/UNI; https://huggingface.213

co/MahmoodLab/UNI2-h), MUSK (https://github.com/lilab-stanford/MUSK; https:214

//huggingface.co/xiangjx/musk), CHIEF (https://github.com/hms-dbmi/CHIEF), CONCH215

(https://github.com/mahmoodlab/CONCH; https://huggingface.co/MahmoodLab/CONCH),216

OmiCLIP (https://github.com/GuangyuWangLab2021/Loki; https://huggingface.co/217

WangGuangyuLab/Loki), STPath (https://github.com/Graph-and-Geometric-Learning/218

STPath; https://huggingface.co/tlhuang/STPath) and Path2Space (https://github.219
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com/eldadshulman/path2space-companion; https://doi.org/10.5281/zenodo.20174301).220

Model-specific image normalization and input resolution followed the corresponding re-221

leased implementation.222

All encoders were frozen. Within each endpoint, the nine methods used the same223

patient intersection, patient folds, random seeds, ABMIL architecture, tile caps, and early-224

stopping rule. The same tile coordinates were used whenever supported by the encoder.225

External ST reference data required by an organ-specific method excluded all evaluation226

patients.227

S1.7.3 Compared method for natural-language atlas retrieval228

We compared HistAgent with CellWhisperer, a multimodal model that aligns transcrip-229

tomes and text [15], using its official implementation and released model (https://github.230

com/epigen/CellWhisperer).231

S1.8 Evaluation metrics232

We used task-specific metrics for ranked molecular recovery, spatial-profile agreement,233

clinical prediction, atlas retrieval, and evidence grounding by the spatial agentic module.234

Unless stated otherwise, spot- or gene-level values were first averaged within each tissue235

slide. Slide-level values in the 135-slide molecular analysis were summarized without spot236

weighting within each species–organ cohort. Higher values indicate better performance,237

except for unsupported molecular claims, for which lower values indicate better grounding.238

S1.8.1 Ranked molecular-recovery metrics239

For spot i, let MK
i be the set of the K most highly expressed genes in measured ST and240

let π̂i = (ĝi,1, . . . , ĝi,Li
) be the predicted ranking. We used K = 50. The relevance at241

predicted rank r was242

Ri(r) = 1
(
ĝi,r ∈ MK

i

)
. (S7)

HitRate@K measured the fraction of the measured top-K genes recovered in the predicted243

top-K list:244

HitRatei@K =

∑min(K,Li)
r=1 Ri(r)

|MK
i |

. (S8)

Precision at predicted rank r and average precision at K were245

Pi(r) =
1

r

r∑
t=1

Ri(t), APi@K =
1

|MK
i |

min(K,Li)∑
r=1

Pi(r)Ri(r). (S9)

For slide s containing ns evaluated spots, the mean average precision was246

mAPs@K =
1

ns

ns∑
i=1

APi @K. (S10)
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HitRate was aggregated over spots in the same way:247

HitRates @K =
1

ns

ns∑
i=1

HitRatei @K. (S11)

For either slide-level metricM
(m)
s , the overall score for methodm was the unweighted mean248

over the S = 135 slides,249

M
(m)

=
1

S

S∑
s=1

M (m)
s . (S12)

Species–organ summaries used the same unweighted mean restricted to the slides in that250

cohort.251

S1.8.2 Spatial-profile agreement252

For gene g in slide s, let xs,g and x̂s,g denote the measured and predicted profiles over the253

same ns spots. The Pearson correlation coefficient (PCC) was254

PCCs,g =

∑ns

i=1(xs,i,g − xs,g)(x̂s,i,g − x̂s,g)√∑ns

i=1(xs,i,g − xs,g)2
√∑ns

i=1(x̂s,i,g − x̂s,g)2
. (S13)

PCCs were averaged across the genes included in the analysis for each slide. A gene255

with an undefined PCC because the predicted profile was constant was assigned a PCC of256

zero rather than excluded. The overall PCC was the unweighted mean of the 135 slide-257

level means, and species–organ summaries were unweighted means over slides within each258

cohort.259

For published spatial biological findings, the area under the precision–recall curve260

(AUPRC) compared continuous signature scores with the corresponding binary expert261

annotation. To preserve tied model scores, let τ1 > · · · > τJ be their distinct thresholds262

and let Pj and Rj denote precision and recall after all spots with scores of at least τj were263

included. With R0 = 0, non-interpolated AUPRC was264

AUPRC =
J∑

j=1

(Rj −Rj−1)Pj. (S14)

For each slide and biological finding, the AUPRC was calculated from the corresponding265

spot-level scores and binary annotation.266

S1.8.3 Metrics for standard ST analyses267

For SVG analysis, let W = (wij) be the spatial adjacency matrix, W+ =
∑

i

∑
j wij and268

xg the mean value for gene g. Moran’s I was269

Ig(x) =
ns

W+

∑
i

∑
j wij(xi,g − xg)(xj,g − xg)∑

i(xi,g − xg)2
. (S15)
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The reported metric was the Spearman correlation coefficient between the predicted and270

measured gene-wise Moran’s I vectors:271

SSVG
s = ρS ({Ig(x̂)}g∈Gs , {Ig(x)}g∈Gs) , (S16)

where gene set Gs was defined only from the measured ST. Spearman correlation ρS was272

calculated as the PCC between the midrank-transformed values. Candidate Moran’s I273

values that were undefined because of a constant predicted profile were imputed zero274

rather than removed from the evaluation.275

Spatial-domain agreement was evaluated using normalized mutual information (NMI)276

and adjusted Rand index (ARI). For predicted partition U and fixed measured ST partition277

V ,278

NMI(U, V ) =
2I(U ;V )

H(U) +H(V )
, (S17)

where I(U ;V ) is mutual information and H(·) is entropy. Let nuv be the number of spots279

assigned to predicted domain u and measured domain v, with au =
∑

v nuv, bv =
∑

u nuv280

and n =
∑

u,v nuv. The ARI was281

ARI =

∑
u,v

(
nuv

2

)
−

(∑
u

(
au
2

)) (∑
v

(
bv
2

))(
n
2

)
1

2

[∑
u

(
au
2

)
+
∑
v

(
bv
2

)]
−

(∑
u

(
au
2

)) (∑
v

(
bv
2

))(
n
2

) . (S18)

For cell-type deconvolution, let as,i and âs,i be the measured and predicted relative282

cell-type composition profiles over the same retained cell types at spot i. The slide score283

was284

Scell
s =

1

|Is|
∑
i∈Is

ρS (âs,i, as,i) , (S19)

where Is contained spots with at least three active marker signatures in measured ST and285

a nonconstant measured profile. An undefined predicted correlation was assigned a value286

of zero rather than removed.287

For differential expression, let Is,d be the spots in a fixed measured ST domain d and288

Is,¬d the remaining spots. After gene-wise standardization across spots, the one-versus-rest289

effect was290

δs,d,g =
1

|Is,d|
∑
i∈Is,d

zs,i,g −
1

|Is,¬d|
∑

i∈Is,¬d

zs,i,g. (S20)

Agreement was the mean domain-wise Spearman correlation between predicted and mea-291

sured gene-effect vectors:292

SDE
s =

1

|Ds|
∑
d∈Ds

ρS

(
{δ̂s,d,g}g∈Gs , {δs,d,g}g∈Gs

)
. (S21)

Only domains containing at least five spots and leaving at least five spots in the one-293
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versus-rest comparison were included. An undefined predicted domain-wise correlation294

was imputed zero rather than removed.295

For pathway analysis, let K ′ = min(K,N), where N is the number of candidate path-296

ways. The discounted cumulative gain (DCG) and normalized discounted cumulative gain297

(nDCG) at K [16] for a predicted pathway ranking were298

DCG@K =
K′∑
r=1

γπr

log2(r + 1)
, nDCG@K =

DCG@K

IDCG@K
, (S22)

where γπr was the nonnegative pathway score from measured ST and IDCG@K was ob-299

tained from the first K ′ positions after sorting the measured scores in descending order.300

Linear gain was used because pathway scores were continuous and unbounded. Spot-level301

nDCG@10 values were averaged within each slide.302

The six reported outcomes from the five standard ST analyses were Moran’s-I concor-303

dance, NMI, ARI, cell-type composition agreement, differential-expression agreement, and304

pathway nDCG. For outcome a, the overall value was305

M
(m)

a =
1

135

135∑
s=1

M (m)
s,a . (S23)

Species–organ values were calculated using the same unweighted mean over the slides in306

each cohort.307

S1.8.4 Clinical prediction metrics308

Binary classification was the area under the receiver operating characteristic curve (AU-309

ROC). For scores s+ and s− from randomly selected positive and negative patients,310

AUROC = Pr(s+ > s−) +
1

2
Pr(s+ = s−). (S24)

For a multiclass endpoint with C classes, one-versus-rest AUROCs were macro-averaged:311

macro-AUROC =
1

C

C∑
c=1

AUROCc . (S25)

To summarize performance across the E = 20 endpoints, method m received an312

endpoint-specific rank313

re,m = 1 +
∑
h̸=m

1(θ̂e,h > θ̂e,m) +
1

2

∑
h̸=m

1(θ̂e,h = θ̂e,m), (S26)

where θ̂e,m was AUROC, macro-AUROC, or the concordance index, as appropriate. Tied314
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methods therefore received their average rank. The mean rank was315

rm =
1

E

E∑
e=1

re,m. (S27)

For survival prediction, the concordance index was used. With observed time Ti, event316

indicator δi, risk ηi and comparable-pair set A = {(i, j) : Ti < Tj, δi = 1},317

C-index =
1

|A|
∑

(i,j)∈A

[
1(ηi > ηj) +

1

2
1(ηi = ηj)

]
. (S28)

S1.8.5 Atlas-retrieval metrics318

For a ranked retrieval result, let K ′ = min(K,N) for a candidate set of size N . With319

binary expert relevance yj and item πr at retrieval rank r, precision at K was320

Precision@K =
1

K ′

K′∑
r=1

yπr . (S29)

AUPRC used the non-interpolated definition above. For retrieval nDCG, binary expert321

relevance was used as the gain in the DCG definition, with the same K ′ convention and322

K = 50. The sensitivity analyses involved nDCG recalculated at 10, 50, and 100 retrieved323

spots and at cutoffs corresponding to the top 1% and 5% of candidate spots within each324

slide.325

S1.9 Datasets and preprocessing for downstream evaluation326

S1.9.1 Molecular-recovery evaluation data327

The molecular analysis comprised 135 ST slides, including 79 human and 56 mouse slides328

from 15 species–organ cohorts. Within each slide, all three predictions and measured ST329

were restricted to their ordered four-way spot intersection. The slide identifiers and cohort330

assignments are listed in Supplementary Table 2.331

For SVG analysis, genes were required to be nonconstant in measured ST and detected332

in at least the largest of ten spots or 1% of the measured spots in that slide. For cell-type333

deconvolution, CellMarker sets containing 5–300 genes were retained. At least three active334

marker signatures in measured ST data were required for a spot to enter the comparison.335

For pathway analysis, Reactome sets containing 5–500 genes were retained, and a spot336

required a positive ideal DCG to be evaluated.337

S1.9.2 Clinical cohorts and whole-slide preprocessing338

The clinical benchmark contained 20 endpoints spanning molecular subtype, histologic339

subtype, tumor grade, and prognostic risk across The Cancer Genome Atlas, the Clinical340

Proteomic Tumor Analysis Consortium, and associated image repositories [17–19]. The341

12



endpoint definitions, cohorts, patient counts, and data portals are provided in Supple-342

mentary Table 4. All slides from each patient were assigned to the same cross-validation343

fold.344

Whole-slide images were processed at 0.25 µm per pixel using a non-overlapping grid345

of 224× 224-pixel tiles over tissue regions identified from a low-resolution thumbnail. For346

HistAgent, each coordinate defined a local tile and a centered contextual view covering347

four times the linear field of view. A slide was represented by the resulting bag of frozen348

tile representations.349

S1.9.3 Atlas and natural-language retrieval benchmark350

Natural-language retrieval was evaluated on 40 unique ST slides using five biological query351

groups, targeting tumor epithelium, normal epithelium, tumor pathology, cortical layers,352

and TLS niches. Expert annotations defined the relevant spots for each query. Query353

wording, annotation targets, data sources, and slide counts are provided in Supplementary354

Table 5.355
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Supplementary Figures356
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Figure S1: Spatial expression concordance across increasing highly variable gene
set sizes. Mean gene-wise Pearson correlation coefficients (PCCs) between predicted and
measured spatial expression compared across nested highly variable gene (HVG) sets in a
representative renal cell carcinoma tertiary lymphoid structure slide. Error bars show 95%
bootstrap confidence intervals. P values are from paired two-sided Wilcoxon signed-rank
tests with Bonferroni correction.
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Figure S2: Slide-level distributions of spot-level gene-ranking recovery. Hi-
tRate@50 indicates coverage of the measured top-50 expressed genes in each predicted
ranking, and mean average precision at 50 (mAP@50) also considers their ranked posi-
tions. a, b, Human and mouse HitRate@50 distributions. Scores are shown for held-out
human and mouse organ cohorts. Each point denotes one slide; violin outlines show the
score distributions, thick lines show interquartile ranges, and white points show medians.
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Figure S2: Slide-level distributions of spot-level gene-ranking recovery (contin-
ued). c,d, Human and mouse mAP@50 distributions.
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Figure S3: Gene-level spatial recovery across increasing highly variable gene
set sizes. Mean gene-wise Pearson correlation coefficients (PCCs) between predicted and
measured spatial expression are shown across nested highly variable gene (HVG) sets for
held-out human (a) and mouse organ cohorts. Each point denotes one slide; violin outlines
show the score distributions, thick lines show interquartile ranges, and white points show
medians.
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Figure S3: Gene-level spatial recovery across increasing highly variable gene set
sizes (continued). b, Mouse organ cohorts.
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Figure S4: Slide-level distributions of downstream spatial transcriptomic agree-
ment. Agreement between each predicted readout and measured spatial transcriptomics
(ST) for five analyses across human and mouse cohorts. Spatially variable gene (SVG)
agreement is according to the Spearman correlation of gene-wise Moran’s I; spatial-domain
agreement is according to the adjusted Rand index (ARI) and normalized mutual infor-
mation (NMI); cell-type composition and differential-expression agreement is according to
Spearman correlations; and pathway agreement is according to the normalized discounted
cumulative gain (nDCG). Each point denotes one slide, and higher values indicate closer
agreement with measured ST data. Violin outlines show the score distributions, thick lines
show interquartile ranges, and white points show medians.
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Figure S4: Slide-level distributions of downstream spatial transcriptomic agree-
ment (continued). e–h, Spatial-domain NMI and cell-type composition agreement in
human and mouse cohorts.
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Figure S4: Slide-level distributions of downstream spatial transcriptomic agree-
ment (continued). i–l, Differential-expression and pathway-ranking agreement in human
and mouse cohorts.
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Figure S5: HistAgent spatial readouts for organ cohorts not shown in Fig. 3d.
One held-out slide is shown for each remaining organ cohort. Paired measured ST and
HistAgent visualizations of spatially variable gene (SVG) expression, spatial domains, cell-
type composition, differential-expression marker expression and pathway scores. a, Spatial
organization in human liver, ovary, mouth, and heart. Slides near the median HistAgent
performance were selected without reference to baseline performance, and displayed fea-
tures were selected for high spatial heterogeneity with measured ST. Values below the
continuous maps are spatial Spearman correlation coefficients (ρ); domains were evaluated
via ARI and NMI. Domain colors are matched within each pair, and continuous color scales
are feature-specific.
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Figure S5: HistAgent spatial readouts for organ cohorts not shown in Fig. 3d
(continued). b, Cellular and functional readouts for human liver, ovary, mouth, and
heart.
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Figure S5: HistAgent spatial readouts for organ cohorts not shown in Fig. 3d
(continued). c, Spatial organization in kidney, brain and prostate.
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Figure S5: HistAgent spatial readouts for organ cohorts not shown in Fig. 3d
(continued). d, Cellular and functional readouts in human kidney, brain and prostate.
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Figure S5: HistAgent spatial readouts for organ cohorts not shown in Fig. 3d
(continued). e, Spatial organization in mouse brain, heart, colon and muscle.
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Figure S5: HistAgent spatial readouts for organ cohorts not shown in Fig. 3d
(continued). f, Cellular and functional readouts in mouse brain, heart, colon and muscle.
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Figure S6: STPath and OmiCLIP spatial readouts for the Figure 3 benchmark.
Measured ST, STPath, and OmiCLIP visualizations for the same slides and features used
in Fig. 3d and Supplementary Fig. S5. The comparisons cover spatially variable gene
(SVG) expression, spatial domains, cell-type composition, differential-expression marker
expression and pathway scores. Values below the continuous maps are spatial Spearman
correlations; domains are evaluated by adjusted Rand index (ARI) and normalized mutual
information (NMI). Domain colors are matched within each comparison, and continuous
color scales are feature-specific.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). b, Cellular and molecular state of human liver,
ovary, mouth, heart and stomach.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). c, Pathway activity in human liver, ovary, mouth,
heart and stomach.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). d, Spatial organization in human kidney, brain,
breast and prostate.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). e, Cellular and molecular state in human kidney,
brain, breast and prostate.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). f, Pathway activity in human kidney, brain, breast
and prostate.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). g, Spatial organization in mouse spleen, brain,
heart, colon, muscle and lung.
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Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). h, Cellular and molecular state in mouse spleen,
brain, heart, colon, muscle and lung.

35



Figure S6: STPath and OmiCLIP spatial readouts for all organ cohorts in the
Figure 3 benchmark (continued). i, Pathway activity in mouse spleen, brain, heart,
colon, muscle and lung.
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Figure S7: HistAgent GS subtype scores across annotated STAD differentiation
regions. Tile-level genomically stable (GS) subtype scores compared between manually
annotated poorly and highly differentiated regions in The Cancer Genome Atlas stomach
adenocarcinoma (TCGA-STAD) slides. Scores were generated by out-of-fold models and
mapped to their tissue coordinates. Boxplots show medians and interquartile ranges,
whiskers extend to 1.5 times the interquartile range and points denote up to 48 sampled
tiles. P values are from separate one-sided Mann–Whitney U tests for each slide
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Figure S8: HistAgent overall survival risk scores across annotated BRCA tissue
regions. Tile-level overall survival (OS) risk scores compared between tumor and stromal
regions in The Cancer Genome Atlas breast invasive carcinoma (TCGA-BRCA) slides
with Breast Cancer Semantic Segmentation (BCSS) annotations. Scores were generated
by out-of-fold models and mapped to their tissue coordinates. Boxplots show medians and
interquartile ranges, whiskers extend to 1.5 times the interquartile range and points denote
up to 48 sampled tiles. P values are from separate one-sided Mann–Whitney U tests for
each slide.
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Tumor epithelium 10 sections; 30 query-section units

Query Retrieve breast cancer spatial spots annotated
as malignant epithelial tumor regions or in situ
carcinoma.

Relevance Pathologist-annotated malignant epithelial
tumor regions

Source GSE213688 breast cancer

Normal epithelium 3 sections; 9 query-section units

Query Retrieve breast tissue spots annotated as normal
epithelium or benign epithelial glands.

Relevance Pathologist-annotated normal epithelial
regions

Source GSE213688 breast cancer

Tumor pathology 7 sections; 21 query-section units

Query Retrieve malignant breast or prostate tumor
regions, including invasive carcinoma and
Gleason-grade cancer annotations.

Relevance Tumor/invasive breast regions and
malignant Gleason-grade prostate regions

Source Human Breast 10X; Human Prostate Erickson

Cortical layers 36 sections; 72 query-section units

Query Retrieve human DLPFC spatial spots annotated as
cortical layer 3, 4 or 5.

Relevance Published cortical layer III, IV and V
labels

Source Human DLPFC Maynard

TLS niche 8 sections; 32 query-section units

Query Retrieve renal cell carcinoma spatial spots
annotated as tertiary lymphoid structure niches.

Relevance Published tertiary lymphoid structure
(TLS) spots

Source GSE175540 renal cell carcinoma

Inclusion rule

Each query group maps to one Figure 5f category. Query-section
units with positive-label fraction >=5% were included. The
source table stores query variants and source labels.

Figure S9: Biological query groups used for natural-language retrieval evalua-
tion. The five query groups define the retrieval intent, expert-annotated relevant spots,
source datasets, query counts, and evaluated slides used to compare HistAgent with Cell-
Whisperer. Each evaluation unit comprises one natural-language query applied to one ST
slide.
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Figure S10: Slide-level natural-language retrieval performance. HistAgent and
CellWhisperer compared for matched query–slide units using the area under the precision–
recall curve (AUPRC), normalized discounted cumulative gain at 50 (nDCG@50), and Pre-
cision@50. nDCG@50 gives greater weight to relevant spots ranked near the top, whereas
Precision@50 is the fraction of the top 50 spots annotated as relevant. Each point denotes
one query–slide unit; linked points denote paired evaluations of the two methods, and
higher values indicate better retrieval. DLPFC, dorsolateral prefrontal cortex.
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Figure S11: Natural-language retrieval performance across evaluation cutoffs.
Normalized discounted cumulative gain (nDCG) is compared between HistAgent and Cell-
Whisperer at fixed cutoffs of 10, 50, and 100 retrieved spots and at slide-normalized cutoffs
comprising the top 1% and 5% of spots. Bars show means across matched query–slide units
within each biological query group, and error bars denote 95% bootstrap confidence inter-
vals. Higher values indicate that expert-annotated relevant spots occur nearer the top of
the retrieved list.
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Biological query group Scenarios
Claim traceability

(full evidence)
Unsupported gene

mentions
Limited after

evidence removal
Shifted after

counterfactual evidence

Tumor epithelium 3 100% 0 3/3 3/3

Normal epithelium 3 100% 0 3/3 3/3

Tumor pathology 6 100% 0 6/6 6/6

Cortical layers 6 100% 0 6/6 6/6

TLS niches 4 100% 0 4/4 4/4

Overall 22 100% 0 22/22 22/22

Figure S12: Evidence-grounding audit of the spatial agentic module. The audit
included 22 query scenarios across five biological query groups. Responses were evaluated
using the original retrieved evidence cards, after removing the query-defining evidence
and after replacing it with biologically incompatible evidence. Claim traceability mea-
sures whether supported claims cite the corresponding evidence-card fields, whereas the
evidence-removal and counterfactual conditions assess whether the module limits or revises
its interpretation when the supporting evidence changes.
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