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Abstract

Background. Highly multiplexed tissue imaging has made it possible to quantify not only
which cells populate a breast tumour but how tumour, stromal and immune cells are spatially
arranged. A recurring claim in spatial biology is that this micro-architecture carries prognostic
information beyond simple cell abundance. We tested this claim under a deliberately strict,
leakage-controlled evaluation, framing the analysis as a decision about whether a spatial-feature
panel should advance to external validation rather than as an attempt to build a deployable
clinical predictor.

Methods. Using Version 2 of the publicly archived Basel imaging mass cytometry (IMC)
cohort (Zenodo 10.5281/zenodo.4607374; 285 patients, 376 tissue-microarray cores, 844,498
phenotyped single cells), we first validated single-cell phenotypes, coordinates and tumour/stroma
masks on a stratified subset of seven cores spanning all four clinical subtypes and three histological
grades. We then computed a locked panel of edge-corrected marked spatial statistics—cross-type
Ripley’s L deviations at » = 20/50/100 px and neighbourhood-enrichment z-scores calibrated by
1000 within-image label permutations—aggregated cores to patients by cell-count-weighted means,
and compared three strictly nested Elastic-Net Cox proportional-hazards models (A: clinical;
B: +composition; C: +spatial) under patient-grouped 5x5 nested cross-validation. Out-of-fold
(OOF) discrimination was summarised by Harrell’s C-index with 1000-resample bootstrap 95%
confidence intervals (CIs).

Results. Adding cell-type composition to the clinical baseline produced a stable improvement
in OOF discrimination (Model B C-index = 0.764 [0.712-0.813] versus Model A 0.725 [0.668—
0.779]; AC-indexp_ 4 = +0.039, 95% CI [40.006, +0.073], excluding zero). In contrast, the full
33-feature spatial panel degraded discrimination relative to composition (AC-indexc—p = —0.029
[—0.078, 40.011]) and provided no gain over the clinical baseline (AC-indexc—_4 = +0.010
[—0.046, +0.060]). Model C carried 33 features for only 80 events (feature-to-event ratio 0.41),
and the multi-scale Ripley’s L statistics were strongly collinear.

Conclusions. On a cohort of this scale, high-dimensional spatial descriptors did not add
stable prognostic value and, if anything, harmed out-of-fold generalisation, whereas cell-type
composition did. We therefore return a SIMPLIFY decision: advance the clinical+composition
model—and, optionally, a highly reduced spatial subset—to external validation, rather than the
full spatial panel. The study illustrates how patient-grouped nested validation guards against a
common optimism in spatial-prognostics research.

Keywords: imaging mass cytometry; breast cancer; tumour microenvironment; spatial statistics;
Ripley’s L; neighbourhood enrichment; survival analysis; nested cross-validation; prognostic
modelling.
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Composition adds stable prognostic value; the full spatial panel overfits and degrades generalization.

Figure 1: Graphical abstract. From single-cell IMC data of the Basel breast-cancer cohort, phenotypes,
masks and coordinates are validated on a stratified subset; permutation-calibrated neighbourhood enrichment
and edge-corrected Ripley’s L features are computed and aggregated to patients; three strictly nested Elastic-
Net Cox models are compared under patient-grouped nested cross-validation. Out-of-fold discrimination is
highest for the clinical+composition model (Model B); the full spatial panel (Model C) does not improve—and
slightly degrades—generalisation, motivating a SIMPLIFY decision for external validation.

1 Introduction

Breast cancer is the most commonly diagnosed malignancy worldwide, with an estimated 2.3 million
new cases and 685,000 deaths in 2020, making accurate prognostication a persistent clinical priority [1].
Contemporary risk stratification rests on a compact set of pathology variables— tumour size,
histological grade, nodal status and receptor status [2, 3]—and on the molecular intrinsic subtypes
that reorganised our understanding of the disease two decades ago [4, 5]. These variables are robust,
inexpensive and reproducible, but they summarise the tumour largely as a bulk entity and are
agnostic to the cellular society in which malignant cells reside.

A substantial body of work now establishes that the composition of the immune infiltrate
is prognostic. Tumour-infiltrating lymphocytes (TILs) predict outcome and treatment response,
particularly in triple-negative and HER2-positive disease, and standardised scoring guidelines have
been issued [6, 7]. In colorectal cancer the “Immunoscore”—built from the type, density and
location of cytotoxic and memory T cells—outperforms classical TNM staging, and comparable
spatially-resolved immune metrics have been proposed across tumours [8, 9]. These observations have
crystallised into a broader hypothesis: that the spatial organisation of the tumour microenvironment
(TME)—how tumour, stromal and immune populations are geometrically arranged relative to one
another—encodes clinically relevant information that bulk composition alone misses [10].

Highly multiplexed tissue imaging has made this hypothesis directly testable. Imaging mass
cytometry (IMC) couples laser ablation with mass-spectrometric detection of metal-tagged antibodies
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to quantify dozens of proteins at subcellular resolution while preserving tissue architecture [11].
Related platforms—multiplexed ion beam imaging (MIBI) and co-detection by indexing (CODEX)—
have similarly enabled single-cell spatial maps of tumour tissue [12, 13]. Landmark studies using these
technologies have argued that spatial structure is prognostic: Keren and colleagues distinguished
“compartmentalised” from “mixed” immune architectures in triple-negative breast cancer that
stratified survival [14]; Schiirch and colleagues showed that coordinated cellular neighbourhoods at
the colorectal invasive front predicted outcome beyond cell counts [15]; and quantitative multiplex
immunohistochemistry linked myeloid-inflamed spatial complexity to poor prognosis [16]. In breast
cancer specifically, the single-cell pathology landscape defined by IMC [17], its phenogenomic
extension [18], and the recurrent TME “structures” associated with genomics and outcome [19] have
all been interpreted as evidence that spatial architecture is an independent prognostic axis.

Yet the strength of this conclusion depends critically on how it is evaluated. Spatial-feature
engineering is expansive: for four broad cell classes there are ten unordered neighbourhood pairs,
each measurable at multiple length scales and with multiple summary statistics, so a spatial panel
readily reaches dozens of correlated covariates. When these are entered into a survival model on a
cohort with a limited number of events, several well-characterised statistical hazards converge. Low
event-per-variable ratios inflate coefficient variance and overfitting risk [20, 21]; strong collinearity
among multi-scale spatial descriptors destabilises coefficient estimates; and, most insidiously, reusing
the same resampling procedure for feature/hyperparameter selection and for performance reporting
produces optimistically biased estimates [22]. Repeated tissue cores from the same patient add a
further trap: if replicate images are treated as independent, or if scaling and encoding are fit on the
full dataset, information leaks across the train/test boundary. Reporting standards for prognostic
models emphasise exactly these points [23-25].

In this study we ask a deliberately narrow and decision-oriented question: using the publicly
archived Basel IMC cohort, does the spatial organisation of tumour, stromal and immune cells add
stable prognostic information beyond cell composition and standard pathology variables, and—if
so—should a spatial panel advance to external validation? We do not attempt to build a deployable
clinical predictor. Instead we (i) validate phenotypes, masks and coordinates on a stratified image
subset; (ii) engineer a locked panel of edge-corrected marked spatial statistics and permutation-
calibrated neighbourhood enrichment; (iii) aggregate replicate cores to the patient level; and (iv)
compare composition-only with composition-plus-spatial survival models under patient-grouped
nested cross-validation, quantifying incremental out-of-fold performance with uncertainty. The
output is a triaged advance / simplify / stop decision. As we show, the answer on this cohort is
a rigorous negative: composition adds stable value, but the full spatial panel does not, and the
discipline of nested validation is what makes that distinction visible.

2 Methods

Figure 2 summarises the end-to-end analysis. All computation used a fixed random seed (42);
scaling and encoding were fit strictly within training partitions; and every intermediate panel was
locked and versioned before modelling.
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Figure 2: Analysis pipeline. Six locked stages from data acquisition to decision synthesis, with the
principal parameters of each stage. Feature engineering, patient aggregation and the modelling comparison
were frozen before out-of-fold performance was inspected.

2.1 Dataset and cohort definition

We used the imaging mass cytometry breast-cancer resource of Jackson, Fischer et al. [17], archived
on Zenodo (record 4607374; DOI 10.5281/zenodo.4607374; Version 2). The resource comprises
two tissue microarrays (TMAs)—a Basel and a Zurich cohort— profiled by IMC with a panel
of metal-tagged antibodies, together with per-cell coordinates, per-cell metacluster phenotypes,
tumour /stroma segmentation masks, and clinical metadata. Because the record totals approximately
48 GB and is dominated by raw image stacks and histoCAT sessions that are not required for
cell-level survival analysis, essential comma-separated tables were streamed selectively from the
largest archive via HTTP range requests, while the small label, location and mask archives were
downloaded in full. Single-cell expression is stored in long format (one row per cell x marker);
phenotype and location tables are joined on a unique cell identifier, cores on a core identifier, and
images to patients on a patient identifier (PID). The per-cell coordinates and phenotypes derive from
the resource’s published single-cell segmentation and clustering pipeline; segmentation is itself a
recognised source of variability in multiplexed imaging, and contemporary deep-learning segmenters
now approach human-level performance [26].

Profiling confirmed 855,668 located Basel single cells across 381 imaged cores, of which 844,498
(98.7%) carry one of 27 annotated metaclusters that we mapped to four broad classes—Tumour,
Stroma, Immune and Vessel—with no unmapped labels. Critically, overall-survival follow-up is
populated only for the Basel cohort; the Zurich TMA lacks 0Smonth and status entirely and therefore
cannot serve as a survival cohort. All survival modelling was consequently restricted to Basel,
and control cores present in the imaging tables but absent from patient metadata (e.g. liver and
slide-control cores) were excluded. After restriction to the 376 Basel clinical cores present in the
patient metadata and aggregation to unique patients (below), the analysis cohort comprised 285
patients with 80 death events and 205 censored observations (28.1% event rate). Table 1
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summarises the cohort.

Table 1: Analysis cohort (Basel IMC, Version 2). Composition percentages are cell-weighted over phenotyped
cells; the four broad classes are the units of the spatial analysis.

Characteristic Value
Patients (survival cohort) 285

Death events / censored 80 / 205

Event rate 28.1%
Clinical cores analysed 376

Cores per patient (1 /2 /3 /4) 201 /78/5/1
Phenotyped single cells (Basel) 844,498
Annotated metaclusters — broad classes 27 — 4
Broad classes Tumour, Stroma, Immune, Vessel
Overall-survival follow-up (median) 75 months (range 0-233)
Clinical variables age, tumour size, grade, ER, PR, HER2, subtype

2.2 Stratified quality control and validation

Before large-scale feature engineering, we verified that single-cell coordinates and phenotypes were
consistent with the physical tumour/stroma masks. Each core’s mask was located by transforming
the full-stack filename (_full.tiff—_full_mask_AllTumorFilled.tiff), robustly mapping 367
of 376 Basel clinical cores (nine missing masks were recorded). Masks are binary uint8 arrays in
which value 1 denotes the filled tumour region and 0 the stroma/non-tumour region at approximately
1 pm/px; each cell was assigned the mask value at |Location Center Y|, |Location Center X].

From eligible tumour cores (known clinical type; disease status “tumour”; grade € {1,2,3}; > 500
cells; mask tumour-fraction in [0.05,0.98]), a deterministic greedy-coverage sampler selected seven
cores spanning all four clinical subtypes (HR+HER2—, HR+HER2+, HR—HER2+, TripleNeg) and
all three grades. For each selected core we produced a 300-dpi overlay of the semi-transparent tu-
mour/stroma mask with single cells coloured by broad class, and computed cell-weighted concordance
between phenotype class and mask region, together with coordinate sanity checks (out-of-bounds,
negative and duplicate coordinates).

2.3 Permutation-based spatial feature engineering

We engineered a locked spatial panel for all 376 Basel clinical cores using coordinates and broad-class
labels. Two families of statistics were computed to separate genuine spatial organisation from mere
cell abundance.

Neighbourhood enrichment with within-image permutations. For each core we built
a contact graph connecting cells within a 20-px (=20 pm) radius using a cKDTree. For each of
the ten unordered class pairs (A, B) we counted observed contacts and compared them to a null
distribution generated by 1000 within-image label permutations, in which cell coordinates
were held fixed and class labels were shuffled. The permutation loop was fully vectorised (batched
pair enumeration with a code-offset bincount trick), allowing the whole cohort to run in under

three minutes. The feature is the standardised enrichment

perm
ZAB = ObSABpermMAB ) (1)
9AB
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with Z4p = 0 when o3" = 0. Positive values indicate spatial attraction (co-localisation) and

negative values avoidance (segregation). By construction, these permutation z-scores condition
on the observed composition of each image and therefore isolate arrangement from abundance—
the design principle underlying neighbourhood-permutation tests in tools such as histoCAT and
Squidpy [27, 28].

Edge-corrected marked spatial statistics. We complemented enrichment with cross-type
Ripley’s statistics, the canonical second-order summaries of marked point processes [29, 30]. For
the tumour—-immune, tumour-stroma and immune-stroma pairs we estimated the border/reduced-
sample edge-corrected cross-type K function, converted it to the variance-stabilised L function,
symmetrised over class ordering, and reported the deviation from complete spatial randomness,

ALAB(T) :LAB(T)—T, (2)

at radii r € {20, 50,100} px. Values above zero indicate co-localisation and below zero segregation
at scale r. Edge correction follows established point-process practice for bounded windows [31, 32].

The locked panel (spatial_feature_panel.csv) contains 376 rows and 23 spatial features—4
composition fractions, 10 neighbourhood-enrichment z-scores and 9 cross-type Ripley’s L deviations—
with zero missing or infinite values and composition fractions summing to one. A machine-readable
feature dictionary and all parameters were recorded alongside the panel.

2.4 Patient-level aggregation

Because survival is recorded per patient while imaging is per core, and 84 patients contributed
replicate cores, the 376-core panel was aggregated to 285 patients. The primary aggregate is the
cell-count-weighted mean of each core’s features (weight = number of cells), which represents
the pooled cellular microenvironment; for composition fractions this weighted mean equals the
fraction obtained by pooling all of a patient’s cells. An unweighted mean was stored as a secondary
robustness variant. Composition fractions summed to one at the patient level (maximum deviation
4.4 x 10716). Clinical covariates (age, tumour size, grade, ER/PR/HER2 status, clinical type) were
verified identical across a patient’s replicate cores. Survival time was taken from OSmonth; the
event indicator mapped death from any cause to 1 and alive/alive-with-metastases to 0. Survival
columns contained no missing values; a small number of categorical covariates were mode-imputed
(ERStatus x1, PRStatus x6, clinical type x6), leaving zero missing values across all analysis
columns.

2.5 Survival modelling and nested validation

We fit Elastic-Net penalised Cox proportional-hazards models [33-35] using 1ifelines [36]. Three
strictly nested feature blocks were compared, each a superset of the previous:

Model A — Clinical (10 features): age, tumour size, grade, and one-hot-encoded ER, PR,
HER2 status and clinical subtype.

Model B — +Composition (14 features): adds the Tumour, Stroma, Immune and Vessel frac-
tions.

Model C — +Spatial (33 features): adds the 10 neighbourhood-enrichment z-scores and 9
cross-type Ripley’s L deviations (r = 20/50/100 px).
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Discrimination was estimated by patient-grouped 5x5 nested cross-validation. The outer
5-fold split (stratified on event x clinical type, with an event-only fallback) partitioned patients into
held-out test folds; within each outer training partition an inner 5-fold loop grid-searched the penalty
strength (penalizere {0.01,0.05,0.1,0.5,1.0}) and mixing parameter (11_ratio€ {0.1,0.5,0.9}),
selecting the combination with the best mean inner-fold Harrell C-index. StandardScaler and
one-hot encoding were fit on the training partition of each fold only. Because aggregation is to
unique patients, each patient appears in exactly one test fold, so there is no cross-fold leakage of
replicate cores.

2.6 Performance evaluation and decision framework

Out-of-fold (OOF) risk scores were pooled across all 285 patients, and discrimination was summarised
by Harrell’s C-index [23]; time-dependent ROC methods provide a complementary view of predictive
accuracy [37]. Uncertainty on the pooled C-index and on the incremental C-index between nested
models (AC-indexp_ 4, AC-index¢_ 4, AC-indexc_p) was quantified by 1000-resample bootstrap
95% CIs. An incremental gain was deemed stable only if its bootstrap CI excluded zero. These
metrics fed a pre-specified triage: ADVANCE the full spatial panel if it stably improved OOF
discrimination over composition; SIMPLIFY to the best lower-dimensional model if composition—
but not the full spatial panel-—added stable value; or STOP if no block improved on the clinical
baseline. The deliverable is this decision for external validation, not a locked clinical predictor, in
keeping with prognostic-model reporting guidance [24, 25].

3 Results

3.1 Phenotypes, masks and coordinates are internally consistent

Phenotype coverage was high: 98.69% of located Basel cells carried a broad-class label, with no
unmapped classes. Across the seven stratified QC cores, cell-mask concordance was biologically
sensible given that the “AllTumorFilled” mask is a coarse regional rather than per-cell segmentation:
cell-weighted, 80.3% of tumour cells fell inside the tumour region, while 75.5% of stromal, 85.6% of
immune and 87.4% of vessel cells fell inside the stroma/non-tumour region. Coordinate integrity
was perfect—zero out-of-bounds, negative or duplicate coordinates across all selected cores. Figure 3
shows a representative overlay in which tumour cells clearly aggregate within tumour-mask blobs and
immune/stromal cells populate the intervening stroma, confirming that phenotype labels, physical
masks and spatial coordinates are mutually registered and safe for downstream spatial statistics.
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Figure 3: Quality-control overlays. Single-cell coordinates (Tumour red, Stroma blue, Immune green,
Vessel purple) overlaid on the semi-transparent tumour (orange) and stroma (grey-blue) mask regions for two
of the seven stratified QC cores. Tumour cells cluster within tumour-mask regions while immune and stromal
cells occupy the stroma, confirming registration of phenotypes, masks and coordinates.

3.2 The spatial panel recovers expected tumour-microenvironment biology

The locked panel reproduced well-known TME organisation (Figure 4). Mean neighbourhood-
enrichment z-scores showed strong self-aggregation of tumour cells into nests (Tumour—Tumour
z = +28.1) and clustering of immune and vascular cells (Immune-Immune +13.6; Vessel-Vessel
+11.4). Cross-class contacts were predominantly avoided: tumour—immune (z = —13.6, reaching
—100 in strongly immune-excluded cores) and tumour—stroma (z = —19.9) enrichment were
markedly negative, quantifying immune exclusion and tumour/stroma compartmentalisation. Edge-
corrected cross-type Ripley’s L deviations were consistent: immune-stroma AL(r) > 0 at all scales
(immune cells residing in stroma) whereas tumour-immune deviations were predominantly negative
(segregation). Composition fractions varied widely across cores (median tumour and stroma fractions
near 0.4, immune near 0.1), confirming that both abundance and arrangement are heterogeneous
across the cohort and that the two are captured by distinct feature families.
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Basel IMC spatial-feature panel (n = 376 clinical cores)
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Figure 4: Locked spatial-feature panel (376 cores). (A) Mean neighbourhood-enrichment z-score
matrix (red attraction, blue avoidance): strong tumour self-aggregation and tumour—immune/-stroma
exclusion. (B) Distributions of the ten enrichment z-scores. (C) Edge-corrected cross-type Ripley’s L
deviations AL(r) = L(r) —r at r = 20/50/100 px. (D) Cell-composition fractions by broad class.

At the patient level (Figure 5), several features tracked with clinical subtype—for example,
triple-negative tumours tended toward higher immune fractions—but distributions by survival status
(deceased versus censored) overlapped substantially for the individual spatial features, foreshadowing
the modelling result that spatial descriptors carry limited independent prognostic signal.
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Patient-level spatial feature distributions (n=285 patients; 80 deaths, 205 censored)
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Figure 5: Patient-level feature distributions (285 patients). Selected features by clinical subtype
(top) and by survival status (bottom). Subtype structure is visible, but survival-status distributions overlap
for individual spatial features, consistent with the limited incremental value observed in modelling.

3.3 Composition adds stable prognostic value; the full spatial panel does not

Under patient-grouped nested cross-validation, out-of-fold discrimination followed a clear, non-
monotone pattern (Figure 6A; Table 2). The clinical baseline (Model A) achieved a pooled OOF
C-index of 0.725 (95% CI 0.668-0.779). Adding the four composition fractions (Model B) raised
discrimination to 0.764 (0.712-0.813), the best of the three models. Adding the 19 spatial features
(Model C) lowered discrimination to 0.735 (0.672—0.793).

The incremental analysis makes the decision explicit. The composition gain over clinical was
stable and statistically supported—AC-indexp_4 = +0.039 (95% CI [+0.006, +0.073]), with a
bootstrap CI excluding zero. In contrast, the full spatial panel offered no gain over the clinical baseline
(AC-indexc— 4 = +0.010, [—0.046, +0.060]) and, relative to composition, degraded discrimination
(AC-indexc_p = —0.029, [—0.078,+0.011]). The per-fold pattern was consistent rather than driven
by a single split: Model B equalled or exceeded Model C in four of five outer folds, and the inner grid
search selected substantially stronger penalisation for Model C (typically retaining 23-26 non-zero
coefficients out of 33 with small penalties, but collapsing to as few as 3 when the inner loop favoured
heavy ¢; shrinkage), a hallmark of an overparameterised feature block fighting collinearity.

10
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Table 2: Out-of-fold discrimination and incremental C-index under patient-grouped 5x5 nested cross-
validation (Basel; 285 patients, 80 events). Bootstrap: 1000 resamples. An incremental gain is stable when
its 95% CI excludes zero.

Model Features OOF C-index 95% CI

A: Clinical 10 0.725 [0.668, 0.779]

B: +Composition 14 0.764 [0.712, 0.813]

C: +Spatial 33 0.735 [0.672, 0.793]
Incremental C-index (mean [95% CI])

A(B—A) composition gain +0.039 [+0.006, +0.073] (excludes 0)
A(C—A) full spatial vs clinical +0.010 [—0.046, +0.060]
A(C—B) marginal spatial gain —0.029 [—0.078, +0.011]

Spatial-enhanced survival modeling (Basel IMC, n=285, 80 events)

A. Discrimination (5x5 nested CV) B. Model C coefficients (mean over outer folds)
95% bootstrap Cl red=spatial, orange=composition, blue=clinical
0.85 1

grade_3 -

0.764 tumor._size 4 — e
0.735 age 7

clinical_type_HR-HER2+ -
clini ipleNeg |

0.80 4

0.75 4

PRStatus_positive
enrichZ:Stroma_Vessel -
crossL:Tumor_Stroma_r100 o
enrichZ:immune_Vessel -
frac:immune

o e
o ~
vl o

o
o
o

Out-of-fold Harrell's C-index

crossL:Tumor_Immune_r20 -

0.55 4 HER2Status_positive -

AC(C-B) = -0.029 [-0.077, +0.011]
AC(C-A) = +0.010 [-0.046, +0.060]

= } {

cessobbs $¢ ¢ HT TT{ I H

T T T T T T T
il -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

T
cal Sion al
&+ conmp® c+ o Mean Cox coefficient (log-HR, +/- fold SD)

i
I cun

Figure 6: Nested-validation performance and Model C coefficients. (A) Pooled out-of-fold Harrell
C-index with 1000-resample bootstrap 95% CIs for the three nested models; Model B (4-composition) is
highest, and the incremental panels show a stable composition gain (AB—A CI excludes 0) but a non-
significant, negative marginal spatial effect (AC—B). (B) Mean Model C Cox coefficients (log hazard ratio +
fold SD) coloured by block (blue clinical, orange composition, red spatial): grade 3, tumour size and age
dominate, while individual spatial coefficients are small and unstable across folds.

3.4 Prognostic weight concentrates in classical pathology variables

Averaged Cox coefficients across the outer folds (Figure 6B; Table 3) explain why. In every model,
prognostic weight concentrated in the classical pathology variables: histological grade 3 carried the
largest hazard (mean HR =~ 1.8-2.2), followed by tumour size and age, each selected in all or most
folds. In Model B the composition fractions entered with small but consistently signed coefficients
(e.g. a protective tendency for higher vessel fraction), and—because Model B is compact—age,
tumour size, grade 3 and the triple-negative indicator were selected in every fold (selection frequency
1.0), a stability the larger Model C could not match. In Model C the spatial coefficients were
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individually small, frequently changed sign across folds, and were selected inconsistently; the largest
spatial effects (e.g. immune—stroma AL at r = 50 px, tumour-immune enrichment) were precisely
the collinear, scale-redundant terms most prone to variance inflation. The net effect is that spatial
features consumed model capacity without contributing stable, generalisable signal.

Table 3: Representative mean Cox coefficients (log hazard ratio) and selection frequency across the five outer
folds. Positive coefficients indicate higher risk. Spatial terms in Model C are small and unstably selected.

Model Feature Mean coef. Sel. freq.
A grade 3 +0.705 0.8
A tumour size +0.359 0.8
A age +0.341 0.8
B tumour size +0.369 1.0
B age +0.304 1.0
B grade 3 +0.593 1.0
B clinical type TripleNeg +0.157 1.0
B frac Vessel —0.046 0.4
C grade 3 +0.793 1.0
C tumour size +0.479 1.0
C age +0.367 1.0
C enrichZ Immune-Immune —0.217 0.8
C crossL. Immune—Stroma r=50 —0.238 0.8
C enrichZ Tumour—Immune +0.119 0.8

3.5 Decision: SIMPLIFY

Applying the pre-specified triage, the evidence maps onto a SIMPLIFY verdict. Composition adds
stable value over the clinical baseline (AC-indexp_4 CI excludes zero), so the analysis does not
sTOoP. But the full spatial panel neither improves on the clinical baseline nor on composition—and
its point estimate is lower than composition—so the analysis does not ADVANCE the full panel. The
recommended external-validation candidate is therefore Model B (clinical + composition), the
best OOF performer, optionally accompanied by a highly reduced spatial subset (a single biologically
motivated scale such as r = 50 px, or a low-dimensional PCA-compressed spatial block) to test
whether any compact spatial signal survives out-of-fold validation. The full 33-feature Model C
should not advance as-is.

4 Discussion

Using a publicly archived breast-cancer IMC cohort and a deliberately strict evaluation, we asked
whether the spatial organisation of tumour, stromal and immune cells adds stable prognostic
information beyond cell composition and standard pathology. The answer, on this cohort, is a
clear and instructive negative. Cell-type composition improved out-of-fold discrimination over the
clinical baseline by a margin whose bootstrap CI excluded zero, but a high-dimensional panel
of permutation-calibrated neighbourhood enrichment and edge-corrected Ripley’s L features did
not—and in fact slightly degraded generalisation relative to composition alone. We interpret this
not as evidence that tissue architecture is biologically irrelevant, but as evidence that its stable,
incremental, patient-level prognostic value is small on a cohort of this size, and is easily overwhelmed
by the statistical cost of estimating it.
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4.1 Why the spatial panel degraded generalisation

Three mutually reinforcing mechanisms explain the result. First, the feature-to-event ratio is
unfavourable: Model C estimates 33 coefficients from only 80 events (ratio 0.41), far below the
density at which penalised survival models estimate coefficients reliably [20, 21]. Second, the spatial
descriptors are strongly collinear—cross-type Ripley’s L at » = 20, 50 and 100 px are by construction
nested cumulative statistics, and neighbourhood enrichment and L deviations measure overlapping
notions of co-localisation—so even Elastic-Net shrinkage cannot cleanly allocate weight, producing
the sign flips and unstable selection we observed across folds. Third, and most importantly, our
evaluation refused to reward this instability: patient-grouped nested cross-validation fits scaling,
encoding and hyperparameters strictly within training folds and reports performance only on
held-out patients, so any apparent gain from over-flexible spatial features cannot be laundered
through the same data used to select them [22, 23]. Much of the enthusiasm for spatial prognostics
in the literature rests on in-sample associations, univariate comparisons, or discovery cohorts in
which features and thresholds were chosen; our design shows how that enthusiasm can evaporate
under out-of-fold scrutiny.

4.2 Reconciliation with prior spatial-prognostics studies

Our finding is compatible with, rather than contradictory to, landmark studies that emphasise
spatial architecture [14, 15, 19]. Those studies typically operate at a different granularity—defining
discrete, biologically interpretable neighbourhood or “structure” archetypes, often over finer cell-type
taxonomies and, in several cases, in specific subtypes such as triple-negative disease—rather than
entering dozens of continuous pairwise spatial statistics into a single cohort-wide survival model. It
is entirely plausible that a small number of carefully chosen, biologically grounded spatial motifs
carry prognostic value that our broad four-class continuous panel dilutes. Composition itself is
partly a spatial phenomenon: the immune fraction that proved valuable here is the aggregate of the
TIL signal that decades of pathology have shown to be prognostic [6-8]. Our result is thus best
read as a caution about how spatial information is operationalised and validated, not as a claim
that geometry never matters.

4.3 Strengths

The study’s principal strength is methodological discipline. Phenotypes, masks and coordinates were
validated before any modelling; the spatial panel was locked and documented before performance
was inspected; neighbourhood enrichment was calibrated against within-image label permutations
so that arrangement is separated from abundance; spatial statistics were edge-corrected following
established point-process practice [29-31]; replicate cores were aggregated to unique patients so
that no patient straddled the train/test boundary; and discrimination was reported out-of-fold with
bootstrap uncertainty on both absolute and incremental performance. Framing the deliverable as
an advance/simplify/stop decision rather than a putative clinical predictor aligns the analysis with
prognostic-model reporting standards [24, 25] and makes the negative result actionable.

4.4 Limitations

Several limitations temper the conclusions. First, the analysis is single-cohort: the Basel TMA is the
only arm with overall-survival follow-up, and the Zurich TMA therefore cannot externally validate
the models—indeed, providing that external comparison is the entire purpose of the decision we
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return. Second, our spatial vocabulary is intentionally coarse (four broad classes, three cross-type
pairs, three radii); a finer phenotype taxonomy, discrete neighbourhood archetypes, or graph-based
descriptors might capture prognostic geometry that our continuous summaries miss, and testing a
compact version of such features is exactly the “simplify” path we recommend. Third, the regional
“AllTumorFilled” mask is not a per-cell segmentation, so the QC concordances are expected to
be partial; this does not affect the coordinate-based spatial statistics but does limit mask-based
inferences. Fourth, categorical covariates were mode-imputed on the full dataset rather than within
folds, a minor residual leakage that a fully hardened pipeline would close. Finally, Harrell’s C-index
measures ranking, not calibration, and can be insensitive to clinically meaningful changes; a fuller
evaluation would add time-dependent AUC and calibration assessment [37].

4.5 Implications

For investigators building spatial-prognostic models on cohorts of a few hundred patients and
fewer than a hundred events, our results argue for parsimony: establish that composition adds
value before layering on high-dimensional geometry; pre-register a locked feature panel; validate
at the patient level with nested resampling; and report incremental performance with uncertainty.
For the breast-cancer IMC resource specifically, the immediately testable hypotheses are that
(i) the clinical+composition model transports to an external cohort, and (ii) a single, biologically
motivated spatial scale or a PCA-compressed spatial block—rather than the full panel—adds
compact, generalisable signal. These are the experiments a “simplify” decision is meant to license.

5 Conclusion

In a patient-grouped, leakage-controlled analysis of the Basel breast-cancer IMC cohort, cell-
type composition added stable prognostic value beyond standard pathology (out-of-fold C-index
0.725 — 0.764; AC-index= +0.039, 95% CI [+0.006, 4+-0.073]), whereas a 33-feature panel of edge-
corrected marked spatial statistics and permutation-calibrated neighbourhood enrichment did not,
and marginally degraded out-of-fold generalisation (AC-indexc_p = —0.029, [-0.078,4-0.011]).
The combination of an unfavourable feature-to-event ratio and strong collinearity among multi-
scale spatial descriptors overwhelmed any incremental signal, and the nested-validation design was
precisely what made this visible. We therefore return a SIMPLIFY decision for external validation:
advance the clinical4+composition model—and, at most, a highly reduced spatial subset— rather
than the full spatial panel. Beyond this specific cohort, the study offers a template for honest
spatial-prognostics research, in which locked features, patient-level aggregation, nested resampling
and explicit uncertainty convert an appealing hypothesis into a disciplined, reproducible decision.

Data and code availability

The imaging mass cytometry dataset is publicly available on Zenodo (record 4607374, DOI
10.5281/zenodo.4607374, Version 2). All derived panels (locked spatial-feature panel, patient-
level features, out-of-fold predictions, model coefficients and the decision-synthesis summary) and
the analysis scripts (QC validation, spatial feature engineering, patient aggregation, nested Cox
modelling and decision synthesis) were generated with a fixed random seed (42) and are organised
for reproduction.
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