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Abstract

High-throughput “pathomic” analysis of Whole Slide Im-
ages (WSIs) offers new opportunities to study tissue characteris-
tics and for biomarker discovery. However, the clinical relevance
of the tissue characteristics at the micro- and macro-environment
level is limited by the lack of tools that facilitate the measure-
ment of the spatial interaction of individual structure character-
istics and their association with clinical parameters. To address
these challenges, we introduce HistoWAS (Histology-Wide Asso-
ciation Study), a computational framework designed to link tis-
sue spatial organization to clinical outcomes. Specifically, His-
toWAS implements (1) a feature space that augments conven-
tional metrics with 30 topological and spatial features, adapted
Jfrom Geographic Information Systems (GIS) point pattern anal-
ysis, to quantify tissue micro-architecture; and (2) an associa-
tion study engine, inspired by Phenome-Wide Association Stud-
ies (PheWAS), that performs mass univariate regression for each
Seature with statistical correction. As a proof of concept, we ap-
plied HistoWAS to analyze a total of 102 features (72 conven-
tional object-level features and our 30 spatial features) using 385
PAS-stained WSIs from 206 participants in the Kidney Precision
Medicine Project (KPMP). The code and data have been released
tohttps: // github. com/hrlblab/histoWAS!

1. Introduction

The advent of digital pathology, centered around the analy-
sis of WSIs, has driven a transition from qualitative, subjective
assessment to quantitative, data-driven science[ll]. This transi-
tion has unlocked the field of “’pathomics,” the high-throughput
extraction and analysis of large arrays of features from tissue
morphology[2 3].

While measuring characteristics of individual functional tis-
sue units can enhance our understanding of individual biological
processes[4]], it is through a comprehensive analysis of the spa-
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tial interaction of these functional tissue units, at the tissue micro-
and macroenvironment level, that ultimately will provide a more
comprehensive, integrated, and perhaps physiologic, understand-
ing of the kidney tissue ecosystem in healthy and diseased states.
These spatial features are critical determinants of tissue function
and pathological state. However, the development and deploy-
ment of tools capable of capturing the spatial complexity of tissue
characteristics at the individual functional tissue unit, micro- and
macroenvironment level and using this information for hypothe-
sis generation and clinically actionable patient characterization, is
still in its infancy.

Herein, we introduce HistoWAS, a computational frame-
work designed to systematically identify digital biomarkers from
the tissue micro-environment. The HistoWAS framework oper-
ates in two primary stages: (1) the extraction of a diverse path-
omic feature set, including the aforementioned topological met-
rics, and (2) the execution of an association engine that tests for
feature-phenotype associations with statistical correction. In this
study, we used the Kidney Precision Medicine Project (KPMP)
cases [S]] and applied the HistoWAS framework to investigate the
pathomic basis of renal interstitial fibrosis. Our analysis identifies
several spatial features that are significantly associated with re-
nal interstitial fibrosis, demonstrating the utility of the HistoWAS
framework for systematic association analysis in digital pathol-

ogy.

2. Methods

The HistoWAS framework employs a multi-stage computa-
tional pipeline, illustrated in Figure[I] Our objective was to de-
velop a tool to link the spatial organization of tissues to clinical
outcomes. We propose a paradigm integrating concepts from two
distinct scientific domains. First, principles from GIS and spatial
statistics are adapted to create a dictionary of interpretable topo-
logical features, such as metrics describing spacing, and inter-
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Figure 1: An overview of the computational workflow for the HistoWAS framework. The process begins with two primary inputs:
feature data extracted from WSIs and pathologist assigned histopathological descriptor scores. The framework then calculates a set of
conventional object-level and spatial topology features. A high-throughput association analysis is subsequently performed to test the
correlations between each feature and the clinical outcome. Finally, the results are interpreted and displayed using a suite of specialized

visualizations.

object correlation[6]. These metrics extend beyond simple counts
to quantitatively describe spatial patterns like aggregation, disper-
sion, and co-localization. Second, we adopt the high-throughput
screening methodology of Genome-Wide (GWAS)[7|] and Phe-
WAS Association Studies [8} 9} [10] to perform a mass univariate
analysis to test the association of each feature with a phenotype of
interest. This section details the methods for topological feature
extraction, the statistical approach for the association study, and
the visualization techniques used for result interpretation.

2.1 Spatial Feature Extraction

A core component of the HistoWAS framework is the quan-
tification of tissue micro-architecture. This was achieved by cal-
culating a set of spatial and topological pathomic features for each
WSIL. As a conceptual example, Figure[2]illustrates the calculation
of our spatial correlation features.

Tissue Area Definition

Accurate estimation of the tissue area is critical for density-
dependent spatial statistics. We developed an automated pipeline
to calculate the total foreground tissue area for each WSI. First,
all object centroids from a WSI were treated as a point cloud.
The Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) algorithm was employed to identify tissue clusters
and to separate them from slide artifacts and noise. For each re-
sulting cluster containing at least three points, a convex hull was
computed. The total tissue area for the WSI was then estimated
by summing the areas of all such convex hulls (illustrated by the
pink and orange regions in the top-right panel of Figure Q) This
approach provides an approximation of the region of interest for
subsequent spatial analyses.

Spatial Point Pattern Features

To characterize the spatial arrangement of histological ob-
jects, we computed a set of features derived from spatial point
pattern analysis. This approach quantifies the tissue micro-
architecture by modeling object centroids as spatial point pro-
cesses.

Our framework extracts 30 distinct spatial pathomic fea-
tures organized into three primary categories: (1) Density fea-
tures (e.g., global density), (2) Spacing features (e.g., Average
Nearest Neighbor), and (3) Correlation features (e.g., Besag’s L-
functions)[/11].

A detailed technical description, including the mathematical
formulation for each of these features, is provided in Appendix
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section. All calculations included an edge correction method to
account for boundary effects.

2.2 Association Analysis

After feature extraction, we constructed an integrated feature
matrix in which each row corresponds to an observation (e.g., a
patient or WSI) and each column corresponds to a calculated fea-
ture. This matrix was then subjected to a high-throughput associ-
ation study.

Data Standardization

Prior to statistical modeling, all feature values in the inte-
grated matrix underwent a z-score transformation. This standard-
ization step converted all features to a common scale (mean of 0,
standard deviation of 1), to render comparable regression coeffi-
cients (beta values) across features with different native units and
dynamic ranges.

Statistical Model

Modeled after the methodology of PheWAS, we performed
a mass univariate linear regression analysis. For each feature, a
separate linear model is fitted to test its association with the phe-
notype of interest. The model was specified as:

Phenotype ~ By + B; x Feature; (1)

where Phenotype represents the clinical outcome of interest and
Feature; is the standardized value of the i-th feature. This process
was repeated for all features. To account for multiple hypoth-
esis testing, we calculated significance thresholds based on the
Bonferroni correction (¢ = 0.05/number of tests) and the False
Discovery Rate (FDR), using the Benjamini-Hochberg procedure
with a Q-value of 0.05.

2.3 Visualization

To facilitate the output from the association study, we gener-
ated two visualizations, which are detailed in the [f22_Association]|
section:

* Manhattan Plot: This plot was used to display the associ-
ation results. Each feature is represented by a point, with
its corresponding -log10(p-value) on the y-axis. To enhance
visual clarity, the plot displays all features with -log10(p)
values above the significance threshold, along with the top
25 most significant features falling below it. The x-axis plots
the features, sorted by significance.
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Figure 2: Conceptual workflow for spatial correlation feature extraction. (Top Right) The DBSCAN algorithm is used to identify and
isolate distinct tissue clusters from the raw object point cloud, defining the region of interest for analysis. (Top Left & Middle) Visual
comparison between the cumulative L-function (counting all points within a radius r) and the non-cumulative Pair Correlation g-function
(counting points in an annulus at a specific distance r). (Bottom) Demonstration of the distance-based function calculation. From a set of
source points (S1,52...Si), events (e.g., tubule centroids) are counted within expanding radii (e.g., 25, 50, 75 um). These counts are then
aggregated and normalized to compute a final feature value (L) for each distance, quantifying the tissue’s micro-architectural pattern.

 Effect Size Plot: For features that passed the significance
threshold, we created an effect size plot. This plot visualizes
the beta coefficient and its 95% confidence interval for each
significant feature, providing a view of the magnitude and
direction of the associations.

3. Experiments
3.1 Datasets

The dataset utilized in this study was sourced from the
KPMP cohort[3]], comprising a total of 385 WSIs from 206 pa-
tients. These periodic acid Schiff-stained WSIs were acquired or
processed in five distinct batches. The number of scans in each
batch was as follows: Batch 1 contained 236 scans, Batch 2 con-
tained 62 scans, Batch 3 contained 26 scans, Batch 4 contained
42 scans, and Batch 5 contained 19 scans.

The clinical descriptor scores were generated by the KPMP
Pathology Descriptor Scoring Task Force using a standardized,
multi-stage protocol. This process was initiated by a primary
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scorer who performed an assessment using images from the
KPMP Digital Pathology Repository. Following this, a dedicated
Quality Control (QC) scorer independently reviewed all scores.
When discrepancies occurred, scores were adjudicated between
the primary and QC scorers to ensure consensus and data reli-
ability. The resulting dataset comprises 153 distinct descriptor
columns, with data stratified by anatomical sections, including
Cortex, Medulla, and combined Cortex and Medulla.

We selected Interstitial fibrosis visually assessed by KPMP
study pathologists, as primary endpoint (Descriptor Score) for the
Histo-Wide Association Study. A single continuous (%) fibrosis
score was available for each of the 206 patients, who constituted
the final cohort for our analysis.

To align the WSI-level features with the patient-level clinical
endpoint, a two-stage feature extraction process was employed.
First, a total of 102 quantitative features were extracted from each
of the 385 WSIs. This feature set was categorized into two groups:
72 object-level features (representing morphological and statisti-
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Figure 3: Organization of the 72 conventional object-level fea-
tures provided by the KPMP. This Sankey diagram illustrates how
quantitative metrics are derived from histological objects (left),
such as Nuclei and Eosinophilic material, and grouped into four
analytical categories: Morphological, Texture, Color, and Dis-
tance (right).

cal metrics) and 30 spatial features (describing topological organi-
zation). Second, for patients with multiple WSIs, these WSI-level
feature vectors were aggregated (e.g., by calculating the mean) to
create a single feature vector for each patient. This resulted in a
final analysis matrix of 206 patients by 102 features.

3.2 Object-level features

This study utilized 72 morphological object-level features
extracted from the KPMP WSIs. As illustrated in Figure[3] these
pre-computed features quantitatively characterize histological ob-
jects derived from tissue components including nuclei, luminal
space, and eosinophilic material. The features are categorized into
four aspects: (1)Morphological features, such as Major/Minor
Axis Length and Mean Aspect Ratio, quantify the geometric and
shape properties of the detected objects. (2) Haralick texture
features, including Correlation, Energy, and Homogeneity, were
included to describe pixel-level uniformity and complexity. (3)
Color-based features were extracted to quantify staining proper-
ties, capturing first-order statistics like the Mean and Standard De-
viation for each Red, Green, and Blue color channel. (4) Features
based on the distance transform, such as Mean Distance Trans-
form and Max Distance Transform, were calculated to describe
the spatial relationships of pixels within an object, providing met-
rics for object compactness and thickness.

3.3 Spatial features

To quantitatively capture the micro-architectural organiza-
tion of tissues, the HistoWAS framework extracts 30 spatial fea-
tures. These features are designed to characterize the collective
arrangement and interrelationships of the object population.

As visualized in the Sankey diagram (Figure[d), these 30 fea-
tures are hierarchically organized. They are synthesized from 8
spatial analysis methods, which are grouped into three analytical
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Figure 4: Hierarchical organization of the 30 spatial features. This
Sankey diagram illustrates the categorization of the spatial metrics
used in the HistoWAS framework. It shows how specific feature
extraction methods (left) are grouped into analytical categories
(middle) and combined into the final ”Spatial” feature set (right).

categories: Correlation, Spacing, and Density.

These categories summarize the tissue’s spatial properties.
For instance, Correlation features quantify inter-object relation-
ships by leveraging second-order point pattern analysis (e.g., K,
L, and g-functions), which are used to identify non-random pat-
terns such as clustering or repulsion. Spacing features provide
a set of features that quantify the point distribution by summariz-
ing nearest-neighbor distances (e.g., G-function) and empty-space
distances (e.g., F-function). Finally, Density features provide a
measure of object concentration (e.g., Global Density).

The set of 30 features is generated by applying these methods
in a multi-scale fashion. As indicated by the ”Curve Summary”
inputs in the diagram, many of these metrics are not single scalar
values. Instead, they represent a summary statistic (e.g., mean,
std) from their respective feature.

3.4 Simulation

We conducted a simulation study to test our implementation
of the feature extraction pipeline. The goal was to determine if
our implementation computes key spatial functions in accordance
with known theoretical values under conditions of CSR.

We first generated a large-scale synthetic point cloud follow-
ing a homogeneous CSR (Complete Spatial Randomness) pro-
cess (i.e., a Poisson point process) with a known global density,
A. From this large-scale "base” image, we simulated an analysis
scenario by repeatedly sampling hundreds of smaller sub-regions
(N=299 samples), analogous to individual WSIs or tissue patches.

For each of these 299 sampled point patterns, we executed
our HistoWAS pipeline to calculate the four distance-based func-
tions: the L-function, g-function, G-function, and F-function, ap-
plying the edge corrections described in the [Edge Effect Correc-|
[ion] section.

Under CSR, these functions have well-defined theoretical
values. The centered L-function, L(r), should be O for all dis-
tances r. The Pair Correlation g-function, g(r), should be 1.
The nearest-neighbor G-function, G(r), and the empty-space F-

IS&T Infernational Symposium on Electronic Imaging 2026
High Performance Computing for Imaging 2026



% . =
g-function on CSR Data

L-function on CSR Data

Distance pixe)

* .au\slime (pixel) -
G-function on CSR Data F-function on CSR Data

Figure 5: Validation of the spatial feature extraction pipeline using simulated CSR data. (Left to Right) The plots for the L-function,
g-function, G-function, and F-function are shown. In all four cases, the results from hundreds of individual simulation runs (blue lines)
fall within the 95% simulation envelope (gray shaded area) and align with the theoretical values (red dashed line). The theoretical values
are L(r) =0, g(r) = 1, and G(r) = F(r) = 1 —exp(—Amr?), respectively.
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Figure 6: Manhattan plot of HistoWAS association results. This
plot displays the statistical significance for all features that passed
the significance threshold (p < 0.05), as well as the top 25 fea-
tures that fell below this threshold. All features shown are sorted
by their p-value along the x-axis. The y-axis represents the
—log;o(p-value), meaning that higher points on the plot corre-
spond to stronger statistical significance. The horizontal dashed
line indicates the predefined significance threshold; any features
extending above this line are considered statistically significant.
Features are color-coded by their category (Object-level in blue,
Spatial in red) to distinguish between the feature types.

function, F(r), should both follow the theoretical cumulative dis-
tribution curve F(r) = G(r) = 1 —exp(—A7r?).

3.5 Association Analysis on Empirical Data

We applied the HistoWAS association analysis framework,
as described in [2.2 Association Analysis| section, to the KPMP
cohort data.

The interstitial fibrosis score was used as the single Pheno-
type (dependent variable) in our statistical model. This score was
available at the patient level (N = 206).

As an example, the independent variables Feature; in the
model comprised the complete set of 102 standardized features
(72 object-level features and 30 spatial features). One step in the
experiment was aligning the WSI-level features with the patient-
level clinical endpoint. The 102 quantitative features were first
extracted from each of the 385 WSIs. Then, for patients with
multiple WSIs, these feature vectors were aggregated (e.g., by
calculating the mean) to create a single, unified feature vector for
each of the 206 patients. This resulted in a final analysis matrix
of 206 patients by 102 features.

Following data standardization, each of the 102 features was
then tested for association against the interstitial fibrosis score us-
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Figure 7: Effect size plot of significant features identified by
HistoWAS. This plot provides a summary of the features that
passed the significance threshold. Each feature is listed on the y-
axis, with its corresponding effect size (Beta coefficient) and 95%
confidence interval plotted on the x-axis. Features on the right
(Beta > 0) are positively associated with the clinical outcome,
while those on the left (Beta < 0) are negatively associated. This
visualization allows for a comparison of the magnitude, direction,
and statistical precision of each significant association. Features
are color-coded by category (Pathomics in blue, Spatial in red).

ing the defined univariate regression model.

4. Results
4.1 Simulation Results

The results of this simulation are presented in Figure[5] The
plots show the calculated curves from all 299 simulation runs
(blue lines) overlaid against the theoretical 95% simulation en-
velope (gray area) and the known theoretical values (red dashed
line).

As shown in the results, the calculated L-function, g-
function, G-function, and F-function values remained over-
whelmingly within the expected confidence intervals and aligned
closely with their theoretical ground truths. These findings indi-
cate that our feature extraction pipeline computes the underlying
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spatial statistics in accordance with their theoretical definitions.

4.2 Association Analysis

The HistoWAS association results are presented in two visu-
alizations.

A Manhattan plot (Figure[6) provides an overview of the sta-
tistical significance for all tested features. In this plot, the y-axis
represents the —log;o(p-value), where a higher point on the plot
corresponds to a stronger statistical significance (i.e., a smaller p-
value), allowing for the identification of feature associations that
surpass the predefined significance threshold.

An effect size plot (Figure[7) displays the effect size (beta co-
efficient) and 95% confidence interval for each significant feature,
illustrating the direction, magnitude, and precision of its associa-
tion with the clinical outcome. In this plot, the direction is shown
by whether the coefficient is positive (on the right of the zero line)
or negative (on the left). The magnitude (or strength) of the as-
sociation is represented by the coefficient’s distance from zero.
Finally, the precision is indicated by the width of the 95% confi-
dence interval (the horizontal bar), where narrower bars signify a
more precise estimate of the effect.

5. Discussion

A primary contribution of HistoWAS is its computational
framework for linking interpretable spatial features to clinical out-
comes. By design, the framework uses spatial statistics (such as
patterns of cellular clustering or repulsion at specific distances).
This approach identifies specific, quantifiable spatial patterns as-
sociated with the outcome, which can serve as a basis for gener-
ating testable biological hypotheses.

There are some limitations that should be acknowledged to
guide future research. First, this is a pilot study, as a proof of
concept, using Interstitial Fibrosis visual score as the sole his-
tological phenotype. Furthermore, the scope of our analysis was
constrained by only selecting tubules for feature computation. Fu-
ture efforts could broaden the range of visual scores and tissue
structures for a more comprehensive spatial analysis, and clinical
outcomes such as estimated Glomerular Filtration Rate (¢eGFR) or
Albumin-to-Creatinine Ratio (ACR). Second, we used ROIs that
were approximated computationally using DBSCAN and convex
hulls. Future implementations with WSIs will allow for more ac-
curate ROI delineation. Future research should integrate biolog-
ical experiments to elucidate the mechanisms and clinical rele-
vance of these spatial patterns, thereby maximizing the transla-
tional potential of HistoWAS.

6. Conclusion

HistoWAS is a computational framework designed to as-
sociate interpretable spatial features from the tissue micro-
architecture of digital pathology images with clinical outcomes.
By integrating object-level morphometric pathomic features with
multi-scale spatial topology features, and performing a high-
throughput association study against visual scores of tissue dam-
age, our framework identified multiple spatially-defined patterns
that are associated with the disease state.

Acknowledgment

This research was supported by NIH RO1DK135597 (Huo),
DoD HT9425-23-1-0003 (HCY), NSF 2434229 (Huo) and KPMP

198-6

Glue Grant. This work was also supported by Vanderbilt
Seed Success Grant and Vanderbilt-Liverpool Seed Grant. This
research was also supported by NIH grants RO1EB033385,
RO1DK132338. We extend gratitude to NVIDIA for their sup-
port by means of the NVIDIA hardware grant.

The authors acknowledge the University of Michigan Med-
ical School Central Biorepository (RRID:SCR_026845) for pro-
viding biospecimen storage, management, and distribution ser-
vices in support of the research reported in this publication/grant
application/presentation.

The Kidney Precision Medicine Project (KPMP) is
supported by the National Institute of Diabetes and Diges-
tive and Kidney Diseases (NIDDK) through the following

grants: U01DK133081, UO01DK133091, U01DK133092,
U01DK133093, U01DK133095, U01DK133097,
UO01DK114866, U01DK114908, U01DK133090,
U01DK133113, UO01DK133766, UO01DK133768,
U01DK114907, U01DK114920, U01DK114923,
UO01DK114933, U24DK114886, UH3DK114926,

UH3DK114861, UH3DK114915, and UH3DK114937. We
gratefully acknowledge the essential contributions of our patient
participants and the support of the American public through their
tax dollars.

The content is solely the responsibility of the authors and
does not necessarily represent the official views of the National
Institutes of Health.

References
[1] Cheng Lu, Rakesh Shiradkar, and Zaiyi Liu. Integrating pathomics
with radiomics and genomics for cancer prognosis: A brief review.
Chinese Journal of Cancer Research, 33(5):563, 2021.

[2] Yuechen Yang, Yu Wang, Tianyuan Yao, Ruining Deng, Mengmeng
Yin, Shilin Zhao, Haichun Yang, and Yuankai Huo. Pyspatial: A
high-speed whole slide image pathomics toolkit. arXiv preprint
arXiv:2501.06151, 2025.

[3] Zhen Han, Zhicheng Zhang, Xianqi Yang, Zhe Li, Shengtian Sang,
Md Tauhidul Islam, Alyssa A Guo, Zihan Li, Xiaoyan Wang,
Jing Wang, et al. Development and interpretation of a pathomics-
driven ensemble model for predicting the response to immunother-
apy in gastric cancer. Journal for Immunotherapy of Cancer,
12(5):e008927, 2024.

[4] David R Stirling, Madison J Swain-Bowden, Alice M Lucas, Anne E
Carpenter, Beth A Cimini, and Allen Goodman. Cellprofiler 4: im-
provements in speed, utility and usability. BMC bioinformatics,
22(1):433, 2021.

[5] Kidney Precision Medicine Project. Kidney precision medicine
project data. https://www.kpmp.org, 2025. Funded by the
National Institute of Diabetes and Digestive and Kidney Diseases
(Grant numbers: U01DK133081, U01DK133091, U01DK133092,
U01DK133093, U01DK133095, U01DK133097, U01DK114866,
U01DK114908, U01DK133090, U01DK133113, U01DK133766,
U01DK133768, U01DK114907, U01DK114920, U01DK114923,
U01DK114933, U24DK114886, UH3DK114926, UH3DK114861,
UH3DK114915, UH3DK114937).

[6] Qiong Wu, Taozhu Sun, Yumeng Zhao, Cong Yu, Junhua Hu, and

IS&T Infernational Symposium on Electronic Imaging 2026
High Performance Computing for Imaging 2026


https://www.kpmp.org

[7

—

[8

[t}

[9

[10]

[11]

(12]

[13

[t

[14]

[15]

[16]

Zhonggqiu Li. Temporal and spatial patterns of small vertebrate road-
kill in a supercity of eastern china. PeerJ, 11:e16251, 2023.

Emil Uffelmann, Qin Qin Huang, Nchangwi Syntia Munung,
Jantina De Vries, Yukinori Okada, Alicia R Martin, Hilary C Martin,
Tuuli Lappalainen, and Danielle Posthuma. Genome-wide associa-
tion studies. Nature Reviews Methods Primers, 1(1):59, 2021.

Lisa Bastarache, Joshua C Denny, and Dan M Roden. Phenome-
wide association studies. Jama, 327(1):75-76, 2022.

Cailey I Kerley, Shikha Chaganti, Tin Q Nguyen, Camilo Bermudez,
Laurie E Cutting, Lori L Beason-Held, Thomas Lasko, and Ben-
nett A Landman. pyphewas: a phenome-disease association tool for
electronic medical record analysis. Neuroinformatics, 20(2):483—
505, 2022.

Cailey I Kerley, Tin Q Nguyen, Karthik Ramadass, Laurie E Cut-
ting, Bennett A Landman, and Matthew Berger. pyphewas explorer:
a visualization tool for exploratory analysis of phenome-disease as-
sociations. JAMIA open, 6(1):00ad018, 2023.

Canran Liu. A comparison of five distance-based methods for spa-
tial pattern analysis. Journal of Vegetation Science, 12(3):411-416,
2001.

Adrian Baddeley, Ege Rubak, and Rolf Turner. Spatial point pat-
terns: methodology and applications with R. CRC press, 2015.

Andrew M Soltisz, Peter F Craigmile, and Rengasayee Veeraragha-
van. Spatial pattern analysis using closest events (space)—a near-
est neighbor point pattern analysis framework for assessing spatial
relationships from digital images. Microscopy and Microanalysis,
30(2):306-317, 2024.

Noel Cressie. Statistics for spatial data. John Wiley & Sons, 2015.

Ying Ge, Mengdi Sun, and Yingxia Pu. Geographic information
system-based edge effect correction for ripley’s k-function under ir-
regular boundaries. Geographical Research, 57(4):436-447, 2019.

Peter J Diggle. Statistical analysis of spatial and spatio-temporal
point patterns. CRC press, 2013.

Author Biography

Yuechen Yang is a second-year PhD student in Computer Science

Department at Vanderbilt University. Her research focuses on medical

image processing, with a particular emphasis on the extraction and appli-

cation of pathomics.

IS&T Infernational Symposium on Electronic Imaging 2026
8,( maging 202%

High Performance

omputing for |

1987



Appendix: Spatial Feature Extraction

To quantitatively characterize the tissue micro-architecture, the His-
toWAS framework extracts spatial features. As illustrated in Figure E|,
these features are derived from the centroid coordinates of histological
objects and are organized into three analytical categories: Density, Spac-
ing, and Correlation.

Density Features

Density features describe the concentration of histological objects
within the tissue area. This category includes Global Density, which is a
single-value metric representing the total count of a specific object type
(e.g., tubules) divided by the total estimated tissue area.

Correlation Features

Correlation features provide a set of features that analyze the spa-
tial dependencies between points, quantifying patterns like clustering or
dispersion at multiple distance scales. We then extract summary statistics
from the resulting L-function and g-function curves (detailed in the
[Summary Features]section).

Besag’s L-function

To quantify spatial patterns such as clustering, we use Besag’s L-
function, L(r). The L-function is a variance-stabilized transformation of
Ripley’s K-function, K(r), which is centered at 0 for a completely random
pattern, making it easier to interpret[12].

The K-function is a cumulative metric that summarizes the expected
number of points within a distance r of any given point, normalized by the
overall density A.

K(l‘): 22”:2”: .wl-jA]I(d,-jgr) (2)

where A is the total area, n is the number of points, d;; is the distance
between points i and j, I(-) is the indicator function, and w;; is an edge-
correction weight. We then transform K(r) into the variance-stabilized
Besag’s L-function, L(r), which is centered at O for a random pattern.

3

A value of L(r) > 0 at a given r indicates clustering at that scale.

g-function

While the K-function is cumulative, the g-function, g(r), is a non-
cumulative density-based metric, as illustrated in Figure |Z| It measures
the probability of finding two points separated by a specific distance r,
relative to the probability expected under CSR. It is formally related to
the K-function:

1 dK(r)
T 2mr dr

g(r) “)

For a random pattern, g(r) = 1. A value of g(r) > 1 indicates aggregation
at distance r.

Spacing Features

Spacing features[12] provide a set of features that quantify the point
distribution by summarizing nearest-neighbor distances (e.g., G-function)
and empty-space distances (e.g., F-function).

198-8

G(r)=P(Di<r)

F(r) = P(Dx<1)
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Figure 8: Conceptual comparison of the G-function and F-
function[[12]. This diagram illustrates the difference between two
spatial statistics. (Left) The G-function, or nearest-neighbor dis-
tance function, measures the distribution of distances from each
point in the pattern (Node i) to its closest neighboring point.
(Right) In contrast, the F-function, or empty space function, mea-
sures the distribution of distances from a random location in the
study area (Space x) to the closest point in the pattern . This
distinction allows the G-function to characterize point-to-point
spacing, while the F-function characterizes the size of the empty
spaces within the pattern[12].

G-function (Nearest-Neighbor Distance Function)

The G-function, G(r), is the cumulative distribution function (CDF)
of the distances from each point to its nearest neighbor[13]]. It estimates
the probability that a point’s nearest neighbor is within distance r, which
is illustrated in Figure 8] (left).

G(r)=P(D; <) (&)

where D; is the distance from point 7 to its nearest neighbor.

F-function (Empty Space Function)

The F-function, F(r), is the “empty space” or “point-to-nearest-
event” function. It is the CDF of the distances from a set of randomly
sampled locations (quadrat points) in the study area to the nearest data
point, which is illustrated in Figure@ (right).

F(r)=P(Y:<r) ()

where Y, is the distance from a random location x to the nearest point in
the pattern.

J-function
The J-function provides a combined summary of the G and F func-
tions, defined as:

1-G(r)
J(r)= TR0 for F(r) < 1 7
For a CSR pattern, J(r) = 1. J(r) < 1 indicates clustering, while J(r) > 1

indicates regularity or dispersion.

Average Nearest Neighbor(ANN)

The ANN metric characterizes the global clustering or dispersion of
a pattern by calculating the average distance from each point to its single
closest neighbor[14].

YY", min(d;;)
n

®)

dany =

where 7 is the total number of points, and min(d;;) is the distance between
point i and its nearest neighboring point j.
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Figure 9: Conceptual illustration of edge effects and correction
methods[12]. (Left) The "edge effect” problem: The search circle
(solid blue) for a point (cyan) near the boundary extends into an
unobserved area (outside the purple box). Simply counting points
within the observed part of the circle leads to underestimation.
Ripley’s isotropic correction compensates for this by weighting
the observation based on the proportion of the circle’s circumfer-
ence that lies inside the window. (Right) Censoring in nearest-
neighbor functions (like the F-function): The Kaplan-Meier esti-
mator handles “censored” observations, such as when the distance
from a random location to the nearest point is greater than its dis-
tance to the boundary (dashed line). The true nearest neighbor
might be in the unobserved region[12]].

Curve Summary Features

For the distance-based functions, we derive features from the overall
shape of the centered curves. For each function (L, g, G, F, J), we calculate
a set of summary statistics, including:

¢ AUC: The Area Under the Curve of the centered function, mea-
suring the total cumulative deviation from randomness across all
distances.

¢ Max/Min: The maximum positive (clustering) and minimum neg-
ative (dispersion) peaks of the centered curve.

* DistAtMax/DistAtMin: The specific distances (#) at which these
maximum and minimum deviations occur, identifying the charac-
teristic scales of clustering or dispersion.

Edge Effect Correction

Calculating spatial statistics within a finite observation window (i.e.,
the estimated tissue area) introduces a systemic bias known as the edge
effect. As illustrated in Figure|§| (Left), a point located near the window’s
boundary may have its neighborhood (e.g., a circle of radius r) extend
beyond the observed area. Failing to account for this unobserved portion
leads to a biased underestimation of point counts or neighbor distances.

To account for this, the HistoWAS framework employs two
function-specific correction methods:

* Ripley’s Isotropic Correction (for L and g-functions): The L-
function and g-function are derived from pair-counting statistics.
To correct the underlying calculations for these functions (specif-
ically, the K-function and g-function), we apply the isotropic
correction[15]]. This method computes the proportion of the cir-
cumference of a circle of radius r centered on a point i that lies
within the observation window. It then weights the contribution of
point pairs at this distance by the inverse of this proportion, com-
pensating for unobserved neighbors.

¢ Kaplan-Meier Estimator (for G, F, and J-functions): For
nearest-neighbor distance functions, a non-parametric “survival”
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analysis is used. We use the Kaplan-Meier estimator[16]. This
method treats observations as either “censored” or “uncensored”.
For the G-function, an observation is “censored” if a point’s dis-
tance to the boundary is smaller than its distance to its nearest ob-
served neighbor, implying the true nearest neighbor might exist in
the unobserved area. For the F-function, the same logic applies to
random sample points (Figure@ Right). The Kaplan-Meier method
estimates the CDF of nearest-neighbor distances in the presence of
this censoring. The J-function, being a ratio of G and F, inherits
this correction.
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