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Abstract

Quantifying glomerular inflammation in kidney-transplant biopsies is traditionally per-
formed on single whole-slide sections using the Banff “most-severe section” rule, despite
the inherently three-dimensional nature of lesion distribution. This 2D based assessment
might lead to instability when inflammation varies across slices. This paper reports a pilot
study examining the technical feasibility and clinical relevance of extending Banff scoring
into three dimensions. To this end, we propose a 3D Banff lesion-scoring framework that re-
constructs glomeruli from serial sections, aligns structural counterparts, tracks glomerular
identities, and integrates inflammatory-cell counts in 3D. In the experiments, glomerulitis
(g-scores) was used as an example Banff metric and applied to multi-section renal allograft
biopsies. Our findings indicate that 3D Banff g-scores are more consistent across slices
and , under the semi-automatic setting, correlate more strongly with clinical biomarkers
than traditional 2D scores. These results show that 3D volumetric quantification offers
promising added value, underscoring the potential benefit of 3D-aware Banff scoring for
kidney transplant pathology.
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Figure 1: 2D Banff scoring vs. 3D Banff scoring. Upper panel shows the 2D Banff
pipelines, where each section is analyzed independently and the final Banff g-
score is assigned based on the most severe single section. This “worst-section” rule
might ignore cross-section correspondence and be sensitive to sampling variability.
Lower panel presents the proposed 3D Banff framework, which registers serial
sections into a 3D volumetric quantification.

1. Introduction

Renal allograft biopsy is fundamental to diagnosing rejection and determining post-transplant
management. The Banff Classification of Allograft Pathology provides the international
standard for evaluating renal transplant biopsies, using a set of semiquantitative lesion
scores—including interstitial inflammation (i), tubulitis (t), peritubular capillaritis (ptc),
intimal arteritis (v), and glomerulitis (g)—to diagnose and grade rejection (Farris et al.,
2025; Banff Foundation for Allograft Pathology, 2023; Zhu et al., 2025). Although a sin-
gle biopsy block is routinely cut into 20–30 serial sections, each representing a slightly
different tissue depth, current clinical practice assigns the g-score using only one two-
dimensional (2D) histology section—the slice showing the most severe inflammation. This
worst-section approach aims to avoid underestimating rejection but is inherently sensitive
to sampling variation, sectioning depth, and local tissue distortion. Clinically, glomerular
inflammation is a three-dimensional (3D) biological phenomenon, yet its scoring relies on
a single 2D snapshot. This mismatch between disease geometry and the evaluation proto-
col leads to variability in diagnosis and reduces interpretability for both pathologists and
clinicians(Loupy et al., 2022).

Recent advances in computational pathology have produced accurate models for seg-
menting glomeruli(Deng et al., 2023, 2025; Jiang et al., 2021; Yu et al., 2024) and detecting
inflammatory cells(Deotale et al., 2025; Lynn, 2023) on whole slide images(WSIs)(Labriffe
et al., 2022; Yi et al., 2024). However, nearly all existing systems operate strictly in 2D:
each WSI is processed independently; predictions are not aligned or reconciled across serial
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sections;and case-level scoring still selects the single most severe slice, replicating the clinical
worst-section paradigm. These approaches fail to reconstruct the 3D topology of injury, do
not assign consistent glomerulus identity across depth, and cannot quantify volumetric in-
flammatory distribution. From a clinical standpoint, this limits robustness, explainability,
and trustworthiness, all essential for adoption of AI tools in routine transplant workflows.

We propose a shift from 2D slice-based evaluation to biopsy-level 3D volumetric scor-
ing. Our framework aligns serial histology sections, reconstructs glomeruli in 3D, aggregates
inflammatory-cell detections, and produces a biopsy-level Banff g-score derived from the
full depth of the tissue block. This requires addressing several technical challenges: non-
linear distortions and missing sections that hinder registration; substantial variation in
staining and section quality; identity tracking of glomeruli across levels; and designing an
interpretable and clinically grounded method for compatible and volumetric aggregation.
To overcome these challenges, we developed a unified computational pipeline that integrates
robust 2D feature extraction, deformable 3D alignment, glomerulus identity tracking, and
3D g-score computation (Figure 1). Our contributions are as follows:

• This paper presents a pilot study examining the technical feasibility and clinical relevance of
extending Banff scoring from 2D to 3D.

• We propose a computational framework for the quantitative measurement of the widely used
Banff g-score, further extending it to 3D through the integration of AI-based section detection,
glomerular segmentation, inflammatory-cell detection, and structural alignment across serial
histological sections.

• We formulate two biopsy-level 3D Banff g-scoring measurement strategies (compatible and
volumetric), that summarizes the volumetric distribution of glomerular inflammation and
benchmark their performance against 2D Banff strategy.

Figure 2: Overview of the proposed 3D Banff lesion scoring pipeline. Left: serial
sections undergo registration and (quantification); Middle: quantification features
are combined with registration outputs, yielding consistent 3D object associations
for depth-wise tracking; Right: two 3D scoring paradigms are computed: Strat-
egy 1: Compatible, and Strategy 2: Volumetric. Details of both strategies are
provided in Figure 3.
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2. Methods

2.1. Overall Pipeline and Data Processing

Figure 2 illustrates the complete workflow of the proposed 3D Banff lesion scoring pipeline.
Raw serial-section WSIs first enter two parallel modules: Registration, which aligns all
sections from a biopsy into a common spatial frame, and Quantification, which uses
deep-learning models to extract per-section glomerular and inflammatory-cell features. The
outputs of these modules are then combined to establish consistent 3D object associations
for depth-wise tracking, whereby corresponding glomeruli across sections are linked based
on spatial overlap, geometric continuity, and instance-level matching. These associations
produce coherent 3D glomerular entities with aggregated inflammatory-cell detections along
depth.

Finally, two 3D Banff scoring strategies are derived from these reconstructed volumes.
Compatible scoring applies the traditional Banff worst-section rule in 3D by selecting the
most inflamed slice for each glomerulus, while Volumetric scoring integrates inflamma-
tory burden across the entire 3D glomerular volume to produce a depth-aware, biopsy-level
g-score.

2.2. Per-section (2D) Banff Glomerulitis Scoring

As a baseline consistent with conventional pathology workflows, we implement an auto-
mated per-section g-score following the classical Banff definition of glomerulitis as the
presence of leukocytes within one or more glomerular capillaries. After glomerulus seg-
mentation and inflammatory-cell detection on each section, let {R1, . . . , RN} denote the
segmented glomeruli and P the detected cells. For each glomerulus Rk,

nk =
∑
pi∈P

I[pi ∈ Rk], δk = I[nk > τ ],

with threshold τ = 3. The section-level inflamed proportion is

ρg =
1

N

N∑
k=1

δk,

which is mapped to the Banff-style ordinal score

g =


0, ρg = 0,

1, 0 < ρg < 0.25,

2, 0.25 ≤ ρg ≤ 0.75,

3, ρg > 0.75.

(1)

This module provides an automated analogue of the traditional per-section Banff assess-
ment. Although simplified and not intended to replicate full morphological interpretation,
it captures the core signal of glomerular inflammation and serves as a reproducible reference
for comparison with our 3D, cross-section–aggregated scoring (Section 2.3).

2.3. Serial-Section Alignment and 3D Banff Scoring Pipeline

For each biopsy case, serial histologic sections are scanned into WSIs and first processed to
detect glomeruli and inflammatory cells on a per-section basis. All sections belonging to
the same biopsy are then aligned into a common spatial frame using a hybrid registration
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Figure 3: 3D Banff scoring strategies enabled by cross-section glomerular align-
ment. Based on 3D glomeruli with immune cells, we introduce two alternative
3D scoring strategies: Compatible strategy applies a direct 3D extension of
the Banff score, in which a glomerulus is labeled inflamed if any of its sectional
instances is inflamed; and Volumetric strategy aggregates immune-cell burden
across sections and applies a volumetric threshold. 3D Banff result visualiza-
tion with compatible restuls pictures inflamed glomeruli as red and non-inflamed
glomeruli as blue, with the volumetric strategy further represented using red and
blue bar heights proportional to inflammatory load.

pipeline that combines feature matching, affine chaining, and deformable refinement to cor-
rect for tissue distortion and slice-to-slice variability. After alignment, glomerular masks
and features from neighboring sections are compared to evaluate cross-sectional consistency,
and corresponding glomerular instances exhibiting sufficient spatial overlap, centroid prox-
imity, and morphological continuity are linked across depth. These matched instances are
merged through a union–find–based matching procedure to establish stable 3D glomeru-
lar identities, which subsequently aggregate inflammatory-cell detections throughout the
volume for downstream scoring.

As illustrated in Figure 3, once cross-sectional glomeruli are aligned and assigned con-
sistent 3D identities, the pipeline supports two distinct 3D Banff scoring strategies. The
first, the Compatible strategy, extends the Banff worst-section rule into 3D: if any sectional
instance of a glomerulus is inflamed, the entire 3D glomerulus is labeled inflamed . The sec-
ond, the Volumetric strategy, leverages the reconstructed 3D identity to aggregate immune-
cell detections across depth, applying a volumetric threshold to distinguish inflamed from
non-inflamed glomeruli. These complementary perspectives respectively capture the max-
imal local severity and the cumulative inflammatory burden of each glomerulus.

Strategy 1: Compatible. For each 3D glomerulusGi with sections Si and per-section
inflammatory-cell counts ci,s, the compatible strategy labels the glomerulus as inflamed if
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any supporting section exceeds the Banff threshold τcell:

∃ s ∈ Si such that ci,s ≥ τcell. (2)

The biopsy-level inflamed proportion is then

ρcomp
g =

#{i : ∃s ∈ Si, ci,s ≥ τcell}
N

. (3)

Strategy 2: Volumetric. Here, burden is aggregated across all sections belonging to
the same 3D glomerulus:

Cvol
i =

∑
s∈Si

ci,s. (4)

A glomerulus is considered inflamed only if the total burden exceeds the section-normalized
Banff threshold:

Cvol
i ≥ τcell × |Si|, (5)

yielding the biopsy-level proportion

ρvolg =
#{i : Cvol

i ≥ τcell|Si|}
N

. (6)

Both proportions are finally mapped to Banff categories using the standard ordinal
thresholds (Eq. 1). These definitions distinguish a worst-section 3D interpretation from a
true depth-integrated volumetric formulation.

3. Data and Experiments

3.1. Dataset

We evaluated our framework on a retrospective cohort of renal allograft biopsies collected
at Vanderbilt University Medical Center. The dataset comprises 50 patients and 410 WSIs,
with each biopsy block typically sectioned into 20–30 serial histological levels stained with
PAS, H&E, or Jones silver. Multiple WSIs from the same patient may correspond to
different serial sections from a single biopsy block.

3.2. Object Extraction

Section ROI Detection. Section were detected by a Yolov8-based detector(Jocher and
Ultralytics, 2023) trained on several WSIs with renal pathologist annotated. The model
outputs section-level images for the further section-based feature extraction utilization.
Glomerulus Segmentation. Glomeruli were segmented using the WSI glomerulus seg-
mentation pipeline proposed as 1st in the KPIs challenge (Cap, 2024). The model outputs
polygon-level glomerular boundaries, which we used as spatial units for quantifying inflam-
mation.
Inflammatory Cell Detection. The Monkey Challenge inflammatory-cell detector (Lynn,
2023) was used as the initial model and further finetuned on two renal-transplant biopsy
cases that were fully QA-corrected by a renal pathologist, using a YOLOv8-based ar-
chitecture (Jocher and Ultralytics, 2023). The finetuned detector provides morphology-
compatible outputs suitable for downstream QA and for use in our 3D scoring pipeline.
Registration and 3D Tracking. Serial sections were aligned to a common reference
using a zero-shot dense feature matching pipeline (Langlois et al., 2024) with RANSAC-
based affine estimation, scale-conjugate transform recovery, and affine chaining. To handle
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whole-slide geometry, masks and point coordinates were warped via a tiled affine strategy.
Glomerular instances were extracted per section using connected-components segmenta-
tion with morphological refinement. Correspondences across sections were established by
a multi-criteria matcher leveraging dilated IoU, centroid proximity, and area-ratio consis-
tency, and merged via a Union–Find structure to yield 3D-consistent glomerulus identifiers,
enabling depth-wise aggregation of inflammatory-cell detections.

All experiments were performed on NVIDIA A6000 GPUs under Python 3.9 and Py-
Torch 1.12.

3.3. 2D vs. 3D Banff Scoring

Since the scoring procedure is fully described in Section 2, here we briefly summarize how
the two evaluation settings are compared.
2D setting. Each biopsy section is scored independently, and a case-level score is obtained
using the conventional worst-section strategy.
3D setting. With cross-section registration and glomerulus identities tracking, inflamma-
tion evidence is aggregated across serial sections to produce a single 3D score per WSIs.

We evaluate the two scoring strategies in two ways: (1) across 50 patients with 410
WSIs, we assess the variance and stability differences between 2D and 3D scoring; and
(2) for a subset of 9 patients with available longitudinal clinical follow-up, we compare
their clinical validity (Section 3.4), under both semi-automatic and fully-automatic set-
tings.Because expert Banff g scores are known to exhibit interobserver inconsistency, clini-
cal outcome measures serve as the reference signal for evaluating the utility of the proposed
scoring methods.

3.4. Evaluation Metrics

We assess the AI-derived 2D and 3D Banff g-scores using both semi-automatic and fully
automatic pipelines and evaluate their clinical relevance against longitudinal renal func-
tional outcomes in nine patients. For patient-level correlation analysis, when multiple
WSIs are available from the same patient, the corresponding case-level g-score is obtained
by averaging the WSI-level g-scores under each scoring strategy. Temporal changes in
serum creatinine (∆sCr), blood urea nitrogen (∆BUN), and creatinine clearance (−∆Ccr)
over 0–6 months serve as quantitative indicators of allograft status. Clinical validity is
measured using Kendall τ to capture monotonic correspondence between predicted inflam-
mation severity and renal trajectories. To complement clinical validity, we quantify scoring
consistency through intra-patient WSI agreement, defined as the proportion of section pairs
assigned identical g-scores under each strategy (2D, 3D-Compatible, 3D-Volumetric). High
agreement reflects robustness to section-to-section variability.

Table 1: Correlation analysis of semi-automatic vs. fully-automatic pipelines

Semi-Automatic Fully-Automatic
Outcome 2D Compat. 3D Vol. 3D 2D Compat. 3D Vol. 3D

∆sCr0–6m ↑ 0.187 0.227 0.511 0.227 0.233 0.233

∆BUN0–6m ↑ -0.093 -0.045 0.274 0.136 0.140 0.140

-∆Ccr0–6m ↑ 0.000 0.045 0.353 0.045 0.047 0.047
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Figure 4: Qualitative comparison of glomerular inflammation scoring across four
analysis modes. Upper panel (Case 1): 2D worst-section scoring detects
1/25 inflamed glomeruli (4%, g1); 3D-Compatible identifies 1/26 (3.8%, g1); 3D-
Volumetric detects 0/26 (0%, g0). Lower panel (Case 2): 2D scoring finds
12/16 inflamed glomeruli (75%, g2); 3D-Compatible and 3D-Volumetric both
detect 13/16 (81.3%, g3).
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Figure 5: Intra-patient WSI agreement of Banff g-scores under Semi-Automatic
pipelines. For each patient, all WSIs belonging to the same biopsy are compared
pairwise, and agreement is defined as the fraction of WSI pairs assigned the same
g-score. Three scoring strategies are evaluated: 2D worst-section scoring, 3D-
Compatible scoring, and 3D-Volumetric scoring. Higher bars represent better
consistency.

Figure 6: Alluvial comparison of 2D and 3D Banff g-scores across 50 patients comprising 410
WSIs. The diagram illustrates how glomerulitis grades shift when transitioning
from slice-based 2D scoring to two different 3D scoring paradigms: (a) Com-
patible scoring; and (b) Volumetric scoring, which aggregates inflammatory
burden across the reconstructed 3D glomerular volume. Thicker flows indicate
more frequent grade transitions.
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4. Results

Table 1 reports the Kendall’s Tau correlations between Banff g-scores and short-term
clinical changes (∆sCr, ∆BUN, and −∆Ccr) under both the Semi-Automatic and Fully-
Automatic pipelines. For each outcome, three scoring strategies—2D, 3D Compatible, and
3D Volumetric—are compared side by side. Boldface entries denote the highest correlation
among the three scoring modes for a given outcome. Qualitative examples comparing 2D
worst-section scores with the proposed 3D Banff scores are provided in Figure 4. Figure 5
presents the intra-patient WSI agreement of Banff g-scores across all WSIs belonging to the
same biopsy. Agreement is computed by comparing every pair of WSIs from a given patient
and measuring the proportion that receive identical g-scores. The three scoring strate-
gies—2D, 3D-Compatible, and 3D-Volumetric—are evaluated under the Semi-Automatic
pipelines. Figure 6 summarizes the distributional changes in Banff g-scores when transi-
tioning from conventional 2D scoring to the two proposed 3D scoring strategies across 50
patients (410 WSIs) under the fully automatic pipeline. In both subfigures, the left axis
shows the original 2D g-score and the right axis shows the corresponding 3D g-score.

5. Discussion

Across a cohort of 50 patients with 410 WSIs, the proposed 3D scoring strategies exhibited
improved intra-patient consistency compared with conventional 2D scoring, indicating en-
hanced robustness to section-to-section variability. In a limited subset of 9 patients with
longitudinal clinical follow-up, the Volumetric 3D scores demonstrated higher rank correla-
tion with short-term renal function changes under the semi-automatic pipeline, suggesting
that aggregating inflammatory burden across depth may better reflect the biological ex-
tent of glomerular injury. However, under the fully automatic setting, the performance
differences between 2D and 3D strategies largely collapsed, highlighting that the poten-
tial clinical benefit of 3D scoring is currently constrained by the accuracy of upstream
segmentation, detection, and registration modules.

Taken together, our results support the technical feasibility of reconstructing and scor-
ing glomerular inflammation in three dimensions from routine serial histology, while also
clarifying its present limitations. Rather than serving as a replacement for expert Banff
assessment, the proposed framework provides a proof-of-concept for depth-aware quantifi-
cation and for systematically examining how volumetric information alters conventional
lesion grading. Future work will focus on validation in larger multi-center cohorts, im-
proving fully automatic cell- and structure-level characterization, incorporating explicit 3D
cell registration to enable fully quantitative volumetric inflammation metrics, integrating
statistical inference for clinical association testing, and extending the 3D formulation to
additional Banff lesion categories beyond glomerulitis.

6. Conclusion

In this work, we presented a computational framework for extending Banff g-scoring from
conventional 2D, slice-based assessment to biopsy-level 3D volumetric quantification us-
ing serial histology sections. By integrating deep-learning–based glomeruli segmentation,
inflammatory-cell detection, serial-section registration, and cross-section glomerular iden-
tity tracking, our pipeline enables both a 3D extension of the Compatible strategy and a
Volumetric scoring formulation.
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