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Abstract

Kidney allograft rejection is currently defined by categorical Banff histologic thresholds, despite
reflecting a continuous spectrum of immune injury. Here we developed four continuous molecular
indices capturing rejection severity and injury stage: antibody-mediated microvascular injury (AMR/MVI),
T cell-mediated tubulointerstitial inflammation (TCMR/TI), inflammatory activity and chronic injury.
Using transcriptomic profiling of formalin-fixed biopsies with the Banff Human Organ Transplant (B-HOT)
panel, indices were trained against continuous histologic scores in 415 biopsies and validated in
independent European and US cohorts (total N=2,076). Molecular indices accurately discriminated Banff
phenotypes while revealing substantial within-category heterogeneity and clinically meaningful
reclassification of intermediate cases. Elevated molecular scores in histologically rejection-free biopsies
anticipated subsequent rejection. In multivariable Cox models, all four indices independently predicted
five-year graft failure and improved prognostic discrimination beyond histology alone. These continuous
molecular indices provide a quantitative framework that complements biopsy interpretation and refines
risk stratification across the rejection spectrum.

Introduction

Despite advances in non-invasive monitoring of kidney transplant injury, kidney allograft biopsies remain
central to diagnosing rejection and guiding immunosuppression. The Banff Classification provides an
internationally standardized framework by categorizing biopsies into antibody-mediated rejection and
microvascular inflammation (AMR/MVI) and T cell-mediated rejection (TCMR) based on
semiquantitative lesion scores and diagnostic thresholds."? However, rejection biology is neither
dichotomous nor static. Alloimmune mechanisms overlap with non-alloimmune injury pathways and
discrete Banff categories can obscure clinically relevant heterogeneity; small differences in lesion
scoring may shift biopsies across diagnostic categories, while biologically distinct cases may share the

same diagnostic label,® limiting precision for risk stratification and individualized management.2

To better align biopsy interpretation with continuous disease biology, continuous histologic indices have
recently been proposed (AMR/MVI, TCMR/TI, activity and chronicity indices), representing rejection
phenotypes and injury stage along a spectrum rather than as discrete categories.*” These indices,
derived from Banff lesion scores, provide granularity beyond categorical diagnoses and independently
associate with graft failure risk, even within Banff-defined rejection groups. Nevertheless, histological
assessment remains constrained by sampling error, interobserver variability and limited sensitivity.

Molecular profiling of kidney transplant biopsies offers an opportunity to complement histology. In 2019,
the Banff Molecular Diagnostics Working Group introduced the Banff Human Organ Transplant (B-HOT)
panel, a curated transcript set capturing key alloimmune pathways and enabling standardized gene
expression analysis from formalin-fixed paraffin-embedded tissue.®"'® Molecular approaches such as the
Molecular Microscope Diagnostic System (MMDx) and related transcriptomic classifiers have largely
been developed to discriminate Banff diagnostic categories.’”'” However, categorical modelling may
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mask meaningful variation in molecular signal intensity, particularly near diagnostic cutoffs, in
intermediate phenotypes, or in biopsies with mixed rejection features.

We therefore hypothesized that modelling intragraft gene expression as continuous molecular indices,
rather than aligning transcriptomic signatures to categorical disease categories, would better capture
the full spectrum and severity of rejection. To test this, we developed four a priori biopsy-based
molecular indices reflecting antibody-mediated microvascular injury (AMR/MVI), T cell-mediated
tubulointerstitial inflammation (TCMR/TI), inflammatory activity and chronic injury.

We show that these continuous molecular indices (i) align with individual histologic lesion scores and
previously defined composite histologic indices; (ii) accurately discriminate the major Banff diagnostic
categories, including mixed rejection, with good calibration in independent European and US cohorts; (iii)
provide clinically meaningful reclassification of biopsies with intermediate phenotypes; and (iv) are
interpretable across their full range, improving prediction of clinically relevant outcomes, including graft
failure, beyond histology alone. Together, these four molecular indices capture rejection severity along a
continuum and offer a quantitative complement to conventional biopsy assessment.

Results

Cohort characteristics

The derivation and validation cohorts included 415 retrospectively selected biopsies for model training,
and 471 biopsies from 338 recipients prospectively collected for independent validation, respectively
(Supplementary Fig. S1). The US validation cohort included 1,190 biopsies. The clinical and histological
characteristics are summarized in Table 1. In the derivation cohort, 90.1% of transplants were from
deceased donors, 18.8% were repeat transplants, and 12.2% of recipients had pre-transplant HLA-DSA,
the corresponding values in the prospective validation cohort were 86.7%, 12.1%, and 7.1%. Clinical
metadata were not available for the US cohort.

Banff 2022-defined diagnoses were made in 45.5% of the biopsies in the derivation cohort, with
representation of incomplete (borderline changes, isolated v lesions, probable AMR) and complete
phenotypes (AMR, MVI, TCMR and mixed AMR-TCMR). Rejection was less frequent in the European
validation cohort, consistent with its prospective, unselected design and inclusion of 77.9% protocol
biopsies (Table 1). The US cohort was enriched for TCMR (38.0%) and AMR (28.2%) and contained fewer
intermediate phenotypes. Individual Banff lesion score distributions of the three cohorts are shown in
Supplementary Table S1.

Across Banff 2022 phenotypes in the derivation cohort, the histological AMR/MVI indices’ were highest
in mixed rejection and progressively lower in AMR, DSAnegC4dneg MVI, probable AMR, and no rejection.

The histological TCMR/T! indices’ were highest in TCMR, intermediate in borderline TCMR and isolated
v-lesions, and lowest in no rejection; PyVAN showed intermediate histological TCMR/TI indices

comparable to isolated v-lesions (Supplementary Table S2). The histological activity index” was highest
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in mixed rejection, whereas the histological chronicity indices correlated with time post-transplantation
(r=0.49, p<0.001).

Development of the continuous molecular indices

To develop four continuous molecular indices reflecting antibody-mediated microvascular injury
(AMR/MVI), T cell-mediated tubulointerstitial inflammation (TCMR/TI), inflammatory activity and
chronicity, we applied a supervised modeling framework where the continuous histologic indices, rather
than categorical Banff diagnoses, were used as ground truth outcomes. Candidate transcripts were
identified using an ensemble feature-selection strategy in the derivation cohort, and parsimonious linear
regression models were trained to generate continuous molecular scores. Model complexity was
reduced through cross-validation—guided backward selection, and final models were chosen using the
Bayesian Information Criterion to favor sparse yet informative transcript sets.

Distribution of the continuous molecular indices

In the derivation cohort, the four continuous histological indices showed consistently right-skewed
distributions, with most biopsies having low scores and fewer biopsies showing higher values (Fig. 1a).
Unlike histological lesion scores, which are semi-continuous and influenced by diagnostic thresholds, the
molecular indices spanned a broad and continuous range, consistent with increasing injury severity.

Joint plots of AMR/MVI and TCMR/TI further illustrated differences between histological and molecular
representations of rejection (Fig. 1b). Histological indices clustered along the axes, reflecting the
constraints of categorical scoring. In contrast, molecular indices were distributed more evenly across the
joint space, with many biopsies showing elevation of both AMR/MVI and TCMR/TI signals. Biopsies with
high molecular AMR/MVI scores and minimal TCMR/TI scores, or the reverse, were uncommon,
indicating that molecular injury signals often occur together rather than as isolated processes.

Across the derivation cohort, molecular indices showed moderate to strong correlations with their
corresponding continuous histological indices’, with Spearman correlation coefficients of r=0.59 for
AMR/MVI, r=0.68 for TCMR/TI, r=0.63 for inflammatory activity and r=0.74 for chronicity (all p<0.001)
(Fig. 1¢). Similar correlations were observed in the US validation cohort, while correlations were weaker
in the prospective European validation cohort, likely due to its narrower range of phenotypes and
predominance of protocol biopsies (Supplementary Figs. S2—-S3).

To evaluate whether the molecular indices capture continuous inflammatory biology, we examined their
relationships with the histological spectrum of kidney transplant biopsies. In the derivation cohort
(Supplementary Figs. S4—S7), the molecular AMR/MVI index increased stepwise with microvascular
inflammation severity, including glomerulitis (g) and peritubular capillaritis (ptc), with weaker
associations for etiology-linked lesions such as C4d deposition. The molecular TCMR/TI index rose with
increasing interstitial inflammation (i), tubulitis (t) and total inflammation (ti), while showing limited
association with chronic injury. The molecular activity index reflected acute inflammatory lesions across
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both antibody- and T cell-mediated compartments, whereas the chronicity index primarily tracked
chronic damage features, including interstitial fibrosis (ci), tubular atrophy (ct), transplant
glomerulopathy (cg) and vascular fibrous intimal thickening (cv). Index distributions were broadly
comparable between protocol and indication biopsies, although indication biopsies showed modestly
higher index values (Supplementary Fig. S8).

Relationship between the continuous molecular indices and Banff-defined rejection

Across Banff diagnostic categories, the continuous molecular indices differed importantly, although
there was substantial overlap of the indices between the histologic categories (Fig. 2a). Biopsies
classified as AMR, DSAnegC4dneg MVI, and mixed rejection exhibited high molecular AMR/MVI index
values, whereas molecular TCMR/Tl indices increased across the spectrum of T cell-mediated rejection,
with intermediate levels in borderline TCMR and isolated v-lesions. Intermediate Banff phenotypes,
including probable AMR and borderline TCMR, showed marked molecular heterogeneity, but overall
higher index values than biopsies classified as no rejection. Notably, a subset of biopsies without
histological rejection displayed elevated molecular indices, indicating subclinical inflammatory activity
not captured by categorical diagnosis. Exact molecular index values and pairwise comparisons between
Banff phenotypes are shown in Supplementary Table S2.

In discrimination analyses (Fig. 2b; Table 2), molecular AMR/MVI and TCMR/TI indices robustly
distinguished their corresponding Banff phenotypes, with AUCs of 0.94 (95% CI 0.90-0.97) and 0.90
(95% CI 0.86—-0.95), respectively. Discrimination was modestly reduced for intermediate entities such as
borderline TCMR, isolated v-lesions, and probable AMR, reflecting their biological overlap. The molecular
activity index effectively discriminated abnormal from normal biopsies, achieving an AUC of 0.82 (95% Cl
0.78-0.86), whereas the chronicity index showed limited discrimination, consistent with chronic injury
reflecting cumulative rather than phenotype-specific processes. Raw and prevalence-adjusted AUPRCs
are provided in Supplementary Table S3. Discriminative performance was similar in protocol and
indication biopsies (Supplementary Table S4), with lower AUPRCs in protocol biopsies reflecting the
lower prevalence of rejection in this subset. Calibration analyses showed good agreement between
predicted and observed probabilities for the AMR/MVI and TCMR/TI indices, with low Brier scores
(Supplementary Fig. S9).

Validation of the continuous molecular indices for diagnosing Banff-defined rejection

We next evaluated the performance of the four continuous molecular indices in two independent
validation cohorts comprising a prospective European cohort (N=471) and a retrospective US cohort
(N=1,190). Overall discriminative performance was consistent with that observed in the derivation cohort
(Fig. 2b; Table 2), with the molecular AMR/MVI and TCMR/Tl indices showing strong discrimination for
their corresponding Banff-defined rejection phenotypes (all AUCs >0.86). In the US validation cohort, the
chronicity index showed improved discrimination for abnormal versus normal biopsies and for mixed
rejection compared with the derivation and prospective European cohorts, likely reflecting the higher
prevalence of chronic active TCMR in this dataset (63.8% of active TCMR cases, versus 9.5% and 38.9%
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in the derivation and European cohorts, respectively). Calibration of the AMR/MVI and TCMR/TI indices
remained satisfactory in both validation cohorts, with good agreement between predicted and observed
probabilities (Supplementary Fig. S9).

Reference ranges of the continuous molecular indices and relation to Banff categories

Although the continuous molecular indices were designed to capture injury across the full biological
spectrum, clinically interpretable reference ranges are required to support diagnostic use and application
as clinical trial endpoints. We therefore derived reference thresholds from the distribution of index values
in biopsies classified as no rejection in the derivation cohort (N=226). Thresholds were defined at the
75th and 95th percentiles. For the molecular AMR/MVI and TCMR/TI indices, these corresponded to
values of 0.76 and 1.43 for AMR/MVI, and 1.43 and 2.22 for TCMR/TI, respectively. Corresponding
thresholds for the molecular activity and chronicity indices were 2.00 and 3.12 for activity, and 3.96 and
5.98 for chronicity. Continuous molecular indices were thus stratified as low (<P75), intermediate (P75-
P95), or high (>P95).

Use of two thresholds for a continuous molecular marker align the biological continuum of allograft
injury with the practical requirements of clinical decision-making. The lower threshold prioritizes
sensitivity, identifying biopsies unlikely to show significant rejection, whereas the upper threshold
prioritizes specificity, defining a high-confidence rule-in range (Supplementary Table S5). Values between
these thresholds represent an intermediate zone in which molecular evidence of rejection is present but
not definitive. This framework reduces binary decision-making, limits misclassification at diagnostic
extremes, and enables probabilistic interpretation aligned with the continuous nature of allograft
rejection.

Mapping the continuous molecular AMR/MVI and TCMR/TI indices onto Banff 2022 diagnostic
categories revealed substantial within-category heterogeneity (Fig. 3a). Most AMR/MVI and TCMR cases
were enriched in the highest corresponding molecular strata, while no-rejection biopsies mapped mainly
to the lowest strata, with only a small minority showing unexpectedly elevated molecular activity (Fig.
3b). In contrast, diagnostically ambiguous phenotypes, such as probable AMR, borderline TCMR, and
isolated v, were broadly distributed across molecular strata, indicating that molecular indices provide the
greatest refinement in intermediate phenotypes. Because biopsies often exhibit overlapping rejection
patterns in practice, we examined AMR/MVI and TCMR/TI jointly (Supplementary Table S6): most no-
rejection biopsies clustered in the low—low stratum, whereas high—high biopsies were enriched for
Banff-defined rejection, particularly mixed rejection.

Higher continuous molecular indices in non-rejection biopsies anticipate later rejection

All previous analyses associated the continuous molecular indices with the concomitant histology. Some
cases showed increased molecular indices without meeting histologic criteria for Banff-defined disease.
In initial biopsies classified as no rejection with a follow-up biopsy (N=377), higher molecular AMR/MVI
indices in these initial biopsies were associated with subsequent development of any rejection
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phenotype (3=0.69%0.25; p=0.005; OR 1.99 per unit), primarily future DSAnegC4dneg MVI or AMR.
Molecular TCMR/TI indices in the initial biopsies showed only a borderline association with subsequent
(borderline) TCMR (B=0.3940.22; p=0.07; OR 1.48) (Supplementary Fig. S10).

Stratification of the molecular AMR/MVI and TCMR/TI indices yielded consistent results. High (=P95)
molecular AMR/MVI indices in the rejection-free initial biopsies were more frequent in kidneys that
progressed to Banff 2022 AMR/MVI phenotypes (33.3% developed DSAnegC4dneg MVI or AMR)
compared with biopsies having low (<P75) and intermediate (P75-P95) AMR/MVI indices (1.1% and
2.6%, respectively) (Supplementary Table S7).

In time-to-event analyses, higher molecular AMR/MVI indices were associated with shorter time to
subsequent rejection (HR 1.55 per unit increase; 95% Cl 1.02-2.36; p=0.04), and the high molecular
AMR/MVI stratum conferred increased hazard compared to the low stratum (HR 2.39; 95% Cl 1.13-5.06;
p=0.02) (Supplementary Table S8). The continuous molecular TCMR/TI index was not significantly
associated with time to subsequent rejection (HR 1.31; p=0.20), but the high TCMR/TI stratum showed
an increased hazard versus the low stratum (HR 2.05; 95% CI 1.03-4.09; p=0.04). Importantly, while
most biopsies classified as no rejection lacked detectable histologic injury, a minority exhibited isolated
subthreshold inflammatory lesions, most commonly mild tubulitis (Supplementary Fig. S11).

Low molecular indices in patients with histological rejection

Although Banff-defined rejection phenotypes were generally enriched in the high molecular index strata,
a substantial subset of biopsies meeting histologic criteria for AMR or TCMR mapped to low molecular
index groups. To better understand this discordance, we examined the histologic features driving the
Banff diagnoses in molecular-low rejection biopsies in comparison with molecular-high rejection
biopsies (Supplementary Table S9).

Among Banff-defined AMR biopsies with low molecular AMR/MVI indices (N=87), microvascular
inflammation was less pronounced than in AMR biopsies with high molecular indices (N=299). In
particular, low-index AMR biopsies more frequently exhibited C4d positivity in the context of minimal
microvascular inflammation (g+ptc < 1). Similarly, Banff-defined TCMR biopsies with low molecular
TCMR/Tl indices (N=127) showed lower overall tubulointerstitial inflammatory activity compared with
those in the high molecular group (N=298), and molecular-low TCMR biopsies also exhibited fewer v-
lesions. Notably, the vast majority of histology-positive but molecular-low discordant cases originated
from the US validation cohort (98.9% for AMR/MVI and 94.5% for TCMR/TI). Together, these findings
demonstrate that histologic rejection phenotypes with low molecular indices represent biologically
distinct states characterized by reduced inflammatory activity. Molecular indices therefore refine the
interpretation of Banff-defined rejection by distinguishing highly active immune injury from more limited
or incomplete phenotypes.

Continuous molecular indices are associated with graft failure
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We next assessed associations between the continuous molecular indices and graft failure in the
derivation and prospective validation cohorts (N=886 biopsies from 659 transplants; outcome data were
unavailable for the US cohort). Higher molecular AMR/MVI, TCMR/T]I, and activity indices were
associated with lower eGFR at time of biopsy (r -0.25 to -0.33; all p<0.001), whereas the molecular
chronicity index showed a weaker association (r -0.10; p=0.004) (Supplementary Fig. S12).

Restricted cubic spline analyses showed no evidence of non-linearity for any index (all nonlinear Wald
p>0.1) (Supplementary Fig. S13). In multivariable Cox models using a randomly selected biopsy per
transplant, all four indices were independently associated with graft failure, with adjusted hazard ratios
per 1 standard deviation increase of 1.82 for AMR/MVI, 1.80 for TCMR/TI, 1.50 for activity and 1.25 for
chronicity (all p<0.001; chronicity p=0.004) (Fig. 4a; Supplementary Table S10). Estimates were similar
using first- or last-biopsy sampling strategies. Stratified analyses showed that graft failure risk among
biopsies without rejection was most consistently associated with higher TCMR/TI and activity scores,
whereas among biopsies with any rejection, associations were strongest for AMR/MVI, activity and
chronicity; analyses were not further subdivided by individual Banff categories owing to limited event
counts.

We next evaluated prognostic discrimination for 5-year graft failure (Fig. 4b; Supplementary Table S11).
Across biopsy-selection strategies, continuous molecular indices consistently showed better
discrimination than models based on Banff-defined rejection phenotypes alone. In the random-biopsy
analysis, the molecular AMR/MVI index achieved an AUC of 0.67 (95% CI 0.57-0.74), compared with
0.61 (95% CI 0.55-0.67) for the Banff phenotype model, and performance was highest when molecular
and histologic indices were combined (AUC 0.68; 95% CI 0.60—-0.76). Similarly, the molecular TCMR/TI
index outperformed the Banff TCMR phenotype model (AUC 0.64 vs 0.54) and the histologic index (AUC
0.57). Molecular activity indices also improved discrimination compared with Banff phenotype alone
(AUC 0.66 vs 0.60), whereas chronicity indices showed more modest performance (AUC 0.60),
comparable to Banff phenotype and slightly lower than histologic chronicity scores. Together, these
findings indicate that continuous molecular indices refine prognostic risk stratification beyond
categorical Banff phenotypes and provide complementary information to continuous histologic indices
for predicting graft failure.

Discussion

Using transcriptomic profiling of formalin-fixed kidney allograft biopsies, we developed and externally
validated four continuous molecular indices that quantify antibody-mediated microvascular injury, T cell—-
mediated tubulointerstitial inflammation, inflammatory activity and chronic injury across the full
spectrum of allograft rejection. By training these models against continuous histologic indices rather
than categorical Banff diagnoses, we preserved quantitative information on injury severity and generated
molecular scores that are interpretable across their entire range. The resulting indices performed
consistently across independent European and US cohorts, captured clinically relevant heterogeneity
within Banff phenotypes, and provided prognostic information for subsequent rejection and graft failure.
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These findings support a conceptual shift in kidney transplant pathology: rejection is best understood as
a multidimensional continuum of immune-mediated injury and evolving chronic damage, rather than a
binary state defined by discrete diagnostic thresholds. Although Banff categories remain essential for
standardized reporting and clinical trial definitions, they inevitably compress spatially heterogeneous and
dynamic biological processes into simplified labels. The continuous molecular indices presented here
map rejection activity onto orthogonal dimensions aligned with compartment-specific injury patterns,
while revealing substantial overlap across categories and marked within-category variation, particularly
in intermediate entities such as borderline TCMR, isolated v lesions, probable AMR and mixed rejection.

Importantly, the indices were most informative in these diagnostic “gray zones,” where small histologic
differences can shift categorical assignment, but underlying molecular injury varies widely. Percentile-
based stratification redistributed intermediate phenotypes across low, intermediate and high molecular
strata, suggesting that continuous molecular readouts may provide clinically meaningful refinement
when histology alone is ambiguous. Conversely, biopsies with unequivocal normal histology or clear-cut
rejection more often exhibited concordant molecular patterns, indicating that the incremental

interpretive value of transcriptomics depends on the clinical and histologic context.822

A key challenge for biopsy-based molecular diagnostics is molecular—histologic discordance,
particularly elevated molecular activity in biopsies classified as no rejection. Despite overall alignment,
molecular and histologic indices were only moderately correlated, indicating that they capture
overlapping yet distinct dimensions of intra-graft injury. While histological assessment and Banff lesion
scoring describe the spatial distribution of injury, they do not capture the underlying molecular changes
or the composition of infiltrating cell populations. Conversely, bulk transcriptomic analyses provide
broad insight into molecular alterations but lack spatial resolution. Also, higher AMR/MVI scores in
histology-negative biopsies anticipated subsequent antibody-mediated phenotypes and were associated

with shorter time to rejection. These observations align with prior work?® showing that subthreshold
molecular rejection activity is common and clinically informative, supporting the view that transcriptomic
profiling can detect immune activation before it crosses conventional diagnostic thresholds. Such
findings suggest that molecular indices may complement histology by identifying early or evolving
alloimmune injury rather than simply reproducing categorical diagnoses.

Beyond diagnosis, we demonstrated that molecular profiling provides clinically relevant prognostic
information. To date, such associations with outcome were most described for MMDx-derived AMR
classifiers?*, less consistent for MMDx TCMR??, and largely absent for B-HOT-based classifiers626:27
Here, all four continuous molecular indices were independently associated with impaired graft function
and increased the risk of five-year graft failure, even after adjustment for clinical covariates. Moreover,
molecular indices consistently improved discrimination compared with Banff phenotypes and
continuous histological indices, supporting their potential role as quantitative prognostic markers and as

candidate endpoints for clinical trials.
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A maijor strength of this work is the portability and interpretability of the modeling framework. The
indices rely on standardized B-HOT profiling from FFPE tissue with sparse transcript sets including
housekeeping gene and an interpretable algorithm, enabling application to new biopsies without the
need for cohort-specific retraining. This approach differs from transcriptome-wide categorical
classifiers'>2° and is designed to support reproducible quantitative risk estimation across centers and
over time, including in mixed or overlapping rejection phenotypes commonly encountered in clinical

practice.

Several limitations should be acknowledged. First, the indices were trained against histologic composite
scores which, although more granular than categorical Banff diagnoses, remain imperfect surrogates of
underlying biology and are subject to sampling error and interobserver variability. Second, outcome data
were unavailable for the US validation cohort, limiting prognostic generalizability in that dataset. Third,
treatment adaptations were not captured and may have influenced observed associations. Finally,
molecular indices are not rejection-specific and may reflect shared immune activation pathways in non-
alloimmune processes such as viral infection, drug toxicity and recurrent or de novo disease?®2°,

underscoring the need to interpret molecular scores in conjunction with histology and clinical context.

In summary, continuous molecular indices derived from biopsy-based transcriptomics provide a
quantitative, multidimensional framework for kidney allograft biopsy interpretation. By capturing
rejection severity along a continuum, refining risk stratification in diagnostically ambiguous cases,
identifying subclinical immune activity and improving prediction of graft failure, these indices
complement the Banff Classification and advance precision transplant medicine. Prospective
interventional studies are now required to determine whether integrating these molecular indices into
clinical decision-making improves long-term graft outcomes.

Methods

Study population and data collection

The derivation cohort consisted of retrospectively selected adult kidney allograft biopsies performed at
University Hospitals Leuven between October 2011 and December 2021 (ClinicalTrials.gov ID
NCT06505200). Clinical and laboratory data were prospectively recorded in the electronic health record.
Inclusion required sufficient biopsy tissue and representation of diverse histologic phenotypes;
combined or sequential non-renal transplants were excluded. All included cases had negative
complement-dependent cytotoxicity crossmatches. Biopsies were obtained at protocol time points (0, 3,
12, and 24 months post-transplantation) and when clinically indicated. Data collection was completed on
June 11, 2022. Validation was performed in two independent cohorts. The first validation cohort
comprised a prospective, unselected series of all kidney allograft biopsies performed at University
Hospitals Leuven between March 2022 and March 2024 (data lock May 6, 2025). The US validation
cohort consisted of the multicenter dataset reported by Zhang et al.,®
Arkana Laboratories between January 2012 and November 2021, supplemented with selected cases of

including biopsies reviewed by
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rare diagnoses dating back to 2008. The study was approved by the Ethics Committee of University
Hospitals Leuven (S63996). Written informed consent was obtained from all participants, and all
procedures were conducted in accordance with the Declaration of Helsinki and Good Clinical Practice
guidelines.

Biopsy and HLA-DSA status evaluation

All biopsies from the derivation and prospective validation cohorts were prospectively documented and
scored by experienced transplant pathologists using semiquantitative Banff criteria and subsequently
classified according to the Banff 2022 classification. HLA donor-specific antibodies (HLA-DSA) were
assessed according to local center protocols. At the University Hospitals Leuven, testing was performed
pre- and post-transplantation, and at the time of biopsy using a Luminex single-antigen bead assay
(HILA, Red Cross Flanders; Immucor®) targeting HLA-A, -B, -C, -DR, -DQ, and -DP loci.3? Biopsies were
classified according to the Banff 2022 classification (https://banfffoundation.org/central-repository-for-
banff-classification-resources-3/): no rejection, probable antibody-mediated rejection (AMR), donor-
specific antibody—negative C4d-negative microvascular inflammation (DSAnegC4dneg MVI), AMR
(acute, chronic active, or chronic), isolated v-lesion (v > 0 with t0-i0 to t3-i0 or t0-i1-3),3" borderline T
cell-mediated rejection (TCMR), TCMR, or polyomavirus-associated nephropathy (PyVAN). “Mixed
rejection” denoted concurrent AMR or DSAnegC4dneg MVI with TCMR. Intimal arteritis occurring within
AMR/MVI phenotypes was not classified as mixed rejection unless additional criteria for (borderline)
TCMR were fulfilled.®! Histopathologic assessment was performed as part of routine clinical practice
before molecular analyses, and pathologists had no access to molecular gene-expression results.

Calculation of continuous histological indices

Continuous histologic indices for AMR/microvascular inflammation (AMR/MVI) and
TCMR/tubulointerstitial inflammation (TCMR/TI) were calculated from Banff lesion scores using

previously established methods, as described by Vaulet et al.*>’ Histological activity and chronicity

indices were computed according to the Banff 2024 proposal.3?

RNA extraction and gene expression analysis by NanoString nCounter

Three 10-um sections of formalin-fixed paraffin-embedded (FFPE) tissue per biopsy were processed for
RNA extraction using the Quick-RNA FFPE Kit (Zymo Research) and stored at 4-6 °C until analysis. RNA
concentration was quantified using the Qubit RNA HS Assay Kit on a Qubit Flex Fluorometer (Invitrogen).
Gene expression profiling was performed using the NanoString nCounter® FLEX system with the Banff
Human Organ Transplant (B-HOT) gene panel. Hybridization was carried out using 150 ng of total RNA (8
pL input); when RNA yield was lower, the entire sample was used and vacuum-concentrated. Molecular
analysts were blinded to histopathologic diagnoses and Banff lesion scores during RNA processing and
gene-expression analysis.

Gene expression data processing
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Samples yielding <75 ng total RNA after concentration were excluded according to predefined quality-
control criteria. Batch calibration at the cartridge level was performed using panel standards following
the NanoString procedure,®® except for the Arkana dataset, for which panel standards were unavailable.
Data normalization was conducted in two sequential steps: (1) positive control normalization using the
four highest-concentration probes, and (2) housekeeping gene normalization (“CodeSet content
normalization”), analogous to the nSolver pipeline.3* Among the twelve B-HOT candidate housekeeping
genes, the three most stable were identified using the geNorm genorm?® in the derivation cohort, and
their geometric mean was used to generate sample-specific scaling factors. This predefined, transparent
normalization strategy, based on a restricted set of stable transcripts, enables reproducible application
to new samples without cohort-specific refitting. Derivation and validation cohorts were processed
independently to prevent data leakage. Expression values were log,(X + 1)-transformed and
standardized using the mean and standard deviation of the derivation cohort. Uniform Manifold
Approximation and Projection (UMAP) inspection revealed no major batch effects; therefore, no
additional batch correction was applied.

Supervised feature selection and model development

Four continuous molecular indices—antibody-mediated microvascular injury (AMR/MVI), T cell-
mediated tubulointerstitial inflammation (TCMR/TI), inflammatory activity and chronicity—were
developed using a supervised feature-selection and modeling approach where continuous histologic
indices, rather than categorical Banff diagnostic labels, were used as ground truth. Ensemble feature
selection was performed in the derivation cohort to identify transcripts associated with each histologic
index. Five complementary approaches were applied, including one univariate method (Spearman rank
correlation) and four multivariate methods: Boruta®® implemented with gradient-boosted decision trees,
Stability Selection®” using randomized LASSO, and Recursive Feature Elimination®® applied to Partial
Least Squares regression and Support Vector Regression. Each method initially selected the top 40
candidate transcripts, and transcripts retained by at least two approaches were carried forward for
model training. For each molecular index, linear regression models were trained using the selected
transcript sets, prioritizing interpretability, stability and portability. Model complexity was reduced using
sequential backward feature elimination guided by mean squared error within five-fold cross-validation
to mitigate overfitting. Final models were selected using the Bayesian Information Criterion (BIC),
favoring sparse yet informative transcript combinations. Repeated biopsies were treated as independent
observations during model development.

Outcome

The primary objective was to evaluate discrimination of the four molecular indices for Banff 2022
diagnostic categories in the prospective and US validation cohorts. Secondary objectives included: (i)
comparison of index distributions across Banff phenotypes; (ii) associations with individual Banff lesion
scores and continuous histologic indices; (iii) determine whether molecular activity in biopsies classified
as no rejection predicted subsequent biopsy phenotypes; and (iv) assess associations with graft failure
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and the incremental prognostic value of the molecular indices beyond Banff phenotype and histology-
based models.

Statistical methods

The study followed STARD reporting guidelines (Supplementary Table S12). Given the retrospective
design with external validation, no formal sample-size calculation was performed; all eligible biopsies
within the study periods were included. Analyses were conducted using complete cases for variables
required to assign Banff lesion scores and diagnostic phenotypes.

Diagnostic performance of each molecular index for prespecified Banff 2022 rejection categories was
evaluated in the validation cohorts using the area under the receiver operating characteristic curve
(AUROC) and the area under the precision—recall curve (raw and prevalence-adjusted) to account for
class imbalance. Calibration was assessed within each cohort using logistic regression with intercept
recalibration to cohort-specific outcome prevalence, as described by Van Calster et al.3 Because
molecular index distributions were right-skewed with long upper tails, percentile-based molecular strata
were prespecified for interpretability. Thresholds were derived from biopsies classified as no rejection in
the derivation cohort (N=226) and applied unchanged across cohorts, defining low (<P75), intermediate
(P75-P95) and high (>P95) strata.

Associations between molecular indices, histopathology and kidney function were assessed using
Spearman rank correlation coefficients (p) with individual Banff lesion scores, continuous histologic
indices and eGFR at time of the biopsy. Graft failure was defined as return to dialysis or
retransplantation. Patients were censored at last follow-up or death. Associations with graft failure were
evaluated using Cox proportional-hazards models, with hazard ratios reported per 1 standard deviation
increase in each index and adjusted for time post-transplantation at biopsy, donor age, recipient age and
recipient sex. Linearity of associations on the log-hazard scale was assessed using restricted cubic
spline Cox models, and the nonlinear component was tested using Wald. Prognostic discrimination was
quantified using 5-year time-dependent AUC. To address repeated biopsies per transplant, survival
analyses were repeated using three prespecified sampling strategies (first, random, or last biopsy per
transplant).

All tests were two-sided and p<0.05 was considered statistically significant.

Data pre-processing, feature selection and model derivation was performed in Python 3.9.10 with the
following packages: genorm, boruta 0.3, sklearn 1.2.2, pandas 2.0.3, matplotlib 3.7.5, numpy 1.26.4,
xgboost 2.1.3, statsmodels 0.13.5.

44

Analyses were performed in R (v4.5.0) using ggplot24?, pROC*!, PRROC*?, survival*?, rms** and

riskRegression®® packages.
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Data preprocessing, feature selection, and model development were performed in Python (v3.9.10) using
scikit-learn*®, Boruta®, and XGBoost*’. Statistical analyses were conducted in R (v4.5.0) using the
survival*3, rms** pROC*!, and riskRegression*® packages. All tests were two-sided, and p<0.05 was
considered statistically significant.
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Tables

Table 1 | Descriptive summary of patient and biopsy characteristics.
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Cohort characteristics

Recipients

Age (years), mean + SD
Missing, n (%)
Male, n (%)
Female, n (%)
Repeat transplantations, N (%)
Ethnicity
White, n (%)
Asian, n (%)
Black, n (%)
Other, n (%)
Pre-transplant HLA-DSA, n (%)

De novo HLA-DSA at any time post-
transplantation, n (%)

Immunosuppressive regimen
TAC-MMF-CS, n (%)

Other, n (%)

Induction therapy, n (%)
Basiliximab, n (%)
Anti-thymocyte globulins, n (%)
Missing, n (%)

Follow-up time post-transplantation
(years), median [IQR]

Delayed graft function, n (%)
Missing, n (%)

Donors

Age (years), mean + SD

Missing, n (%)

Derivation cohort
N=351 transplants
53.2+12.9
1(0.3%)

230 (65.3%)

121 (34.4%)

66 (18.8%)

333 (94.6%)
4(1.1%)

13 (3.7%)
1(0.3%)

43 (12.2%)
13 (3.7%)

336 (95.7%)
15 (4.3%)
186 (53.0%)
184 (52.4%)
2 (0.6%)

2 (0.6%)

5.2 [2.6-7.6]

63 (17.9%)
1(0.3%)
49.2+13.8
0 (0.0%)
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European validation
N=338 transplants
55.7+12.3

0 (0.0%)

227 (67.2%)

111 (32.8%)

41 (12.1%)

320 (94.7%)
8 (2.4%)

9 (2.7%)
1(0.3%)

24 (7.1%)
15 (4.4%)

314 (92.9%)
24 (7.1%)
188 (55.6%)
182 (53.8%)
6 (1.8%)

2 (0.6%)
2.1[1.4-3.1]

68 (20.1%)

2 (0.6%)

54.0 +12.8
1(0.3%)



Male, n (%)
Female, n (%)
Missing, n (%)
Donor type
Donation after brain death, n (%)

Donation after cardiac death, n (%)

183 (52.0%)
168 (47.7%)
0 (0.0%)

239 (68.1%)
77 (21.9%)

177 (52.4%)
160 (47.3%)
1(0.3%)

173 (51.2%)
120 (35.5%)

Living donation, n (%) 34 (9.7%) 44 (13.0%)
Missing, n (%) 1(0.3%) 1(0.3%)
Cold ischemia time (h), mean + SD 12.3+5.8 9.416.1
Missing, n (%) 1(0.3%) 3(0.9%)
Biopsy characteristics Derivation European validation  US validation
cohort cohort cohort
N=415 N=471 biopsies N=1190
biopsies biopsies
Days since transplantation, median [IQR] 97 [76-483] 365[92-743]
Missing, n (%) 0 (0.0%) 0 (0.0%) 1190 (100.0%)
Protocol biopsy, n (%) 261 (62.9%) 367 (77.9%)
Indication biopsy, n (%) 154 (37.1%) 104 (22.1%)
Missing, n (%) 0 (0.0%) 0 (0.0%) 1190 (100.0%)
EI(_(;%DSA positivity at time of the biopsy, 53 (12.8%) 22 (4.7%) 168 (14.1%)
Banff phenotypes*

No rejection, n (%) 226 (54.5%) 388 (82.4%) 232 (19.5%)
PyVAN, n (%) 14 (3.4%) 17 (3.6%) 61 (5.1%)
Isolated v, n (%) 26 (6.2%) 4 (0.8%) 1(0.1%)
Borderline TCMR, n (%) 65 (15.7%) 26 (5.5%) 4 (0.3%)
TCMR, n (%) 21 (5.1%) 18 (3.8%) 453 (38.1%)
Probable AMR, n (%) 6 (1.4%) 0 (0.0%) 0 (0.0%)
DSAneg C4dneg MVI, n (%) 17 (4.1%) 6 (1.3%) 1 (0.1%)

AMR, n (%) 21 (5.1%) 8 (1.7%) 336 (28.2%)
Mixed rejection, n (%) 19 (4.6%) 4 (0.8%) 102 (8.6%)
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(1) Student t-test (2) Chi-square test or Fisher's exact test (3) Wilcoxon test

* Phenotypes were mutually exclusive. Biopsies with AMR plus borderline TCMR were classified as AMR
(derivation cohort: N=0; EU validation cohort: N=12; US validation cohort: N=88). Biopsies with
DSAnegC4dneg MVI plus borderline TCMR were classified as DSAnegC4dneg MVI (derivation cohort:
N=0; EU validation cohort: N=9; US validation cohort: N=0). Probable AMR with borderline TCMR was
classified as probable AMR (derivation cohort: N=2; none in validation cohorts), and probable AMR with
TCMR was classified as TCMR (derivation cohort: N=2; EU validation cohort: N=1). Mixed rejection was
defined as AMR or DSAnegC4dneg MVI co-occurring with TCMR, including 13 AMR+TCMR and 6
DSAnegC4dneg MVI+TCMR cases in the derivation cohort; 2 AMR+TCMR and 2 DSAnegC4dneg
MVI+TCMR cases in the EU validation cohort; and 100 AMR+TCMR and 2 DSAnegC4dneg MVI+TCMR
cases in the US validation cohort. In the EU validation cohort, PyVAN co-occurred with TCMR (N=2),
DSAnegC4dneg MVI (N=3), and AMR+TCMR (N=1); no PyVAN co-occurrence was observed in the other
cohorts.

Table 2 | Discrimination of molecular indices across cohorts. AUROC values with 95% confidence
intervals are shown for AMR/MVI, TCMR/T], activity and chronicity indices in the derivation and
validation cohorts. Raw and prevalence-adjusted AUPRCs are reported in Supplementary Table S3.
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Molecular  Discrimination AUC [95% AUC [95% AUC [95%
index Cl] Derivation Cl] European cljus
cohort N=415 validation validation
cohort N=471 cohort
N=1,192
AMR/MVI AMR vs. no AMR 0.93 [0.90-0.96] 0.94 [0.88-0.99] 0.86 [0.84-
index 0.89]
AMR/MVI vs. no AMR/MVI 0.94 [0.90-0.97] 0.94 [0.87-0.99] 0.86][0.84-
0.88
Probable AMR/AMR/MVI vs. 0.91 [0.87-0.95] 0.92 [0.86-0.98] NA*
no probable AMR/AMR/MVI
TCMR/TI TCMR vs No TCMR 0.90[0.86-0.95] 0.89[0.83-0.95] 0.86 [0.84-
index 0.88]
Isolated v/borderline 0.84[0.80-0.8 0.83[0.77-0.88] 0.87[0.85-
TCMR/TCMR vs. no isolated 8] 0.89]
v/borderline TCMR/TCMR
PyVAN vs. no PyVAN 0.44[0.32-0.57] 0.76 [0.64-0.88] 0.53][0.46-
0.60
Activity No rejection vs. any 0.82[0.78-0.86] 0.80[0.74-0.85] 0.96 [0.94-
index abnormal biopsy 0.97]
No rejection vs. 0.88[0.83-0.91] 0.87[0.82-0.93] 0.91[0.88-
AMR/MVI/TCMR/mixed 0.93]
rejection
No rejection vs. mixed 0.93[0.88-0.98] 0.99[0.98-1.00] 0.82[0.78-
rejection 0.85]
Chronicity No rejection vs. any 0.53[0.47-0.58] 0.55[0.48-0.63] 0.73[0.70-
index abnormal biopsy 0.76]
No rejection vs. 0.59[0.52-0.69] 0.62[0.51-0.73] 0.67 [0.64-
AMR/MVI/TCMR/mixed 0.70]
rejection
No rejection vs. mixed 0.52[0.38-0.67] 0.56[0.15-0.97] 0.68[0.63-
rejection 0.74]

NA* Not applicable, as the probable AMR phenotype was not observed in validation cohort 2.

Abbreviations: AMR, antibody-mediated rejection; AUC, area under the ROC curve; AUPRC, area under the
precision-recall curve; bTCMR, borderline TCMR; MVI, microvascular inflammation without DSA or C4d;
pPAMR, probable AMR; PyVAN, polyomavirus-associated nephropathy; TCMR, T cell-mediated rejection.

Figures
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Figure 1

Molecular indices quantify continuous spectra of rejection in kidney allograft biopsies.

a, Distribution of continuous histological and molecular indices in the derivation cohort.

Density plots show the distributions of histological (left) and molecular (right) indices for antibody-
mediated microvascular injury (AMR/MVI), T cell-mediated tubulointerstitial inflammation (TCMR/TI),
inflammatory activity and chronicity in the derivation cohort (N=415).

b, Joint distribution of AMR/MVI and TCMR/TI indices.
Two-dimensional scatter plots depict the joint distribution of histological (left) and molecular (right)
AMR/MVI and TCMR/TI indices in the derivation cohort (N=415).

¢, Correlation between continuous histological and molecular indices.

Scatter plots show the relationship between each molecular index and its corresponding continuous
histological index for AMR/MVI, TCMR/TI, inflammatory activity and chronicity in the derivation cohort
(N=415). Points represent individual biopsies. Lines indicate linear fits with shaded 95% confidence
intervals. Spearman correlation coefficients are shown in each panel.

Page 24/30



Abbreviations: AMR, antibody-mediated rejection; MVI, microvascular inflammation; TCMR, T-cell

mediated rejection; Tl, tubulo-interstitial inflammation.
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Figure 2

Relationship between molecular indices and Banff-defined rejection phenotypes across.

a, Distribution of molecular indices across Banff phenotypes in the derivation cohort (N=415). Boxplots
show the distributions of the molecular AMR/MVI, TCMR/TI, activity and chronicity indices across Banff
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2022 diagnostic phenotypes. Boxes indicate the interquartile range, center lines denote medians, and
whiskers extend to 1.5x the interquartile range; individual points represent biopsies. Exact index values
and pairwise comparisons are shown in Supplementary Table S2.

b, Discrimination of rejection phenotypes across cohorts.

Receiver-operating characteristic (ROC) curves for the molecular AMR/MVI, TCMR/T], activity and
chronicity indices in the derivation cohort (N=415), European validation cohort (N=471) and US validation
cohort (N=1,190). AMR/MVI and TCMR/TI indices were evaluated for discrimination of their
corresponding rejection phenotypes, whereas activity and chronicity indices were evaluated for
discrimination of no rejection versus any abnormal biopsy. Area under the curve (AUC) values are shown
in each panel; additional phenotype comparisons and prevalence-adjusted AUPRCs are provided in Table
2.

Abbreviations: AMR, antibody-mediated rejection; AUC, area under the curve; bTCMR, borderline TCMR,;
DSAnegC4dneg MVI, microvascular inflammation without DSA or C4d; pAMR, probable AMR; PyVAN,
polyomavirus-associated nephropathy; ROC, receiver-operating characteristic; TCMR, T-cell mediated
rejection.
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Figure 3

Molecular stratification of Banff rejection phenotypes.

a, Three-dimensional distribution of rejection phenotypes in all cohorts (N=2,076). Scatterplots show the
distribution of Banff 2022 diagnostic categories within a three-dimensional molecular space defined by

Page 27/30



the AMR/MVI index, the TCMR/TI index and the activity index across all biopsies from the three cohorts.
Each point represents a single biopsy.

b, Mapping of Banff phenotypes to molecular index strata.

Alluvial plots show the distribution of Banff phenotypes across low, intermediate and high molecular
index strata defined by the 75th and 95th percentiles of the molecular AMR/MVI index (left) and
molecular TCMR/TI index (right).

For AMR/MVI, AMR mapped to high/intermediate/low groups in 299/480 (62.3%), 94/480 (19.6%) and
87/480 (18.1%) biopsies, respectively; DSAnegC4dneg MVI in 22/34 (64.7%), 6/34 (17.6%) and 6/34
(17.6%); and probable AMR in 2/9 (22.2%), 5/9 (55.6%) and 2/9 (22.2%). Biopsies without (probable)
AMR/MVI were predominantly low-score (1,160/1,553; 74.7%), with 123/1,553 (7.9%) high-score. For
TCMR/TI, TCMR mapped to high/intermediate/low groups in 298/617 (48.3%), 192/617 (31.1%) and
127/617 (20.6%) biopsies; borderline TCMR in 37/206 (18.0%), 86/206 (41.7%) and 85/206 (41.3%); and
isolated vin 6/31 (19.4%), 13/31 (41.9%) and 12/31 (38.7%). Biopsies without (borderline) TCMR or
isolated v were predominantly low-score (1,003/1,222; 82.1%), with 58/1,222 (4.7%) high-score.

Abbreviations: AMR, antibody-mediated rejection; bTCMR, borderline T-cell mediated rejection;
DSAnegC4dneg MVI, microvascular inflammation without DSA or C4d; MVI, microvascular inflammation;
pAMR, probable AMR; PyVAN, polyomavirus-associated nephropathy; TCMR, T-cell mediated rejection; Tl,
tubulointerstitial inflammation; v, intimal arteritis.
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Figure 4

Molecular indices and graft failure in the combined derivation and European validation cohorts (N=886).

a, Association between molecular indices and five-year graft failure. Forest plots show hazard ratios
(HRs) and 95% confidence intervals from multivariable Cox proportional-hazards models assessing graft
failure within 5 years after biopsy, per 1 standard deviation increase in each molecular index. Results are
presented for three biopsy-selection strategies per transplant (first available biopsy, randomly selected
biopsy and last available biopsy) and stratified by phenotype (no rejection versus any rejection). Models
were adjusted for time post-transplantation at biopsy, donor age, recipient age and recipient sex. Exact
HR estimates are provided in Supplementary Table S10.
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b, Discrimination of graft failure prediction models at five years. Forest plots show time-dependent AUC
values at 5 years comparing molecular indices, Banff phenotypes, histological indices and combined
models across biopsy-selection strategies. Exact AUC estimates are provided in Supplementary Table
S11.

Abbreviations: AMR, antibody-mediated rejection; AUC, area under the curve; Cl, confidence interval;
eGFR, estimated glomerular filtration rate; HR, hazard ratio; MVI, microvascular inflammation; TCMR, T
cell-mediated rejection; Tl, tubulointerstitial inflammation.
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