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Summary eBioMedicine
Background IgA nephropathy (IgAN) has diverse clinical presentations and responses to treatment. For systemic 2026;130: 106396
corticosteroids in particular, randomised controlled trials have reported conflicting effects, highlighting the need for ~ Pvblished Online 14 July

. P . . 2026
individualised treatment strategies. https://doi.org/10.

1016/j.ebiom.2026.
Methods In this retrospective cohort study, we derived and validated a causal machine learning (ML) framework to 106396

estimate individualised corticosteroid treatment effects in IgAN. Eight international cohorts, including the VALIGA,
CureGN, and NURTuRE-CKD repositories, comprising 1022 patients, were analysed (derivation, n = 464; validation,
n = 558). We integrated baseline clinical data, histopathological classification scores (MEST-C), and deep learning-
based histomorphological biomarkers (pathomics) from digitised kidney biopsies. The framework estimated the
effect of systemic corticosteroids on the composite endpoint of a >50% decline in estimated glomerular filtration
rate or kidney failure within five years of biopsy.

Findings Across the overall study population, systemic corticosteroid therapy was not associated with a significant
improvement in the composite outcome (p = 0-27). However, the causal ML framework revealed substantial
treatment heterogeneity, identifying patients with high predicted benefit who achieved longer progression-free
survival with corticosteroids (0-43 years, 95% CI 0-18-0-73, p < 0-01), while no benefit was observed in those
with low predicted benefit (—0-005 years, 95% CI -0-3 to 0-22, p > 0-05). An individualised framework-guided
treatment assignment was estimated to reduce systemic corticosteroid use by 60-7%. Pathomics facilitated the
identification of interstitial inflammation and tubulitis as key features of corticosteroid response.
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Interpretation This study demonstrates that a causal ML framework integrating clinical, histopathological, and
pathomics predictors can individualise treatment assignments for systemic corticosteroids in IgAN. This approach
provides a blueprint for precision therapy in IgAN, supporting Al-enhanced clinical decision-making in the era of

emerging targeted treatments.
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Research in context

Evidence before this study

We searched PubMed, Web of Science, and arXiv using the
search terms "“Individualized Treatment Effects OR “Causal
Machine Learning” AND “Corticosteroid” AND “IgA
Nephropathy” from database inception to June 11, 2026,
without language restrictions. Our search yielded 299 results.
Additionally, we used the bibliographies of the retrieved
articles for literature review. We found several studies
investigating histopathological scores or clinical parameters
to assess corticosteroid responsiveness in IgA nephropathy
(IgAN). However, we did not identify any study using
machine learning or implementing deep learning-based
image analysis to predict individualised treatment effects.

Introduction
Immunoglobulin A nephropathy (IgAN) is the most
common glomerulonephritis worldwide and a leading
cause of kidney failure.' It remains a complex and
diverse entity with highly variable clinical presentations
and progression rates,' ranging from less than 10% to
over 50%? of patients developing kidney failure within
10-20 years of diagnosis. While optimised supportive
care remains the cornerstone of IgAN management,
patients at high risk of progression may benefit from
systemic corticosteroids to reduce glomerular inflam-
mation.>* Yet, evidence on corticosteroid efficacy from
observational studies and randomised controlled trials
is conflicting,”* reflecting insufficient identification of
patients most likely to benefit. Such predictive bio-
markers are urgently needed, since side-effects of sys-
temic corticosteroid treatment can be life-threatening.®”
Clinical trials traditionally report the average effect
of a treatment on the defined outcome, potentially
obscuring important heterogeneity in individual re-
sponses. Although traditional statistical methods can
identify subgroups of patients, these one-at-a-time an-
alyses often cannot adequately capture multivariate in-
teractions impacting treatment benefits. Causal
machine learning (ML) provides an alternative

Added value of this study

Our study utilises causal machine learning to estimate
individualised treatment effects in glomerular diseases. We
incorporate a large international, retrospective cohort of
patients with IgAN and available digitised kidney biopsies,
allowing for the implementation of deep learning-based
histomorphological biomarkers.

Implications of all the available evidence

Our study demonstrates the importance of individualising
treatment decisions in IgAN for improving outcomes and
minimising overtreatment. The proposed causal machine
learning framework provides a scalable blueprint for precision
therapy in glomerular diseases.

approach by modelling counterfactual outcomes, which
are potential outcomes under alternate treatment sce-
narios. This enables prediction of individualised treat-
ment effects, i.e., the predicted difference in outcomes
between treatment assignments for each individual
patient based on their unique characteristics. However,
reliable predictors of corticosteroid treatment benefit
beyond proteinuria and kidney function have not been
determined yet.

Nephropathology is a cornerstone in the diagnostic
assessment for IgAN, with the Oxford classification
(MEST-C) established as the standard histologic scoring
system for patient risk prognostication.”” Although
some components of the classification have been linked
to corticosteroid treatment benefit,*'"" current Kidney
Disease: Improving Global Outcomes (KDIGO) guide-
lines do not recommend using the Oxford classification
to guide treatment decisions due to insufficient sup-
porting evidence,* likely due to the semi-quantitative
scoring and inter-observer variability encountered in
clinical practice.®

Digital histopathology images, so-called Whole Slide
Images (WSIs), contain vast information that can be
extracted using deep learning-based models.”” Patho-
mics enables automatic quantification of reproducible,
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explainable, and precise digital biomarkers directly
from digitised kidney biopsies in a high-throughput
fashion.'" These digital biomarkers can capture novel
information that can be utilised to inform treatment
decisions for individual patients in a precision medi-
cine framework.

In this retrospective, worldwide multicentre study of
1022 patients with biopsy-proven IgAN, we developed
and validated a causal ML framework that integrates
clinical data, histopathological scores, and pathomics to
estimate individualised treatment effects of systemic
corticosteroids. Our approach addresses a critical gap:
the need for more personalised treatment decisions that
leverage novel data derived from kidney biopsies, in
contrast to the current reliance on pooled treatment
effects in IgAN. With the emergence of novel thera-
peutic agents’® and molecular targets,'° this framework
might serve as a blueprint for advancing patient-tailored
treatment strategies in IgAN.

Methods

Study population and cohort refinement

This retrospective analysis included 1022 patients with
biopsy-proven IgA nephropathy from eight interna-
tional cohorts used for multi-cohort derivation-valida-
tion. All eight cohorts included in this study were
collected retrospectively, independently and autono-
mously for research purposes. The study cohorts
include a secondary analysis of corticosteroids in the
European Validation Study of the Oxford Classification of
IgA Nephropathy (VALIGA) cohort,'” a European multi-
centre cohort, a multi-centre repository (Cure
Glomerulonephropathy (CureGN), North America and
Europe'®), a multi-centre national CKD cohort (National
Unified Renal Translational Research  Enterprise,
NURTuRE-CKD, United Kingdom®), and five single-
centre cohorts from Kyoto (Japan), Leicester (United
Kingdom), Diyarbakir (Turkey), Rochester (United
States of America), and Aachen (Germany).

All samples across cohorts were subject to the same
defined inclusion criteria. We included patients >14
years of age with biopsy-proven IgA nephropathy
(IgAN) without any reported secondary causes (e.g.,
liver disease) or IgA vasculitis, no kidney failure at time
of biopsy, no missing estimated glomerular filtration
rate (€GFR) at time of biopsy and at least one month of
clinical follow-up.

To maintain consistency across cohorts and mini-
mise treatment-related confounding, patients who were
enrolled in the respective study over six months after
kidney biopsy, received documented corticosteroid
treatment prior to kidney biopsy or only after one year
of follow-up, did receive other immunosuppressive
agents (e.g., cyclophosphamide), targeted-release corti-
costeroid formulations (e.g., Nefecon) or dual endo-
thelin and angiotensin II receptor antagonists (DERAs,
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e.g., Sparsentan) were excluded. Cases without suffi-
cient number of glomeruli according to the Oxford
classification for IgA nephropathy” or with broken/
damaged glass slides were also excluded. As multiple
studies have shown a considerably increased rate in
serious adverse events (SAEs) in patients with
decreased kidney function <30 ml/min/1.73 m?"*
these patients were also excluded.

The VALIGA study” is a multi-centre cohort across
55 participating centres in Europe including a second-
ary analysis of corticosteroid therapy.® In total, 507 pa-
tients met the above-mentioned criteria and were
considered for further analysis. The Kyoto cohort
(n = 92) is a single-centre cohort from the Kyoto Uni-
versity Hospital in Japan with kidney biopsies taken
between 2013 and 2020. The National Unified Renal
Translational Research Enterprise chronic kidney dis-
ease (NURTuRE-CKD) cohort” (n = 20) is a national
multi-centric prospective cohort of 2996 participants
from 16 participating hospitals in the United Kingdom,
biopsy samples were collected between 2017 and 2019.

The Leicester cohort (n = 93) is a single-centre
cohort from the University Hospital of Leicester Na-
tional Health Service Trust in the United Kingdom with
kidney biopsies performed from 2010 to 2023. The
Aachen cohort (n = 27) is a single-centre cohort from
the University Hospital RWTH Aachen in Germany
with kidney biopsies from 2018 to 2025. The Diyarbakir
cohort (n = 106) is a single-centre cohort from the Dicle
University Hospital in Turkey. Kidney biopsies were
collected from 2015 to 2024. The Rochester cohort
(n = 42) is a single-centre cohort of local patients at the
Mayo Clinic in Rochester (United States of America)
with kidney biopsies performed between 1996 and
2015.# The Cure Glomerulonephropathy (CureGN)
cohort (n = 135) is a multi-centric observational study of
glomerular disease including IgAN."™ Patients were
recruited from 57 study sites in the United States of
America, Canada, Italy and Poland.

In total, 1022 eligible patients were identified and
divided into derivation and validation cohorts. The
cohort refinement process is outlined in Fig. 1A. The
VALIGA cohort was split by clinical centre into deri-
vation and validation subsets to better balance in cova-
riates, treatment regimens and outcomes.”* In
summary, 464 patients from the VALIGA, Kyoto and
NURTuRE-CKD cohorts formed the derivation cohort
while 558 patients from the VALIGA, Leicester,
Aachen, Diyarbakir, Rochester and CureGN cohorts
formed the validation cohort.

Study design

This study applied an effect-based analysis of hetero-
geneity of treatment effect (HTE), as outlined in the
effect-modelling framework of the Predictive Approaches
to Treatment Effect Heterogeneity (PATH) statement.”
Reporting of study populations, outcomes, predictors,
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Derivation cohort:

VALIGA derivation: 518 patients
Kyoto: 108 patients
NURTURE-CKD: 206 patients
Total: 832 patients

Missing follow-up
3 cases excluded

Biopsy not within inclusion period
164 cases excluded

Evidence of IgAV / secondary IgAN
4 cases excluded

Patient under 14 years at biopsy
52 cases excluded

Missing eGFR at baseline
3 cases excluded

KF at time of biopsy
3 cases excluded

Missing Oxford classification
17 cases excluded

Missing pathomics data
45 cases excluded

eGFR < 30ml/min at time of biopsy
27 cases excluded

Validation cohort:

VALIGA validation: 256 patients
Leicester: 182 patients
Aachen: 97 patients

Diyarbakir: 207 patients
Rochester: 61 patients
CureGN: 337 patients

Total: 1140 patients

Prior CS therapy or initiation > 1 year
40 cases excluded

Non-RASI/CS treatment
10 cases excluded

Derivation cohort:

VALIGA derivation: 352 patients
Kyoto: 92 patients
NURTURE-CKD: 20 patients
Total: 464 patients

Missing follow-up
75 cases excluded

Biopsy not within inclusion period
24 cases excluded

Evidence of IgAV / secondary IgAN
122 cases excluded

Patient under 14 years at biopsy
35 cases excluded

Missing eGFR at baseline
14 cases excluded

KF at time of biopsy
28 cases excluded

Missing Oxford classification
36 cases excluded

Missing pathomics data
51 cases excluded

€GFR < 30ml/min at time of biopsy
93 cases excluded

Prior CS therapy or initiation > 1 year
59 cases excluded

Non-RASI/CS treatment
45 cases excluded

Validation cohort:

VALIGA validation: 155 patients
Leicester: 93 patients

Aachen: 27 patients

Diyarbakir: 106 patients
Rochester: 42 patients
CureGN: 135 patients

Total: 558 patients

Derivation cohort
B VaLca Treatment effects framework Treatment scores & recommendation
@Kyoto (1) Pathomics nyny s ng s 8) P
ZNURTURE-CKD oy P XK KX _
== > Pl X X XX, X, ©
464 patients — R3S ggg XXX X = % ‘Pz
Validation cohort == - Pef X Xes Xea X Xeo 5 o
[ e 3 ) ) - 3 &*
N . (2) () covariates  (4) A< 2
,+~ Leicester X / < X-Leamer ° = corticosteroid therapy .% Ds
Aachen / \ < (CausalML) X | @ = no corticosteroid therapy
. . T—Y b @ = estimated
=) Diyarbakir T o - = ‘
~ = observed Ps
= ochester Pr P2 Pz Ps Ps
S )+ B curecN patients
558 patients

Fig. 1: Overview of the proposed framework for individualised treatment effects prediction. Eight cohorts from Europe, North America
and Asia were used for derivation and validation with the cohort refinement flowchart shown in (A). (B) All patients from the eight cohorts
were analysed using the causal ML framework, including (1) pathomics-derived predictors obtained via digital image analysis and (2) baseline
clinical and histopathological descriptors. (3) Treatment heterogeneity based on included covariates was analysed using an X-learner algo-
rithm (4) which is a meta-learning approach to estimate counterfactual (unobserved) outcomes for each patient under both treatment and
control scenarios. Patient-level predictions of the individualised treatment effect are computed, informing the development of a personalised
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model development, and validation adhered to the
Transparent Reporting of a Multivariable Prediction Model
for Individual Prognosis or Diagnosis (TRIPOD+AI)
guideline and the Strengthening the Reporting of
Observational Studies in Epidemiology (STROBE) state-
ment. All patients were assessed at time of kidney bi-
opsy with subsequent follow-up for a period of five
years. Treatment was defined as initiation of systemic
corticosteroid therapy within the first year after biopsy.
Patients  receiving other immunosuppressants,
targeted-release corticosteroid formulations or dual
endothelin and angiotensin II receptor antagonists
(DERAs) were excluded. The primary composite
outcome was progression of IgAN, defined as a sus-
tained >50% decline in eGFR and/or development of
kidney failure (persistent eGFR below 15 ml/min/
1-73 m?, initiation of dialysis, or kidney transplantation)
within five years of follow-up after time of kidney bi-
opsy as this corresponds to the median follow-up
duration for both derivation and validation cohorts.”
Outcomes were analysed using pseudo-values for the
restricted mean survival time (RMST)* after kidney
biopsy. This approach allows for a more flexible and
robust effect modelling for right-censored survival
analysis.”

Predictors

Demographic and clinical parameters including age,
sex, race and ethnicity, body-mass-index (BMI), eGFR,
proteinuria, systolic, diastolic and mean arterial blood
pressure (MAP) were recorded at time of biopsy. Pro-
teinuria, mean arterial blood pressure (MAP) and eGFR
at kidney biopsy were reported as the closest values to
the time of biopsy within a 180-day period. For adults,
eGFR was calculated from serum creatinine using the
2021 CKD-EPI equation,” while for children (<18 years
of age), the Schwartz formula*® was applied (as done
previously in VALIGA®). Proteinuria was reported as
grams per day and taken from 24-h urine collections.
Whenever these were not available, the daily urinary
protein excretion was estimated from spot urine protein
or albumin to creatinine ratios by using previously
validated regression equations.*** Reported age corre-
sponds to age at time of biopsy. Sex was self-reported at
baseline. Race/ethnicity were collected based on reports
from individual databases in accordance with local
guidelines (e.g., National Health Service Ethnicity
Codes®) and summarised into the categories ‘White’,
‘Black’, ‘South Asian’, ‘Chinese’, ‘Japanese’ and ‘Other’
(e.g., Pacific Islanders, Hispanic).”* Although these
categories might not fully represent the granularities

between patients and cannot account for social or other
demographic factors, they were designed to capture
potential treatment effect modifiers, as different pro-
gression rates and responses to immunosuppressive
treatments have been reported in these populations.”

All included biopsy cases were scored locally in
accordance with the Oxford classification for IgAN,**
missing cases were rescored centrally blinded to clin-
ical and other pathological data. The MEST-C score
components were defined as follows: MO/M1 as
mesangial hypercellularity (>4 mesangial cells per
mesangial area) with < or > 50% of glomeruli affected,
E1/E0 as the presence or absence of endocapillary
hypercellularity in any glomerulus, S1/S0 as the pres-
ence or absence of segmental sclerosis and/or tuft ad-
hesions in any glomerulus and T0/T1/T2 as the degree
of tubular atrophy and/or interstitial fibrosis of the
cortical area (<25%, 25-50%, >50%). Crescents were
only considered as the absence or presence of cellular
or fibrocellular crescents (C0/C1) due to the low inci-
dence of >25% glomeruli with crescents (C2) in the
derivation cohort.

For all patients’ information on corticosteroid and
renin-angiotensin system blocker (RASi) treatment
during follow-up was collected, although reporting of
dosage and formulations was inconsistent.

Missingness in baseline predictors was limited and
observed only for proteinuria and MAP (Supplementary
Table S1). To address this, we performed multivariate
imputation via chained equations (MICE)* using pre-
dictive mean matching for continuous variables with 20
multiple imputations and 10 iterations.

Additionally, we analysed five biopsy-level patho-
mics predictors of glomerular (glomerular tuft area, tuft
circularity and tuft eccentricity) and tubulointerstitial
morphometry (tubular diameter and tubular distance).
These pathomics predictors were previously demon-
strated to be associated with long-term outcomes in
IgAN.* Kidney biopsies from all included patients were
digitised and analysed using our previously published
framework for pathomics in Nephropathology.** For
better segmentation accuracy across all cohorts, we
refined our previous approach to using a MedNeXt-
based architecture” with subsequent computation of
quantitative morphometric features on instance-level.
All features were then aggregated at biopsy-level us-
ing the median of the distribution.* Definitions for the
five pathomics predictors are provided in
Supplementary Table S2. Pathomics features were not
scaled or normalised between cohorts to preserve
interpretability.

treatment recommendation. Abbreviations: VALIGA, European Validation Study of the Oxford Classification of IgA Nephropathy; NURTURE-
CKD, National Unified Renal Translational Research Enterprise-Chronic Kidney Disease; CureGN, Cure Glomerulonephropathy; IgAV, IgA
vasculitis; IgAN, IgA nephropathy; eGFR, estimated glomerular filtration rate; KF, kidney failure; CS, corticosteroid; RASI, renin-angiotensin-

system inhibitor; ML, machine learning.
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X-learner framework
We applied an Xboost model to estimate heterogeneous
treatment effects due to its advantages for unbalanced
treatment assignment and suitability for retrospective
observational studies.*’ Xboost is an XGBoost-based
implementation of the X-learner, a meta-learning
framework for causal inference.*

The X-learner proceeds in three main steps. First,
two outcome models are trained separately: one for the
untreated group to estimate

P()(X) = E[Y|T =0, X]’
and one for the treated group to estimate
b (O =E[Y|T=1,X],

where X denotes covariates, Y the outcome and T the
treatment. These models predict potential outcomes for
all individuals under both treatment conditions. In the
second step, individual-level pseudo-treatment effects
are imputed: for treated individuals, the observed
outcome is compared to their predicted control
outcome

T1(X) = Y(1)-p(X),

and for controls, the predicted treated outcome is
compared to the observed control outcome

©(X) = 1y (X)-Y(0).

These differences serve as pseudo-outcomes that are
then modelled separately in each group as functions of
patient covariates. In the final step, the two resulting
treatment effect models are combined to form a final
estimate of t(X), using weights derived from a pro-
pensity score model that reflects the probability of being
treated given covariates. This weighted averaging en-
hances stability, particularly in settings where the pro-
portion of treated and untreated individuals is
imbalanced.

In our implementation, gradient-boosted trees
(XGBoost) were used as base learners for both outcome
and treatment effect modelling due to their robustness
to nonlinearities and high-dimensional data. The
framework was implemented using the rlearner package
(v1.1.0) in R.”

We tuned hyperparameters for all XGBoost base
learners using a k-fold cross-validated randomised
search with early stopping, as implemented in cvboost.
For each X-learner submodel, the outcome regressions
p1(X) and pO(X), the two pseudo-outcome regressions
used in the X-learner step, and the propensity model
p(X), were tuned separately with 10-fold cross-
validation. For each submodel, we evaluated 10
randomly sampled hyperparameter configurations.

Within each candidate, XGBoost was trained for up to
1000 boosting rounds with early stopping after 10
rounds without improvement on the cross-validated
validation loss. Regression submodels used the root-
mean-squared error (RMSE) as the evaluation metric,
the propensity model was evaluated using log-loss
(cross-entropy). The best configuration per submodel
was selected by the lowest mean test loss across folds,
and the final model was refit on the full training data
using that configuration and the cross-validated optimal
number of trees. The final fitted model was subse-
quently applied to the validation cohort.

Model assessment

To assess whether the X-learner reliably captured
treatment heterogeneity, we evaluated multiple perfor-
mance metrics: the Qini coefficient, the rank-weighted
average treatment effect (RATE) and the concordance
statistic for benefit (C-for-benefit). For each metric, 95%
confidence intervals were estimated via bootstrap
resampling. To mitigate bias from non-random treat-
ment assignment, we estimated treatment effects with a
doubly robust augmented inverse probability (AIPW)
estimator with Hijek normalisation.*

Qini coefficient

The normalised Qini coefficient quantifies the added
benefit of targeting corticosteroid therapy based on
predicted ITEs. Patients are ranked from highest to
lowest benefit, partitioned into equal-sized groups, and
cumulative incremental benefit is computed across
groups relative to a random allocation baseline. The
Qini coefficient is the area between the model’s Qini
curve and the baseline, normalised to an ideal bench-
marking ranking to facilitate comparability across co-
horts. Higher values indicate greater estimated benefits
from personalised treatment.*

Rank-weighted average treatment benefit (RATE)

The RATE curve evaluates model ranking by estimating
the average treatment effect (ATE) among fractions of
the population ordered by predicted ITE. Patients are
binned by rank, group-level ATEs are computed with a
doubly robust Hajek AIPW estimator, and cumulative
averages across bins are plotted. The overall RATE
corresponds to the area under the RATE curve,
reflecting the degree to which the model successfully
ranks patients by true treatment benefit.””

Concordance statistic for benefit (C-for-benefit)

The C-for-benefit quantifies the model’s ability to
discriminate between patients with higher versus lower
observed treatment effects.” It estimates the probability
that, for randomly selected patients, the individual with
the higher predicted ITE also had a larger observed
benefit. Observed effects on RMST were estimated
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within matched subclasses using a doubly robust AIPW
estimator with Hajek normalisation. C-for-benefit
values above 0.5 indicate that the model can distinguish
between these patients better than random chance, with
higher values indicating better discrimination.

We further assessed overall model calibration in the
validation cohort. Calibration refers to the agreement
between the observed and predicted treatment benefit
with optimal calibration referring to both being equal.

Sensitivity and robustness analyses

After completing model derivation, we conducted mul-
tiple sensitivity and robustness analyses to validate our
findings. To quantify robustness to unmeasured con-
founding, we computed E-values for continuous out-
comes in the validation cohort” The ATE and its
standard error were standardised by the outcome stan-
dard deviation, and the point and lower-bound E-values
were derived accordingly. To summarise heterogeneity,
we contrasted the mean predicted ITE between the
highest and lowest tertiles of predicted benefit and
approximated the standard error from group-specific
standard errors. E-values for this contrast were
computed using the same procedure. For clinical context,
we estimated the unadjusted association between base-
line proteinuria and corticosteroid treatment via Poisson
regression and reported the exponentiated coefficient as
the risk ratio. We further assessed the estimated pro-
pensity scores for treatment assignment and compared
their distributions between treated and control patients
in the validation cohort. Overlap (positivity) was sum-
marised using a kernel-based overlap coefficient, defined
as the area under the minimum of the two propensity
score densities. To account for any potential cohort-bias
we assessed the doubly robust conditional average treat-
ment effects across cohorts to evaluate effect modifica-
tion by cohort. Additionally, the corticosteroid treatment
duration and race/ethnicity as potential treatment effect
modifiers were assessed similarly.

Furthermore, we added four robustness checks. (1)
Random predictor: a randomly generated binary pre-
dictor was added to the derivation matrix. (2) Random
replace: proteinuria was replaced by a randomly
generated continuous predictor with a similar range of
distribution. (3) Random treatment: the binary cortico-
steroid treatment assignment was changed to a random
treatment assignment with similar treatment percent-
age. (4) Random outcome: the RMST was replaced by a
random outcome with similar range to the observed
RMST in the derivation cohort. For each check, the
model was refit and model robustness was assessed by
comparing the predicted ATE with 95% confidence in-
tervals by bootstrapping in the derivation cohort.

Scoring of tubulointerstitial inflammation

To further assess the importance of combining tubu-
lointerstitial pathomics features, 60 cases with
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increased tubular distance were scored by a trained
nephropathologist for interstitial inflammation (i) and
tubulitis (¢) in accordance with the Banff classification
for kidney transplant pathology.”® Interstitial inflam-
mation was defined as i0: no inflammation or in less
than 10% of unscarred cortical parenchyma, il:
inflammation in 10-25% of unscarred cortical paren-
chyma, i2: inflammation in 26-50% of unscarred
cortical parenchyma and i3: inflammation in more
than 50% of unscarred cortical parenchyma. Tubulitis
was defined as t0: no mononuclear cells in tubules or
single focus of tubulitis only, t1: two or more foci with
one to four mononuclear cells/tubular cross section
(or ten tubular cells) in the most affected tubule, t2:
two or more foci of tubulitis, at least one of those foci
with five to ten mononuclear cells/tubular cross sec-
tion (or ten tubular cells) in the most affected tubule
and t3: two or more foci of tubulitis, at least one of
those foci with over ten mononuclear cells/tubular
cross section in the most affected tubule, or the pres-
ence of >2 areas of tubular basement membrane
destruction accompanied by i2/i3 inflammation and t2
elsewhere. Each half of the cases represented cases
with high or low predicted corticosteroid treatment
effect, and all cases were scored in blinded fashion
without any knowledge of predicted treatment benefit,
associated clinical or pathomics data.

Statistics
Patients were ranked based on their predicted individ-
ualised treatment effect, i.e., the difference in RMST
with versus without corticosteroid therapy, and strati-
fied into tertiles in accordance with the PATH state-
ment.”” Within each tertile, we estimated the
conditional average treatment effect (CATE) using a
doubly robust, Hajek normalised AIPW estimator with
propensity clipping for weight stability and uncertainty
quantified via a nonparametric bootstrap with 1000 it-
erations. A joint Wald test was implemented to assess
heterogeneity of estimated benefit across tertiles.
Furthermore, we implemented a treatment recom-
mendation for corticosteroid therapy based on the Qini
curve and distribution of individualised treatment ef-
fect. Patients in the upper third of predicted individu-
alised treatment effect (high benefit) were categorised
as recommended to be treated with corticosteroids
while the middle and lower tertile (low benefit) were
recommended not to be treated. To assess clinical
utility, we estimated the doubly robust treatment
benefit by recommendation strata, with bootstrapped
95% confidence intervals and Bonferroni-adjusted p-
values for multiple comparisons between groups
Progression-free kidney survival was compared be-
tween groups using Kaplan-Meier curves.

Feature importance in predicting individualised
treatment effects was analysed by SHAP and partial
dependence analyses in the validation cohort.
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Continuous variables were summarised as median
(interquartile range, IQR) and categorical variables as n
(%). All statistical tests were two-sided, with signifi-
cance defined as p < 0-05. All analyses were performed
within R version 4.4.3.

Ethics

Data collection and analysis in this study was per-
formed in accordance with the Declaration of Helsinki.
The study was approved by the local ethics committee
of the RWTH Aachen University (EK-No. 125/25),
which covered harmonised secondary use of data across
all eight cohorts. Local institutional review board or
ethics committee approvals were obtained at each
participating centre prior to data contribution.

Written informed consent was obtained from par-
ticipants in the CureGN and NURTuRE-CKD cohorts;
for all other cohorts (VALIGA, Kyoto, Leicester, Aachen,
Diyarbakir and Rochester), consent was waived by the
respective local ethics committees in accordance with
applicable national and institutional regulations. There
was no difference in consent protocol for adolescents or
adults. Waivers covered all clinical, histopathological,
and imaging data used in this study.

All data were de-identified prior to transfer and
analysis in accordance with GDPR, and no patient-

identifiable information was transferred between sites
or used in any analysis.

Role of funders

None of the funders had any role in study design, data
collection, data analysis, data interpretation, or writing
of the report.

Results

Patient characteristics and outcomes

Both the multicentric derivation (overall n = 464,
VALIGA (n = 352), Kyoto (n = 92), NURTuRE-CKD
(n = 20)) and validation cohorts (overall n = 558,
VALIGA (n = 155), Leicester (n = 93), Aachen (n = 27),
Diyarbakir (n = 106), Rochester (n = 42), CureGN
(n = 135)) exhibited similar baseline characteristics and
follow-up durations (Fig. 1, Table 1, Supplementary
Tables S3 and S4). Notable differences were observed
in the Oxford classification scores, with higher preva-
lence of mesangial hypercellularity (55-9% (n = 312) vs
31-9% (n = 148)), endocapillary hypercellularity (24-0%
(n = 134) vs 16:2% (n = 75)), and presence of crescents
(21-0% (n = 117) vs 13-6% (n = 63)) in the validation
cohort, especially in the Leicester, Aachen, and CureGN
cohorts, generally indicating more active disease states.

RASi (y/n)
Corticosteroids (y/n)

y: 372 (80-2%) | n: 92 (19-8%)
CS therapy duration (years) 1-1 (1-1)

Outcome (y/n) y: 40 (8:6%) | n: 424 (91-4%)

y: 159 (34-3%) | n: 305 (65-7%)

Derivation Validation
n 464 558
Follow-up (years) 4-6 (6-1) 5-0 (6-0)
Age (years) 359 (21-1) 367 (20-9)

Sex: male 316 (68-1%) 364 (65-2%)

Sex: female 148 (31-9%) 194 (34-8%)

eGFR (ml/min/1-73 m?) 82-6 (50-1) 76-8 (52-1)

Proteinuria (g/24 h) 1.0 (1-8) 1-1 (1-6)

MAP (mmHg) 96-7 (167) 93-8 (17-3)

M [0]1] 0: 316 (68-1%) | 1: 148 (31-9%) 0: 246 (44-1%) | 1: 312 (55-9%)
E [0[1] 0: 389 (83-8%) | 1: 75 (16-2%) 0: 424 (76-0%) | 1: 134 (24-0%)
S [0]1] 0: 98 (21-1%) | 1: 366 (78-9%) 0: 190 (34-1%) | 1: 368 (65-9%)
T [0[1[2] 0: 369 (79-5%) | 1: 87 (18-8%) | 2: 8 (1-7%) 0: 383 (68-6%) | 1: 164 (29-4%) | 2: 11 (2-0%)
C [0]1] 0: 401 (86-4%) | 1: 63 (13-6%) 0: 441 (79-0%) | 1: 117 (21-0%)
Tuft circularity 0-36 (0-09) 0-36 (0-1)

Tuft eccentricity 0-68 (0-09) 0-67 (0-1)

Tuft area (um?) 6207-01 (8548-22) 5652-7 (9686-48)

Tubular diameter (pm) 27-73 (6-73) 286 (6-75)

Tubular distance (pm) 2-13 (1-03) 2:26 (1-14)

y: 451 (80-8%) | n: 107 (19-2%)
y: 112 (20-1%) | n: 446 (79-9%)
0-6 (0-6)

y: 49 (8-8%) | n: 509 (91-2%)

Continuous variables are reported as median (interquartile range) while categorical variables are reported as absolute (n) and relative (%) frequencies. The primary
outcome was defined as a composite of >50% eGFR reduction and kidney failure within five years of kidney biopsy. Abbreviations: m, male; f, female; eGFR, estimated
glomerular filtration rate; map, mean arterial blood pressure; M, mesangial hypercellularity; E, endocapillary hypercellularity; S, segmental glomerulosclerosis; T, tubular
atrophy and interstitial fibrosis; C, crescents; y, yes; n, no; RASI, renin-angiotensin-system inhibitor; CS, corticosteroid.

Table 1: Characteristics of the derivation and validation cohort.
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Renin-angiotensin system inhibitor (RASi) usage was
consistent between cohorts (80-2% (n = 372) vs 80-8%
(n = 451)), whereas corticosteroid therapy was more
common in the derivation cohort (34:3% (n = 159) vs
20-1% (n = 112)) and administered for a longer duration
(1-1 vs 0-6 years). The primary composite outcome
(>50% eGFR decline and/or kidney failure within 5
years) occurred in 8-6% (n = 40) of the derivation cohort
and 8-8% (n = 49) of the validation cohort, indicating
similar event rates between cohorts (log-rank test,
p = 0-79, Supplementary Figure S1A). At the cohort-
level, corticosteroids showed no significant improve-
ment in progression-free kidney survival (log-rank test,
p = 0-27, Supplementary Figure S1B).

Individualised treatment effects

Individualised treatment effects computed by the causal
ML model revealed substantial heterogeneity in pre-
dicted treatment benefit (Fig. 2B and C). Estimated
treatment Dbenefit, defined as the difference in
progression-free kidney survival, varied significantly
across tertiles of predicted effect (low, middle, high;
joint Wald test, p < 0-05 in both cohorts; Fig. 2D), with
the greatest treatment benefit among patients in the
upper tertile.

Based on the observed heterogeneity of treatment
effects, we evaluated an individualised treatment
recommendation. Considering the distribution of pre-
dicted Denefit and the associated uplift gain
(Supplementary Figure S2A), we assessed a model-
based treatment recommendation targeting patients in
the upper tertile (high predicted benefit). Patients in the
middle and lower tertiles were not recommended to
receive corticosteroid therapy. We retrospectively
compared model-based treatment recommendations to
the estimated treatment benefit (Fig. 2D and E). Among
patients for whom the model recommended cortico-
steroid therapy, treatment was associated with longer
progression-free kidney survival (derivation: 0-63 years
[95% CI 0-27-0-97], Wald test, p < 0-01; validation: 0-43
years [95% CI 0-18-0-73], Wald test, p < 0-01; Fig. 2E
and F). In contrast, for patients where corticosteroid
therapy was not recommended by the model, the esti-
mated Dbenefit was not significantly different
(derivation: —0-15 years [95% CI -0-33 to 0-02], Wald
test, p > 0-05; validation: —0-005 years [95% CI —0-3 to
0-22], Wald test, p > 0-05; Fig. 2E and F). Implementing
these model-based treatment recommendations would
have reduced corticosteroid use by 67-3% and 60-7% for
patients in the middle and lower tertiles of the deriva-
tion and validation cohorts, respectively. Detailed clin-
ical characteristics of all subgroups in both cohorts are
presented in Supplementary Tables S5 and S6.

Model performance

The uplift in the Qini curve and increase in the rank-
weighted average treatment effect (RATE) curve
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demonstrated a positive association between higher
predicted individualised treatment effect and improved
progression-free  kidney survival (Supplementary
Figure S2), indicating effective patient stratification by
expected corticosteroid benefit. The Qini coefficient,
i.e., the additional treatment benefit gained by targeting
corticosteroid therapy using model predictions, was 0-3
(95% CI 0-15-0-42) in the derivation and 0-17 (95% CI
0-04-0-31) in the validation cohort, with higher values
reflecting the improvements in patient outcomes due to
personalised treatment allocation. The corresponding
rank-average treatment effect (RATE) was 0-39 (95% CI
0-15-0-64) and 0-3 (95% CI 0-14-0-48), respectively.
The model’s ability to discriminate patients with greater
or lesser treatment benefit was confirmed by a C-for-
benefit of 0-59 (95% CI 0-53-0-65) in the derivation and
0-6 (95% CI 0-53-0-67) in the validation cohort.

The model was well calibrated for patients with high
and medium predicted benefit, whereas predictions for
low-benefit groups, i.e., the lower tertile, were over-
estimated (Supplementary Figure S3).

Treatment-covariate interactions

Deconstructing model predictions by Shapley additive
explanations (SHAP), identified the most influential
predictors determining corticosteroid treatment benefit
(Fig. 3A), including baseline eGFR, proteinuria,
glomerular tuft circularity, presence of crescents (C1),
endocapillary hypercellularity (E1), and tuft area. Lower
baseline eGFR and higher proteinuria were most
strongly associated with increased treatment benefit
(Fig. 3B and C), followed by pathomics and MEST-C
scores. The relative influence of the ten most impor-
tant predictors on patients’ predicted treatment effect is
illustrated in Fig. 2B, and representative cases of high
and low predicted Dbenefit are depicted in
Supplementary Figure S4.

SHAP values of the Oxford classification compo-
nents demonstrated the importance of active lesions
(E1/C1) as a sign of glomerular inflammation. Pro-
gressive tubulointerstitial scarring (T1/T2) was associ-
ated with less benefit. For mesangial hypercellularity
(M1) and segmental glomerulosclerosis (S1) no marked
effect was detected (Supplementary Figure S5).

Among pathomics-derived predictors, deformation
of the glomerular tuft, marked by lower tuft circularity
(irregular shape) and tuft eccentricity (globular shape),
was associated with greater treatment Dbenefit
(Supplementary Figure S6). The tuft area exhibited a
parabolic relationship with decreased benefit at the tails
of the distribution, likely corresponding to sclerotic
glomeruli with a small tuft area and hypertrophic
glomeruli with a large tuft area (Fig. 3G). Tubular dis-
tance and diameter also ranked among the ten most
influential predictors (Fig. 3A), with smaller tubular
diameter and greater tubular distance (indicating
tubular atrophy and interstitial fibrosis) being
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Fig. 2: Predicted individualised treatment effects and individual treatment recommendations. (A) lllustration of average treatment
effect and individualised treatment effect. (B) Line plot showing the change from the cohort-level average treatment effect to predicted
patient-based individualised treatment effects based on the sequential addition of the most-important predictors. Each line represents one
patient randomly chosen from each percentile from the 95% distribution of the predicted individualised treatment effect in the validation
cohort (n = 100). Based on the distribution of the predicted individualised treatment effect (C) patients were grouped into tertiles (red
(n = 186): upper tertile, high predicted benefit; light blue (n = 186): middle tertile, medium predicted benefit; blue (n = 186), lower tertile,
low predicted benefit) and compared with the doubly robust estimated treatment benefit, error bars denote 95% bootstrap confidence
intervals (D). (E) Implementation of a treatment recommendation for the individuals with highest predicted benefit (red): individualised
treatment recommendations were then retrospectively compared to the observed outcomes (with corticosteroid therapy vs. without
corticosteroid therapy) during follow-up. (F) Kaplan-Meier curves comparing patients in the validation cohort (n = 558) who received the
recommended treatment versus those who did not. Abbreviations: eGFR, estimated glomerular filtration rate; C, crescents; E, endocapillary
hypercellularity; CS, corticosteroids.

associated with decreased treatment benefit (Fig. 3H
and I). However, patients with markedly increased
tubular distance unexpectedly showed benefit from
corticosteroid therapy. Partial dependence analysis
revealed a combination of high tubular distance and
large tubular diameter associated with high predicted
benefit (Fig. 4A). Histopathological comparison of cases
with this pathomics pattern (n = 30) versus those with
high tubular distance and low predicted benefit (n = 30)
identified a significant increase in interstitial inflam-
mation (Wilcoxon rank-sum test, p < 0-05) and tubulitis
(Wilcoxon rank-sum test, p < 0-05). Patients exhibiting
this distinct pathomics pattern were four times more
likely to exhibit interstitial inflammation (il-3,

Figs. 4B) and 2.8 times more likely to show tubulitis
(t1-3, Fig. 4C, F and G, Supplementary Table S7).

Sensitivity and robustness

To validate the model predictions, we conducted mul-
tiple sensitivity and robustness analyses. E-values
quantify the minimum strength of association, on the
risk-ratio (RR) scale, that a single unmeasured
confounder would need with both treatment and
outcome to reduce the estimate to the null (RR = 1). The
overall RR was 1-29 (95% CI 1-28-1-3) with an E-value
of 1.9 (95% CI lower bound 1-87). Across subgroups,
the RR was 1-24 (95% CI 1-22-1-27) with an E-value of
1-79 (95% CI lower bound 1-73). For clinical context,
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baseline proteinuria showed a smaller unadjusted as-
sociation (RR 1-2, 95% CI 1.08-1-34) with treatment.
Propensity scores between treatment groups demon-
strated sufficient overlap (Supplementary Figure S7),
with an overlap coefficient of 0-88 and no propensity
scores below 0-1 or above 0-9. We also analysed po-
tential treatment-effect modifiers by comparing
adjusted treatment effects across patient cohorts, race/
ethnicity, and corticosteroid duration. We found no
evidence that patient cohorts significantly modified the
corticosteroid effect (joint Wald test, p = 0-24;
Supplementary Figure S8). Additionally, race/ethnicity
did not significantly modify the effect (joint Wald test,
p = 0-4), although the analysis was underpowered,
particularly for Chinese patients. Among treated pa-
tients, the duration of corticosteroid treatment, i.e.,
shorter (up to 6 months) vs. longer treatment duration
(over 6 months) also did not significantly modify the
treatment effect (joint Wald test, p = 0-36). Robustness
analysis of introducing a random predictor did not
substantially alter overall model performance, as the
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predicted average treatment effect remained consistent.
In contrast, replacing proteinuria with a random
continuous variable led to a notable difference in pre-
dicted average treatment effect. Moreover, randomly
assigning treatment exposure or outcomes resulted in a
marked decline in predicted average treatment effect,
confirming the model’s reliance on biologically mean-
ingful relationships in the data (Supplementary
Table S8).

Discussion

In this retrospective, worldwide multicentre study, we
developed and validated a causal ML model for pre-
dicting individualised treatment effects of systemic
corticosteroid therapy in IgAN. Consistent with previ-
ous trials on the effectiveness of corticosteroid treat-
ment,**" we could not observe a pooled significant
benefit in our study. In contrast, utilising the causal ML
framework, we identified a subset of patients exhibiting
significant clinical benefit and those who did not. By
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specifically identifying patients with a high likelihood of
benefiting from systemic corticosteroid therapy, usage
of our model would have theoretically reduced unnec-
essary corticosteroid exposure by 60-7% in the valida-
tion cohort, while at the same time improving patient
outcomes.

The key predictors identified are consistent with a
pattern of steroid-responsive inflammation in IgAN:
lower eGFR, higher proteinuria, and specific Oxford
classification scores (C1, E1), which are established
markers of inflammatory disease activity. Presence of
crescents (C1-Score) and endocapillary hypercellularity
(E1-Score) have previously been associated with
response to immunosuppressive therapy.''*? Patients
with lower tuft circularity, a morphometric pattern
suggesting glomerular tuft distortion, showed greater
benefit from corticosteroid therapy. We previously
showed that this feature is indicative of a more severe
disease state in IgAN.* Additionally, pathomics pre-
dictors reflecting tubulointerstitial changes identified a
subset of patients with tubulointerstitial inflammation.
This lesion was initially omitted from the Oxford clas-
sification due to poor reproducibility,”® yet multiple
studies indicate its potential role in disease progres-
sion,” although results on corticosteroid effectiveness
were underpowered.” In our study, pathomics enabled
a precise characterisation of the tubulointerstitial ar-
chitecture, the importance of which has been also
demonstrated in other glomerular diseases.”* However,
further independent validation of this patient subgroup
is needed, as these findings remain exploratory and
hypothesis-generating. ~ Whether  tubulointerstitial
inflammation reflects IgAN disease activity or an over-
lapping condition, e.g., tubulointerstitial nephritis,
benefiting from corticosteroid treatment remains to be
further investigated. Nonetheless, reporting the degree
of tubulointerstitial inflammation by pathologists could
be easily implemented into current practice, e.g., by
reporting the widely used Banff lesion scores i and t in
IgAN biopsies.

By identifying patient-specific baseline characteris-
tics as modifiers of corticosteroid treatment response,
our approach provides an explanation as to why previ-
ous pooled analyses have failed to demonstrate consis-
tent benefits. This paradigm shift from generic to
individualised treatment decisions addresses a funda-
mental constraint in current IgA nephropathy
management.

Our study has some limitations. The retrospective
design may introduce unmeasured confounding and
treatment selection bias, although a sensitivity analysis
suggested that any single unmeasured confounder
would need to be markedly stronger than proteinuria’s
association with treatment to fully nullify the estimated
effect, and no positivity violations were detected. Given
the framework’s exploratory design and hypothesis-
generating findings, prospective and independent
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validation in randomised controlled trials will be
necessary to further establish its clinical utility. Differ-
ences in data collection standards, reporting of pre-
dictors, and treatment interventions could limit the
predictive performance of our model, although a
sensitivity analysis did not show any substantial influ-
ence of cohort heterogeneity. This is especially impor-
tant given missing information on dosing regimens
and routes of administration. Although the pathomics-
derived features demonstrated predictive value, they
represent an emerging exploratory approach that is not
yet standardised or widely adopted in routine diagnostic
workflows. Our analysis is also limited to initiation of
therapy within a year after biopsy, thus, we cannot ac-
count for any longitudinal changes that might inform
treatment decisions after the specified timeframe.
Given the specified follow-up period of 5 years and the
relatively low number of outcome events in subgroup
strata, the long-term effects of treatment on disease
progression remain to be investigated, potentially partly
explaining the only modest improvement of
progression-free kidney survival in the high benefit
group and the importance of kidney function at time of
biopsy. Additionally, while the model’s overestimation
of predicted benefit in the low-benefit group may in-
crease the risk of over-treatment, this risk remains
substantially lower than observed under the current
treatment assignment in the cohort. While the current
analysis focused on systemic corticosteroids and
established clinical variables, the framework could be
extended to other immunosuppressants, novel treat-
ments and integrated with emerging biomarkers in the
future.

Our findings reveal that apparent treatment failures
at the population-level may mask significant benefits in
well-defined patient subgroups, highlighting the
importance of accounting for treatment effect hetero-
geneity in clinical research and practice. Using highly
granular pathomics features might aid this effort in
helping to identify specific phenotypes that might be
missed on a case-to-case human evaluation. Our
multimodal approach could be readily adapted to the
rapidly expanding treatment landscape of IgAN as well
as other glomerular diseases, where tissue-based bio-
markers can guide individualised decision-making and
precision nephrology.
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