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Drug Development Need Statement

In the United States, over 19,000 patients received a kidney transplant in 2017. With the general standard
of care (SOC) immunosuppressive drug (ISD) therapy, according to the most recently available data
from the Organ Procurement and Transplantation Network, one-year post-transplant allograft loss rates
are remarkably low (2.5% and 7.8% for living and deceased donor transplants, respectively)(‘“National
Data - OPTN” n.d.). However, long-term allograft failure rates are unacceptably high, with 10-year all-
cause allograft failure approaching 34% and 50% (Hart et al. 2019) for living and deceased donor
transplants, respectively. Survival of the transplanted organ has been rated, by patients, as the most
important outcome, including overall survival of the patient (Howell et al. 2012). There is a clinical need
for novel individual 1SDs or ISD regimens that will lead to improved long-term outcomes. However, the
deterrents to ISD innovation are complex and multifactorial. Most notably is the lack of short-term
predictors of long-term outcomes available for use in clinical trials. Such markers could serve as the
basis for surrogate endpoints or reasonably likely surrogate endpoints that open FDA’s Accelerated
Approval Program, intended to incentivize and usher innovation.

The historically accepted clinical trial endpoint for novel ISDs in kidney transplantation is the equally
weighted score of patient survival, graft-loss, biopsy-proven acute rejection (BPAR), and loss to follow
up at one-year. This primary endpoint is a vestige of an era when graft loss and BPAR were significant
issues in the first year following kidney transplantation. The short-term success of current ISD regimens
for this outcome measure and the lack of markers capable of predicting long-term outcomes require
clinical trials of novel agents to be lengthy, require large numbers of subjects, or be non-inferior in
design to show superiority over the current standard. Large and lengthy trials are associated with
prohibitively large costs while the non-inferiority determinations are associated with concerns of
marketability for newly approved agents in the face of more affordable generically available SOC ISD
regimens. In this Letter of Intent (LOI) we propose building on previous work in the field that has
identified clinically relevant measures capable of predicting long-term kidney allograft failure. We aim
to improve upon the limitations of the historically utilized clinical trial primary endpoint by developing a
composite score capable of predicting long-term kidney transplant outcomes using measures available in
the first year following transplantation.

While the underlying physiologic mechanisms leading to allograft loss are complex, recent studies have
shown that certain key features present relatively early after transplantation (e.g., within the first year)
can accurately predict which grafts are most likely to fail at later time points (e.g., at 5 years). A key
learning from prior efforts in the field is no one clinical feature or pathophysiological measure has the
predictive power to robustly estimate long-term allograft survival (Naesens et al. 2016; Kaplan, and
Meier-Kriesche 2003; Yilmaz et al. 2003; Lefaucheur et al. 2010). Recent efforts that have had access to
large patient cohorts with rigorous and routine clinical assessments collected at baseline and
longitudinally for five to seven years have demonstrated improved predictability of long-term outcomes
by assessing composites of multiple clinical features. These composite scores have focused on recipient
demographics, pre-transplant measures, measures of kidney function within the first-year post transplant,
and combinations of these measures at different time points (Kaboré et al. 2017; Shabir et al. 2014;
Gonzales et al. 2016; Loupy et al. 2019). More recently developed composite scores have sought to
predict long-term graft loss by incorporating a cross section of the relevant pathophysiological measures
of allograft loss, including kidney function, through estimated glomerular filtration rate (eGFR)



calculated using serum creatinine (SCr) and measures of protein excreted into the urine, kidney damage
as determined by pathological assessment of graft biopsy, and immune response, measured via the
presence or absence of de novo (i.e., developed after the time of transplant) donor specific anti-human
leukocyte antigen (HLA) antibodies. Other composite scores have incorporated pathophysiological
measures along with recipient demographics (Gonzales et al. 2016; Bentall et al. 2019). Discussion of
notable risk prediction models that have informed this submission can be found in the Supporting
Information section.

These risk prediction scores have focused on predicting long-term allograft survival at the individual
patient level to inform clinical decision making. While progress has been made, none of these prognostic
and predictive tools have been endorsed for use as a reasonably likely surrogate endpoint capable of
supporting medical product registration studies or as surrogate or reasonably likely surrogate endpoints
that can open FDA’s Accelerated Approval Program.

The proposed composite marker in this submission is intended to be a reasonably likely surrogate
endpoint for use in clinical trials evaluating the safety and efficacy of novel ISD therapies in kidney
transplant patients as a marker for the probability of long-term allograft loss. This would significantly
improve upon the current standard as it would allow drug sponsors the ability to design trials assessing
the superiority, rather than non-inferiority, of a novel agent without the need for cumbersomely long,
large, and prohibitively expensive clinical trials. As a reasonably likely surrogate for the long-term
outcome of allograft survival, this composite score would allow drug sponsors to seek marketing
approval of novel agents through FDA’s Accelerated Approval Program, significantly improving the
drug development landscape by encouraging drug sponsors to engage in this rare disease. Ultimately,
patients will benefit from increased drug development activity by improving access to ISD therapies
with better long-term outcomes.

This effort builds on previous work in the field that has identified clinically relevant measures capable of
predicting long-term allograft failure by aggregating and standardizing multiple clinical trials, real-world
clinical transplant center datasets, and long-term registry data. A list of prioritized and acquired datasets
can be seen in Appendix 3. By leveraging a significant amount of patient level data from these sources,
this effort intends to seek regulatory endorsement of a composite measure capable of predicting five-
year risk of graft loss using data available within the first year after transplantation. Based on existing
literature and the ongoing work of the Paris Transplant Group, the proposed components of this
composite score will include eGFR calculated with SCr (referred to as ‘eGFR’), measurement of protein
excretion into the urine (referred to as ‘proteinuria’), pathophysiological assessment of percutaneous
kidney graft biopsy (referred to as ‘biopsy histology’), and presence or absence of de novo anti-HLA
DSA (referred to as ‘dnDSA”). A semi-parametric or parametric survival model will be used to develop
the composite score to estimate the probability of long-term allograft survival.

To acquire the necessary patient level data to develop a novel reasonably likely surrogate endpoint, the
Critical Path Institute’s Transplant Therapeutics Consortium (TTC) has led a large data collaboration
effort across the field of kidney transplantation. Datasets from relevant clinical trials of ISDs and real-



world data from clinical transplant centers have been prioritized based on the presence of the variables of
interest and of long-term outcomes. When possible, datasets that lack long-term follow up will be
integrated, through established processes, with the long-term kidney transplant outcome registry
managed by the Scientific Registry of Transplant Recipients.

Importantly, as the data collaboration effort across the transplant community is ongoing, the components
of the final composite score will be dependent on the datasets ultimately available for inclusion and
analysis. Based on preliminary analysis of the currently available datasets and existing literature, it is
expected that the four components listed above (i.e., eGFR measured with serum creatinine, measures of
protein excretion into the urine, pathological assessment of biopsy histology, and presence or absence of
dnDSA) will be included in the final model. Thus, this LOI will include discussion of these four
components. As some details regarding these variables or others may not be ascertained until the datasets
that will underpin the development and assessment of the composite score have been fully analyzed, it
will be noted in this submission where specific details will be provided in future submissions.

Biomarker Information and Interpretation

1. Biomarker name:
The Integrative Box (iBox) Scoring System includes the following component biomarkers,
taken together in the first year after transplantation:

Estimated Glomerular Filtration Rate (‘eGFR’) [Serum Creatinine]: calculated with serum
creatinine (a molecular biomarker) and certain patient characteristics using established equations
(most commonly the Chronic Kidney Disease Epidemiology Collaboration, CKD-Epi equation);

Measurement of protein excretion into the urine (‘proteinuria’): Molecular biomarker

Pathophysiological assessment of percutaneous renal allograft biopsy, based on Banff scoring
criteria (‘biopsy histology’): Histologic biomarker

Presence or absence of de novo anti-human leukocyte antigen donor-specific
antibodies. Additionally, the presence of the dnDSA will be refined into categories
based on MFI values. The specific categorical cut-points in the MFI scale will be
determined in future submissions once the appropriate patient-level data has been
curated. It is envisaged these categorical cut-points for subjects with dnDSA will be
based on those described in Loupy et al 2019 (Loupy et al. 2019) (Appendix 2):
Molecular biomarker

2. Analytical methods:
As stated above, this effort is the result of a significant ongoing data collaboration across
multiple stakeholders in the field. Therefore, the specific analytical methods used in the
raw measurement of the components of the composite score will be dependent on the
sources of the data included in the final analysis and will be fully examined in future
qualification plan submissions. The most common analytical method for each
component is described here.



eGFR:

Calculated through established equations (most commonly the CDK-Epi equation
(“Estimating Glomerular Filtration Rate from Serum Creatinine and Cystatin C. -
PubMed - NCBI” n.d.)) using measurements of serum creatinine, and patient
characteristics. Creatinine is measured through Jaffe reaction assays or through
enzymatic assays, both colorimetric assays.

Proteinuria:

Proteinuria may be measured in several quantitative or qualitative means. Proteinuria consists of
excessive protein in the urine that can be categorized based on type of proteins, quantity of those
proteins, and their concentration compared to creatinine. Total urinary protein over 24 hours,
total urinary protein to creatinine ratio, and urine albumin to creatinine ratio are the various
measures to estimate proteinuria. Assays measuring protein in the urine use turbidimetric,
immuno-turbidimetric, or colorimetric. Turbidimetric assays include sulfosalicylic acid (SSA),
sulfosalicylic acid with sodium sulphase (SSSS), trichloroacetic acid (TCA), and benzethonium
chloride. Colorimetric assays involve the addition of a reagent, such as pyrogallol red molybdate
or Coomassie brilliant blue, and spectrophotometric analysis. The ultimate determination of
which measure of urinary protein and subsequent assay considerations is data dependent and will
be discussed in future submission documents once patient level data have been assessed further
(YYalamati, Karra, and Bhongir 2016).

Biopsy Histology:

Percutaneous renal biopsy (PRB) is the current SOC and is often guided by ultrasound and
performed under local anesthesia. Automatic disposable spring-loaded devices use needles of
various bore sizes to collect the renal sample. After the kidney sample is retrieved, it is manually
sectioned, fixed, stained, and analyzed by a pathologist. The Banff Classification (“A 2018
Reference Guide to the Banff Classification of Renal... : Transplantation” n.d.) was developed to
provide a schema to analyze signs of acute and chronic rejection through the scoring of kidney
lesions. In total, 15 Banff Lesions Scores are defined, which document histopathological
changes in the different compartments of the kidney.

dnDSA:

Measurement of dnDSA uses the Luminex Bead-based Multiplex Assay, currently available
through two vendors. In this assay, insoluble dye-impregnated beads, which present a predefined
HLA class | (HLA-A, HLA-B, HLA-Cw) or class Il (HLA-DR, HLA-DQ, HLA-DP) molecule,
are incubated with the serum of the allograft recipient. If DSAs are present, they will bind to the
cognate antigen(s) on the bead. The bead-DSA complex(es) is then exposed to a fluorescent
phycoerythrin-coupled-1gG which binds the complex and is used to measure the presence of
DSAs. A negative control serum is used to establish the background value for each bead in a test
batch. The measure of this assay is expressed as the mean fluorescent intensity (MFI) of the
phycoerythrin-coupled-IgG that is bound to the DSA and is normalized using appropriate controls.
MFTI values are produced for each DSA type measured (“Detection of HLA Antibodies in Organ
Transplant Recipients — Triumphs and Challenges of the Solid Phase Bead Assay” n.d.).
Presence of dnDSA will be refined into categories based on MFI values. The specific categorical
cut-points in the MFI scale will be determined in future submissions, once the appropriate
patient-level data has been curated.

The iBox Scoring System will assess the presence or absence of any dnDSA, and does envisage
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using MFI values in a semi-quantitative manner. It is anticipated these categorical cut-points for
subjects with dnDSA will be based on those described in Loupy et al 2019 (Loupy et al.
2019)(Appendix 2). The appropriateness of these cut-points will be discussed in future
qualification submissions.

Measurement units and limit(s) of detection:
Units and limits of detection will be dependent on the datasets included in the final analysis and will be
fully described in future qualification submission documents.

Biomarker interpretation and utility:

The Integrative Box (iBox) Scoring System

The iBox Scoring System has been developed by estimating individual weights for each of the
proposed components (i.e., eGFR, proteinuria, kidney biopsy histology, and the presence or
absence of dnDSA). The component measures will be assessed at 12 months post transplantation
in a clinical trial and entered into the iBox Scoring System. The determined weighting for each
component will be a coefficient in a survival model. The composite score will be the linear
combination of weights together with the individual patient features, or

Composite Score = B1x1 + Boxz + -+ + ByXn

where B;is the estimated weight of the patient feature x;, e.g. eGRFand i =1, ..., N where N is
the total number of patient features used to compute the score. The output of the iBox Scoring
System is a five-year graft loss risk prediction capable of indicating the long-term performance
of therapeutic ISD interventions in a clinical trial. The score will allow for comparative efficacy
assessments between study control and intervention study arms, guide regulatory decision
making regarding the long-term efficacy of new therapeutic interventions, and open FDA’s
Accelerated Approval Program. A brief discussion of the interpretation of each component of
the iBox follows, and more information can be found in the supporting information section of
this submission.

eGFR:

Due to the impact of muscle mass on circulating creatinine levels, estimating equations have
been developed to account for differences in muscle mass and translate creatinine concentration
to estimated GFR. These equations account for population average differences by age, race, and
sex, but cannot account for individual differences. The most widely used equation to estimate
GFR is the CKD-Epi equation. The CDK-epi equation includes serum creatinine, gender
(Male/female), Age, and race (black/non-black) as follows:

(Levey et al. 2009) CKD-EPlcreatinine = A X (SCr/B)° x 0.993%¢ x (1.159 if black), where A, B,
and C are the following:

Female Male
A =144 A =141
SCr<0.7 | B=0.7 SCr<0.9 |B=09
C=-0.329 C=-0411
A =144 A=141
B=0.7 B=0.9




| sCr>0.7 | C=-1.209 SCr>0.9 | C=-1.209

Current guidelines recommend reporting of creatinine results by clinical laboratories in terms of
eGFR

Proteinuria:
UPCR is a common and clinically accepted alternative to 24-hour urine collection, which is

otherwise required to assess 24-hour protein excretion rates (Akbari et al. 2014). Urine protein
concentration is calculated by measuring the urinary protein and urinary creatinine in a spot first-
or second-morning urine sample and dividing the urinary protein measure by the urinary
creatinine measure. Units of urinary protein and urinary creatinine are both measured in mg/dL,
yielding a unitless ratio. In Loupy et al 2019 (Appendix 2), the albumin to creatinine ratio was
used to assess proteinuria. Yet to be published work by this group has demonstrated the
performance of the iBox Scoring System with alternate measures of proteinuria, including
dipstick, 24-hour urine collection, and urinary protein to creatinine ratio. The specific measure to
be included in the iBox Scoring System will ultimately depend on the data available and will be
discussed in detail in future submissions.

Biopsy Histology:

After retrieved kidney biopsy samples are appropriately sectioned, fixed, and stained, they are
analyzed by a clinical pathologist. While kidney transplant biopsies are subject to issues of
sample and inter- and intra-rater variability, the Banff allograft pathology criteria allows for a
core series of semi-quantitated features that encompass specific histopathologic entities seen in
kidney allografts. Fifteen specific lesions are scored, on a 0-3 scale. In clinical practice, lesion
scores are then used in the diagnosis of antibody mediated rejection (AMR), suspicious or
borderline acute T-Cell mediated rejection (TCMR), interstitial fibrosis and tubular atrophy
(IFTA), or other tissue damages. This effort will consider including all or a pre-specified subset
of biopsy lesion scores, depending on analysis of the final datasets available.

dnDSA:
Current assays are available through two vendors, which have somewhat different panels and a

somewhat different range of responses. There are three types of kits to detect DSAs, which allow
for assessment at varying levels of specificity (e.g., Class | HLA v. HLA-A, v. HLA-DQA).
Assays can detect class | (HLA-A, HLA-B, HLA-Cw) and class Il (HLA-DR, HLA-DQ, HLA-
DP) antibodies using the following types of screening beads; 1) mixed antigen screen beads,
wherein a single bead carries a mixture of purified class I and class |1 molecules from three or
more donors; 2) phenotypic beads, that carry multiple HLA class | or class Il phenotype antigens
purified from a single donor; and 3) single antigen beads, where each bead carries a single
recombinant HLA class | or class Il antigen/allele.

These assays express units of measurement as MFI of each bead (generally 0 - >20,000) and are
used semi-quantitatively in clinical practice. Based on the patient-level data that will be
available to the consortium, the presence of the dnDSA will be refined into categories based on
MFI values. The specific categorical cut-points will be determined in future submissions once
the appropriate patient-level data has been curated. It is anticipated these categorical cut-points
for subjects with dnDSA will be based on those described in Loupy et al 2019(Loupy et al.
2019) (Appendix 2). The appropriateness of these cut-points will be discussed in future



gualification submissions. The inter-operability of the assays available commercially from the
two vendors is discussed in the analytical considerations section, and the analytical performance
characteristics of the assay reagents will be evaluated in full detail in future submissions.

Future qualification submission documents will also assess which specific kits were used to generate
dnDSA data in each data set supporting the qualification. These data will inform how dnDSA data will
be incorporated into the final composite (i.e., any dnDSA versus a specific HLA Class versus specific
HLA alleles).

Context of Use Statement

The Integrative Box (iBox) Scoring System of eGFR calculated with serum creatinine, proteinuria,
kidney biopsy histology assessment using the Banff scoring criteria, and presence or absence of de novo
anti-HLA donor specific antibodies, taken together in the first year after transplantation is a reasonably
likely surrogate endpoint for the five-year risk of allograft loss in kidney transplant patients for use in
clinical trial studies evaluating the safety and efficacy of novel immunosuppressive therapies for
Accelerated Approval Program submissions.

The target population for this context-of-use will be dependent on patient populations of the datasets that
underpin the iBox Scoring System. It is expected that the target population will be refined as data sets
are made available to the consortium and analyzed. Analysis and discussion of the target population for
the iBox Scoring System will thus be discussed in more detail in the Qualification Plan submission.

Analytical Considerations

As more data are acquired and aggregated, a deeper understanding of assay variation will be developed.
Future qualification submission documents in support of the iBox Scoring System will contain full
assessment of the analytical considerations for each assay based on the “Points of Consideration
Document: Scientific and Regulatory Considerations for the Analytical Validation of the Assays used in
the Qualification of Biomarkers in Biological Matrices”. The following represents a brief summary of
measurement for each component of the composite marker. It is expected there will be some inter-site
variation in the specific assay used for each component. Strategies to enable the integration of patient-
level data from each dataset will be discussed in future qualification submissions.

eGFR
The most accepted and direct index of kidney function is the glomerular filtration rate (GFR),

which provides a measure of the cumulative volume of plasma that is filtered by the glomeruli in
a given time. Historically, the “gold standard” procedure for measuring GFR involved a
continuous intravenous infusion of a marker (e.g., inulin, iothalamate), followed by analysis of
repeated timed blood draws and urine collections to assess clearance of the marker. Directly
measuring GFR with these procedures are burdensome for patients and staff and impractical in
many clinical and research settings. As such, estimating GFR (eGFR) using endogenous markers
is an attractive alternative and is most commonly used in current practice.

The most commonly used of these endogenous markers is serum creatinine. Measurement of
serum creatinine is second only to glucose as the most common analyte in clinical chemistry.



Creatinine is a byproduct of muscle catabolism of creatine. As such, factors affecting muscle
mass also impact circulating levels of creatinine (see below). Creatinine has several
characteristics that make it a suitable marker of kidney function: it is freely filtered by the
glomerulus at a constant rate, with little tubular reabsorption and minimal tubular secretion is
most circumstances.

There are two types of assays commercially available and in widespread use for creatinine
measurements: those based on the Jaffe reaction (alkaline picrate) and those based on enzymatic
methods. In the former, creatinine forms a complex with picric acid in an alkaline solution. The
concentration of the colored complex is proportional to the concentration of creatinine in plasma.
There is some interference from other endogenous substances, so compensated assays have been
developed which correct by a constant to improve accuracy. There are two types of enzymatic
assays, with the most common converting creatinine to hydrogen peroxide, which reacts with a
dye to generate a colored compound. The others use conversion of creatinine to ammonia.

Harmonization efforts by the College of American Pathologists, the National Kidney Disease
Education Program, the European Federation of Chemistry and Laboratory Medicine, and others,
and the creation of an international reference standard (SRM 967) by the National Institute of
Standards and Technology have led to significant improvements in the accuracy of creatinine
measurements. Nearly all assays are now traceable to isotope dilution-mass spectrometry
reference standards. This standardization has substantially reduced the bias and minimized the
influence of interfering substances in the assays.

Proteinuria

Urinary excretion of protein can be quantified by a 24-hour urine collection or by collection a
spot urine sample and calculating UPCR (YYalamati, Karra, and Bhongir 2016). The 24-hour
urine collection is the current gold standard method, but sample collection, storage, and transport
are cumbersome for the patient and prone to errors in collections. As such, the use of spot urine
collections is far more common in clinical practice. Excreted protein levels are indexed to
urinary creatinine to correct for variations in urinary concentration due to varying levels of
hydration. UPCR is highly correlated with total protein excretion from a 24-hour collection, with
somewhat weaker correlation due to imprecision of all methods at very low levels. A first
morning urine specimen most strongly correlates with 24-hour protein excretion.

Protein is detected using turbidimetric, immuno-turbidimetric, or colorimetric assays.
Turbidimetry involves introduction of a protein precipitant and subsequent quantification of
the denatured protein. Immuno-turbidimetry uses antibodies to isolate specific sizes (i.e.
albumin) of proteins prior to turbidimetric analysis. The specific precipitant used, the specific
proteins present, and the time from introduction of the precipitant to assessment may affect
the results. Turbidimetric assays include SSA, SSSS, TCA, and benzethonium chloride.
Colorimetric assay involves addition of a reagent, such as pyrogallol red molybdate or
Coomassie brilliant blue, and spectrophotometric analysis. Turbidimetric methods of protein
quantification are commonly used, but concerns of poor precision and sensitivity and variable
response to different proteins in the urine have been reported. Colorimetric methods have
better precision and sensitivity, but these assays are also subject to variation in dye-binding to
various proteins (Yalamati, Karra, and Bhongir 2016).



Dipstick tests for urinary protein are also available and are inexpensive, easy to use, are highly
specific, and provide rough estimates of severity of proteinuria. Dipstick tests, however, are
insensitive and only provide semi-quantitative results.

A notable limitation of the precision of urinary protein assessment is the inherent variability in
an individual over time. The within person standard deviation is approximately 40-50% of the

mean value. Due to this variability, some clinical practice guidelines recommend repeat testing
in a specified time period be used for diagnosis.

In Loupy et al 2019 (Appendix 2), the urine albumin to creatinine ratio was used to assess
proteinuria. Yet to published work by this group has demonstrated the performance of the
iBox Scoring System with alternate measures of proteinuria. Full assessment of the specific
measures and assays used to assess urinary protein excretion in each dataset and the intra-
operability of these assays will be provided in future qualification submissions.

Biopsy Histology

The PRB is the current SOC and is often guided by ultrasound and performed under local
anesthesia. Automatic disposable spring-loaded devices use needles of various bore sizes to
collect the renal sample. After the kidney sample is retrieved, it is manually sectioned, fixed,
stained, and analyzed. The Banff Classification was developed to provide a schema to assess
signs of acute and chronic rejection through the scoring of kidney lesions. In total, 15 Banff
Lesions Scores are defined which document histopathological changes in the different
compartments of the kidney.

An important consideration with kidney transplant biopsies is inter-observer variability. A recent
study from the Mayo Clinic (Smith et al. 2019) involving scoring of biopsies by six different
pathologists showed only fair to moderate agreement between any two pathologists (kappa
values between 0.38 and 0.48) for Banff scoring of the key histologic lesions of Antibody-
mediated rejection (ABMR), glomerulitis, peritubular capillaritis, and transplant glomerulopathy
(TG), although kappa values for diagnosis of active and chronic active ABMR, based on
pathologists’ score of histologic lesions, were better (0.70 and 0.59, respectively). Having three
pathologists grade each biopsy and using a "majority rules" approach resulted in improved kappa
values for scoring the individual lesions (0.57 - 0.62) and diagnoses (0.82 and 0.70). Overall,
however, the inter-observer variability for scoring of the individual Banff lesions is no worse
than that reported for an experienced renal pathologist’s scoring of individual histologic lesions
comprising other histologic classifications, such as the International Society of Nephrology and
the Renal Pathology Society classification of lupus nephritis and Oxford classification of IgA
nephropathy (Furness and Taub 2006; Working Group of the International IgA Nephropathy
Network and the Renal Pathology Society et al. 2009). Furthermore, a major focus at the 2019
Banff conference, with input from both pathologists and transplant clinicians, was the
clarifications of definitions for and reporting of individual Banff lesions, as well as of TCMR
(borderline, acute, chronic active) and ABMR (active, chronic active), and these modifications
will be included in the Banff 2019 meeting report.

Appropriate assessments of inter- and intra-observer variability will be performed on the final
data package. Specific details of this assessment will follow in future qualification submissions.
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dnDSA

The development of dnDSA occurs in response to HLA antigens on the transplanted organ and
do not exist in the recipient prior to transplantation. The details of the currently available
Luminex Bead-based Multiplex Assays are described above. In short, the assay uses color coded
beads that contain antibodies for each HLA allele protein in each MHC molecule class. Kits that
measure different levels of specificity are available allowing for measuring the broader allele or
more specific antigen level. The bead-antibody complex captures any dnDSAs present in the
transplant recipient’s serum. After washing, a luminescent phycoerythrin conjugate is then added
and binds to the bound analyte specific antibodies. Dual lasers are then used to detect the
identify of any present donor specific antibodies and the relative fluorescent intensity. There are
several reagent and serum specific considerations that must be made with these assays.

As previously discussed, current assays are available through two vendors which have somewhat
different panels and a somewhat different range of responses. There are three types of kits to
detect dnDSAs, which allow for assessment of varying levels of specificity (e.g., antigen v.
allele) depending on the types of beads being used. Bead types include mixed antigen screen
beads, wherein a single bead carries a mixture of purified class | and class 11 molecules from
three or more donors, phenotypic beads, that carry multiple HLA class I or class 1l phenotype
antigens purified from a single donor, and single antigen beads, where each bead carries a single
recombinant HLA class | or class Il antigen/allele.

These assays have been cleared through CDRH’s 501(k) process as in vitro diagnostics with
FDA. MFI values reported by these assays are routinely used in transplant clinical practice in a
semi-quantitative manner to inform clinical decision making. The presence of dnDSA will be
refined into categories based on MFI values, according to the patient level data available to the
consortium. The specific categorical cut-points in the MFI scale will be determined in future
submissions once the appropriate patient-level data has been curated. It is anticipated these
categorical cut-points for subject with dnDSA will be based on those describes in Loupy et al
2019(ref) (Appendix 2) but that the appropriateness of these cut-points will be discussed in
future submissions. As part of the Consortium’s ongoing data aggregation effort, the specific
assay type, sample handling protocols, and raw MFI measures are being requested from data
contributors. These data will allow an appropriate set of criteria for the comparison of assays
between datasets to be established. These criteria will be developed with input of FDA and
defined in future submissions.

The Consortium is aware of four limitations of this assay and will require the full documentation
from data contributors before final determination of how these limitations will affect the
qualification effort. This will be discussed in detail in a future submission.

There have been significant efforts to minimize the inter-laboratory variability of anti-HLA
DSA testing. Each year the American Society for Histocompatibility and Immunogenetics
proficiency testing provides clinically based samples to assess a participating laboratory’s
ability to accurately perform their analyses (“Proficiency Testing Program - American Society
for Histocompatibility and Immunogenetics” n.d.). The results from these yearly assessments
are made publicly available. The core laboratories of the Clinical Trials in Organ
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Transplantation (CTOT), a collaborative clinical research organization headquartered at the
National Institute of Allergy and Infectious Diseases, has also sought to improve anti-HLA DSA
assay performance across the CTOT laboratories (Reed et al. 2013a; 2013b). These efforts have
demonstrated and published intra- and inter-laboratory variability. This study determined
several factors that contribute to overall variability in the inter-laboratory assay results,
including the individual center, which manufacturer or kit was utilized, and reagent lots.

Furthermore, saturation of the bead-bound antibody has been observed in when higher levels of
DSA are present than the number of HLA antigen targets on the beads (Anat R. Tambur and
Wiebe 2018). This presents a significant a challenge to the use of this assay in a semi-
guantitative or qualitative manner. This limitation can be overcome by serum dilution to ensure
bead saturation does not occur.

In addition, it has been proposed that inhibition of the reporter antibody can occur due to high
levels of complement in the serum that binds free DSA in solution and results in a reduced MFI
value (prozone effect) (A. R. Tambur et al. 2015). This limitation is frequently overcome with
pre-treatment of the serum with EDTA, other reagents, or dilution or titration studies.

Finally, due to the nature of HLA antigen polymorphism, many HLA antigens share significant
portions of their protein sequence (Anat R. Tambur et al. 2018). Thus, antibodies can recognize
a target/epitope that is shared by several HLA antigens. As a result, a specific HLA antigen may
bind to several beads. Since MFI is measured per single bead, the results may underestimate
antibody strength. HLA recognition patterns are possible to detect to compensate for cross bead
binding, but this limitation poses a significant challenge for interpreting the data from this assay
in a semi-quantitative format.

Considerations will be given to each of these limitations in future submissions when the
available patient-level data has been curated and the associated assay data has been gathered
and documented.

Clinical Considerations

At the 12-month time point post-transplantation, the composite score will be calculated for each
individual in both the study control and interventional arms. The mean composite scores between the two
arms will then be calculated. The survival model will take as an input each mean composite score and will
be used to predict the difference (if one exists) between the five-year failure rates between the twoarms.
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Figure 1: Decision tree for use of the Integrative Box (iBox) Scoring System as a reasonably

likely surrogate endpoint

Discuss proposed trial design, including use of
iBox as a RLSE, with FDA review division.

Initiate clinical trial for novel kidney
transplant immunosuppressive regime with
predefined utilization of surrogate endpoint.

v

Asses four components at 12 months :

2. proteinuria,
3. presence or absence of DSA,
4., Biopsy histology

Abbreviations:

iBox, Integrated Box Scoring System; RLSE,
reasonably likely surrogate endpoint; eGFR,
estimated glomerular filtration; SCr, serum
creatinine; DSA, anti-HLA donor specific antibodies

1. eGFR calculated with SCr, —p

Use iBox to calculate probability of long
term graft survival for the control and
novel interventional arms of study.

Can a statistically significant difference be
detected between the control and
intervention study arm?

No

A 4

Does the intervention arm
predict a clinically
meaningful improvement
in long-term graft survival?

Nol

Pending FDA review,
conditional approval of
the novel intervention

Continue 4 years
of post-marketing
follow-up

Pending FDA review, full
approval of the novel
intervention

It is intended that the iBox Scoring System will be used as a reasonably likely surrogate endpoint in
clinical trials evaluating the safety and efficacy of novel ISD therapies or regimens as part of FDA
Accelerated Approval Program submissions. The patient population that will be included in the final
context-of-use for this composite measure will ultimately be dependent on the data sets available to
support the development of the tool. Future qualification submissions will include detailed analysis of the
populations included in the data and therefore which populations will be included in the final context-of-

use.

There are inherent risks to drug developers and to patients associated with the use of any surrogate or
reasonably likely surrogate endpoint in clinical trials. If a surrogate does not actually reflect true long-
term treatment effects, new therapeutic agents may be approved for use despite no evidence of long-term
efficacy. This risk is mitigated through post-marketing confirmatory studies required by FDA’s
Accelerated Approval Program and by analysis of short-term outcomes at the time of long-term risk
assessment. The proposed scoring system will improve upon the current standing by allowing for short-
term and long-term assessments of drug efficacy.

The potential benefits of the iBox Scoring System are numerous. With ten-year graft survival rates as
low as 50% in some kidney transplant populations, there is significant need for better 1ISDs with
improved long-term outcomes. However, industry has be reticent to undergo the long-term clinical trials
required to assess long-term efficacy. Thus, qualification of a reasonably likely surrogate endpoint
would offer drug sponsors a mechanism to access FDA’s Accelerated Approval Program, thus
reinvigorating and incentivizing drug development in this therapeutic area. This directly translates to
improved patient care by providing a mechanism for novel 1SDs with improved outcomes to reach

patients faster.

The current gaps of this effort are largely centered around the ongoing data sharing and collaboration
work, discussed in more detail below. Specifically, information that will be required for future
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qualification submission documents will ultimately depend on data sets available to be included in the
final analysis. Further, while previous work in this field has identified measures important for predicting
long-term outcomes, this effort must re-analyze the available data to confirm the predictive and
prognostic capabilities of the individual components, as well as other predictors that should be included in
the final composite score. Figure 2 provides a brief overview of this Consortium’s plan to address these
gaps in relation to future qualification submissions. Following submission of this LOI, the future
Qualification Plan submission will include detailed analyses of the datasets that underpin the iBox
Scoring System, including appropriate target population, predictive variables to be included in the
Composite Scoring System, biomarker assay considerations of the identified variables, and aggregated
data sets to be used for model generation and validation.

Figure 2. Qualification Strategy for the Integrative Box (iBox) Scoring System

specific variables for inclusion in the
final Composite Scoring System

* Finalize modeling analysis plan

* Document and describe data sets to
be used for model generation and
validation

Pre-LOI Submission LOI Submission Pre-QP Submission QP Submission Pre-FQP Submission FQP Submission
¥ Y Y “ ¥ o—

* Preliminary assessment and * Continue data acquisition and * Address gaps described in FDA QP

development of Composite curation process Decision Letter and revise QP

Scoring System based on: * Address feedback and gaps in FDA * Execute modeling analysis plan

e Existing literature LOI Decision Letter to include in QP * Prepare aggregated and

* Available data sets * Gain granular understanding of standardized patient level data sets

* CPIM feedback patient level data and analytical for analysis and subsequent
* Develop preliminary modeling considerations for relevant submission

analysis plan biomarker assays * Execute modeling analysis plan

¢ Identify and finalize selection of

| Abbreviations: LOI, Letter of Intent; QP, Qualification Plan; FQP, Full Qualification Package; CPIM, Critical Path Innovation Meeting

Supporting Information

Summary of previous composite measures to predict kidney transplant outcomes

It is well established in the literature that individual markers of kidney transplant health are insufficient to
predict long-term outcomes with acceptable accuracy. Thus, significant prior efforts have attempted to
develop Composite Scoring Systems better able to predict the long-term health of the graft. A 2017 meta-
analysis reviewed risk prediction models for graft failure in kidney transplantation (Kaboré et al. 2017). It
is important to note that all of these risk prediction models have been geared towards clinical decision
making, and none has been evaluated or validated for use in ISD development.

A recent meta-analysis identified 39 risk prediction models published in the scientific literature from
2005-2015. The majority of these studies aimed to predict graft failure (generally defined as dialysis, re-
transplantation, or death with functioning graft) or death censored graft failure (defined as dialysis/re-
transplantation).

Of these risk prediction models, 14 studies included predictors measured during the post-transplant
period, with or without pre-transplant risk factors. Post-transplant predictors included in these studies
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most notably included creatinine (Ho et al. 2013) or eGFR (Hernandez et al. 2005; Moore et al. 2011),
blood pressure, and proteinuria (Foucher et al. 2010) in the weeks, months, and years following
transplant. Other predictors assessed included immunological markers and carotid-femoral pulse wave
velocity. Finally, previous risk prediction modeling efforts have attempted to predict short term (1-4
years) and long-term (< 5 years) outcomes.

Although important and significant work has been done to predict individual patient outcomes, as
captured by Kabore et al, the validation and overall assessment of these efforts have been limited, and
these efforts have not been validated for use in drug development.

More recently developed composite scores that have sought to predict long-term graft loss in individual
patients have incorporated elements of the patient demographics and pathophysiological measures.
Several recent composite scores are described below.

In 2014, Shabir et al (Shabir et al. 2014,) developed a new prediction instrument to predict five-year risk
of kidney transplant failure using data available at one-year post transplant. This effort utilized clinical
data from 651 patients from Birmingham, United Kingdom to develop a model capable of predicting
death-censored and overall transplant failure at five-years post transplantation. This model, called the
Birmingham Risk Score, incorporates recipient sex, age, and ethnicity, history of acute rejection, and one-
year post transplant measurements of eGFR, albumin, and urine albumin to creatinine ratio. The model
was then validated in 3 international cohorts, including 787 patients from Leeds, United Kingdom, 736
patients from Tours, France, and 475 patients from Halifax, Canada. The model was determined to have
adequate predictive value with a C-statistic of 0.78-0.90 for death-censored transplant failure and 0.75-
0.81 for overall transplant failure.

Building on research assessing the importance of surveillance biopsy and alloantibody data, the
Birmingham-Mayo model (Gonzales et al. 2016) was developed to evaluate whether risk models were
improved by the addition of biopsy histology and/or antibody evaluations. In this work, 1465 adults from
the Mayo Clinic in Rochester, MN had risk scores calculated using the Birmingham risk model. The
model was then expanded to include Banff scoring criteria and validated on a cohort of 981 subjects. This
process was repeated for DSA status and validated on a cohort of 622 subjects. While the addition of the
presence or absence of donor-specific antibodies into the original model failed to improve predictability
of the model, presence of glomerulitis or chronic interstitial fibrosis on a one-year surveillance biopsy
improved the model predictability (C-statistic = 0.90), calibration, and resulted in the reclassification of
the graft failure risk in 29% of patients. The Birmingham-Mayo model has been externally validated in a
high-risk cohort, performing well (C-statistic = 0.784) when predicting five-year graft loss in patients
with the presence of DSA. A recent effort has further validated the Birmingham-Mayo model in an
additional cohort of patients with the presence of DSA (Bentall et al. 2019).

Building on these previous efforts, Loupy et al (Loupy et al. 2019) leveraged the nationalized health care
system in France to prospectively follow long-term outcomes of kidney transplant patients in to develop a
new risk prediction model capable of predicting risk of graft loss at 3, 5, and 7-years post-transplant. The
model was subsequently validated in 2 international cohorts, three Phase Il and 11 clinical trials, and in
numerous clinical scenarios. The derivation cohort included 4000 consecutive patients over 18 years of

age from four centers across France with a median follow up time of 7.65 years. Quantitative analyses
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were performed to identify predictors of long-term outcomes. A scoring system, termed the iBox, was
then developed using the identified predictors, which include eGFR, proteinuria, kidney biopsy histology,
and presence or absence of donor specific antibodies. The performance of the iBox scoring system was
then evaluated in two validation cohorts (n = 3557) from the United States and Europe. Overall, model
performance showed good calibration and discrimination (C index 0.81, 95% confidence interval 0.79 to
0.83). The model was also validated against three phase Il or 111 clinical trials, with C-indices determined
to be 0.87, 0.82, and 0.92 in each of the three studies. Further, the risk score was shown to accurately
predict the actual observations of graft loss in these studies. The model was then assessed in multiple
clinical scenarios and in different subpopulations with acceptable performance characteristics in each
scenario and population, with C-statistics that ranged between 0.78 and 0.84, depending on the scenario.

The iBox Scoring System represents the most advanced prediction system for determining long-term risk
of graft-loss following a kidney transplantation. This work has recently been published and is available in
Appendix 2. However, the significant and ongoing external validation efforts have focused on the use of
the iBox Scoring System in clinical practice. To date, the iBox Scoring System has not yet been validated
for use in drug development. The current effort seeks to build on the existing clinical validation of the
iBox scoring system in order to expand its use into the drug development process.

Each component of the iBox Scoring System is individually biologically linked to key aspects of kidney
health and kidney allograft function, as described below. However, taken together the composite gives
broader biological insight into the current health of the kidney and the pathologies that lead to allograft
loss than the individual components in isolation. The individual components provide distinct information
on the health status of the graft through measurements of allograft function (eGFR and proteinuria),
direct assessment of allograft health (biopsy histology), and the recipient’s immune response to the
transplanted organ (presence or absence of dnDSA). Combining these individual measures into one
composite score allows for improved and more robust predictions of long-term graft survival than is
possible with any individual component. A discussion of each individual component can be found below.

eGFR

The most accepted and direct index of kidney function is the glomerular filtration rate (GFR),
which provides a measure of the cumulative volume of plasma that is filtered by the glomeruli in
a given time. Historically, the “gold standard” procedure for measuring GFR involved a
continuous intravenous infusion of a marker (e.g., inulin, iothalamate), followed by analysis of
repeated timed blood draws and urine collections to assess clearance of the marker. Directly
measuring GFR with these procedures are burdensome for patients and staff and impractical in
many clinical and research settings. As such, estimating GFR (eGFR) using endogenous markers
is an attractive alternative and this is most commonly used in current practice.

eGFR is a widely used marker of kidney function in clinical practice and clinical trials for most
or all kidney related disorders, including kidney transplantation.

Proteinuria

Under normal conditions, waste products are filtered through the glomeruli, while larger proteins
are selectively conserved. Smaller proteins that may be filtered through the glomeruli are
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reabsorbed in the proximal tubule. As a result of these processes, excretion of protein in the
urine is minimal in healthy kidneys. Excretion of more than small amounts of protein into the
urine indicates excessive passage through the glomerulus, thought to be primarily due to
endothelial cell injury, and/or decreased reabsorption by epithelial cells in the proximal tubule.
Assessments of protein excretion (including urinary albumin) is recognized as an important
identifier or chronic kidney disease. In kidney transplantation, even mild proteinuria has been
demonstrated to be predictive of decreased long-term graft function (Hohage et al. 1997) and has
been associated with overall patient mortality (Roodnat et al. 2001).

Biopsy Histology

Despite the inter- and intra-observer variability, several studies have shown that assessment of
the kidney transplant biopsy histology predicts outcomes, and when included in composite
models, has been shown to be predictive in multivariate analyses. In spite of its limitations, the
grading of biopsies has provided a common ground in diagnosis and further provides
opportunities to identify relationships between specific features and clinical outcomes.

Using the Banff criteria definitions, TCMR on one-year surveillance biopsy has been shown to
be an independent risk factor for graft loss (Randhawa 2015). The persistence of TCMR has
been associated with a substantial risk of graft failure (HR 4.88) in a Mayo Clinic Study that
included nearly 800 kidney transplants, and several other studies (Gago et al. 2012; EI-Zoghby et
al. 2009; M. Naesens et al. 2013). When co-occurring with antibody mediated rejection
(ABMR), the presence of TCMR is an independent risk factor for allograft failure (Matignon et
al. 2012). Even when TCMR is characterized predominantly by vasculitis in the absence of
extensive inflammation (i) or tubulitis (t), graft loss is significantly more frequent (Sis etal.
2015; Wu et al. 2014). The incidence of concomitant findings of TCMR and ABMR have been
variable, but their combined presence is a poor prognostic feature, even when the level of
tubulitis is minimal (Matignon et al. 2012; Rodrigues et al. 2014). This is further discussed
below.

Another phenomenon now appreciated with poor prognosis is the presence of inflammation or
tubulitis in areas of IFTA. Indeed, this finding led to the adoption of a total inflammation score
(Mengel et al. 2009). Long-term risk outcome has been strongly associated with allograft biopsy
histology and specifically the presence of IFTA, microvascular injury and
tubulitis+inflammation in non-scarred areas (Loupy et al. 2019). Multiple studies have found the
presence of inflammation in scarred areas (i-IFTA) of biopsies performed for allograft
dysfunction or proteinuria (Mannon et al. 2010; Matas et al. 2019) or on surveillance biopsies
(i.e., those performed per protocol, independent of transplant functional status) to be an
independent predictor of allograft failure (Lefaucheur et al. 2018; Nankivell et al. 2018).

A number of investigators have identified specific histopathologic features of ABMR that have a
negative prognosis for graft outcome. While the presence of C4d immunostaining in ABMR is
associated with higher rates of allograft loss compared to C4d negative ABMR (Orandi et al.
2016; Gaston et al. 2010; Sis et al. 2009; Willicombe et al. 2011), the latter is also associated
with shortened allograft survival. The presence of IFTA also portends a negative outcome for the
graft. IFTA was an independent predictor of allograft loss (HR, 2.93; 95% CI, 1.62 to 5.29;
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P<0.001) in a cohort of 278 kidney transplant recipients with active ABMR, as was the presence
of TG (HR, 2.25;95% ClI, 1.29 to 3.92; P=0.004), features often not responsive to treatment
(Viglietti et al. 2018). Similarly, Moktefi (Moktefi et al. 2017) and Haas (Haas et al. 2017)
identified IFTA at the time of ABMR biopsy to be a strong independent risk factor for death
censored allograft failure.

The presence of coincident TCMR with ABMR also has a negative prognosis. This may be in
part due to the frequency of both ABMR and cell mediated changes in kidney transplant
recipients with non-adherence (Wiebe et al. 2012). Cell mediated rejection was identified as an
independent risk factor for graft loss in C4d positive ABMR (Matignon et al. 2012), and with a
trend to statistical significance in multivariable analysis in a similar sized ABMR cohort that
included C4d negative biopsies (Haas et al. 2017). Similarly, the presence of vasculitis (“v”’) or
interstitial inflammation (“1”’) plus tubulitis (“t”) scores > 3 in ABMR biopsies were important
independent risk factors for graft failure in a cohort of kidney transplant recipients with biopsy
proven clinical rejection (Lefaucheur et al. 2013), highlighting the potential contribution of cell-
mediated injury in the outcome of ABMR.

dnDSA

The development of dnDSA post transplantation is considered an important marker to predict the
likelihood of allograft loss (Everly et al. 2013; Anat R. Tambur and Wiebe 2018).
Physiologically, HLA antigens on the donor allograft represent the major target for the
recipient’s immune system. Recipient T-cell recognition of the allograft stimulates a cascade of
immunologic events that ultimately results in a humoral immune response and the production of
antibodies that specifically target HLA molecules on the transplanted organ, i.e., anti-HLA DSA.
Thus, unlike the previously discussed features of the composite biomarker, measurements of the
presence or absence of DSA are not necessarily indicators of current health or function of the
allograft, but a marker of the recipient’s immune response to the transplanted organ. The
currently available assays allow for semi-quantitative analysis of the magnitude of immune
response; however, the literature disagrees as to the overall predictability of the presence or
absence of DSA compared to the magnitude of immune response as determined by MFI (Lee et
al. 2009; Anat R. Tambur and Wiebe 2018).

Integrative Box (iBox) Scoring System

To build a robust data package capable of supporting the utility of the proposed surrogate marker, the
Transplant Therapeutics Consortium has identified a diverse set of clinical trial data and real-world data
from clinical transplant centers that capture a wide range of variables, including eGFR, proteinuria, biopsy

histology, and dnDSA, which, when taken together within the first year post-transplantation are

potentially predictive of long-term graft loss. The variety in datasets and scope of variability included will

be fundamental to developing sufficient evidence to support the biological plausibility, causality,

universality, proportionality, and specificity of the marker. When necessary, to demonstrate the linkage
between the composite surrogate and the long-term outcome of allograft survival, shorter-term datasets
(e.g., clinical trials of 24- month duration) will be linked to data from the long-term kidney transplant

registry managed by the Scientific Registry of Transplant Recipients.



Key variables for analysis include, but are not limited to: core variables of interest (creatinine, eGFR,
proteinuria, DSA, biopsy histology via Banff component scores), baseline parameters (cold ischemia time,
delayed allograft function), outcome measures (cause of allograft loss, allograft loss date, death cause,
death date, acute rejection status, loss to follow up, adverse event and safety data), recipient parameters
(age at transplant, gender, ethnicity, end stage renal disease cause and classification, blood type, comorbid
conditions, concomitant medications, dates of dialysis, time since dialysis), and donor parameters (age,
gender, ethnicity, donor type: living or deceased), expanded criteria donor status, blood type, kidney donor
profile index, kidney donor risk index, baseline creatinine, hypertension status, diabetes status, cause of
death, hepatitis C status) and other supporting information (clinical trial ID numbers, publications).

Currently, 17 clinical trial datasets from eight pharmaceutical organizations, and datasets from five
clinical transplant centers have been identified and prioritized by the TTC to support the regulatory
development of the proposed surrogate marker. While the majority of these datasets are one to three
years in duration, they will be linked through established processes to the long- term registry database in
order to capture long term outcomes.

Data received from clinical transplant centers will contain an inherent heterogeneity reflective of the
diverse kidney transplant recipient population, and thus represent a rich source of long-term data. It is
expected that some data received will not be included in the final modeling analysis due to normal and
expected issues with standardization and aggregation across datasets. To date, the TTC has acquired five
clinical trial data sets and three from clinical transplant centers representing data from over 10,000
patients. A full list of datasets already acquired by the TTC can be found in Appendix 2.

Acquired individual datasets will be curated and integrated into one aggregated database. A subset of
variables for analysis will be selected from the aggregated database and used to develop the composite
risk scoring system. A semi-parametric or parametric survival modeling approach will be used to
develop the composite score system, and the final model will be validated by an independent dataset or
through cross-validation. The assessment of which datasets will be used for derivation and validation
will be described in the Qualification Plan submission.

Previous Qualification Interactions and Other Approvals

The TTC, as a public-private partnership with FDA, has previously requested and been assigned an FDA-
liaison. TTC’s current FDA liaison has participated in consortium meetings, including those discussing
the proposed biomarker and its use in drug development.

On March 26, 2019, the TTC held a Critical Path Innovation Meeting with FDA to discuss the potential
utility of the composite score as part of a clinical trial simulation tool. In this meeting, there was broad
agreement of the unmet clinical needs and of the drug development needs that act as barriers to the
development of novel 1SDs for use following kidney transplantation. Previous efforts at developing
clinically focused risk prediction scores were discussed, and the Agency encouraged the TTC to pursue
the formal qualification of a composite marker as a surrogate or reasonably likely surrogate for use in
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clinical trials.

The TTC intends to engage European regulators at the European Medicines Agency (EMA) once
sufficient data are acquired to support a Briefing Package submission towards the Qualification of Novel
Methodologies in Drug Development program at EMA. As of the time of this submission, no interactions
with EMA have been held.
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ABSTRACT

OBJECTIVE

To develop and validate an integrative system to
predict long term kidney allograft failure.
DESIGN

International cohort study.

SETTING

Three cohorts including kidney transplant recipients
from 10 academic medical centres from Europe and
the United States.

PARTICIPANTS

Derivation cohort: 4000 consecutive kidney recipients
prospectively recruited in four French centres between
2005 and 2014. Validation cohorts: 2129 kidney
recipients from three centres in Europe and 1428 from
three centres in North America, recruited between
2002 and 2014. Additional validation in three
randomised controlled trials (NCT01079143, EudraCT
2007-003213-13, and NCT01873157).

MAIN OUTCOME MEASURE

Allograft failure (return to dialysis or pre-emptive
retransplantation). 32 candidate prognostic factors for
kidney allograft survival were assessed.

RESULTS

Among the 7557 kidney transplant recipients
included, 1067 (14.1%) allografts failed after a

WHAT IS ALREADY KNOWN ON THIS TOPIC

development

The transplant field lacks robust studies specifically designed for prediction of
risk of long term allograft failure

Existing studies do not integrate a large spectrum of prognostic factors and
validate scoring systems in multiple large cohorts worldwide with different
transplant allocation systems

This represents a serious limitation for further improving patient care and drug

WHAT THIS STUDY ADDS

clinical practice

This is the first international study of risk prediction in kidney transplant
recipients, developed and validated across several large independent
populations and in randomised controlled clinical trials

The iBox score represents a novel integration of demographic, functional,
histological, and immunological factors that can be implemented in routine

It has potential to upgrade the shared decision making process for transplant
patients and represents a valid and early surrogate endpoint for clinical trials
and drug development in transplantation

thelomj | BMJ 2019;366:14923 | doi: 10.1136/bm].14923

median post-transplant follow-up time of 7.12
(interquartile range 3.51-8.77) years. In the
derivation cohort, eight functional, histological, and
immunological prognostic factors were independently
associated with allograft failure and were then
combined into a risk prediction score (iBox). This
score showed accurate calibration and discrimination
(Cindex 0.81, 95% confidence interval 0.79 to 0.83).
The performance of the iBox was also confirmed in
the validation cohorts from Europe (Cindex0.81,
0.7810 0.84) and the US (0.80, 0.76 t0 0.84). The
iBox system showed accuracy when assessed at
different times of evaluation post-transplant, was
validated in different clinical scenarios including type
of immunosuppressive regimen used and response
to rejection therapy, and outperformed previous

risk prediction scores as well as a risk score based
solely on functional parameters including estimated
glomerular filtration rate and proteinuria. Finally, the
accuracy of the iBox risk score in predicting long term
allograft loss was confirmed in the three randomised
controlled trials.

CONCLUSION

An integrative, accurate, and readily implementable
risk prediction score for kidney allograft failure has
been developed, which shows generalisability across
centres worldwide and common clinical scenarios.
The iBox risk prediction score may help to guide
monitoring of patients and further improve the design
and development of a valid and early surrogate
endpoint for clinical trials.

TRIAL REGISTRATION
Clinicaltrials.gov NCT03474003.

Introduction

End stagerenal disease affects an estimated 7.4 million
people worldwide.'? According to data from the World
Health Organization, more than 1 500000 people live
with transplanted kidneys, and 80000 new kidneys
are transplanted each vear.® Despite the considerable
advances in short term outcomes, kidney transplant
recipients continue to experience late allograft failure,
and little improvement has been made over the past
15 years.*® Although the failure of a kidney allograft
represents an important cause of end stage renal
disease, robust and widely validated prognostication
systems for the risk of allograft failure in individual
patients are lacking.® Accurately predicting individual
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patients’ risk of allograft loss would help to stratify
patients into clinically meaningful risk groups, which
may help to guide monitoring of patients. Moreover,
regulatory agencies and medical societies have
highlighted the need for an early and robust surrogate
endpoint in transplantation that adequately predicts
long term allograft failure.” An enhanced ability to
predict allograft outcomes would not only inform daily
clinical care, counselling of patients, and therapeutic
decisions but also facilitate the performance of clinical
trials, which generally lack statistical power because
of the low event rates during the first year after
transplantation.®

Taken individually, parameters such as estimated
glomerular filtration rate (eGFR),” ° proteinuria,
histology,*? or human leukocyte antigen (HLA) antibody
profiles, fail to provide sufficient predictive accuracy.
Previous efforts at developing prognostic systems
in nephrology based on various combinations of
parameters have been hampered by small sample sizes,
the absence of proper validation, limited phenotypic
details from registries, the absence of systematic
immune response monitoring, and the failure to include
key prognostic factors that affect allograft outcome
(for example, donor derived factors, polyoma virus
associated nephropathy, disease recurrence).t*®
Finally, no scoring system has been evaluated in
large cohorts from different countries with different
transplant practices, allocation systems, and practice
patterns, thereby limiting their exportability, which
is an important consideration for health authorities to
accept a scoring system as a surrogate endpoint."’

The objectives of this study (NCTO3474003) were
to develop a practical risk stratification score in a
multicentre, prospective cohort of kidney transplant
recipients that could be used to identify patients at
high risk of future allograft loss; to validate the score
on a large scale in geographically distinct independent
cohorts with different allocation policies and types of
transplant management; and to test the performance of
therisk score for predicting graft failure in randomised
controlled trials covering distinct clinical scenarios of
transplant.

Methods

Study design and participants

Derivation cohort.

The derivation cohort consisted of 4000 consecutive
patients over 18 years of age who were prospectively
enrolled at the time of transplantation of a kidney
from a living or deceased donor at Necker Hospital
(n=1473), Saint-Louis Hospital (n=928), Foch
Hospital (n=714), and Toulouse Hospital (n=885)
in France between 1 January 2005 and 1 January
2014. We excluded patients with grafts that never
functioned (primary non-functioning grafts; n=116).
The clinical data were collected from each centre and
entered into the Paris Transplant Group database
(French data protection authority (CNIL) registration
number: 363505). All data were anonymised and
prospectively entered at the time of transplantation,

RESEARCH

at the time of post-transplant allograft biopsies, and at
each transplant anniversary by using a standardised
protocol to ensure harmonisation across study centres.
We submitted data from the derivation cohort for an
annual audit to ensure data quality (see the methods
section and the study protocol in the supplementary
material for detailed data collection procedures). We
retrieved data from the database in March 2018. All
patients provided written informed consent at the time
of transplantation.

Validation cohorts.

The external validation cohorts comprised 3557
recipients of kidney transplants from a living or a
deceased donor who were over 18 years of age and
represented all patients eligible for post-transplant
risk evaluation (that is, undergoing allograft hiopsy
as part of the standard of care of each centre with
adequate hiopsy according to the Banff criteria) from
six centres: 2129 recipients recruited in Europe and
1428 recipients recruited in the US between 2002
and 2014. The European centres were Hopital Hotel
Dieu, Nantes, France (n=632); Hospices Civils, Lyon,
France (n=608); and the University Hospitals, Leuven,
Belgium (n=889). The US centres were the Johns
Hopkins Medical Institute, Baltimore, MD (n=580); the
Mayo Clinic, Rochester, MN (n=556); and the Virginia
Commonwealth University School of Medicine,
Richmond, VA (n=292). Datasets from the validation
centres were prospectively collected as part of routine
clinical practice, entered in the centres’ databases
in compliance with local and national regulatory
requirements, and sent anonymised to the Paris
Transplant Group.

In France, the transplantation allocation system
followed the rules of the French National Agency for
Organ Procurement (Agence de la Biomédecine). The
European centre outside France (Leuven) followed
the rules of the Eurotransplant allocation system
(https:/fwww.eurotransplant.org), and the US centres
(Johns Hopkins Hospital, Mayo Clinic, and Virginia)
followed the rules of the US Organ Procurement and
Transplantation System (https://unos.org/).

Additional external validation cohort.

Additional external validation was conducted in
kidney transplant recipients previously recruited in
three registered and published phase IT and III clinical
trials: a randomised, open label, multicentre trial that
compared a cyclosporine based immunosuppressive
regimen with an everolimus based regimen in kidney
recipients (Certitem, NCT01079143); a randomised,
multicentre, double blind, placebo controlled trial
that investigated the efficacy of rituximab in kidney
recipients with acute antibody mediated rejection
(Rituxerah, EudraCT 2007-003213-13); and a rando-
mised, double blind, placeho controlled, single centre
trial that investigated the efficacy of bortezomib in
kidney recipients with late antibody mediated rejection
(Borteject, NCT01873157).'%%° The details of the
clinical trials including the population characteristics,

doi: 10.1136/bm|.14923 | BMJ2019;366:14923 | thelmj
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study design, inclusion criteria, and interventions are
provided in supplementary table A.

Candidate predictors

Post-transplant risk evaluation times

Risk evaluation after transplantation was conducted
at the time of allograft hiopsy performed for clinical
indication or as per protocol, which was performed after
transplantation according to the centres’ practices.
In patients with multiple hiopsies, risk evaluation
used the date of the first biopsy. The distribution of
post-transplant risk evaluation times is provided in
supplementary figure A.

Risk evaluation after transplant comprised demo-
graphic characteristics (including recipients’ comor-
bidities, age, sex, and transplant characteristics),
biological parameters (including kidney allograft
function, proteinuria, and circulating ant-HLA
antibody specificities and concentrations), and
allograft pathology data (including elementary lesion
scores and diagnoses). All these factors are commonly
and routinely collected in kidney transplant centres
worldwide. See supplementary methods for the list
of all prognostic determinants assessed from the
derivaton cohort.

Measurements performed at time of risk evaluation
Kidney allograft function was assessed by the
glomerular filtration rate estimated by the Modification
of Diet in Renal Disease Study equation (eGFR) and
proteinuria level by using the protein/creatinine ratio
in the derivation and validation cohorts. Circulating
donor specific antibodies against HLA-A, HLA-B, HLA-
Cw, HLA-DR, HLA-DQ, and HLA-DP were assessed
using single antigen flow head assays in the derivation
cohort (see supplementary methods) and according
to local centres’ practice in the validation cohorts.
Kidney allograft pathology data, including elementary
lesion scores and diagnoses, were recorded according
to the Banff classification in the derivation and
validation cohorts (see supplementary methods). All
the measurements (eGFR, proteinuria, histopathology,
and circulating anti-HLA DSA) were performed on the
day of risk evaluation.

Outcome

The outcome of interest was allograft loss defined
as a patient’s definitive return to dialysis or pre-
emptive kidney retransplantation. This outcome was
prospectively assessed in the derivation and validation
cohorts at each transplant anniversary up to 31 March
2018.

Missing data

We excluded 59 (0.01%) patients in the derivation
cohortt from the final model owing to at least one
data point being missing. We excluded 158 (7.4%)
patients in the European validation cohort and 71
(5.0%) in the North American validation cohort
from the final model owing to at least one data point
being missing.

thelomj | BMJ 2019;366:14923 | doi: 10.1136/bm].14923
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Statistical analysis

We followed the TRIPOD (Transparent Reporting
of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis) statement (supplementary
methods) for reporting the development and validation
of the multivariable prediction model.”* We describe
continuous variables hy using means and standard
deviations or medians and interquartile ranges. We
compared means and proportions between groups
by using Student’s 7 test, analysis of variance (Mann-
Whitney test for mean fluorescence intensity), or the
% test (or Fisher’s exact test if appropriate). We used
the Kaplan-Meier method to estimate graft survival.
The duration of follow-up was from the patient’s
risk evaluation (starting point) to the date of kidney
allograft loss or the end of the follow-up (31 March
2018). For patients who died with a functioning
allograft, allograft survival was censored at the time of
death as a surviving or functional allograft.??

In the derivation cohort, we used univariable Cox
regression analyses to assess the associations between
allograft failure and clinical, histological, functional,
and immunological factors measured at the patient’s
risk evaluation (see ahove). We used the log graphic
method to test hazard proportional assumptions. The
factors identified in these analyses were thereafter
included in a final multivariable model.

We confirmed the internal validity of the final
model by using a hootstrap procedure, which involved
generating 1000 datasets derived from resampling
the original dataset and permitting the calculation of
optimism corrected performance estimates.? We tested
the centre effect in stratified analyses. We investigated
potential non-linear relations hetween continuous
predictors and graft loss by using fractional polynomial
methods (see supplementary methods).

We assessed the accuracy of the prediction model on
the basis of its discrimination ability and calibration
performance. We evaluated the discrimination
ability (the ability to separate patients with different
prognoses) of the final model by using Harrell’s
concordance index (C index) (see supplementary
methods).?* We assessed calibration (the ahility to
provide unbiased survival predictions in groups of
similar patients) on the basis of a visual examination
of the calibration plots by using the rms package in
R. We used the SurvIDINRI package in R to calculate
net reclassification improvement for censored survival
data.” ** We then evaluated the external validity of
the final model in the external validation cohotts,
including discrimination tests and model calibration
as mentioned above.

We calculated a risk prediction score (integrative
box risk prediction score—iBox) for each patient
according to the P regression coefficients estimated
from the final multivariable Cox model. Allograft
survival probabilities are given at three, five, and seven
years after iBox risk evaluation. The seven year post-
transplant iBox risk assessment was guided by the
median follow-up after iBox risk assessment of 7.65
(interquartle range 5.39-8.21) years.
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We used R version 3.2.1 foe all analyses and
considered P values below 0.05 to be significant; all
tests were two tailed. Details of the interpretation
of important statistical concepts are given in the
supplementary methods.

Patient and public involvement

The iBox initiative, including study design, study
results, and potential for patient care, was presented
and discussed among the two main French patients’
associations, involving patients, nurses, and health-
care professionals.

Results

Characteristics of derivation and validation cohorts

The derivation cohort (n=4000) and the two validation
cohorts (n=3557) comprisedatotalof 7557 participants
with 1067 (14.1%) allograft failures after a median
post-transplant follow-up time of 7.12 (interquartile
range 3.51-8.77) years. The characteristics of the
derivation and validation cohorts (overall, European,
and US validation cohorts), as well as the transplant
procedures, policies and allocation systems, are
detailed in table 1 and supplementary tables B-D.
The distribution of the time of the post-transplant
risk evaluation is provided in supplementary figure
A. The median time from kidney transplantation to
post-transplant risk evaluation was 0.98 (0.27-1.07)
years in the derivation cohort and 0.99 (0.18-1.04)
years in the validation cohort. The median follow-up
after transplantation was 7.65 (5.39-8.21) years in the
derivation cohort. The cumulative numbers of graft
losses in the development cohort were 332 at three
years, 449 at five years, and 549 at seven years.

Prediction of kidney allograft failure in derivation
cohort

We first investigated the prognostic factors measured
at the time of post-transplant risk evaluation that were
associated with long term kidney allograft failure in a
univariable analysis. These factors included recipient’s
demographics, characteristics of transplant, allograft
functional parameters, immunological parameters,
and allograft histopathology (table 2). In the multi-
variable analysis, the following independent pre-
dictors of long term allograft failure were identified:
time of post-transplant risk evaluation (P=0.005);
allograft functional parameters, including eGFR
(P<0.001) and proteinuria (logarithmic transfor-
mation, P<0.001); allograft histological parameters,
including interstitial fibrosis and tubular atrophy
(P=0.031), microcirculation inflammation defined by
glomerulitis and peritubular capillaritis (P=0.001),
interstitial inflammation and tubulitis (P=0.014), and
transplant glomerulopathy (P=0.004); and recipient’s
immunological profile as defined by the presence and
concentration of the immunodominant circulating
anti-HLA donor specific antibodies (P<0.001) (table
3). We used a Cox model stratified by centre to test the
effect of centre. We obtained stratified estimates (with
equal coefficients across centres but with a haseline

RESEARCH

hazard unique to each centre). We confirmed that the
eight prognostic parameters identified in the primary
analysis remained independently associated with
allograft survival (supplementary table E).

We calculated the prognostic score, named iBox, for
each patient according to the P regression coefficients
estimated from the final multivariable Cox model.
On the basis of this score, we built a ready to use
online interface for the clinician to provide allograft
survival estimates for individual patients (http://www.
paristransplantgroup.org). We are also providing, in
supplementary figure B, examples of clinical use of
iBox risk prediction scoring in daily practice.

Prediction model performance in internal and
external validation cohorts

We first internally validated the final multivariabhle
model via a bootstrapping procedure with 1000
samples from the original dataset of the derivation
cohort (supplementary methods). Using this
approach, we confirmed the robustness of the final
multivariable model: the internal validity of the
final model using a bootstrap procedure, which
involved generating 1000 datasets derived from
resampling the original dataset, thus permitting
the calculation of optimism corrected performance
estimates. Models were fitted for each of the 1000
samples by using backwards elimination. The
eight independent predictors identified in the final
multivariable Cox model were replicated in more
than 85% of the 1000 estimated models. We also
confirmed the discrimination ahility of the model
at three, five, and seven years (C index 0.835 (95%
confidence interval 0.813 to 0.856), 0.819 (0.799 to
0.839), and 0.808 (0.790 to 0.827), respectively) by
internally validating it using bootstrap resampling
with optimism corrected C index 0.831 (0.813 to
0.854), 0.816 (0.799 to 0.837), and 0.806 (0.790 to
0.827) at three, five, and seven years, respectively.

We then used several independent validation
cohorts and confirmed the transportability of the iBox
risk score in these geographically distinct cohorts.
The cumulatve number of allograft losses were 72
(3.4%), 155 (7.3%), and 206 (9.7%) in the European
validation cohort and 73 (5.1%), 108 (7.6%), and 148
(10.4%) in the US validation cohort at three, five, and
seven years after iBox risk evaluation.

Overall, we showed good discrimination perfor-
mance in the external validation cohorts with a C
statistic of 0.81 (95% bootstrap percentile confidence
interval 0.78 to 0.84) in Europe and 0.80 (0.76 t0 0.84)
in the US. Visual inspection of the calibration plots
showed good agreement hetween the iBox risk score
predicted probabilities of allograft survival at three,
five, and seven years after risk evaluation and actual
kidney allograft survival (fig 1).

Effect of therapeutic interventions on iBox risk score
We applied the iBox risk score to patients with

therapeutic interventions, including 844 kidney
transplant recipients from the derivation cohort who

doi: 10.1136/bm|.14923 | BMJ2019;366:14923 | thelmj
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Table 1 | Patients’ characteristics by cohort. Values are numbers (percentages) unless stated otherwise

Derivation cohort

European validation US validation cohort

(n=4000) cohort (n=2129) (n=1428) fvalier

Recipient demographics
Mean (SD) age, years 49.83 (13.7) 5058 (13.66) 50.42 (14.17) (=1420) 0.09
Male sex 2450 (61.3) 1333 (62.6) 830 (58.1) 0.02
Cause of end stage renal disease:

Glomerulonephritis 1086 (27.2) 584 (27.4) 365 (25.6)

Diabetes 438(11.0) 316 (14.8) 271(19.08) <0.001

Vascular 296 (7.4) 139 (6.5) 249 (17.4)

Other 2180 (54.5) 1090 (51.2) 543 (38.0)
Transplant characteristics
Mean (SD) donor age, years 51.68(16.33) 4824 (1579) (n=2122) 41.01(14.75) (=1420) <0.001
Male donor 2151 (53.8) 1225/2124(57.7) 694/1420 (48.9) <0.001
Donor with hypertension 1005/3903 (25.7) 450/1876 (24.0) 18971287 (14.7) <0.001
Donor with diabetes mellitus 231/3861 (6.0) 4711713 .7) 47/1276 (3.7) <0.001
Donor with serum
creatinine »1.5 mg/dL 422/3962 (10.7) 193/1936 (10.0) 284/1075 (26.4) <0.001
Donor type:

Deceased donor 3327 (83.2) 1974(92.7) 620 (43.4) 0.001

Death from cerebrovascular disease 1864/3327 (56.0) 993/1974(50.3) 194/618 (31.4) ©0.001

Expanded criteria donor 1409/3995 (35.3) 628/2010 (31.2) 72/1425 (5.1) 0.001
Prior kidney transplant 605 (15.1) 322 (15.1) 235/1408 (16.7) 0.34
Mean (SD) cold ischaemia time, hours 16.20(8.99) (n=3976) 1550 (7.30) (n=2093) 951(11.81) (n=1212)  <0.001
Delayed graft functiont 1046/3897 (26.8) 47642127 (22.40) 158/1424 (11.1) <0.001
Meat DINOWIHTHLIAIBIR 3.817 (136) 315 (1.39) (1=2083)  354(179) (1=1427)  <0.001

mismatch

HLA=human leucocyte antigen.
*Based on comparison of all cohorts.
tDefined as use of dialysis in first postoperative week.

received standard of care treatment for antibody
mediated rejection, standard of care treatment for
T cell mediated rejection, and calcineurin inhihitor
weaning for calcineurin inhibitor toxicity with
belatacept (characteristics, protocols, and treatment
interventions detailed in supplementary table F).
Overall, we found that the therapeutic interventions
were associated with significant changes in the
iBox risk scores (supplementary figure C). The iBox
prediction capability after treatment was accurate
in these three therapeutic scenarios (C index 0.81,
95% bootstrap percentile confidence interval 0.77 to
0.85). The calibration plot showed a good agreement
between the iBox prediction model after therapeutic
intervention and the actual observation of kidney
allograft loss.

Performance of iBox risk prediction score in
therapeutic randomised controlled clinical trials

We tested the performance of the iBox risk prediction
score in three registered and published phase II
and IIT clinical trials."®*° The details of the clinical
trials including the population, intervention, clinical
scenario, and follow-up times are presented in
supplementary tabhle A. We calculated the iBox risk
prediction scores of all patients included in the trials
and compared them with the actual allograft failures.
The iBox risk prediction score applied in the three
trials showed accurate discrimination overall (C index
0.87, 0.82t00.92). The calibration plot showed a good
agreement hetween the risk prediction score based on
predicted allograft loss and the actual observations of
kidney allograft loss.

thelomj | BMJ 2019;366:14923 | doi: 10.1136/bm].14923

Sensitivity analyses

We did various sensitivity analyses to test the robust-
ness and generalisability of the iBox risk score in
different clinical scenarios and subpopulations.

iBox integrative risk prediction score using allograft
monijtoring (eGFR/proteinuria) parameters

We showed that the iBox risk score using the
full model was superior in terms of prediction
capability to a simplified iBox model including
eGFR, proteinuria, and circulating anti-HLA DSA (C
index 0.79, 0.77 to 0.81; P<0.001). This was further
demonstrated by a continuous net reclassification
improvement of 0.228 for the full iBox model
compared with the simplified iBox model (95%
confidence interval 0.174 to 0.290; P<0.001). To
account for potentially different medico-economic
contexts limiting the availability of allograft
hiopsies, we are providing a simplified iBox score
based on functional-immunological parameters.
The calibration plot showed a good agreement
between allograft loss predicted hy the simplified
iBox model and the actual observations of kidney
allograft loss.

Added value of iBox risk prediction score compared
with previously reported risk scores

We did a systematic review (supplementary table G)
and compared the iBox risk prediction score with
previously published risk scores assessing long
term allograft outcomes. This showed that the iBox
prediction score outperformed other risk scores
(supplementary table G).
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Table 2 | Factors assessed at time of post-transplant risk evaluation associated with kidney allograft failure in

derivation cohort: univariable analysis

Recipient characteristics

No of patients

No of events*  Hazard ratio (95% CI) Pvalue

Age (per 1 year increment) 4000 549 1.00 (1.00 to 1.01) 0.46
Sex:

Female 1550 214 i

Male 2450 335 1.00 (0.851t0 1.19) 0.97
Transplant characteristics
Donor age (per 1 year increment) 4000 549 1.02 (1.01t0 1.02) <0.001
Donor sex:

Female 1849 254 1

Male 2151 295 0.98 (0.83t0 1.16) 0.83
Donor type:

Living 673 51 1

Deceased 3327 498 2.06 (15410 2.74) <0.001
Donor after cardiac deatht:

No 3234 489 1

Yes 93 9 1.51 (0.7810 2.92) 0.22
Donor hypertension:

No 2898 340 1

Yes 1005 195 1.84 (15410 2.20) 0.001
Donor diabetes mellitus:

No 3630 491 1

Yes 231 31 1.392 (1.01t0 1.93) 0.05
Creatinine concentration:

<1.5 mg/dL 3540 467 il

=1.5 mg/dL 422 75 1.43 (1.12 to 1.82) 0.004
Expanded criteria donor:

No 2586 285 1

Yes 1409 263 1.90 (1.60t0 2.24) <0.001
Previous kidney transplant:

No 3395 421 1

es 605 128 1.86 (1.53 10 2.27) <0.001
Cold ischaemia time:

<12 hours 1120 106 i

12-24 hours 2099 319 1.61 (13010 2.01)

=24 hours 757 124 173 (1.33t0 2.25) <0.001
Thymoglobulin induction immunosuppression:

No 1643 109 1

Yes 2104 316 1.25 (1.05 to 1.49) 0.012
No of HLA-A/B/DR mismatches 4000 549 1.03 (0.97 to 1.10) 0.29
Delayed graft functiont:

No 2851 362 1

Yes 104 246 1.94 (1.63 to 2.30) <0.001
Pre-existing anti-HLA donor-specific antibody:

No 3278 425 il

Yes 722 124 151 (1.23t0 1.84) 0.001
Time of risk evaluation
Time from transplant to evaluation (per 1 year increment) 3996 549 126 (1.21t0 1.33) ©0.001
Functional parameters
eGFR (mL/min/1.73 m?) 4000 549 0.94 (0.94 10 0.95) «0.001
Proteinuria at 1 year (log transformation) 4000 549 1.99 (1.86t0 2.13) <0.001
Structural-histopathology parameters
Interstitial fibrosis/tubular atrophy:

0-1 3099 331 1

2 595 116 2.15 (17410 2.66)

3 321 95 3.36 .67 to 422) <0.001
Arteriosclerosis:

0 1365 137 1

=1 2446 386 1.62 (13310 1.97) 0.001
Hyalinosis:

0 1567 149 il

=1 2360 381 1.74 (1.4410 2.10) <0.001
Interstitial inflammation and tubulitis:

0-2 3610 546 i

=3 3%0 93 1.97 (1.581t0 2.46) <0.001
Transplant glomerulopathy:

0 3702 449 il

=1 260 94 3.70 (29610 4.62) <0.001

doi: 10.1136/bm|.14923 | BMJ2019;366:14923 | thelmj
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Table 2| Continued

No of patients  No of events*  Hazard ratio (95% Cl) Pvalue

Endarteritis:

0 3794 506 1

21 96 27 2.26 (1.54103.33) <0.001
C4d graft deposition:

No 3452 416 1

Yes 548 133 2.45 (2.01 t0 2.98) <0.001
Microcirculation inflammation (g+ptc):

0-2 3616 261 .

3-4 308 92 3.07 (2.45 t0 3.85)

5-6 76 35 499 (3.53 10 7.04) <0.001
Polyomavirus associated nephropathy:

No 3902 518 1

Yes 97 S 2.82 (1.96 to 4.05) <0.001
Nephropathy recurrence:

No 3868 510 il

Yes 130 38 2.55 (1.84t0 3.55) <0.001
Antibody mediated rejection:

No 3398 368 il

iYes. 600 181 3.36 (2.81 t0 4.02) <0.001
T cell mediated rejection:

No 3812 503 1

Yes 187 46 1.96 (1.45 t0 2.66) <0.001
Immunological parameters
Anti-HLA donor specific antibody mean fluorescence intensity

<500 3312 394 1

=500-3000 483 82 1.66 (1.31t02.11)

23000-6000 82 24 3.11 (2.06 to 4.70)

26000 123 49 456 (3.38106.14) <0.001

Cad=C4d stain; eGFR=estimated glomerular filtration rate; g=glomerulitis score; HLA=human leukocyte antigen; ptc=peritubular capillaratis score.

*Number of events at 7 years after iBox risk evaluation.
tAmong deceased donors.

Prediction model performance using histological
diagnoses instead of Banff international
classification histological lesion grading

When we included histological diagnoses in
the multivariable model instead of histological
lesions graded according to the international
Banff classification, antibody mediated rejection
(P<0.001), T cell mediated rejection (P=0.04),
primary nephropathy recurrence (P=0.003), and BK
virus nephropathy (P=0.05) showed significant and
independent associations with allograft failure. In
this model, the set of non-histological predictors of
allograft failure identified in the primary analyses
remained unchanged (hazard ratios are shown for
each parameter in supplementary table H). The
discrimination ability of the histological diagnosis
hased model showed a C index of 0.81 (0.79 to 0.83).

iBox performance when applied at time of clinically
indicated biopsies versus protocol biopsies

We tested and confirmed the performance of the iBox
risk prediction score when risk evaluation started
at the time of clinically indicated allograft hiopsies
performed at any time after transplantation (n=1598;
40%), as well as at the time of one year protocol
hiopsies (n=2402; 60%) (table 4). Similarly, the iBox
risk score showed accurate discrimination ability for
long term allograft loss when risk evaluation started
before one year post-transplant or after one year post-
transplant (mean post-transplantation time of 0.89

thelomj | BMJ 2019;366:14923 | doi: 10.1136/bm].14923

(SD 0.23) years and 2.31 (1.66) years, respectively;
table 4).

iBox risk score performance versus risk score based
on parameters assessed at time of transplantation
When we tested the parameters assessed at time
of transplantation (recipient’s age, recipient’s sex,
donor’s age, donor’s sex, deceased donor, donor’s
cause of death, donor’s diabetes, donor’s hypertension,
expanded criteria donor, previous kidney transplant,
HLA mismatches, and anti-HLA donor specific
antibody), none of them remained independently
associated with allograft survival after adjustment
for post-transplant parameters assessed at the time of
iBox risk evaluation. Similarly, when we added day O
parameters to the multivariable model including risk
factors evaluated post-transplantation, we saw no
improvement in its discrimination ability. Lastly, when
we ran the Cox model with these parameters assessed
at the time of transplantation, the C index was 0.62
(0.593 t0 0.643).

iBox assessed in other clinical scenarios and
subpopulations

Finally, we confirmed the performance of the iBox
risk prediction score when applied in different
subpopulations and clinical scenarios including
living and deceased donors, according to recipient’s
ethnicity, in highly sensitised (high immunological
risk) and non-highly sensitised (low immunological
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Table 3 [ Independent determinants of kidney allograft loss assessed at time of post-transplant risk evaluation in
derivation cohort: multivariable analysis

Factor No of patients  No of events* Hazard ratio (95% CI) P value
Time from transplant to evaluation (years) 3941 538 1.08 (1.02t0 1.14) 0.005
eGFR (mL/min/1.73 m%) 3941 538 0.96 (0.95 10 0.96) «0.001
Proteinuria (log) 3941 538 1.51(1.40t0 1.63) <0.001
Interstitial fibrosis/tubular atrophy:

0/1 3074 330 1

2 550 115 1.14(0.9210 1.42)

3 317 93 1.39 (10810 1.77) 0.03
Microcirculation inflammation (g+ptc):

0-2 3568 414 1

3-4 29 90 1.45 (1.12t0 1.88)

5-6 74 34 1.83(1.24t02.71) 0.001
Interstitial inflammation and tubulitis (i+t):

0-2 3559 447 1

=3 382 91 1.34(1.06 to 1.68) 0.01
Transplant glomerulopathy (cg)

0 3684 445 1

21 25T 93 1.47 (1.13 10 1.90) 0.004
Anti-HLA donor specific antibody mean fluorescence intensity

<500

>500-3000 477 80 1.25(0.97 to 1.61)

=3000-6000 80 23 1.72 (1.13 t0 2.66)

=6000 119 48 2.05 (1.47 t0 2.86) 0.001

cg=transplant glomerulopathy score; eGFR=estimated glomerular filtration rate;

inflammation score; ptc=peritubular capillaratis score; t=tubulitis score.
*Number of events at 7 years after iBox risk evaluation.

risk) recipients, and in patients receiving induction by
anti-interleukin-2 receptor or anti-thymocyte globulin
(table 4). When parameters assessed at the time of
transplant (such as HLA mismatches), recipient blood
pressure at the time of risk assessment (log scale), and
calcineurin inhibitor through blood concentration
at the time of risk assessment were forced in the risk
prediction score, we saw no significant improvement
in its prognostic performance (table 4).

Discussion
The iBox, a risk prediction score combining functional,
histological, and immunological allograft parameters
together with HLA antibody profiling, showed good
performance in predicting the risk of long term kidney
allograft failure. We confirmed the generalisability of
the iBox risk prediction score by showing its external
validity in six geographically distinct cohorts recruited
in Europe and the US with distinct allocation systems,
patients’ characteristics, and management practices.
The iBox risk prediction score also showed its accuracy
when measured at different times after transplantation,
which permits updating of the score on the basis of new
events that patients might encounter in their long term
course. We also showed that the iBox risk prediction
score outperformed other available risk scores applied
in kidney transplant patients. Lastly, we confirmed
the predictive accuracy of the risk score in the data
reported from three published randomised therapeutic
trials covering different clinical scenarios encountered
after ransplantation, further enhancing its value as a
potential surrogate endpoint in transplantation.***°
Overall, the predictor variables used in the iBox
risk prediction score are easily available after
transplantation in most centres worldwide, making

g=glomerulitis score; HLA=human leukocyte antigen; i=interstitial

it feasible for implementation in routine clinical
practice. The iBox risk prediction system assessed
the risk at a given time point, but we have shown that
it can be re-evaluated at different time points after
transplantation, enabling clinicians to calculate a new
risk that takes into account the updated values of eGFR,
proteinuria, allograft scarring, allograft inflammation,
damage, and presence and concentration of anti-
HLA DSA. Therefore, we confirmed the iBox system’s
transportability for additionaland updated evaluations
in the patient’s long term course. To account for
different potential medico-economic contexts limiting
the availahility of allograft biopsies, we also provide
anabhreviated iBox score based on clinical-functional-
immunological parameters.

Comparison with other prognostic scores

Current prognostic scores implemented in clinical
practice in transplant medicine mostly predict
allograft survival at the tme of transplantation;
thus, their use is limited to allograft allocation
because they do not inform post-transplant clinical
decision making and monitoring of patients.”’” The
few attempts to develop post-transplant prognostic
scores have failed to provide useful tools for transplant
clinicians. According to a systematic review without
date restrictions for publications up to 28 September
2018, for allograft survival scoring systems among
kidney transplant recipients (see supplementary table
G), no study has developed and externally validated
a post-transplant prognostic score usable at any time
after transplantation that shows accuracy in clinical
trials. The main limitations to achieving a robust and
validated scoring system depend on multiple factors
including the insufficient data quality of the previously

doi: 10.1136/bm|.14923 | BMJ2019;366:14923 | thelmj
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European validation cohort North American validation cohort

Calibration for 3 year outcomes
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Fig 1 | Calibration plots at three, five, and seven years of iBox risk scores for validation cohorts: three year (A, B), five year (C, D), and seven year (E,
F) predictions. Data are from European validation cohort (A, C, E) and US cohort (B, D, F). Vertical axis is observed proportion of grafts surviving at
time of interest. Average predicted probability (predicted survival; x-axis) was plotted against Kaplan-Meier estimate (observed overall survival;
y-axis). Black line represents perfectly calibrated model, and blue line represents optimism corrected iBox model
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Table 4 | iBox risk prediction score performance when assessed in different clinical scenarios and subpopulations

Clinical scenarios and subpopulations

Risk model performance: C statistic

No of patients No of events (95% bootstrap percentile Cl)

Using functional and immunological parameters 3941 538 0.79 (0.77 t0 0.81)
Using histological diagnoses* instead of 3997 548 0.81(0.79 10 0.83)
Banff lesions grading

In stable patients (protocol biopsy) 1160 85 0.81(0.77 10 0.86)
In unstable patients (biopsy for cause) 2781 453 0.80 (0.78 10 0.82)
In first year after transplant 2300 291 0.78 (0.72 10 0.81)
After 1 year post-transplant 1641 247 0.84(0.82 10 0.87)
In living donors 662 51 0.82 (0.75 10 0.88)
In deceased donors 3279 487 0.80 (0.78 t0 0.82)
In highly sensitised recipientst 715 121 0.80 (0.76 10 0.84)
In non-highly sensitised recipients 3226 417 0.81(0.79 10 0.83)
Adding transplant baseline characteristicst 3735 573 0.81 (0.79 10 0.83)
In patients with anti-IL2 receptor induction 1621 206 0.79 (0.76 t0 0.82)
In patients with anti-thymocyte globulin induction 2069 308 0.83 (0.80 t0 0.85)
In African-American population§ 371 62 0.80 (0.74 10 0.85)
In non-African-American population§ 986 77 0.84 (0.80 t0 0.89)
Adding recipient blood pressure profile post-transplanty] 3973 541 0.80 (0.78 10 0.82)
Adding CNI blood trough concentration at time of 3822 525 0.81(0.78 10 0.83)
evaluation

CNI=calcineurin inhibitor; IL=interleukin.

*Histological diagnoses defined by last update of Banff international classification: antibody mediated rejection, T cell mediated rejection, BK virus

nephropathy, primary nephropathy recurrence.
THighly sensitised patients defined by panelof reactive antibodies »90%.

+Donors age, donor's sex, donor’s hypertension, donor's diabetes, recipient’s age, reciplent’s sex, human leukocyte antigen (HLA) mismatches,

retransplantation, and anti-HLA DSA at time of transplantation.

§Status was retrieved in US participating centres’ databases (no ethnicity data allowed in French development cohort database according to the French
law and regulation). African-Americans in US validation cohort represented 390 (27.3%) patients; Non-African-Americans in US validation cohort

represented 1038 (72.7 %) patients.

fBlood pressure profile defined by systolic blood pressure measured at time of risk assessment on log scale.

studied cohorts and the fact that no registry or
database system has been primarily designed to tackle
the specific aspect of prognostication. An even more
important aspect is external validation in different
populations, which prompted us to conduct a large
external validation in multiple centres worldwide.
Despite some expected loss of discriminative perfor-
mance, models are typically considered useful for
clinical decision making when the C statistic is greater
than 0.70 and strong when the C statistic exceeds
0.80, suggesting that the iBox risk prediction score
could support decision making.?® For prognostication
systerns in other fields such as oncology (for example,
locally advanced pancreatic cancer and metastatic
colonic cancer), the C index is typically closer to
0.60 or 0.70.%° Taken together, these results confirm
not only the robustness and validity of the iBox risk
prediction score but also its generalisability to other
transplant cohorts with different kidney allocation
systems, donor and recipient profiles, and distinct
patient management and healthcare environments.

Strengths of study

In this study, we have shown that the iBox risk
prediction score outperformed the current gold
standard (eGFR and proteinuria) for the monitoring
of kidney recipients. In particular, compared with
previous attempts at developing a prognostication
system, we found that allograft histological lesions
such as microcirculation inflammation, interstitial
inflammation-tubulitis (reflecting active rejection
process) and atrophy-fibrosis, and transplant glomeru-
lopathy (reflecting chronic allograft damage), in

addition to measuring allograft functional parameters
and recipient antibody profiles, improved the overall
discrimination capacity of the model and that a
multidimensional risk prediction score performs
better than its individual components. This risk
prediction score reflects the main patterns of allograft
deterioration leading to failure, represented hy
alloimmune processes and allograft scarring.”® Two
other prognostic scores have attempted to combine
several transplant diagnostic dimensions, including
allograft function and pathology and alloantibodies;
however, these scores were outperformed by the iBox
risk prediction score.*¢3?

Importantly, our results and the parameters included
in the final model reinforce the potential of the iBox to
beimplemented into contemporary clinical practice by
using automated approaches within electronic medical
record systems (an online electronic risk calculator is
provided at http://www.paristransplantgroup.org, and
examples are provided in supplementary figure B).

In addition, the combination of major drivers of
allograft failurein theiBox risk prediction score allowed
us to evaluate the early effect of clinical interventions
on long term allograft outcomes. In this study, we tested
and validated the iBox risk prediction score in the
setting of therapeutic clinical trials covering different
clinical scenarios and showed accurate performance
overall. We found that the prediction of allograft
failure assessed by the iBox score accurately fits with
the actual graft failures ohserved in these trials at five
years after risk evaluation. Importantly, the accuracy
of the iBox risk prediction score was conserved
regardless of the therapeutic intervention and popula-

doi: 10.1136/bm|.14923 | BMJ2019;366:14923 | thelmj
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tion in those trials, with accurate performance in
the Certitem (NCT01079143) calcineurin inhibitor
minimisation trial and in rejection treatment trials
(EudraCT  2007-003213-13; NCT01873157).1%%°
This finding reinforced the potential of the iBox
risk prediction score for defining a valid surrogate
endpoint. In our study, a well validated, strong, and
robust association existed between the surrogate
endpoint and the true endpoint, and this association
was consistent across different treatment settings.
Finally, because the criteria for defining a surrogate
endpoint also include the capacity of a surrogate
to be modified by therapeutics, we tested the iBox
across three prototypic therapeutic interventions and
showed that the iBox score was significantly modified
by these therapeutic interventions and showed good
performance in this setting as well. Thus, the iBox risk
prediction score fulfils all the Prentice criteria for a
satisfactory surrogate endpoint.'”>?

As a development perspective, implementation of
patient reported experience data would probably be
very relevant in future, so thatquality of life predictions
can complement those on graft survival, around
indicators such as the experience of treatments, the
relationship with the transplant doctor, adherence to
the therapeutic strategy, engagement, participation
in decisions, fatigue, anxiety, depression, and so on.
This would imply that other sources of data can he
mobilised, from collections made from the patients
themselves.

Limitations of study

Regarding the limitations of this study, we acknowledge
that statistical significance as a criterion to select
variables may not beideal asit may exclude confounding
factors. However, the multiple external validations
performed consistently confirm the robustness of our
final model. Emerging predictors post-transplant might
be also missing in our model. Despite the already high
performance achieved by the iBox risk prediction score,
future studies should evaluate the added value of new
non-invasive biomarkers or genetic factors in addition
to those currently reported regarding discriminative
capability, generalizahility, and overcoming the need
for an invasive procedure (kidney allograft biopsy).
Although intragraft gene measurements may improve
diagnostic accuracy in T cell mediated rejection and
antibody mediated rejection, their additive value for
allograft survival compared with classical prognostic
factors has not yet been demonstrated in large
unselected populations.

Another limitation is that information on the
adherence to drug treatment of individual patients
was lacking in our dataset. Although non-adherence
is inherently difficult to capture, especially at a
population level*® the iBox score, because its
mechanistically informed design could likely capture
the consequences of non-adherence (development of
de novo donor specific anti-HLA antibodies, allograft
injury, scarring, inflammation, and diminished
glomerular filtration rate).

thelomj | BMJ 2019;366:14923 | doi: 10.1136/bm].14923
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Although the iBox risk prediction score was
primarily generated wusing a large, prospective,
unselected cohort, a prospective validation of the iBox
in daily clinical practice remains desirable. Finally,
despite the validation of the iBox risk prediction score
in an interventional setting, future trials are needed to
determine whether a strategy based on a systematic
risk evaluation compared with an empirical approach
might improve clinical management.

Conclusions

Wehave developed and validated arisk prediction score
that accurately predicts allograft failure after kidney
transplantation. We have shown its generalisability
and transportability across centres in Europe and
the US and its performance in therapeutic clinical
trials. The risk prediction score provides an accurate
but simple strategy that can be easily implemented
to stratify patients into clinically meaningful risk
groups and that can be time updated after transplant,
which may help to guide monitoring of patents in
everyday practice and upgrade the shared decision
making process. Lastly, as the risk score fulfils the
Prentice criteria, it may represent a valid surrogate
endpoint that could open avenues for improving the
design of clinical trials and development of drugs in
transplantation.
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Appendix 3. TTC Data Summary Table

Datasets In-House: Number of Subjects

Study/Dataset Name Sponsor Subject Numbers
Mayo Arizona - 3,160
Mayo Rochester - 1,640
TRANSFORM Novartis 2,226
Elevate Novartis 992
Us-92 Novartis 613
Houston Methodist -- 1,676
Total 10,307
6-Month Data Outlook: Number of Subjects
Study/Dataset Name Sponsor Subject Number
BENEFIT, BENEFIT-EXT BMS 1,333
LCPTacro3001 and 3002 Veloxis 863
Northwestern data -- T8D
CTOTO08 - 372
Paris Transplant Centers - ~4,800
The 1010, TRIMS Sanofi Genzyme ~428
Helsinki Finland Center Study - ~600-700
Total ~8,500
Total Data Expected ~18,807
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1. BACKGROUND

Approximately 19,000 patients received kidney transplants in the United States each year. Nearly all
patients who receive kidney transplants are prescribed immunosuppressive drugs (ISD) therapy; however,
a significant number of patients experience allograft loss by 5 and 10 years after transplantation. There is a
need for development of ISDs with better long-term outcomes. The Critical Path Institute’s Transplant
Therapeutic Consortium (TTC) requested the CPIM to discuss current needs to accelerate drug
development for kidney transplant patients and to obtain FDA’s feedback on the development of a clinical
trial simulation tool to support the evaluation of immunosuppressive drugs in clinical trials.

2. DISCUSSION

Representatives of TTC discussed the challenges associated with the development of novel
immunosuppressive drugs (ISD). It was noted that the standard of care, immunosuppressive therapy for
transplant patients have not changed in twenty years and that first-year post-transplant success rates were
high. Clinical trials for ISDs must aim to be non-inferior to the standard of care regimen or lengthy if they
are to show superiority to the standard of care. There is a lack of understanding of the complex
mechanisms that lead to graft loss and diversity of kidney transplant donors and recipients. In addition,
there are no publicly available drug development tools to optimize clinical trial design for ISDs for better
long-term graft survival.

Representatives of the TTC described the development of the clinical trial simulation (CTS) tool. The
proposed context-of use for the CTS tool is to optimize phase II and III clinical trial design for evaluating
therapeutic candidates for immunosuppression following kidney transplantation. The goal is to develop a
mathematical representation of longitudinal changes derived from 1-year post-transplant characteristics.
The Integrative Box (iBox) Scoring System presented as a component of the CTS tool is based on two sets
of multivariate models. The first set of models describes the 1-year dynamics of disease progression
measured by proteinuria, eGFR, and donor specific antibodies. These models are enhanced with the Banff
lesion score to derive the total iBox score, an integrative scoring system that predicts kidney allograft loss.
The iBox system is based on a large international study of kidney transplant recipients and takes into
account important allograft loss risk factors including baseline donor and recipient characteristics,
transplant characteristics, post-transplant injuries, treatment and anti-HLA donor specific antibody
measurements. TTC representatives noted that the performance of the iBox score was validated in multiple
cohorts and was able to successfully predict graft survival beyond 1-year post transplantation. As a result
they concluded that the iBox score is correlated with treatment performance. The results from the first set
of multivariate models will be used to develop a second parametric time to event (TTE) model that
describes the time-varying probability of kidney graft failure up to five years.

Additional discussion focused on the potential utility of the proposed CTS tool in ISD clinical trials. There
were questions as to whether the specific CTS tool would have utility given that longitudinal data for 1 year
would need to be accrued prior to entry into a clinical trial. Instead, there seemed to be significant interest
in iBox score as an endpoint to support accelerated approval or as a surrogate endpoint. FDA noted that
there is a need to understand whether iBox score changes in response to intervention, and additional
discussion would be needed to support the utility of the iBox as a surrogate endpoint. However, FDA
expressed openness to discussing the use of iBox as a part of accelerated approval pathways in individual
drug programs. FDA representatives were interested in seeing the current TTC manuscript under peer
review, along with the peer reviewers’ comments. TTC representatives discussed the consortium’s future
plans to compare the iBox score’s ability to predict long-term outcomes in registry data.
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3.  NEXT STEPS

1. TTC will work internally to determine a proposed context of use for iBox and/or the CTS.
2. TTC will provide FDA with the iBox manuscript under review along with the peerreviewers’

comments.
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