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Abstract

Histologic findings on 1-year biopsies such as inflammation with fibrosis and trans-

plant glomerulopathy predict renal allograft loss by 5 years. However, almost half of

the patients with graft loss have a 1-year biopsy that is either normal or has only inter-

stitial fibrosis. The goal of this study was to determine if there was a gene expression

profile in these relatively normal 1-year biopsies that predicted subsequent decline in

renal function. Using transcriptome microarrays we measured intragraft mRNA levels

in a retrospectiveDiscovery cohort (170patientswith anormal/minimal fibrosis 1-year

biopsy, 54 with progressive decline in function/graft loss and 116with stable function)

and developed a nested 10-fold cross-validated gene classifier that predicted progres-

sive decline in renal function (positive predictive value= 38± 34%%; negative predic-

tive value=73±30%, c-statistic= .59). In a prospective,multicenter Validation cohort

(270 patients with Normal/Interstitial Fibrosis [IF]), the classifier had a 20% positive

predictive value, 85% negative predictive value and .58 c-statistic. Importantly, the

majority of patients with graft loss in the prospective study had 1-year biopsies scored

as Normal or IF. We conclude predicting graft loss in many renal allograft recipients

(i.e., those with a relatively normal 1-year biopsy and eGFR> 40) remains difficult.

KEYWORDS

genomics, glomerular filtration rate, kidney (allograft) function / dysfunction

1 INTRODUCTION

Improving long-term renal allograft survival is a major unmet need.

The ability to identify grafts at risk for failure would improve our

ability to counsel patients and to conduct clinical intervention tri-

als. We and others have shown that in kidneys that survive a year,

© 2021 JohnWiley & Sons A/S. Published by JohnWiley & Sons Ltd.

we can predict 5-year graft loss using a combination of clinical fac-

tors and histologic findings on 1-year surveillance biopsy.1–3 How-

ever, we also have shown that these predictive factors are rare

(almost 90%of patients have a low-risk profile) and that approximately

half of all graft losses at 5 years occur in patients with a low risk

profile.1
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Renal allografts without overt inflammation on light microscopy

show signs of inflammation by gene expression when compared to

native kidneys suggesting that all renal allografts are inflamed.4 This

is likely due to early ischemia/reperfusion responses and innate immu-

nity. Therefore, the goal of this study was to determine if at 1 year, in

grafts whose biopsy was Normal or had Interstitial Fibrosis (IF), a gene

expression profile might predict significant decline in graft function by

5 years post-transplant.

2 METHODS

2.1 Study design and patients

With IRB approval, this study was conducted in two parts in which

a retrospective Discovery Cohort was first developed followed by a

prospective multicenter validation study. All work on the Discovery

Cohort including “locking” the classifier genes was completed prior to

the start of the prospective multicenter validation study. The inclusion

criteria were recipients of adult conventional solitary renal transplants

with a 1-year surveillance biopsy. Repeatedmeasures of renal function

from 1 to 5 years post-transplantation with data and specimens were

collected as standard of care.

2.2 Discovery cohort

This cohort developed retrospectively from patients at Mayo Clinic

Rochester as follows: (1) Patients transplanted from 1/7/2000 to

12/29/2005 who underwent a 1-year protocol biopsy (n = 6755); (2)

Local pathologist Banff scores were available for 535 cases and 458

(86%) were scored as cg = 0, i = 0 and ci≥0 (No central pathology

reviewwas performed); and (3) From these, 170biopsieswere selected

across the continuum of 1–5 year function (equal distribution across

1–5 year eGFR slope quintiles) with a 1-year estimated GFR (eGFR) by

Modification of Diet in Renal Disease (MDRD)6 of> 40mL/min.

Each subject had a 1-year eGFR calculated using the MDRD equa-

tion, which was considered the baseline. The stability of eGFRwas cal-

culated using the average of all eGFRmeasurementswithin each of the

eight 6-month intervals from 1 to 5 years post-transplant (i.e., 1-1.5,

1.5-2.0, 2.0-2.5, etc.).

“Progressors” were defined using the following data: (1) 1-year

estimated GFR of > 40 mL/min; and (2) progressive decline in eGFR

between 1 and 5 years. For each subject all of the following criteria

were necessary to determine progressive decline: a minimum follow-

up of 4 intervals post-1-year; a slope of← 6.1% per year (i.e., slope of

decline of renal function is > 6.1%); a > 20% decline in eGFR from 1-

year post-transplant to latest follow-up within 4 years of the 1-year

biopsy and at least one eGFR (MDRD) interval < 60 mL/min. Non-

Progressors are subjects who did not meet these criteria. The spe-

cific slope cutoff was determine using data from a prior study which

examined sequential eGFR measurements in renal transplant recipi-

ents from1 to5 years. In that study subjects in the lowest slopequintile

(cutoff of −6.1%) accounted for 69% of the allograft failures after 2.5

years post-transplant.5

Of the 170 subjects in the Discovery cohort, 54 met the Progressor

criteria and 116 were Non-Progressors with follow-up for study

purposes truncated at 5 years in 78% of subjects with a mean total

follow-up of 76months post-transplant at the timeof study design. The

characteristics (demographics, transplant, follow-up, etc.) between the

Discovery Cohort Progressors and Non-Progressors are contained in

Supplemental Table 1.

2.3 Prospective multicenter study—The
validation cohort

Based on the Discovery set gene expression data, an online validation

study size calculator7,8 was used to estimate that 280 subjects would

be necessary to validate the Discovery data (210 Non-Progressor

and 70 Progressors). Briefly, sample sizes were calculated like a test

of non-inferiority where the mean accuracy of a classifier, evaluated

on an external dataset, must be contained within a tolerance inter-

val of .1 of the training accuracy. After accounting for the rates of

all inclusion criteria (80% 1-year histology, 84% eGFR < 40 and 87%

not lost to follow-up overall) in a large retrospective cohort,5 the

overall enrollment for the study was set at 480. We then prospec-

tively enrolled a total of 491 subjects in the multicenter IRB-approved

study (ClinicalTrials.gov number: NCT01782586; NIH Protocol num-

ber:Gen04) since a number of enrolled subjects did not receive a1 year

surveillance biopsy (Figure 1). The multicenter study includes trans-

plants between 02/2012 and 02/2015 at 4 sites (Henry Ford Hospi-

tal, Detroit, MI; Mayo Clinic Arizona, Phoenix, AZ, USA; Mayo Clinic

Florida, Jacksonville, FL, USA; and Mayo Clinic Rochester, Rochester,

MN, USA). Patient follow-up ended 03/2018. All subjects underwent

1-year surveillance biopsy as standard of care andwere included in the

Validation cohort if: (1) they had a eGFR> 40mL/min at 1-year; and (2)

had a biopsywithout transplant glomerulopathy (cg= 0) and/or inflam-

mation (i = 0). The determination of Progressor/Non-Progressor was

determined in the samemanner as the Discovery cohort. Patients who

weremarkedly non-adherent (in the opinion of their study team) in the

first year were not included in the recruitment.

See SupplementalMethods for further details regarding cohort devel-

opment.

2.4 Pathology consensus scoring for the
multicenter study

Slides from all 1-year biopsies from the multicenter study were

scanned using a whole slide scanner (Aperio AT2, Leica Biosystems,

Buffalo Grove, IL, USA). When the central and local pathologist agreed

on the biopsy phenotype necessary for validation of themolecular clas-

sifier (cg = 0, i = 0, ci≥0) no additional central pathologist was used.

If the results differed, then a second central pathologist reviewed the

case to adjudicate the results as described in our prior publication.9 To
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F IGURE 1 Validation cohort flowchart. The
multicenter validation study contained 491
subjects, with 477meeting primary inclusion
criteria. Of those, 207were excluded due to
various criteria. The remaining 270made up
the Validation cohort with 227 subjects being
Non-Progressors andwere 43 Progressors

avoid center bias, the local and central pathologistswere fromdifferent

centers. For details see Supplemental Methods.

2.5 RNA isolation, QC, and array core

RNA isolations were performed on the Discovery and multicenter

study cohort biopsies as previously described10–12; SupplementalMeth-

ods). All specimens had a minimum of RNA Integrity Number> 6.9 and

yield of 1μg total RNA.Data quality, preprocessing, differential expres-
sion, and predictive modeling were conducted using the software R.13

All array samples and data underwent multiple standard quality con-

trol assessments. The final microarray data were subjected to post-

hybridization data processing that included quantile normalization14

and plate correction. Microarray data are available on the GEO web

site (https://www.ncbi.nlm.nih.gov/gds/; GEO: GSE181757).

2.6 Differential expression

Both the Discovery and Validation cohorts underwent differential

expression assessment between Progressors and Non-Progressors.

These data were then overlaid onto previously annotated biologic

pathways (IPA, QIAGEN Redwood City, www.qiagen.com/ingenuity)

and transplant related pathogenesis-based transcript sets.15–17 The

results were analyzed for over-representation by Fisher’s exact test

with Benjamini–Hochberg correction for multiple comparisons.18

2.7 Classifier development and testing

The classifier was based upon the Discovery cohort and built using an

elastic net penalty (90% L2 penalty and 10% L1 penalty) applied to a

logistic regression setting to predict Progressor / Non-Progressor sta-

tus. Only probes that had at least 50% detection in at least one of the

Progressor groups were included. Ten-fold cross-validation was used

to choose the tuning parameters. To calculate an unbiased estimate

of error on a validation sample, a nested cross validation procedure

was implemented. In this way, tuning parameters are identified using

an internal 10-fold cross validation within each fold of an external 10-

fold cross validation. TheValidation cohort specimenswerenormalized

to the same distribution that was used in the Discovery cohort calcu-

lating risk scores from the logistic model derived in from the Discov-

ery cohort. The area under the receiver operating characteristic curve

(AUC) was calculated based on this probability value. Youden’s J Index

was used to establish a threshold probability score for classification

in to either Progressor or Non-Progressor after which the classifier

assessed using positive predictive value (PPV), and negative predictive

value (NPV).Detailedmethods of classifier development are presented

in the SupplementalMethods.

3 RESULTS

3.1 Discovery cohort differential expression

The Discovery cohort was developed retrospectively from patients

at Mayo Clinic Rochester and included 54 patients with progressive

decline in function/graft loss and 116 with stable function. After RNA

extraction and hybridization, a total of 24 678 probes were considered

detectable by at least 50% of the samples in the Progressor or Non-

Progressor groups by the Illumina software. Using this set of probes,

we performed a differential gene expression analysis for the Discov-

ery cohort. A total of 1884 unique transcripts were identified as signif-

icantly altered between Progressor and Non-Progressors. To examine

the pathways of transcripts that were significantly altered, a GeneSet

Enrichment Analysis was performed using both Ingenuity Pathway and

Pathogenesis-based transcript (PBT) gene lists. In theDiscovery cohort

dataset, the majority of the significantly enriched Ingenuity Pathways

were related to pro-inflammatory processes such as antigen presen-

tation, allograft rejection related to immune cells (T-cells, dendritic

cells, natural killer cells, etc.) (Table 1). Similar findings were observed

usingPBTswith the significant enrichment ofmultiple immune-cell (i.e.,

T-cell and macrophage associated transcripts) and transplant-related

PBTs. This included the PBT of genes positively associated with graft

failure and genes negatively correlated with eGFR.

https://www.ncbi.nlm.nih.gov/gds/
http://www.qiagen.com/ingenuity
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TABLE 1 Differential gene expression

Discovery data

Genes per

pathway

Altered genes

per pathway

Ratio of altered

expression %Upregulated P

Ingenuity Pathways

Antigen Presentation Pathway 32 20 63% 100% .0000

Allograft Rejection Signaling 31 19 61% 100% .0000

Crosstalk betweenDendritic Cells andNatural Killer Cells 62 29 47% 100% .0000

Communication between Innate and Adaptive Immune Cells 50 22 44% 100% .0009

Cytotoxic T Lymphocyte-mediated Apoptosis of Target Cells 37 18 49% 94% .0009

Type I DiabetesMellitus Signaling 94 34 36% 82% .0009

Graft-versus-Host Disease Signaling 32 16 50% 100% .0013

Dendritic Cell Maturation 114 38 33% 87% .0017

TREM1 Signaling 43 19 44% 89% .0017

CD28 Signaling in T Helper Cells 98 31 32% 87% .0182

Altered T Cell and B Cell Signaling in Rheumatoid Arthritis 52 19 37% 100% .0257

Pathogenesis Based Transcripts

Immune cell-related

CTL-associated transcripts (mouse) 209 66 37.5% 100% .0000

CTL-associated transcripts 2 (human) 363 77 25.7% 94% .0121

γ-IFN and rejection induced transcripts 1 (mouse) 29 15 55.6% 100% .0005

γ-IFN and rejection induced transcripts 2 (mouse) 142 38 30.9% 95% .0073

Macrophage-Associated Transcripts (human) 60 19 38.0% 95% .0082

Quantitative CTL-Associated Transcript Set (human) 22 9 47.4% 100% .0193

Transplant-related

DSA Specific Transcripts 20 11 57.9% 100% .0018

Transcripts correlatedwith eGFR decline (human) 125 33 28.0% 94% .0414

Genes+ assoc with graft failure (human) 572 136 25.6% 99% .0007

Human AntibodyMediated Rejection (Classifier) 19 9 50.0% 100% .0137

Gene Set Enrichment Analysis using Ingenuity Pathway Analysis and transplant related Pathogenesis-Based Transcripts was performed using the Discovery

cohort dataset. Significant enrichment (P< .05 by Benjamini-Hochberg corrected Fisher-Exact Test) is highlighted and bold.

3.2 Classifier development

Initial classifier development revealed sensitivity and specificity of 78–

80%. We hypothesized that the heterogeneous nature of the patients

included in the study may be masking the true signal related to “Pro-

gression.” Therefore, we chose to re-analyze the data after removal of

patients with several criteria considered likely to influence intragraft

expression and long-term renal function/survival. This included devel-

opment of BK+ (n = 4), recurrent disease (n = 10), or DSA (n = 2)

between transplant and 1-year biopsy or existence of pre-txp DSA

(n = 15). A total of 31 patients/samples were removed from the Illu-

mina dataset leaving 101Non-Progressors and 38 Progressors used in

the development of the molecular classifier (aka Restricted Discovery

cohort).

The locked molecular classifier included 10 probes identified

through the use of elastic net logistic regression using microarray data

from theDiscovery cohort (see Figure 2A). The Progressor-Prediction-

Score for eachparticipant is obtainedby (1)multiplying themodel coef-

ficients for each probe by the log2-normalized probe expression val-

ues, (2) adding all of these products, (3) adding a value of 3.924532, and

finally taking the logistic transform of this value. Model values ≥.7035

categorize Non-Progressors and values < .7035 categorize Progres-

sors. This cutoff was chosen as it is themaximum sum of the sensitivity

and specificity.

x = 3.924532 +
10∑

i=1

Coefficienti × Probei y =
1

1 + e−x

= Probability of being a Progressor

Using the model, the restricted Discovery cohort performance had

an AUC of .9148, sensitivity (82%), specificity (88%), PPV (72%), and

NPV (93%) (See Figure 2B). Based on the 10-fold cross-validation the

meanAUC± standard error is .5903± .0284 (sensitivity= 50%± 39%,

specificity = 62% ± 30%, PPV = 38% ± 34%, and NPV = 73% ± 30%)
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F IGURE 2 Classifier development and performance. The list of 10 transcripts belonging to themolecular classifier are included in (A). For each
transcript the average normalized expression value and percentage of samples considered to have detectable expression by the Illumina software
is provided for the Progressor andNon-Progressor groups. (B) summarizes the performance of the Restricted Discovery Cohort with an Area
Under the Curve (AUC) plot and other model performancemetrics (sensitivity, specificity, positive predictive value [PPV], negative predictive
value [NPV])

(Figure 2C). Importantly, all work on the Discovery Cohort and initial

classifier development was completed prior to the prospective enroll-

ment and gene expression testing of the Validation Cohort. That is

the classifier was “locked” prior to testing samples from the Validation

cohort.

3.3 Validation cohort

The Validation cohort was developed from the four-site multicenter

study (491). The subjects were followed from enrollment at 1-year

surveillance visit until an average follow-up of 46 months post-

transplant with a total of 18 confirmed graft losses, 26 patient deaths

with function, and five subjects considered lost to follow-up (see

Supplemental Table 2). As of March 2018, 428 grafts (89.7%) were

still active (Supplemental Table 2). To determine 1-year histology, we

used an adjudication scheme to score the biopsies. For the multicenter

study, 19 biopsies originally read as Normal / IF by the local pathol-

ogist were “reclassified” as abnormal and 22 abnormal biopsies were

reclassified as Normal / IF (Table 2). When histology and other exclu-

sion criteria were assessed, a total of 207 multicenter subjects were

excluded (83 had central 1- year histology as not Normal/IF; 50 had

an eGFR < 40 mL/min at 1-year; 34 were lost to follow up and 40 had

inadequate RNA). The remaining 270 constitute the Validation Cohort.

3.4 Differences between the discovery and
validation cohorts

Compared to Discovery Cohort, the Validation Cohort included more

non-white recipients (20.4% vs 6.5%), was older at the time of trans-

plantation (43.1 vs 39.8 years), lower rates of Thymoglobulin induction

use (39.7% vs 85.3%), higher rates of steroid-free immunosuppression

(28.1%vs5.3%), fewer eGFRmeasurements (27.2 vs33.9), and ahigher

percentage of biopsies with IF (48.9% vs 37.1%) (Table 3). Although

the study phenotypes involved clinical data between 1 and 5 years

post-transplant, themean total follow-upwas shorter in the Validation

cohort (47 vs 77 months post-transplant). The percentage of patients

defined as Progressors was lower in the Validation cohort (13.8% vs

31.8%), but the overall graft survival in these two cohorts was simi-

lar by Kaplan Meier (p = 0.7). None of the extended criteria variables

were significantly different among the cohorts, including evdience of

BKnephropathy, recurrent disease, orHLAClass I/IIDSA fromthe time

of transplant to 1 year.

3.5 Characteristics of progressors

Many transplant and pre-1 year post-transplant clinical parameters

were explored to determine the differences between Progressors and

Non-Progressors in the Validation Cohort (Table 3). Only recipient

gender (more females) and higher donor age were significantly asso-

ciated with the Progressors, illustrating how difficult it would be to

create a predictive model for progression using clinical parameters

alone. In addition, the study database included data obtained from the

clinic notes of every subject from 1 to 5 years (or last follow-up). The

results show that Progressors are significantly more likely to have at

least one> 1-year biopsy-proven acute cellular rejection (33% vs 10%,

P < .0001), > 1-year recurrent disease (14% vs 4%, P < .0150), or > 1-

year pyelonephritis (7% vs 2%, P < .0485) (Table 4). Although 67% of

Progressors did experience at least one post-1 year complication, 33%
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TABLE 2 Consensus histology

1-year histology: Local vs Consensus

CONSENSUS Banff

Study Group cg> 0 Normal / IF IF+I Inflamm

Missing: No

Bx Scan

Missing:

No gloms Mixed Total

LOCAL Banff cg> 0 7 0 1 0 1 9

78% 0% 11% 0% 11%

Normal / IF 2 372 7 2 1 1 6 391

1% 95% 2% 1% 0% 0% 2%

IF+i 1 16 39 0 3 59

2% 27% 66% 0% 5%

Inflamm 0 4 4 5 2 15

0% 27% 27% 33% 13%

MISSING 0 2 0 0 1 0 3

0% 67% 0% 0% 33% 0%

10 394 51 7 1 2 12 477

Each biopsy included in the multicenter study underwent additional Banff scoring until consensus was reached. Each biopsy was placed into a study group

based onBanff scores: cg> 0, Normal/IF (cg & i= 0, ci>= 0), IF+I (cg= 0, ci & i> 0), Inflamm (cg& ci= 0, i> 0). A teamof Central Pathologists re-scored using

whole slide images of all original clinical slides created for light microscopy. If after one review the same Study Groupwas obtained, no additional reviewwas

performed. If not, then an additional Central Pathologist reviewed the case such that consensus was reached among at least two different pathologists for

every case.

had a decline in renal function that could not be attributed to a known

complication. Further, 50% of Non-Progressors had one or more post-

1 year complication that did not result in a persistent decline in renal

function.

3.6 Classifier testing: the validation set

After normalization to the same quantile distribution as the Discovery

dataset, the Progressor classifier was calculated for all qualifying sub-

jects in the Validation cohort, including 43 Progressors and 227 Non-

Progressors. TheAUCof the entire Validation cohort (n270)was .5607

[95% CI: .4673–.6541). Due to the performance of the classifier, we

performed a subset analysis involving subjects that met the same cri-

teria used in the Discovery dataset. This Restricted Validation cohort

included 223 subjects and has an AUC of .5821 (95% CI: .4837–.6804;

Figure 3B) and lower model performance metrics when compared to

the Discovery cohort (Figure 2BC). These metrics did not differ appre-

ciably among the sites (Figure 3C).

A comprehensive list of clinical and molecular characteristics was

compared between the specimens correctly and incorrectly identified

by the classifier. The poorest performance appeared to be related to

recipient race, type of transplant, and various reasons for transplant

(see Supplementary results).

3.7 Post-study follow-up

The multicenter validation study ended in 03/2018 and the dataset

locked. The mean follow-up at this time point was 3.9 ± .8 years

and only 20% of the Validation cohort had eGFR measures into the

fifth year post-transplant compared to 78% in the Discovery cohort.

The potential for this difference to impact the designations used for

the primary endpoint (Progressor/Non-Progressors) caused the study

team to seek additional follow-up and eGFR data from all subjects up

to the fifth-year post-transplant interval. Thus, we performed post-

study follow-up in October of 2019. This resulted in a mean follow-

up of 4.7 ± .6 years with 69% of the Validation cohort having data

in the fifth-year eGFR interval. At this later time point, six additional

allografts reached failure (24 up from 18) with overall causes vary-

ing from recurrent glomerulonephritis, infections, and rejections (both

antibody and cell mediated). The majority of these graft losses (58%)

were in subjects with Normal / IF 1-year histology as we have pre-

viously described.11,19 Most Validation cohort subjects had the same

functional status (40 Progressor and 218 Non-Progressors), with nine

Non-Progressors becoming Progressors, three Progressors becoming

Non-Progressors, and seven subjects being added as sufficient data

was now available to categorize them (five Non-Progressors and two

Progressors). Unfortunately, despite the longer follow-up, the analyses

did not improve the AUC for the Validation cohort (.5861).

4 DISCUSSION

This study agreed with prior studies by showing that the majority

of renal allografts with progressive decline in function or graft loss

between 1 and 5 years after transplantation have a relatively nor-

mal surveillance biopsy at 1 year. In a retrospective, single-center Dis-

covery cohort, we were able to identify a 10-gene classifier set that
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TABLE 3 Comparisons between patient cohorts

Discovery vs Validation Validation phenotypes

Discovery Validation Non-Progressor Progressor

Type Variable 170 270 P 227 43 P

PROGRESSOR

# Progressors 54 (31.8%) 43 (15.9%)

Henry Ford – 2 (8.7%) 2 (8.7%)

Mayo Arizona – 6 (14.6%) 6 (14.6%)

Mayo Florida – 15 (24.6%) 15 (24.6%)

Mayo Rochester 54 (31.8%) 20 (13.8%) 20 (13.8%)

RECIPIENT Recip_Age 51.198 (12.683) 53.360 (13.092) .089 53.102 (12.739) 54.725 (14.913) .457

Recip_Gender (%F) 70 (41.2%) 110 (40.7%) .928 85 (37.4%) 25 (58.1%) .011

Recip_Ethicity (Hispanic) 0 15 (5.6%) – 13 (5.7%) 2 (4.7%) .911

Recip_Race < .001 .658

Caucasian 159 (93.5%) 215 (79.6%) 181 (79.7%) 34 (79.1%)

African American 1 (.6%) 40 (14.8%) 33 (14.5%) 7 (16.3%)

DONOR Donor_Age 39.805 (12.078) 43.067 (13.524) .011 42.053 (13.522) 48.419 (12.356) .004

Dono_Gender (%F) 75 (44.1%) 132 (48.9%) .329 111 (48.9%) 21 (48.8%) .994

Donor_Ethicity (Hispanic) 0 11 (4.1%) 181 (79.7%) 37 (86.0%) .315

Donor_Race .004 .640

Caucasian 57 (96.6%) 235 (87.0%) 198 (87.2%) 37 (86.0%)

African American 0 (.0%) 20 (7.4%) 15 (6.6%) 5 (11.6%)

TRANSPLANT Txp_Type (Deceased) 31 (18.2%) 100 (37.0%) < .001 81 (35.7%) 19 (44.2%) .290

Expanded criteria donors 0 16 (16.0%) 12 (14.8%) 4 (21.1%) .504

Total_Numb_Prior_Kid_Txps .165 (.403) 0.167 (0.501) .966 .167 (.487) .163 (.574) .956

Total_Numb_Prior_NonKid_Txps .100 (.320) 0.067 (0.278) .249 .062 (.241) .093 (.426) .499

InductionType <.001 .300

Campath 5 (2.9) 87 (32.6) 76 (33.8%) 11 (26.2%)

Simulect 15 (8.8) 72 (27) 55 (24.4%) 17 (40.5%)

Thymo 145 (85.3%) 106 (39.7%) 92 (40.9%) 14 (33.3%)

Thymo+IVIG 0 (.0%) 1 (.4%) 1 (.4%) 0 (.0%)

Thymo+Simulect 0 (.0%) 1 (.4%) 1 (.4%) 0 (.0%)

Immuno <.001 .973

Prograf-MMF 9 (5.3%) 76 (28.1%) 65 (28.6%) 11 (25.6%)

Prograf-MMF-Pred 133 (78.2%) 159 (58.9%) 132 (58.1%) 27 (62.8%)

FOLLOW-UP GraftStatus_POD 2316.40 (621.24) 1439.02 (279.63) <.001 1436.06 (282.01) 1454.66 (269.36) .690

GraftStatus_POM 77.25 (20.68) 47.97 (9.33) <.001 47.87 (9.41) 48.49 (8.96) .692

GraftStatus_FINAL <.001 <.001

Active 124 (72.9%) 257 (95.2%) 220 (96.9%) 37 (86.0%)

DWF 18 (10.6%) 7 (2.6%) 6 (2.6%) 1 (2.3%)

Failed 14 (8.2%) 5 (1.9%) 0 (.0%) 5 (11.6%)

Lost to Follow up 14 (8.2%) 1 (.4%) 1 (.4%) 0 (.0%)

FUNCTION MDRD_Intervals 8.341 (1.066) 7.078 (1.390) <.001 7.101 (1.390) 6.953 (1.396) .523

MDRD_Measures 33.929 (22.037) 27.233 (20.116) .001 24.934 (17.230) 39.372 (28.544) <.001

MDRD_1_1yrBx_-30_to_30d 57.917 (10.495) 59.444 (15.986) .270 59.754 (16.552) 57.806 (12.618) .465

(Continues)
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TABLE 3 (Continued)

Discovery vs Validation Validation phenotypes

Discovery Validation Non-Progressor Progressor

Type Variable 170 270 P 227 43 P

HISTOLOGY .015 .254

Interstitial Fibrosis (cg= 0, i= 0,

ci> 0)

63 (37.1%) 132 (48.9%) 70 (31.4%) 19 (44.2%)

Normal (cg= 0, i= 0, ci= 0) 107 (62.9%) 138 (51.1%) 107 (48.0%) 16 (37.2%)

EXTENDED

CRITERIA

Txp-1 yr_BK_nephropathy 4 (2.4%) 10 (3.7%) .432 8 (3.5%) 2 (4.7%) .720

Txp-1 yr_RecurrentDisease 10 (5.9%) 12 (4.4%) .500 11 (4.8%) 1 (2.3%) .462

Pre-transplant DSA (Class I/II) 17 (16.5%) 33 (12.4%) .091

Pre-transplant DSA (Class I/II;

NV> 1K)

– 10 (3.7%) 10 (4.5%) 0 (.0%) .163

Txp-1 yr DSA (Class I/II) 2 (6.2%) 31 (12.1%) .189

Txp-1 yr DSA (Class I/II; NV> 1K) – 16 (6.2%) 12 (5.6%) 4 (9.8%) .297

The demographics and follow-up is presented for the Discovery (n170) and Validation (n270) cohorts and the Validation cohort Progressor and

Non-Progressors. For each variable, a statistical test was performed to determine if significant variation was observed among the cohorts. Variables

bold/highlighted are significant (P< .05).

TABLE 4 Complications post-1 year

Documented Complications post-1 year

Non-Progressor

(n227)

Progressor

(n43)Complication P

Biopsy-proven acute cellular rejection 10% (n23) 33% (n14) .0001

Biopsy-proven antibodymediated rejection 2% (n0) 0% (n0) .3805

Recurrent disease 4% (n10) 14% (n6) .0150

Infection

BK viremia 7% (n16) 0% (n0) .0727

BK nephropathy 1% (n2) 5% (n2) .0606

Cytomegalovirus 4% (n9) 5% (n2) .8346

Pyelonephritis 2% (n4) 7% (n3) .0485

Urinary Tract Infection 24% (n55) 35% (n15) .1438

Malignancy 18% (n40) 7% (n3) .0803

Any of the above 50% (n114) 67% (n29) .03800

Post-1 year complications were obtained from the clinical notes during the study follow-up on all subjects. The rate of each complication was compared

between the Progressors andNon-Progressors by chi-square test (Pearson). A P-value of< .05 was considered statistically significant (bold).

moderately predicted progressive decline in renal function. How-

ever, the classifier performed poorly in a large, multicenter Validation

cohort.

While the results suggest lack of molecular classifier validation,

the study does offer several important observations. It is often

considered difficult, to enroll and monitor transplant patients for

years following transplant, particularly after the third year when

CMS reporting requirements stop. However, this study was fully

enrolled within the expected timeframe, the rate of “lost to follow-

up” was 2.1% and the number of serum creatinine lab tests during

the study period averaged 27 per patient, despite some clear dif-

ference in how patients were followed at each center (range MCA

18 to Henry Ford 40). This suggests that it is possible to monitor

transplant patients for years post-transplantation, as long as study

design takes into account the standard practice of the Centers being

included.
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F IGURE 3 Classifier validation. Differential expression analyses revealed that none of the 10 transcripts belonging to the classifier were
significantly altered between Progressors andNon-Progressors in the Validation cohort (Panel A). For each classifier transcript the average
normalized expression value and percentage of samples considered to have detectable expression by the Illumina software is provided for the
Progressor andNon-Progressor groups. The overall model performance (sensitivity, specificity, PPV [Positive Predictive Value], NPV [Negative
Predictive Value], and AUC (Area Under the Curve) for the Restricted Validation cohort is provided in Panel B. Panel C includes themodel
performancemetrics by study site

Using clinical data, we have confirmed the original observation

that eGFR progression from 1 to 5 years post-transplant does occur

in grafts with relatively normal histology19 and that these losses are

most often preceded by progressive decline in renal function.5 Our

group has repeatedly shown that various Banff scores are associated

with subsequent decreased graft survival such as transplant glomeru-

lopathy and interstitial fibrosis + inflammation.11,19 However, these

features of overt injury are observed in only 15–20% of all 1-year

protocol biopsies at Mayo Clinic Rochester. The majority of 1-year

biopsies are considered normal or mild fibrosis and although the

graft survival rate at 5 years exceeds 90%, the absolute number of

graft losses by 5 years is similar to those with underlying pathology

(transplant glomerulopathy, etc.).11,19 These findings were verified at

the three other participating centers, where the rate of Normal+IF

ranged from 75% to 89% by consensus pathology and the majority of

graft losses during study follow-up had this histology. This was despite

clear differences in the demographics and transplant types among the

centers (Supplemental Table 1). While the rate of “Progressor” was

lower in the Validation study, no graft losses had a stable function

phenotype. This suggests that a combined approach of histology and

functional measurement is suitable for identifying subjects at highest

risk for subsequent graft loss.

Our group has recently published that clinical factors alone can be

used to assess risk at 1-year for subsequent graft loss by 5 years.1 The

“BirMayo” risk score is based on the use of demographic and 1-year

laboratory information (eGFR, 24-hour urine protein, etc.) and histol-

ogy (g and ci Banff scores). The score was found to be associated with

future graft loss with good model performance (Concordance of .90).

Despite this, for subjects with sufficient data to perform the calcula-

tion, BirMayo did not separate the Progressors and Non-Progressors

in either the Discovery or Validation cohorts (Data not shown). This is

likely because the study design omits grafts with many characteristics

known to be associated with high graft loss risk such as low 1-year

eGFR, poor histology, etc.

Another key concept identified in these studies is that despite

the lack of overt histology on the 1-year biopsies, future progres-

sive decline is associated with altered pro-inflammatory transcripts.

The Progressors exhibited the enrichment of molecular pathways and

genesets associated with inflammation despite having normal or fibro-

sis Banff scores. This included the Pathogenesis Based Transcript sets

Transcripts correlated with eGFR decline and Genes positively associated

with graft failure which were developed using for cause renal allograft

biopsies and are associated with function and future graft failure.16,17

This finding suggests that even among grafts with an excellent 5-year

outcome, a subset do exhibit intragraft molecular changes at 1 year

that are indicative of molecular inflammation.

A major challenge to any predictive classifier is that multiple

clinical events which may influence the outcome can occur after the

specimen collection/testing. All types of predictive modeling face this

challenge. Florid non-adherence was rare in both cohorts and any

patient lost to follow-up was not included in the Validation cohort.

Thus, non-adherence after 1 year did not appear to be a major factor

in progression. In our study, post 1-year complications were common

in both Progressors (67%) and Non-Progressors (50%). While some

complications may not impact the graft function (i.e., asymptomatic

UTIs, skin malignancies), others like biopsy-proven acute rejection and
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recurrent primary disease could switch a subject with a normal 1-year

molecular signature to become a Progressor. The underlying causes

of these complications are also likely multi-factorial (lifestyle choices,

severity of primary disease, impact of chronic immunosuppression,

non-adherence, etc.) and are beyond the scope of this report.

In addition to the time fromtesting/prediction to theendpoint, there

are several potential explanations for the lackof validationof the classi-

fier. TheDiscovery cohortwas established using a retrospective cohort

from a single center with a focus on following transplant recipients

long-term. Thismeant that themajority of subjects had follow-up (graft

status, labs, etc.) at 5 years and the population was more homogenous

than the Validation cohort. This included such characteristics as recip-

ient and donor race, type of transplant, induction, immunosuppres-

sion, etc. Several of these variables were associated with lower clas-

sifier accuracy (see Supplemental Table 3). For example, only 58% of

the Non-Caucasian recipients were correctly predicted by the classi-

fier, whereasCaucasianswhichmade up93.8%of theDiscovery cohort

were accurately predicted in 71% by the classifier. Taken together, it

seems likely that the original classifierwas createdwith clinical charac-

teristics not likely represented sufficiently in the Discovery cohort and

that limited the applicability of the classifier to the Validation cohort

involvingmore diverse clinical phenotypes.

Another potential source of variability that was considered was the

size of biopsy obtained for gene expression purposes. Banff provides

specific guidance regarding the adequacy of tissue necessary to per-

form a diagnostic interpretation of a biopsy, which includes the sam-

pling of at least seven glomeruli.20,21 For studies involving morphome-

try our group has used a glomerular count cutoff of 4 and a cortex area

cutoff of 2 mm2 per section.22 In this study, RNA yield and quality was

used to assess adequacy and not size as wewere dependent on the tis-

sue supplied from each center that was collected as standard of care.

For each biopsy, a pre-isolation visual assessment of the biopsy was

recorded and larger biopsies had only a slightly better performance in

the model (69% correct) than the smaller, less likely to be diagnostic,

biopsies (64%) (Supplemental Table 4). This suggests that in smaller tis-

suepiecesmolecular testingmaybe sufficiently sensitive to avoid some

of the sampling biases observed by histopathology or morphometry.

In the field of kidney transplantation, a number of molecular classi-

fiers have been created.23–26 Typically, these classifiers are designed

for diagnosing acute events (i.e., rejection), when the transcriptome

either in the graft, or circulating in the blood, is most perturbed. An

example of predictive classifiers involving surveillance biopsies would

be the GoCAR study.27 Intragraft expression wasmeasured in amonth

3 surveillance biopsy to predict the development of a Chronic Allo-

graft Damage Index score ≥ 2 at 12 months. None of the 13 GoCAR

classifier transcripts in the final classifier were found to be signifi-

cant by differential expression for either our Discovery or Validation

cohorts. This could be because rather than predict a histologic end-

point, this study attempted to use the transcriptome of essentially

normal biopsies to predict future function. While differential expres-

sion and enrichment analysis both showed evidence of increased pro-

inflammatory transcripts in theProgressors, it does not appear that the

magnitude of those changes is large/consistent enough to distinguish

Progressors from Non-Progressors using a molecular classifier across

multiple datasets. Future efforts could include expanding and refin-

ing the Discovery cohort to include a more comprehensive cohort that

addresses several of the issues identified in the results of this study.

Such changes should improve the feature selection used for the clas-

sifier and thereby improve the likelihood of future validation of a prog-

nostic classifier for this important group of renal transplant patients.

5 CONCLUSION

This study agrees with prior studies showing that approximately half

of all renal allografts that experience progressive graft dysfunction or

graft loss between 1 and 5 years after kidney transplantation have

relatively normal 1-year surveillance biopsies. The current study also

suggests that while enrichment of molecular inflammation may exist

in these Progressors, a gene expression signature was not validated.

Thus, predicting outcomes in this cohort remains difficult.
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