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•  “Sufficient” long-term kidney allograft survival using current IS (1990-2000) 

! IS-related adverse events (Cancer, C-V, Nephrtoxicity) are “well-accepted” related to current graft/
patient survival rates  

•  Stringent hurdles of regulatory agencies for new drug approval as compared to other fields of Medicine 
(Oncology, Rheumatology) 

•  Lack of investment on new targets/drugs for Organ TX by Pharma Industry 

PRESENT OF NOVEL THERAPEUTICS IN TRANSPLANTATION 

Search for BIOMARKERS allowing IS individualisation 



Short vs Long-term follow-up studies ! Biomarker success 

Symphony Trial (CNI vs mTor-i) 

Beneffit Trial (Belatacept vs CNI) 

Ekberg	
  H	
  et	
  al,	
  NEJM	
  2008;	
  Vincen8	
  F	
  et	
  al	
  AJT	
  2010	
  

? 

? 



A generalized treatment 

Evidence based 

Different treatments for groups 

Evidence based 

Biomarker led 

Individual treatments for each 

Evidence based 

Biomarker led 

BIOMARKER-driven Strategies 

Lord G et al Nat Immuol Rev 2015 

Volum of “Immune biomarkers” puiblications in Transplantation 



Cross	
  
Valida/on	
  

Prospec/ve	
  
Valida/on	
  

•   Independent samples 
•   Cross Organ 
•    Integrative  
•   Intertechnological  
•   MA back validation 

•   independent, serial samples 
•   clinical settings 
•   process optimization 

EXTERNAL 

• 	
  PBMC	
  
• 	
  Serum	
  
• 	
  Plasma	
  
• 	
  Tissue	
  
• 	
  Sedimentary	
  cells	
  
• 	
  Supernatant	
  
• 	
  BAL	
  
• 	
  Saliva	
  

 Demographic 
Clinical Data 

 Blood 

Biops
y 

Urine 

Transplant	
  
Pa/ent	
  

Biomaterial	
  

Regula/on	
  

Assay-
Establishment 

•   sensitive, specific, 
reliable 
•  reproducible 
•  feasible for clinical 
application 

Clinical 
Trial 

•   cohort studies 
   (healthy vs sick) 
•   causality test    

•  FDA 
•  MicroArray Quality Control (MAQC) 

Clinical Application 

High-­‐Throughput	
  Discovery	
  

Transcriptome  
mRNA, miRNA, siRNA  
(Gene regulation) 

Proteome  /  Metabolome 
Proteins  
(Gain-/loss of function) 

Genome  DNA  
(Epigenetics, SNPs) 

Biomarker Panel I 

Clinical 
Phenotype 

Informatics 
Statistics 

Biology 

Ini/al	
  Valida/on	
  
•   Meta-analyses 
   (independent sample sets      
   from public databases) 
•   Confounder Analyses 
(sample bias, technology 
bias, patient bias)   
•  Pathway analyses 
•   Gene-set enrichment  

Unique / Combined 
Biomarker Panel 

VALIDATION 

Refinement 

INTERNAL 

Bestard & Sarwal 2015 In press 



Clinical graft dysfunction 

Clinical 
dysfunction 

Transcriptomic 
perturbation 

No macroscopic 
injury 

Subclinical injury 

Morphologic 
alteration 

Donor-specific ASC/Teff  ! De novo DSA/Teff 

alloAg presentation + low / No IS  ! T /  B-cell activation 

Graft inflammation (PTC, Glomerulitis) +/- C4d 

Kidney Transplant 

Baseline Immune 
background 

Chronic graft changes (IFTA/TG) 

Bestard	
  &	
  Sarwal.	
  Ped	
  Nephrol	
  2015	
  

Chronic	
  RejecIon	
  is	
  driven	
  by	
  ongoing,	
  subclinical	
  “pre-­‐AR”	
  

Window	
  for	
  Biomarkers	
  to	
  evaluate	
  pathogenic	
  processess	
  in	
  response	
  to	
  TherapeuIc	
  intervenIon	
  



OMICS	
  in	
  Transplanta8on	
  

Genomics	
   Gene Polimorphisms  
! Change in Phenotypes 

Transcriptomics	
  
“func8onal	
  genomics”	
  

Single/Multiple Gene transcripts  
! Gene function 

Proteomics	
   Proteins encoded by the genome  
! Cell process 

Metabolomics	
  
Metabolite/panels  

! Cell process in disease states 

Immune	
  func8on	
  
(cell-­‐based	
  assays)	
  

Cellular assays 
! Functionality of alloimmune response 

Bestard & Sarwal 2015 In press 
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Bestard O Nefrología Clínica. Ed Panamericana 



Assessment of anti-donor humoral alloresponses 

CDC (Terasaki assay) 

ELISA 

Flow-cytometry 

Solid-Phase assays 

" Sensitivity and Specificity 

MFI level 

Compl-fixing (C1q/C3d) 

IgG subtypes 

Epitope matching 

Improvement of Ab detection systems 

Challenge of clinical interpretation 



Terasaki et al NEJM 1969 

Pre-TX CDC-XM+ and worse GS 

Opelz G, Lancet  2005  

GS according to the MFI Patients without AMR 

Pre-TX Solid-Phase assays and DSA in presence of CDC and FCM XM- 

Amico et al Transplant 2009 Lefacheur C et al JASN 2010 



De novo C1q-binding DSA De novo DSA 

Lachmann, Nils et al Transplant  2009  Loupy A et al NEJM 

Post-TX Complement-fixing Ab effect 

DSA C3d vs C1q at ABMR 

Thaunat O et al JASN 2015 

P<0.05 

P=NS 

2-4% dnDSA/year 



Complement-fixing DSA and Ab strength 

Morris GP et al Hum Immunol 2009 Maggie Yell et al Transplant 2014 

Lefacheur C et al JASN 2015 

dnDSA IgG subtypes and clinical phenotypes 

Low MFI DSA, non-Compl-fixing Ab 

!  Neg FCM and CDC XM 

!  Acceptable DSA ? 



Assessment of effector anti-donor humoral alloresponses 

CDC (Terasaki assay) 

ELISA 

Flow-cytometry 

Solid-Phase assays 

" Sensitivity and Specificity MFI level 

Compl-fixing (C1q/C3d) 

IgG subtypes 

•  Significance of presence of anti-HLA Ab 
•  Significance of the specificity of DSA (class I and II) 
•  Significance of the strength (titer/MFI) and function (Comp-Fixing/IgG subtype) of DSA 
•  Significance of the “time” (preformed or de novo) and phenotype (clinical or subclinical) 
•  Clinical Management ?? 

Epitope matching 



Interventional Biomarker-driven Trials 

Dorlin A et al Trials 2014 



Commentary 

Detecting the Humoral Alloimmune Response: 
We Need More Than Serum Antibody Screening 
Gonca E. Karahan, 1 Frans HJ. Oaas, 1 and SEbastiaan Hadt 1 

Abetract Whemas many t«:triques elást to da«:t 1-LAantbodies i'l the seraof inmrizsd i'lcMdJas, assays to daed and 
qurify H...A-specific Boels are crly j.Jst snergilg. 1he need brsucn assa¡s is bexm'i'lg cleM, as i'l sane patients, HLA~ 
rnerTlCr{ B oels h!M:l been sho.wl to be pmsent h the absence of the aa::an~ sen.m HLA antixrles. Beca IS8 HLA­
specific B mis i'l the per1>heml blood d inmrizsd i'ldiliciJals a-e pmsent at crly a very bN freqJency, assays Wth t'ql sen9tiviy 
are reqied. In ttis r~ v.e discuss the curentty availatje rrethods to delect andla qU81tift H...A~ B cds, as wel m 
their pronises and rmtatiors. We also dsaJss scaaios i'l v.hictl qua1 rtmcation d H...A~ B oels rnaybe of ad:lticnal vakJe, 
be!idm dassical serun H...A antbody daedia1. 

(Tr8flSJJ/lntltion 2015;00: ID-00) 

LWatCh 
.:· Implicationsfor transplantation 

ldentifying DiversityWithin 
Memory B Cell Populations 
lrll f.U!e!!l Zuttariao-C:at:mia C\~ S:aclaaallll S, Wtisel FJ, TOIU,-b ADJ, l\~ 
H.IOSUu SH.rial. CDIJO lllldP[).Ll 4káe fa:~ di.ttiMt maaory B crll 
nbxátlud IIR illdlpmutof utibodyi.tciotype. Natlmmao128 14; 15:631.17. 

Review ---® 
Memory B Cells in Transplantation 
Anta S. Chorg1 and Roger Sdammas2 

Ab.tract: Much d the reseadl on the hunoral re~onse to alografts has focused on crculating serum antibodiesand the long· 
ived plasma cells that produce these antbodies. In contras!, the nterrogatim of the quiescent memory B cell compatrrent is 
technicaly more challengng and thus has nct been ixorporated nto the cirical diagnostic or prognostic tookit. In tlis review, 
we discuss new technobges that have alowed this heretofore erigmatic stbset of B cells to be identWied at quiescence and dur· 
ng a recall re~onse. These technologies i:1 experi:nental models are pr()fidi:lg new insights nto memory B cel heterogeneitywith 
respect to ther phenotype, celular functbn, and the antbodies they produce. Sinilar technologies are alsoalowng for the iden­
tifcatbn of comparal:lle merrory al creective B cels i:1 transplant recipients. Although much of the focus i:1 transplant immundogy 
has been on controli:lg the aloreactive B cel pq:>uatbn, long·term transplant patient stn'ival is a1so cr~icalty dependen! m pro· 
tectbn by pathogen-speciifc merrory B cels. Techniques are avaial:lle that alow the nterrogatbn of rrerrory B cel response 
to pathogen re-encounter. Thus, we are poised i:1 <>tr al:liity to nvestig:¡te hcw mmunOOJppressbn affects al~c and 
pathogen·~c memory B cells, and reasm that these i:lvestigatbns can yield new nsights that wl be beneficial forgraft and pa· 
tient 9.J1Vival. 

(Transplantatim 2015;99: 21-28) 



Up-dated 2013 Banff classification of kidney allograft Biopsies 



Germinal 
center 

Secondary 
Lymphoid Organ 

Peripheral 
 blood 

IgG 

IgM 

Generation of memory B-cell responses 

After encounter of a previous Ag, mBc rapidly differentiate into 
(already class switched and somatic hypermutation done) 

Lanzaveccia et al Nat rev 2010 



Preformed donor-specific mBC and risk of ABMR 

HLA-specific  
IgG-ASC 

Polyclonal  
IgG-ASC  

HLA-sp B-cell ELISPOT 

42/136 
(30.8%)  

Lúcia & Bestard Kidney Int 2015 
Heidt S et al AJT 2011 

Different Ag-sp repertoirs between 
mBC and circulating HLA-Ab 



Preformed donor-specific mBC and risk of ABMR 

Lúcia & Bestard Kidney Int 2015 

High frequency of d-s mBC and ABMR + Endarteritis 



Humoral rejection as main cause of Chronic rejection and late graft loss  

Sellares J et al. Am J  Transplant 2012 
Halloran P JASN 2015 



Impact of Cellular Immunity in Anima models 

Murine	
  Models	
  of	
  Transplant	
  Tolerance	
  	
  
(an8-­‐CD28	
  /	
  an8-­‐CD40)	
  +	
  DST	
  

Abbroga8on	
  of	
  allograZ	
  Tolerance/Survival	
  	
  in	
  Presence	
  of	
  an8-­‐donor	
  T-­‐cell	
  alloreac8vity	
  	
  

Sayegh	
  M	
  et	
  al,	
  J	
  Immunol	
  1996	
  	
  

B6	
  (CTLA4-­‐Ig+DST)	
  +	
  
	
  D-­‐s	
  	
  memory	
  T	
  cells	
  

B6	
  +	
  naive	
  T	
  cells	
  

(CTLA4-­‐Ig	
  +	
  DST)	
  

Transplant	
  Tolerance	
  in	
  Non-­‐human	
  primate	
  	
  
(an8-­‐CD28/SRL)	
  +	
  DST	
  

Weaver	
  T	
  et	
  al.	
  Nat	
  Med	
  2009	
  



Ekberg	
  H	
  et	
  al,	
  NEJM	
  2008	
  
Vincen8	
  F	
  et	
  al	
  AJT	
  2010	
  

SYMPHONY	
  STUDY	
  

Impact	
  of	
  cellular	
  immunity	
  in	
  Humans	
  

TMCR	
  in	
  “Non-­‐sensi8zed	
  individuals”	
  

BENEFIT	
  STUDY	
  



Development of dnDSA after TCMR and worse outcome 

Chemouny	
  JM	
  et	
  al	
  Transplant	
  2015	
  

Sc-ABMR and Sc-TCM developing dnDSA show worse outcome 

Loupy	
  A	
  et	
  al	
  JASN	
  2015	
  

Sc-TCMR developing DSA and TXGP 

! Worse allograft outcome 



Immune assays to monitor anti-donor T-cell alloimmune responses 

Crespo & Bestard Clin Biochem 2015 
Cravedi P Transplant Rev 2015 

IFN-γ Elispot assay ! Frequency of Ag-specific T-cell sensitization/Recall responses 



Pre-transplant donor-specific or PRT ELISPOT 

Crespo E et al Plos One 2015 

Pre-Transplant dsELISPOT and (early) TCMR 

Panel	
  of	
  alloreac8ve	
  memory/effector	
  T	
  cells	
  (PRT)	
  Pre-­‐Transplanta8on	
  

	
  	
  Nickel	
  	
  P	
  et	
  al	
  J	
  Am	
  Soc	
  Nephrol	
  	
  2006	
  
Heeger	
  P	
  et	
  al. J Am Soc Nephrol 2006 

Poggio ED et al. Transplant 2007 

% PRT 

P=0.045 

Nickel  P et al Transpl 2004 

Pre-Transplant dsELISPOT and TCMR 



Post-Transplant Direct and Indirectly alloreactive T cells in renal Transplantation 

Bestard	
  O	
  et	
  al.	
  J	
  Am	
  Soc	
  Nephrol	
  	
  2008	
  

Proteinuira, DSA and Indirect T-cell alloreactivity Graft function and d-s T-cell alloreactivity 



Bestard	
  O	
  et	
  al	
  Kidney	
  Int	
  2013	
  

Post-TX ELISPOT and long-term graft function and SCR 
Low Incidence of BPAR in CNI-free regimens  

8% TCMR 

rATG 

Prospective Pilot Biomarker-driven Trial 



Prospective Randomized Biomarker-driven Trial 

CELLIMIN Trial 
Prospective donor-specific Cellular alloresponse assessment 

for Immunosuppression Minimization in de novo renal 
transplantation 



Transcriptional diagnosis of pathologic phenotypes in allograft biopsies 



Donor-specific ASC / Teff  ! De novo DSA / Teff 

alloAg presentation + low / No IS  ! T /  B-cell activation 

Graft inflammation (PTC, Glomerulitis) +/- C4d 
Kidney Transpalnt 

Baseline Immune 
background 

No macroscopic 
injury 

Subclinical injury Clinical graft dysfunction 

Chronic graft changes (IFTA/TG) 

Bestard	
  &	
  Sarwal	
  In	
  Press	
  2015	
  

Transcriptomic 
perturbation 

Morphologic 
alteration Clinical alteration 

Uninvasive approach 
kSORT Test 



Mul/-­‐Parameter	
  Acute	
  Rejec/on	
  Biomarker	
  Discovery	
  

SAM	
  Analysis	
  (FDR	
  <0.05)	
  

Affymetrix	
  	
  
Whole	
  blood:	
  44	
  AR,	
  46	
  STA	
  

FACS	
  Purified	
  Cell	
  Subsets:	
  6	
  AR,	
  9	
  STA	
  

Lymphochip	
  cDNA	
  
Whole	
  blood:	
  7	
  AR,	
  14	
  STA	
  

Agilent	
  
Whole	
  blood:	
  15	
  AR,	
  11	
  STA	
  

1.  Iden8cal	
  fold	
  change	
  direc8on	
  
2.  AR/STA	
  Classifier	
  (2+	
  Datasets)	
  
3.  Sta8s8cal	
  Deconvolu8on	
  
4.  Cell	
  Specific	
  Enrichment	
  
5.  Biologic	
  Significance	
  

Selec8on	
  Criteria	
  (at	
  least	
  2)	
  

43	
  locked	
  genes	
  

M
ic
ro
ar
ra
y	
  
di
sc
ov
er
y	
  

Li	
  &	
  Sarwal	
  et	
  al,	
  AJT,	
  2012	
  

Biomarker	
  
Discovery	
  

Verifica/on	
  
(QPCR)	
  

Biomarker	
  
Selec/on	
  
(10	
  Genes)	
  

Biomarker	
  
Valida/on	
  
(5	
  genes)	
  

n	
  =	
  90	
  

12	
  Center	
  
Peds	
  RCT	
  

n	
  =	
  367	
  

Gene	
  Selec8on	
   p	
  <	
  0.05	
  

Biomarker	
  
Defini/on	
  

n	
  =	
  177	
  

Assess	
  Performance	
  	
  	
  Cross-­‐Valida8on	
  	
  

Logis8c	
  regression	
  

8	
  Center	
  
Adult	
  Study	
  

n	
  =	
  558	
  

367 unique blood samples @ matched biopsies; randomized multicenter trial 



Valida8on	
  of	
  Blood	
  Genes	
  in	
  Kidney	
  TX	
  

Li	
  &	
  Sarwal	
  et	
  al,	
  AJT,	
  2012	
  

Up-regulated in AR Down-regulated in AR 

Chi-square score for logistic regression models using all 10 or only 5 genes did not significantly 
increase the Chi-square score ! thus a 5-gene model was used to built the prediction  model  



AR	
  Probability	
  threshold	
  

Mul8center	
  Valida8on	
  of	
  qPCR	
  Blood	
  Genes	
  for	
  AR	
  by	
  the	
  5-­‐gene	
  set	
  

NIH	
  SNSO1-­‐	
  RCT,	
  12	
  US	
  centers	
  
Independent	
  Mul/center	
  
Valida/on	
  in	
  a	
  randomized	
  

control	
  trial	
  

Li	
  &	
  Sarwal	
  et	
  al,	
  AJT,	
  2012	
  



The	
  Assessment	
  of	
  Acute	
  Rejec8on	
  in	
  
Transplanta8on	
  (AART)	
  Mul8center	
  Study	
  

43	
  gene	
  Fluidigm/ABI	
  QPCR	
  !	
  17	
  genes:	
  
7	
  addi8onal	
  genes	
  selected	
  for	
  inclusion	
  with	
  the	
  original	
  10	
  gene-­‐set	
  from	
  Li	
  et	
  al,	
  AJT,	
  2012	
  

Roedder,	
  Sigdel,	
  Bestard,	
  et	
  al,	
  Plos	
  Medicine	
  2014	
  

Development of a novel correlation-based algorithm by step-wise analysis of gene expression 
data in 8 Transplant programs in the US, SPAIN, Mexico  



Selection of the final 17 Genes for the KSORT set up analysis 

Roedder,	
  Sigdel,	
  Bestard,	
  et	
  al,	
  Plos	
  Medicine	
  2014	
  



PCA for segregation by sample collection/sites/clinical Phenotypes 

Normalization of QPCR data by mixed ANOVA corrected for the dominant effect of sample collection 
site on gene expression (1C) and resulted in segregation of samples into AR and No-AR (1D)  

Roedder,	
  Sigdel,	
  Bestard,	
  et	
  al,	
  Plos	
  Medicine	
  2014	
  



The	
  biological	
  basis	
  of	
  the	
  17	
  genes	
  	
  
Pathway and Network analyses demonstrated strong biological correlation of genes supporting 

correlation seen in gene expression across AR and No-AR samples by QPCR 
! Apoptosis regulation, Immune Phenotype and Cell surface proteins  

Ingenuity Pathways analysis (IPA) ! common role of 
11/17Genes in cancer, cell death and cell survival 

Roedder,	
  Sigdel,	
  Bestard,	
  et	
  al,	
  Plos	
  Medicine	
  2014	
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  17	
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  by	
  Logis8c	
  regression	
  classifies	
  Acute	
  Rejec8on	
  

AART143;	
  adults	
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  et	
  al,	
  Plos	
  Medicine	
  2014	
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AART124;	
  adult	
  and	
  pediatrics	
  

Validation of kSORT in 124 independent samples across different ages and settings  

Roedder,	
  Sigdel,	
  Bestard,	
  et	
  al,	
  Plos	
  Medicine	
  2014	
  



The	
  Solid	
  Organ	
  Response	
  Test	
  (SORT)	
  !	
  KSAS	
  algorithm	
  
A	
  novel	
  reference-­‐based	
  algorithm	
  (using	
  13	
  12-­‐gene	
  models)	
  (KSAS)	
  was	
  developed	
  in	
  100	
  independent	
  

samples	
  to	
  provide	
  a	
  numerical	
  AR	
  risk	
  score,	
  to	
  classify	
  paNents	
  as	
  high	
  risk	
  versus	
  low	
  risk	
  for	
  AR	
  

Expression values of the 17-gene kSORT model in unknown samples were correlated to corresponding AR and No-AR reference values (centroids) by 
Pearson correlation. (B) For kSORT assay development, QPCR data from 100 samples were divided into training (n = 32) and independent validation sets 
(n = 68). (C) 13 12-gene models from the 17-gene kSORT model generated numerically aggregated AR risk scores for each sample and categorized them 
into three groups: high risk for AR (aggregated AR risk score $9), low risk for AR (aggregated AR risk score #29), and indeterminate (aggregated AR risk 
score ,9 and .29) category 
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kSORT-­‐RISK	
  SCORE	
  in	
  100	
  samples	
  from	
  SNS01	
  study	
  (32	
  trainning	
  set	
  vs	
  68	
  valida8on	
  set)	
  

Performance	
  of	
  the	
  kSORT	
  assay	
  

The	
  blood	
  17	
  gene	
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kSORT dynamics in 191 serially collected samples 

1.860.4 mg/dl in patients with decreased AR prediction scores,
the latter likely represented patients who responded to AR
treatment (Figure 4).

The Biological Basis of the 17 Genes
When evaluated in the context of experimentally predicted

interactions, more than half of the 17 genes in the plsDA model
were directly or indirectly associated with each other by common
molecular pathways (Figure S5), particularly regulation of
apoptosis, immune phenotype, and cell surface. In addition to
the ten genes previously evaluated as peripheral biomarkers for
pediatric AR, and known to be mostly expressed in PB cells of the
monocyte lineage [2], six of the additional seven peripheral AR
genes [25] were also expressed by activated monocytes (RXRA,
RARA, CEACAM4), endothelial cells (EPOR, SLC25A37), and T
cells (GZMK) in the peripheral circulation. Eleven of the 17 genes
played a common role in cell death and the cell survival network
(Fisher’s exact test, p,0.05; Ingenuity Pathway Analysis, [Qiagen,
Valencia, CA]; Figure S5).

Locking the 17-Gene kSORT Assay on the ABI Viia7 QPCR
Platform with kSAS, a Customized Analysis Suite

Having established the performance of the kSORT plsDA
model for detection and prediction of biopsy-confirmed AR in

pediatric and adult patients, the final kSORT assay was developed
on the ABI platform (ABI Viia7). To mitigate the data
normalization required to control for batch effect and sample
handling differences, we developed a new algorithm called kSAS
(Figure 5A) to classify samples using multiple covariate-impacted
reference sets, based on expression correlation (Pearson) of an
individual sample to each reference profile of AR and No-AR.
Rather than relying on a single gene set, this method creates and
uses multiple gene subsets (models), each of which is then
correlated to a reference AR or No-AR expression profile for a
given sample to provide a combined model score for each
reference. Samples with multiple disagreeing model predictions
(n.2) are considered indeterminate and thus cannot be confi-
dently assigned as AR or No-AR. The kSORT kSAS assay was
developed and cross-validated in 100 independent adult and
pediatric samples collected from 44 patients with AR and 56
patients without AR (Figure 5A).

Evaluation of kSAS performance in the Fluidigm
dataset. To develop the kSAS algorithm, we utilized the
Fluidigm QPCR dataset of the AART143 cohort and split the
samples into a training set of n = 95 and a test set of n = 48 by
random selection. From the 17 AR genes evaluated, kSAS
identified a single gene set model composed of 14 genes
(CEACAM4, CFLAR, DUSP1, EPOR, IFNGR1, NAMPT,
NKTR, PSEN1, RARA, RHEB, RNF130, RXRA, RYBP,

Figure 4. Evaluation of kSORT to predict acute rejection in 191 serially collected samples. 191 blood samples serially collected within
6 mo before (pre) or after (post) biopsy-confirmed AR were evaluated by kSORT. Frequencies of samples predicted as AR (red) or predicted as No-AR
(green) were compared between sample collection time points (.3 mo prior to AR biopsy, n = 30; 0–3 mo prior to AR biopsy, n = 35; at AR biopsy, n = 74;
0–3 mo after AR biopsy, n = 31; .3 mo after AR biopsy, n = 21; and at No-AR/stable time points, n = 216). 62.86% of samples collected 0–3 mo
(1.1560.90 mo) prior to the AR biopsy had high probabilities for AR predicted by kSORT (96.3660.08). High probabilities for AR persisted in 51.6% of
samples collected 0–3 mo post-AR (94.60%60.14); in comparison, 83.8% of the No-AR samples were always predicted as No-AR (8.20%60.12). Mean AR
scores were significantly different between pre-AR samples (0–3 mo) and No-AR/stable samples, as well as between AR samples and No-AR/stable
samples.
doi:10.1371/journal.pmed.1001759.g004
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