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Abstract

Diabetic kidney disease (DKD) remains one of the leading causes of reduced lifespan in diabetes. The quest for both prognostic
and surrogate endpoint biomarkers for advanced DKD and end-stage renal disease has received major investment and interest in
recent years. However, at present no novel biomarkers are in routine use in the clinic or in trials. This review focuses on the
current status of prognostic biomarkers. First, we emphasise that albuminuria and eGFR, with other routine clinical data, show at
least modest prediction of future renal status if properly used. Indeed, a major limitation of many current biomarker studies is that
they do not properly evaluate the marginal increase in prediction on top of these routinely available clinical data. Second, we
emphasise that many of the candidate biomarkers for which there are numerous sporadic reports in the literature are tightly
correlated with each other. Despite this, few studies have attempted to evaluate a wide range of biomarkers simultaneously to
define the most useful among these correlated biomarkers. We also review the potential of high-dimensional panels of lipids,
metabolites and proteins to advance the field, and point to some of the analytical and post-analytical challenges of taking initial
studies using these and candidate approaches through to actual clinical biomarker use.

Keywords Biomarker - Diabetic kidney disease - Epidemiology - Nephropathy - Review

Abbreviations CVvD Cardiovascular disease
ACR Albumin to creatinine ratio DKD Diabetic kidney disease
ADMA Asymmetric dimethylarginine ESRD End-stage renal disease
ApoA4 Apolipoprotein A4 FGF Fibroblast growth factor
B2M [3,-Microglobulin KIM-1 Kidney injury molecule-1
CI1QB Complement C1q subcomponent subunit B L-FABP Liver-type fatty acid-binding protein
CDS5SL CDS antigen-like MCP-1 Monocyte chemoattractant protein-1
CKD Chronic kidney disease MDRD Modification of Diet in Renal Disease
CKD273 CKD classifier based on 273 miRNA MicroRNA
urinary peptides MR-proADM  Mid-regional fragment of
CKD-EPI Chronic Kidney Disease proadrenomedullin
Epidemiology Collaboration NGAL Neutrophil gelatinase-associated lipocalin
NT-proNBP  N-terminal pro-B-type natriuretic peptide
PRIORITY Proteomic Prediction and Renin
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SYSKID Systems biology towards novel
chronic kidney disease diagnosis
and treatment

TNFR TNF receptor

VEGF Vascular endothelial growth factor

Introduction

Diabetic kidney disease (DKD) and its most severe manifes-
tation, end-stage renal disease (ESRD), remains one of the
leading causes of reduced lifespan in people with diabetes
[1]. Even early stages of DKD confer a substantial increase
in the risk of cardiovascular disease (CVD) [1, 2], so the
therapeutic goal should be to prevent these earlier stages, not
just ESRD. However, there has been an impasse in the devel-
opment of drugs to reverse DKD, with many Phase 3 clinical
trial failures [3]. The current hard endpoints for the licencing
of drugs for chronic kidney disease (CKD) or DKD approved
by most authorities, including the US Food and Drug
Administration, are a doubling of serum creatinine or the onset
of ESRD or renal death. Some of the trial failures are due to
insufficient power, with low overall rates of progression to
these hard endpoints during the typical trial duration of 3—
7 years. As a result, there is increasing interest in the develop-
ment of prognostic or predictive biomarkers to allow for risk
stratification into clinical trials, as well as eventually for
targeting preventive therapy. There is also interest in the de-
velopment of biomarkers of drug response that are surrogates
for these harder endpoints. Here we review some of the larger
studies published in the last 5 years on prognostic or predictive
biomarkers for DKD. Our empbhasis is on illustrating some
key aspects of the approaches being used recently and what
further improvements are needed, rather than systematically
reviewing every sporadic biomarker report.

Biomarkers currently in use

It is well established that the best predictor of future ESRD is
the current GFR and past GFR trajectory [4]. Thus, GFR is the
most common prognostic biomarker being used for predicting
ESRD in both clinical practice and in trials. The Chronic
Kidney Disease Epidemiology Collaboration (CKD-EPI)
and Modification of Diet in Renal Disease (MDRD) equa-
tions, both based on serum creatinine, are commonly used to
estimate GFR. The difference in accuracy for staging between
CKD-EPI and MDRD is slight, with 69% vs 65% overall
accuracy for given stages being found in one study [5].
Serum cystatin C-based eGFR has been proposed as advanta-
geous since, unlike creatinine, it is not related to muscle mass.
Equations based on cystatin C overestimated directly mea-
sured GFR, while equations based on serum creatinine

underestimated GFR in a large study [6]. Others have found
that creatinine agrees more closely than cystatin C with direct-
ly measured GFR [7]. In those with and without diabetes,
cystatin C predicts CVD mortality and ESRD better than
eGFR does [8, 9]. However, this may be because factors other
than renal function that affect ESRD risk, including diabetes,
might also affect serum cystatin C levels, rather than because
cystatin C-based eGFR is more accurately measuring GFR
itself [10].

Albuminuria strongly predicts progression of DKD but it
lacks specificity and sensitivity for ESRD and progressive
decline in eGFR. In type 2 diabetes a large proportion of those
who have renal disease progression are normoalbuminuric
[11, 12]. It has been shown that the coexistence of albuminuria
makes DKD rather than non-diabetic CKD more likely in
people with type 2 diabetes [13]. However, even in type 1
diabetes, where non-diabetic CKD is much less common, al-
buminuria was reported to have a poor positive predictive
value for DKD as only about a third of those with
microalbuminuria had progressive renal function decline
[14]. Albumin excretion also had low sensitivity, as only about
half of those with progressive renal function decline were
albuminuric [14]. Clearly, in evaluating the predictive perfor-
mance of novel biomarkers, investigators should adjust for
baseline eGFR and albuminuria. Historical eGFR data are
not always routinely available. Nonetheless, it is important
where possible to evaluate whether biomarkers improve pre-
diction on top of historical eGFR.

Clinical predictors of DKD in type 1 and type 2
diabetes

Apart from albuminuria and eGFR, other risk factors routinely
captured in clinical records can predict GFR decline. These
have been systematically well reviewed elsewhere [15]. In
brief, established clinical risk factors include age, diabetes
duration, HbA ., systolic BP (SBP), albuminuria, prior
eGFR and retinopathy status. However, there have been rela-
tively few attempts to build and validate predictive equations
using clinical data that would form the basis for evaluating the
marginal improvement in prediction with biomarkers
[16-18]. Those that have attempted this reported C statistics
for ESRD or renal failure death or prediction of incident albu-
minuria in the range 0.85-0.90 in type 2 diabetes [17, 18]. In
the Joslin cohorts with type 1 diabetes, eGFR slope, albumin
to creatinine ratio (ACR) and HbA . had a C statistic (not
cross-validated) for ESRD of 0.80 [19-21]. In the FinnDiane
cohort the best model had a C statistic of 0.67 for ESRD [22].
In the Steno Diabetes Center cohort, HbA ., albuminuria,
haemoglobin, SBP, baseline eGFR, smoking, and low-
density lipoprotein/high-density lipoprotein ratio explained
18-25% of the variability in decline [23]. In the
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EURODIAB cohort predictive models for albuminuria includ-
ed HbA ., AER, waist-to-hip ratio, BMI and ever smoking
with a non-cross-validated C statistic of 0.71 [24].

In summary, most studies have reported at least modest C
statistics for models that contain clinical risk factors beyond
eGFR, albuminuria status and age for renal outcomes in type 1
and 2 diabetes. However, despite this, very few biomarker
studies have evaluated the marginal improvement in predic-
tion beyond such factors. In the SUrrogate markers for Micro-
and Macro-vascular hard endpoints for Innovative diabetes
Tools (SUMMIT) study, for example, while forward selection
of biomarkers on top of a limited set of clinical covariates
selected a panel of 14 biomarkers as predictive, increasing
the C statistic from 0.71 to 0.89, a more extensive clinical risk
factor model already had a C statistic of 0.79 and a panel of
only seven biomarkers showed an improvement in prediction
beyond this [25].

Novel biomarker studies

Ideally, we seek predictive or prognostic biomarkers of the
hard endpoint demanded by drug regulatory agencies (i.e.
doubling of serum creatinine or the onset of ESRD or renal
death). In practice, since many cohorts do not have the neces-
sary length of follow-up or numbers of incident hard end-
points, many studies have sought biomarkers of intermediate
phenotypes such as incident albuminuria, DKD stage 3 or
eGFR slopes above a certain threshold (Table 1).

Studies testing single biomarkers or small sets
of biomarkers

Most biomarker reports in the literature are of single candidate
biomarkers or small sets of candidate biomarkers that may be
assayed in single assays, usually ELISAs, or on multiplexed
platforms, such as the Myriad RBM KidneyMAP panel
(https://myriadrbm.com/, accessed 17 October 2017). Until
recently, most of these studies have taken as their starting
point molecules identified from in vitro studies, cell-based
studies or animal models. For example, animal models identi-
fied kidney injury molecule-1 (KIM-1) [26] and neutrophil
gelatinase-associated lipocalin (NGAL) [27]. Candidates stud-
ied to date probe pathways thought causal in DKD, such as
inflammation, glycation or glycosylation, or endothelial dys-
function. Others focus on glomerular features, such as glyco-
calyx abnormalities, extracellular matrix deposition, podocyte
damage or glomerular fibrosis. Others focus on acute or chron-
ic proximal or distal tubular dysfunction (Fig. 1).

As detailed in Table 1, among these studies of single or few
biomarkers, some of the most frequently reported associations
with DKD-relevant phenotypes are for biomarkers of inflamma-
tion and fibrosis pathways, such as soluble TNF receptors 1 and
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2 (STNFR1 and STNFR2) [28-33], fibroblast growth factors 21
and 23 (FGF21, FGF23) [25, 34-41] and pigment epithelium-
derived factor (PEDF) [42]. Positive associations have also been
found for biomarkers of endothelial dysfunction, including mid-
regional fragment of proadrenomedullin (MR-proADM) [43],
and cardiac injury, including N-terminal pro-B-type natriuretic
peptide (NT-proBNP) [43]. Copeptin, a surrogate marker for
arginine vasopressin, was associated with albuminuria progres-
sion and incident ESRD independently of baseline eGFR in four
studies [44-47]. Proximal tubular proteins, such as urinary
KIM-1, NGAL [48-50] and liver-type fatty acid-binding protein
(L-FABP) [51-53] have been associated with a faster decline in
eGFR [48]. The data are most consistent for KIM-1, a protein
expressed on the apical membrane of renal proximal tubule
cells, with urinary concentrations rising in response to acute
renal injury [49, 54-56]. Urinary and blood levels of KIM-1
increased across CKD stages and were associated with eGFR
slopes and progression to ESRD during follow-up in some stud-
ies [57, 58], but it has not always been a strong independent
predictor of progression [59, 60]. There are reports of its asso-
ciation with regression of microalbuminuria in type 1 diabetes
[61]. That these associations could reflect a causal role for KIM-
1 was suggested by an analysis of the FinnDiane cohort with
type 1 diabetes [62]. In this analysis, KIM-1 did not predict
progression to ESRD independently of AER. However, using
a Mendelian randomisation approach, based on genome-wide
association study data for the KIM-1 gene, an inverse association
of increased KIM-1 levels with lower eGFR emerged, suggest-
ing a causal link with renal function.

Panels of candidate biomarkers

Each of the above biomarkers have some evidence supporting
their prediction of renal function decline or other DKD-related
phenotypes. However, although they have been investigated as
reflecting specific pathways or processes, in reality there are
very strong correlations between these biomarkers, even be-
tween different pathways. Figure 2 shows the correlation ma-
trix for some of these from the SUMMIT study [25]. Yet, rel-
atively few studies have assayed many of these candidates
together to allow the marginal gain in prediction with each
additional biomarker to be evaluated. Of those that have, some
used a hybrid of discovery and candidate approaches
harnessing bioinformatics and systems biology modelling tech-
niques [63]. So, for example, in the SUMMIT study [25], we
conducted both data mining and literature review to arrive at
sets of candidates that several pathophysiological processes
considered relevant for DKD. We assayed these but also a
larger set of biomarkers (207 in total) that were already
multiplexed with these candidates in the most efficient analysis
platforms that were Luminex and mass spectrometry-based.
Altogether, 30 biomarkers had highly significant evidence of
association with renal function decline when examined singly


https://myriadrbm.com/

999

Diabetologia (2018) 61:996-1011

sjuounsnfpe oe
JUBOIJIUSIS J0U YSNOY[e ‘S[enpIAIpul
SuroyIadAy ur S[oAJ] 150y PIm

SnJe)s uonen|y 0} SUIPIOdJ. UOAIIXD SOUIOWIAYQ/SAULN0JAD BLINUIWNG[BOULION] allL
BIWQBOAID)  QUDJOWAYD/QUL0JAD ATRULIN PISBIIOU] Areutr) YOO JO S[QAJ] Surkrep [eUO1}03S-SSOI)) Wl =N AR CRERG S
BLINUIWNG[BOIOTW BLINUIWUNG[EOIOBW azl [zo1]
syuounsn(pe oN UM PIIRIOOSSE S[OAJ] DN JOYSIH DVYN Aleull)  pue BLINUILING[BOULION [BUOI}OIS-SSOI) 9¢ =N [e 10 30An0g
OV WD °'VqH ‘uorsuenadAy Anperow pue (YSH YA PAjeIoosse TVON Pue DVN YJH9 pue UonaIox9 acl
‘uoneInp sdJaqeIp ‘xas ‘o9Fe ourjdseq Apuopuadapul Jgv4-1 Pue TVON  ‘d9VA-T ‘- ATeuli)  urungpe Jo S[oAQ] SUIATeA aAnadsolg 09z =N [901] 8 10 BRJN]
syuedronred 9,68
aysg jo ur ary/[w 09< SYAD9
YJD S pasealoul (JIm Pajeroosse T ANLL CYANL ‘UONAIOXI acl
PuB YOV dVIN °'VqH XS 98y 10 [YAN.L JO SUOBIUIOIUOD PAJBAI[H pue [YANL WNIdS  urungye Jo S[oAd] SuIAIep aAnpadsorg €61 =N [1€] 18 10 AoARq
4D pue [N Usamiaoq Julf [esnes
€ paproddns uonesiuopues uelOpUSA UOIBSIOPURI
AV Jo Apuspuadepur (1ISH eLnumungre UBI[OPUSA + alL
AV ‘S[0109A413[Aoe “lyqH 03 uorssaidouid jorpaid jou pip 1-]ATY I-IND] Areutin JO so2139p Surkrep 2An0adso1g €LS1 =N [29] 1e 10 ninpueq
orje1 ouruneaId 0) urejord
M pajeroosse Ajoanisod pue ¥ JHo eLnuIINg[R (sjonuod ¢ =u [zs]
syuounsnipe oN M PIJRIOOSSE A[OSIOAUT JV-T dgVv.I-T1 Areurn JO s02130p Surkrep [eUONOasS-SS0I)  ‘(QZL S9=1U) 8L =N [© 10 UBYJRUBMSIA
(sayoqerpard
BLINUTWNG[BOIOIW JNOYILM Um0 =u
aso sA yym syuedronred ur soySy D uneIsko UONRIOX Surpnpour) qzL
syjuounsnipe oN  ApueolIuSIS 919M ) UNRISAd PUuR TYDON pue TYON ATeur) urwungye Jo S[AJ[ SurAIep [BUOT}O9S-SS01)) 16 =N [os] 1e 30 S1en
dds ‘TANd 'VaH YAD? durfoseq 10§ Judunsnipe uo
quounyedn) dAIsudpdAynUEe JueoyIUSIS QuIIOpIOq ‘¢ 95e)s (3D LW ELT [L¥]
‘uoneInp sdRqeIp ‘X3 93y Jo juowdoraadp pajorpaid undado) undado) (U U 09< ADd aAnadsolg dczl 191 =N [® 10 yeewpId
(sjonuoo Aypesy
Ajoandadsar IV pue YIH9 YOV pue 0T=u‘dTlL
syuounsnipe oN (1M POIRIOOSSE HYZ ATRULIN PUB WNIOS  DYZ AIRULIN PUB WIS Y DO JO S[OA] Sutkrep [eUONOS-SSOID) YN 08 =4) 00T =N  [SO1] [ 30 Suep
adsd
pue y1eap jo yjsit 12ysiy pajorpard acl
Ayotuy) pue xos ‘0. YID° YDIVN S[OAQ]  PIO[AWE WINIds J9Y3IH V plojAwe wnieg BLINUIDOIJ aanpadsolg SEl =N [$01] 1B 310 133010
Ayrenowr
puB UI[P YAD JO SLI Pasearoul UONAIOXd azl [co1]
MOV Pue YJDH9 ‘xos 93 oureseq M PJRIOOSSE S[OAJ] ULBISOPUH urjeIsopuo ewise[d UIN[e JO S[OA9] SUIAIeA 9Anadso1g L09 =N [e 30 uosspe)
S310qeIp ISH JO 2ouapIoul 1oy3Iy B Yim YJD pue UOIRIOXd dll
Jo uonemp pue 93e Xas durjoseq pajeroosse undadoo Jo sonid) 1oddn undodoo ewised urungye Jo s[oAd] Jurkrep aAnadso1g 986 =N  [¥¥] 1810 oy
CHOV
pue 4OV Jo Aj1Anoe (sjonuod
DV YA pajerdosse Aranoe ‘S[OAJ] THOV PUE 1D JO S[OAJ] Surkrea §9=u‘arL
syuounsnipe oN OV pue uooursudjoidue Areutr) u3oursu)orsue Areurin) CRLINUTTING[ROWLION [RUON03S-SSOI)) p61=u) 65T =N [20T1] e 10 sung
[oued & Se J0U SIONIRWOI] [BIIAJS 10 SINIBWOI] J[SUIg
uonerndod
syuounsnlpy S)[NSAI UIRIA] SsIayIRWONg 93e1s A ugisop Apmig pue azis ojdweg ‘Jo1 Joyny

L10T Pue Z10T u9om10q paysiiqnd (3 PUB SIIBWOI] UO SAPMS UIBI]

L 31qeL

pringer

Qs



Diabetologia (2018) 61:996-1011

1000

syuounsnipe oN

AV 4499 'VaH
‘uoneInp S9JOqRIp dUIASLq XdF
dd °snisvy
‘uorsuapadAY ‘Joraise[oyd-TaH
‘S|010JAF[AorLn
‘[o1aso[oyd “yqH ‘TING ‘XOs ‘08

ADV S[0120A[3[AdeLn
“IVqQH “gHM durjeseq
uonemnp sajqelp hyqy ‘ode Xas
“10y00 Aypedounar ‘osn gIV/IHOV
“JHV duI[dseq ‘UONEIO[[e JUSURL],

Supjows ‘PG ‘dd ‘[010IS[OYd
Clyqy ‘osn aarsudpadAynue
‘uoneInp SAAQRIP ‘x3s 9y

syuounsnipe oN

YAV T0118[0Y2-TAH

‘s]010dAF[AoeLn Y ID° 'vqH

‘asn sonoInIp ‘uorsudiadAy
‘uoneInp sejoqerp ‘oSe ‘Xas auljeseq

°lVQH pue “J4D° YOV ouljeseq

syuounsnipe oN

SO[1IA) YDV SSOIOR PAISPIP S[OAJ] SOUD[OWAYD/SOUI0}KD

SHLNVY Pue Vv-10dd ‘811 ‘01 Areurm gy
Topowt
paisnipeun ut AJuo ‘qSH Jo ysu €2-dDd

PISBAIOUT )IM PIJBIIOSSE SBM €7-ID] pue [YANL ewse[d

q459

UL QUITO9P LA PAJeIdOsse dg VA1
AV 2a0qe uonorpaid ysu oaoxdun
ApueoyIuss jou pip JgvVA-10q
‘@I Jo segess [[e je uorssaidoxd Jo

J0301pa1d juopuadopur ue sem JgvI-1
BLINUIWUNG[ROIOBU
03 uorssaigoid jo siojorpaxd

159q UNOS[Es-H pue CTYANL PUB THANL
ISV Uo asoy
ur Juasaxd Jou uoneIOOSSE SIY T YD
aurjaseq Jo Apuapuadopur Y109

ur a3ueyo ym pajeroosse undado)

dgv4-T1 Areuun

ddv4-T1 Areuun
TYANL
TYANLS “T-1Vd
‘9-T[ ‘UOAs-H WNIdg

undado)
(1d-40L
PUB {-UIunoe-
‘90 dL ‘urpodojdeuds
‘urxAeoopod ‘uroopod
BLINUIWINQ[E UI SaseaIouI pajorpaid ‘utydou) surajord
pue @I Jo so5e)s JUaIYIp oy} pajeroosse-gLoopod
U99M]9q pAjeurULIdSIP uLydou AreuLin) o S[OAS] YN YW Areulin)

(@usa
10 SUIUNJEAID JO SUI[QNOP) SIUSAD [BUDI

s pajerdosse Apuopuadapur undodo)
@IS 01 uorssargoid
pue sado]s IO YN Poreroosse [-]AT

undadod ewise|q

[-INI>] Wnisg
19-10L 0-INL
‘T-dDN 074Dd-08I-8
“TVON ‘Ofory] wnisg
D Une)sAd wnios

pue 4DV OV
‘(s1oxjrewr 9)Ao0pod)

MOV A PajRIo0sse TYON Ut Oyjory]

(uonouny [eudx

pue eunurwinge jo Apuapuadopur)
s1oyrewolq 9Aoopod pue uonounysAp
a[nqmy [ewrxoid Jo sioxIeWOoIq

dDAA pue utydou
‘(sIoyIeW 9[NQNY
Tewurxoxd) T-INT

pue urnqoySoIoru- o

BLINUIUNG[BOWLION]

UOIJ2IIXd

urunqpe o s[oA9[ Surkrep

[/jout . 01x8°8
< ourunea1o
WINIS ‘UONIIOXD

uruunqpe jo s[oA9[ Surkrep

eLnuINg[e
JO soa130p Surkrep

BLINUIUNG[ROWLION

MDA pue eLnuIwnge

JO s30130p Surhrep

LY RN 6) €]

urunqe jo s[oA9[ Surkrep

BLINUIWNG[Y

S-1 Ao
BLINUISI0I]

UONAIOXD

urunqe o sjRA9[ Surkrep

BLINUTWING[EOIOTU

darlL
[BUOII9S-SS0I)) 0ST =N [1¥] 1B 310 Asmray)
dacl
aAnoadsorg 08¢ =N [cI1l e 0o
acl
oAnadsorg 819 =N [gs]1e 10 pery
(sjonuod
807=u ‘ALl [rrrl
oAmRadsord  9pTT=U) YSYT=N [& 10 nunpue
darlL [ecl e
aAnadsorg L€TT =N B[ -sado
dacl
aAnoadsorg 87€1 =N [9¥] Ie 10 uonIOg

(sjonuod G| =u

pue [azl ‘drdl

SdRqeIp L9=1U
‘sajoqerpard g1 =u)

[or1] B30

[euo103s-ss01) 101 =N OJUSWIIISBN Op
acl
aAnoadsord 101€ =N [S¥] 1230 oyfeA
arlL [85]
aAnadsolg ¥l =N [e 12 masiqqes
acl
[UONOS-5S010) 9y =N [601] 18R 0M

(sjonuod [g=u

JAD D uneIsko YHvn U09M)Oq UOTJBIOOSSE JUBOITUSIS Aleun)  pue eLNUIIUNG[EOULION [euonoas-sso1) ‘Azl 0L=4) 16 =N [801] Ie 30 eoImog
uone[ndod
syuounsn(py S}NSAI UIBJA] sIoMyIeworg aders A ugisop Apms pue azis o[dwesg ‘JoI ‘rIoyIny

(ponumuoo) 1 J[qeL,

pringer

Qs



1001

Diabetologia (2018) 61:996-1011

YAD9 pue YOV
SoJ aurjaeseq ‘[0101S[OYd-TJT

‘ddS “'VqH xds 93y

SaqeLIEA [BOIUTD)

[019)83[0Yyd
pue juawjea) dAnd0Idouds
ddS “'VaH YAV xos 98y

dg ‘ourjeseq je

snye)s eunumunge “lyqy ‘xas 93y

dav °'vaH
‘dd ‘uoneinp sajRqeIp ‘xas ‘03

syuounsnipe oN

4D pue YV 'vqH 98y

A9 pue YAV “'VIH

AAD9 panedwr pajorpard unuodod)so

pue TYDON D uneisko ‘Wed

@Id padueApe
10 AJ1ed yim suosiad ur ourjoap

AAD9 JO SU IYSIY YIIm PojeIoosse

SIONIBWOIq dAIY) 3Y) JO S[OAS] JOYSIH

BLINUIUNG[ROION
JO UOISSAITAI YIM PIJBIOOSSE
Apueoyrugis a1om A[9ATI9[[00

pue A[[enpraIpur y1oq HYN Pue [-INT

Aypedorydou

Jo uorssai3oxd yyum pajeroosse Jgv4-1

s1ajowoxd uorssargord
umouy 1oJ syuaunsnipe Joye jou Jnq
“dAD Ul SUI[O9P I)SBJ Y)IM PIJRIJOSSE

M T-JNIX Pue TVON PajeAd[q

Y59 pue TVON
JO uoneIoosse dAnESoU YDV YIM

DVN Pue TYDN JO UOTBIOOSSE JANISO]

*S[oxuod ueyl qZL

Ul SIONJIBW 91} ) JO S[OAJ] JOYSIH

QUSH JO YSH Yim pajeIoosse

A[3uons a1om YANL PUe TMANL

QUI[O9p [eudl A[1BD J0J S (1M

pajeroosse A[Suons LN pue THANL

BLINUIUNG[BOIOTUI

SIONIBWION] BUISE]]

I-INI
pue TYANL ‘TYINL

-
pue HVYN ‘01-dl

/017TOXD ‘9-T1 Areutin

ddv4-1 Areuun

ddvd-1pue

[-INTL “TVON Areutin

TVODN

‘OVN ‘1-IND Areutin)

4O pue

9-TI ‘I-IVd ‘T-INVDA
‘I-INVOI ‘TIANL pue
TIANL ©-INLL ewse[d

CYANL pPue THANL

UADS pue uoIaIdXa
urwungye Jjo S[oA9] Surrep

soSels snowea je (I3[0

UONAIOXD

urunqe jo s[oA9] Surkrep

YD pue eLnurwngje

JO So2139p Surkrep

YAD pue uonaIoxs

urunqe Jo s[oA9] Surkrep

eLnuINg[e
JO s02130p Surkrep

€1 a
BLINUTWING[ROIOTU

pUE BLINUITUNG[2OWLIOU
{uopouNJ [RUAI [BULION

BLINUIWNG[ROIOTUL

arl [69]
aAnadsolg LTS =N Ie 10 peisuwiolg
aanadsoxd (sjonuod
pue Kpms 061 =4 ‘Acl

[ONU0O-358 PAISAN.  OPET =) 9€ST=N  [pT1] 210 820D

saInjeuSIs SOT09}01d; SIS ITRWOI] JO [oUB

(sjonuod
aAnadsoxd fe=u ‘Il

PUE [BUONIIS-SSOIT) 659=1) L69 =N  [19] [e 10 eAprep
(sjonuod

aandadsoxd TIy=upue gL [1sl 10
PUE [BUOIIIS-SSOI) Oyl =4) 7SS =N  Howay[-oltwey]
dalL

aAnadsorg €9 =N [66] 18 30 uasjIN
(sjonuod
yT=u‘dcl

[BUOT}O3S-SSOI)

UM g8 =) TI[ =N [6v] 1B 30 ng

acl [62]
QAnadso1g 01y =N [B 19 SBZOMIIN
darlL
aAnoadsord 829 =N [0€] e 32 BPYOD

(sjonuod o] =u

sjuounsnipe oN  JO 19SUO A 210J2q PALINGI0 eLINULIYdON S[oA9] uLydou Areurl)  pue BLINUIUNG[BOWLION] [BUOND3S-SSOI)  ‘ATL 99=4) 9L =N [e11] 1B 30 WIf
s1aj0wo1d umouy Jo juopuadapur
Jou sem sIg) ySnoyife Y400 €24D4
unungre Ul QUI[Oop IJ)SEJ B UM PIJBIOOSSE ewsed pue TN azl
Areunn pue 4gs *'vqH ‘xes ‘08y SIONIBWOIq AU} JO S[OAJ] JySIH pue TyON Areutin BLINUII0I] 9A1adsoig LLT =N [8%] 18 10 ussjppIN
s[opowt paysnfpeun ur A[uo sL
Ayireniowr yim pajerdosse - JoYSIH
sjopout pajsnipeun
dg “'VqH ‘uonemp ur AJuo ‘auI[oap YD 11sey GANdD  ¥4Ds pue elLnuungye dacl
SOJQRIP ‘XS YOIV Y ADO ouroseq M pajerdosse gIANJID Pue T-INI pue - Areurin JO so2130p Surkrep QAT0adso1g 8.6 =N [09] 18 30 Aemuo))
uone[ndod
syuounsn(py S}NSAI UIBJA] sIoMyIeworg aders A ugisop Apms pue azis o[dwesg ‘JoI ‘rIoyIny

(ponumuoo) 1 J[qeL,

pringer

Qs



Diabetologia (2018) 61:996-1011

1002

Sumas aandadsord anusoninur

B UI IOJISSe[O Paseq-owioajord
ATeurm sIy) Jo UOTepI[eA

adsd

pue [eap Jo dwodno Arsodurod
oY) UNM PIJRIOSSE JOTA BWse]d

@IS YIM UOTBIOOSSE
1593u0ns :Z-1D [BUIULIR)}-)) ATRULI)

eLnUIING[Y

YAD9 pue eLUnUIUNg[R dUI[Pseq
[01)s9[0Yd
‘uorsuouadAy ‘uoneinp
sojoqeIp ‘xas a3k ‘eunurunge Y IO  QIYSH PIm pajerdosse urdjord ooei] -¢
SIOYIeUI YSLI PAYSI[qeIsd
[IIM POUIqUIOD UM JUI[OIP IO JO
uonarpaid paaoxdunr gNDHoid- N pue
UonesIpall SjaqeIp [eI0 JO asn 0P TAA “TTDD “UBsoIdds ‘TYANL
“AADQ ddS ‘xos ‘Sunjowss aurjaseg 1D 1D ‘uroopod ‘aseurs duIsoIk) ‘SqINIA
(08°0 01 £L°0 woxy onsness
D) BLINUIWNG[EOIOBW 0} OIDTUL
woly uonisuer) 10j uonorpaid ysi
pasoxdurr (Surfeusdis Jupy SIAVIA
ged pue SV “YOLW “ADIA
PIV-3I€1d 0) parerer) sapndad g1

SN ISV
“AdD9 ‘smye)s eLINUIUNG[R dUI[aseg
s3nip aarsudpodAynue
asn urnsur ‘qAD
Joud ‘[N ‘uoneInp sa)oqerp

‘sY D9 1sed Jo oSeroae payIrom (8980

€LTIAD Areurin

SIOIeWONq

ewsed ; pue Areunn /|

NZd pue urdyord aoe1] -¢

SIOYIRWOIq §7

sopndod ewselq

urungpe Areutn pue

U409 Jo souer opip

U0oInaIdXd

urunqe o s[oA9[ Surkrep
e a@d

sunurungye

9%WS Inq Pajodfasun

AADR puE UONRIOXd

urngye Jo S[oAd] Suikrep

BLINUIING[BOIOBW

PUB BLINUIUNG[BOWLION]

aAnadsorg

aanpadsolg

QAn0adso1g

aAndadsoig

9Anadso1g

daclL

S9T =N [SL] 1810 AmIS

(sjonuod gz =u
‘Azl L9=u) L8=N [L9]Te 0 [emIeSY

azl

0ST =N [L11] 1830 199501
azyl

8 =N [+9] 1e 30 vUSq
azl

8 =N [911] e BUSg

(sjonuod ¢gr=u

dd ‘osn gV pue 1§DV “'vqH 01 90’0 woxy) uondrpaxd [earurjo ‘ATl ¥S1=1)
‘eunurnqge Y Joo ‘xos 08y paaoxduur siosprewionq 1 Jo [oueq SIOIRWIOIQ WINIAS /0T CM@ID  [0NU0d—sLd PIASIN L0€ =N [sz] 1B 10 10300
QUIOdP uonouUNy dNgo1d-IN
MOV pue YJDo dureseq ‘dq [euar 105 uonorpaid ysu pasoiduur pue INQVoId-JIN Y AD9 pue uonaIoXd azl [s11]
“lyqy ‘uonenp saaqerp ‘xas 93y JNGOoId-IN pue NQVOoId-JA ‘T IANL TYANL WnIoS  urunge Jo S[oAd] SutAIep dAndadsoig SEI1 =N [e 10 JoIunes
‘A[oAnoadsar
‘sdnoi3 om) asay) UI 949 pUe 9,G¢
03 . paisnfpe oty pasearout s1ojorpard TANL
[BOIUI[O PUE JRNOS[OUL JO UONBUIQUIOD Y/ pue 9seuLy dUISOIA)
“AjoAnoadsar ‘CIdAIN ‘8dININ
LW ELTT Ul [ur 09> pue ‘LANIN TN
°lyqy pue 09< A0 s spudned ur (L [pe) :saseurdjordoyrelow
dd 10118910y [230} TNE “UDV %€ PUB %G1 AQ SSO[ YLD [enuue Xmew acl
LD surjeseq ‘Furjows ‘a3e ‘xdg Jo Anpiqerrea paure[dxa sioyreworg “IDH ‘1-HO ‘0v-TIA soFe)s snoweA Je (3D aanpadsolg S9L1 =N [99] 1B 10 10he|N
S10198] qSLL €dg40] ‘7 weroxd
[eorur[o pasiudooar Jo Apuapuadopur paje[aI-H J10joej
uonounyj [eUAI Ul JUI[OIP Juowd[dwod ‘gD
[01189]0Y9-TAH pider yo uonorpaid oy paroxdur “16aD ‘HI-Dody YAD9 pue uonAIOXd dazl
asn onAINIP ‘uonBIND SOJOQRIP ‘O3 ¢ddr1 pue gO1D “1SAD ‘yvody ‘pyody ewuse[d urunqpe Jo s[OA[ Surkrep dAn0adso1g $S€ =N [0L] T 30 s1939g
uonendod
syjuounsnlpy S}NSAI UIBJA] Ss1yIRWOIg a3eys (A u3isop Apmig pue az1s o[dwesg ‘Jo1 ‘Ioyny

(ponunuod) | Jqel,

pringer

Qs



1003

Diabetologia (2018) 61:996-1011

aysd 03 uorssardoxd SPIOB OUTWIE [BIUISSD Apms
U)IM POJRIOOSSE SPIOR OUTWIE [BIUISSD pue (s9)NJOS OIWIAIN) [OJJU0O—sED PI)SAU acl a1l
2lyqH “Yd4D° ‘eunuiungy  pue sonjos OIudIn Jo S[OAJ] [EULIOUqy soyjoqeyowt ewserd g/ -1 @D 9Anadso1g 08 =N [ 30 SeZOMIIN
BLINUIWUNG[ROIOBW
0} -0IoTW wWoJf uorssardord
)M PAJBIOOSSE dunIuIed[Aoudng
pue surpnsiy ewsejd pue SOIIO[0qeIoU BLINUIWUNG[EOIOBW aAnoadsoxd azl
asn ISV Y JD0 ‘eHnuIuNg[y  QUISOIA) pue surwen|3 ‘9soxay ouL) AIeuun pue ewise[d  Pue BLINUIUNG[BOWLION] puE [0)U0d-3sE)) 06 =N  [121] 1B 10 U
sojeydsoyd
asn g v/1dDV ‘uonemp 119y} pue saseq
sojoqeIp ‘S[A9] pidi] YAV 3[SLI BLINUIUING[EOIOBW POONPAI [IIM pro3uryds [enprarpur
‘a3e “lyqy ‘xos ‘Ayjedounor payeroosse saroads opIweIdd ureyo pue sa10ads opruesod dll
qurjeseq ‘dnoid juounear], Suo] 104 Jo s[oA9] ewsed pasearouy ewserd ordnn BLINUIWING[EOWLION QAn0adso1g L6V =N [0Z1] 18 30 utery]
SuIje)s pue ‘Juounedr)
da1sudpdAynUE 1010 Osn ISVY @dsq o
‘S[OAQ] p1oe oun ‘Suryows ‘NG oIy pue QUI[IIP UOKOUNJ [RUAT JIM Suryoid orwojoqejowr ail l611]
‘d9 44D YOV C'VqH duleseqg  pIJBIOOSSE 9IdM SON[OQEIAW PAYIPOW /, wnids [eqo[H € (3D Pue BLNUIOIJ 9Anadso1g 8ST =N [ 30 SeZOMIIN
SOIWO[OQRIDIA
JudUEI) 688°0 01
prdry/dg D uneiso ‘proe (SaqeLIRA [EOIUI[0) [H8°) WOl DNV
LN YDV ‘ddS ‘[0INS[0Yo-TAH A paaoxdurr urey01dooA(3 proe 1-%
pue [e10} ‘Sunjowss YHM ‘TING pue ‘uuisn(o ‘urnuergord ‘urajord sopndad BLINUIWING[BOWLION drl [e8]
“lyqy ‘uoneinp sajeqerp 93y [1eysiog—wwe], Surpnjour [oued vy QuuIn 7Gg Jo [oued I @D  [01U0o-3sed PASIN So9F =N [® 10 10Z)B[yoS
(4DFA
uorssaxsord 3D pue 1-dD ‘g-IDL)
Jo ysu oy 03 pajejar Apuapuadapur SOUD0}AD ATeurIn pue acl
dg ‘eunuidjoid 9ouered]d surunear) 1-dDIN Pue dgy Aleull)  WnIds pue Jqy Areuln BLINUIWNG[ROIOBIA 9Anadsoig 96 =N [811] B0 UBNL
urunqe Areurn Joj
L9°0 SA €6°0 DNV -eLNUILUNg[eOIoRW Y4D9 [euou dcl pue dIL
BLNUIWNG[Y 03 uorssargord Jo uonoAIp Arey €LTAIID Areurin {BLINUIIING[BOWLION. aAnadsorg Ge =N [9.] e 310 S1qImnz
BLINUIWUNG[ROIOBW
ISNISVY 0] -OI0IW pue -0I0IW O} RLINUITING[ROIOT azl [82]
“AAD9 ‘Smejs eLNUIWING[E SUIAsey  -OWLIOU WOl uoIssai3ord 109)op 0} 9|qy (duun) ¢/zA3D  PuB BLUNUIUNG[BOULION 9Andadsoig 88 =N [& 19 TUOIdSOY
QUIOdP uonoUNy
BLINUIWING[E PUB YD 0] [BUSI [JIM PIJBIOOSSE SYUSWISEI} sopndad dll [z8]
Ppaydjew Wnjexns nq syusunsnipe oN uoSouruny pue uoSourury ewiseld  ewseyd (eQy ¢>) [[BWS BLINUIWNG[ROIOTA] aAnoadsolg €€ =N [® 12 JUBYIISA
QuI[O9p BLINUIUNG[EOIOBW
uonouny [eudl A[1ed jo 1o3orpard /-owou azl [#8]
asn 1YV ‘eunuunqgry 1S9q :0TjEI dUIUNEAId 0) urqojsojdery sopndad ourin pue z-1 9581s Y IO aAnpadsorg $0T =N Te 10 erpepsuoyg
QuI[Odp
uonouny [eual jo oyel Ay Sunorpard 1-Ivd pue ‘1¢-IDL
ur etnurojord o) danIppe pue  “0-ANL ‘1-dOI ‘811 Aypedorydou dclL pue il
eLnurung[y - juopuedopur a10M [¢-IDL Pue [-dON ‘9-TI “J 1~ Areuun O1RQRIP KA oAnadsord €8 =N [89] [e 10 aaeyIoA
uone[ndod
syuounsn(py S}NSAI UIBJA] sIoMyIeworg aders A ugisop Apms pue azis o[dwesg ‘JoI ‘rIoyIny

(ponumuoo) 1 J[qeL,

pringer

Qs



Diabetologia (2018) 61:996-1011

1004

u10)01dodA[3-70 ouIz ‘0y7Z <1 urejoid oyI[-¢-9seuntyd ‘Op-TA 10308} IMO0IS [BI[OYIOPUD JB[NISBA ‘JOFA ] S[NO[OW UOISIYPE [[99 JB[NOSLA ‘[-INVIA
‘o1jel QUIUNEBAID-0)-UIUNG[e SULIN YY) 9 Joquiowl A[rueiqns [duueydo uoned [enudjod 103daoar judtsuen ‘9)JY L 103doodr NI “YANL ‘sa1eqeip 7 2dA) ‘gzl saqerp [ adA ‘@ L [-103dooar INL
QIqNIos ‘THANLLS ‘dd O103IsAs ‘ggs ‘urjoxd Surpurq [ounar ‘JEy “10)IqQIYUI WISAS UISUOISUL—UIUAI ‘IS Y (PIJRIAS pue PassaIdxad [[90 ], [BULIOU ‘UOTIBATIOR UO paje[n3al ‘SHINVY (VV-10308] [pmoid
paauep-9Ield ‘Vv-IDAd ¢1-1onqryur Jojeanoe usgourwse(d ‘[-Tvd ‘g oseury urjord pue aseurny-g-jonsourjApneydsoyd pv-dg1d opndad onainineu od4)-)-o1d [eurusl-N ‘qNDoid-[N opndad
onaniyeu ad4)-g-oid reuruel-N ‘gNgoid-LN <urfeoodi pajeroosse-oseune[os [rydonnau “TyoN ourwesoon|S[A19oe-y ‘DN ‘uriweder Jo J931e) onsIueyodw YO LW ‘ulnpawouaipe-oid [euor3ar-pru
NAVYOId-YIN ‘eseurdjordofelowr Xmew JAA ¢ -ura3oid Juejoeneowayd 91A50uow ‘[-gJDJA seseuny] urejold pajeAnde-uddoyu S VA 2Inssaid poojq [euale uedw ‘JyA utajord Surpuig-poe Anej
9dA)-10A1] ‘qgVA-T ‘01 ureroxd oqronput ‘g [-dJ ¢-9[NO[OW UOISAYPE IB[N[[IINUI ‘[-]NVYD] ‘€ ureroid Surpuiq 10j0e) Y3moI3 SNI[-UInsul ‘¢4 D] $1039.] Yimois a1400jeday ‘JOH ‘ouourioy yimois ‘Ho
g uroyo1d ewour|ow dneISLIOW-UOU UI)0IdodA[S ‘GINNJID :10308) U3MO0I3 Ise[qoIql) ‘{0 OSBISIP [BUdI 9FRIS-PUS ‘QYSH SBasIp Aoupry ondqeIp ‘@A ‘0 ]-Puesi| sunjowayd HXD ‘01 TIXD 9seasip
IB[NOSBAOIPIED ‘(JAD 10J0B] IMOIS onssy) 9ANOUU0D ‘1D D) ‘U1oId 9A10RAI-D) QYD 2SeasIp AQupny oruoIyd ‘3] ‘7 puesiy sunjowoyd ‘71D Oyi-uesnue ¢ad “1sa) ‘g nungns jusuoduwooqns
b1D uewedwos ‘g 1D ‘urngoj3omnnu-tg A zd <s19390]q 103daoar uisudjordue ‘g <urdjordodijode ‘ody ‘one1surunearo-urunge YOV SI0Nquyul IV IV 20 urpue[3e)sold-osi-§ 0z 40J-0sI-8

sproe (sjonuoo
Ayye] palLIg)Sd 7€ pue UOIOIOXD oc=u‘dzl
syuounsnipe oN - Snyeys eLNuUING[e AJEUIWULIOSIP 0} 9[qY  PayLIso-uou ewise[d g¢  urunqye Jo sjoA9] Surkrep [eUO1OIS-SS01) 071 =u) 0ST =N [Lz1] 1B 30 UBRH
surwrein[3K1e0e-N
pue sprure
JI[OPUBAXOYIOWIP-G*E
QUIUNBIIO QUIUTBAIO ‘OPIUIBZUd]
WINISS QUI[OSEq ‘UOHBUIIEXD NE ‘proe ouoydsoyd azl
je o3k ‘sisouderp je o3y [BULIOU SA MO JBUIIULIOSIP 0} O[qQY ‘pIoe JI[EX0 ‘[ourPO Y IO JO S[OAJ] Furkrep [BUOT}09S-SS01)) 06 =N [oz11 180 SN
BLINUIWUNG[ROIORW 10
oIo1w 0) uorssardoid 10J sajrjoqelow
SUNBUIWILIOSIP A10M WSI[OQRIOW
ueydoydAn 0y pajefar sajjoqelou souLn 4 ¢ dll [szilE 1R
syuounsnipe oN pue sauIA[I[Aor ‘sounIuIed[Aoy Jo saqgoid doqeloN BLINUIWING[BOULION] aAnadsolg S =N JOO[Y] Jop UeA
Ayyedoxydou onoqerp jo soudsqe UOTJAIOXD azl vzl
syuounsn(pe oN 10 90udsald QJeUIWILIDSIP 03 J[qY SOJI[OQRIOWE WNIS G  UIUNQ[E JO S[OA] SUIATRA [BUOI}0S-SSOI) 8L =N [e 30 eweAelH
SHOYO0d (I3[D pue smyjjow wisIjoqejout (Jonuoo ¢z =u
uoneINp SAAQRIP  SIIOQEIP PUB S[ONUOD AYI[BAY UIIMII] [BLIPUOYDO}ILL ‘dll vb=u ‘Azl [ez1]
ClyqH TNG'dVIA ‘Xos ‘ooer 93y JUWIO[OQRJOWE QULIN UT SOOUAIJI(]  JO SA[OQeIdW duLIn ¢ sage)s (D WeIRPIg [BUOND3S-SSOI)) pII=u) 181 =N & 10 euLIRyS
uone[ndod
syuounsn(py S}NSAI UIBJA] sIoMyIeworg aders A ugisop Apms pue ozis ojdureg ‘JoI ‘rIoyIny

(ponumuoo) 1 J[qeL,

pringer

Qs



Diabetologia (2018) 61:996-1011

1005

Glomerulus
Cystatin C
o,-Microglobulin
B,-Microglobulin
Albumin

Inflammation/endothelial —>

damagef/fibrosis

%-Ant?trypsin (7~ Distal tubule
TGF-p1 Osteopontin
MCP-1 NGAL

VEGF Copeptin
MR-proADM

NT-proBNP Proximal tubule

TNFR1, TNFR2 KIM-1

SDMA/ADMA NGAL

FGF21 L-FABP

CKD273 FGF23

cost <+— Collecting duct
umhe Copeptin

Loop of Henle —»
Osteopontin
Uromodulin
(Tamm-—Horsfall protein)

Endostatin

Fig. 1 Presumed site of origin of commonly associated biomarkers pre-
dictive of DKD. MMPs, matrix metalloproteases. This figure is available
as part of a downloadable slideset

and adjusted for historical and baseline eGFR, albuminuria and
other covariates. In forward selection, 14 biomarkers were se-
lected adjusting for this basic set of covariates (Table 1). On top
of a more extensive set of covariates, seven biomarkers were
selected: KIM-1, symmetric dimethylarginine/asymmetric
dimethylarginine (SDMA/ADMA) ratio, [3,-microglobulin
(B2M), «1-antitrypsin, C16-acylcarnitine, FGF-21 and uracil.

- _—
g o~ & & % T né:' GZQJ
LAP TGF-B1
THP o ¢ 08
ApoD
KIM-1 0.6
FGF21 04
FGF23 o
VWF 0.2
ADM ) 0000 o o
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Fig.2 Correlation matrix of biomarker measures in the SUMMIT project
(www.imi-summit.eu/) showing there is high correlation between
biomarkers that are of interest because of different pathway
involvement. ADM, adrenomedullin; FABP, fatty acid-binding protein;
LAP TGF-f1, latency-associated-peptide; OPN, osteopontin; THP,
Tamm-—Horsfall urinary protein; VWF, von Willebrand factor. This
figure is available as part of a downloadable slideset

Other such approaches are detailed in Table 1. Of particular
note, the Systems biology towards novel chronic kidney dis-
ecase diagnosis and treatment (SYSKID) consortium used data
mining and de novo omics profiling to construct a molecular
process model representation of CKD in diabetes [64], choos-
ing ultimately to measure 13 candidates that represented the
four largest processes of the model [65]. The panel that gave
an increase in prediction of renal disease progression was then
reported (C statistic increased from 0.835 to 0.896). In a recent
validation study of nine of the biomarkers, the investigators
reported that the panel was useful in prediction based on an
increase in the adjusted /* for the prediction model for eGFR
progression from 29% and 56% for those with a baseline
eGFR above and below 60 ml min 1.73 m 2, respectively, to
35% and 64%, respectively, for the biomarker panel on top of
clinical variables [66].

In a study exploring 17 candidate urinary and seven plasma
biomarkers in 67 participants with type 2 diabetes, Agarwal et al
[67] found that urinary C-terminal FGF-2 showed the strongest
association with ESRD, whereas plasma vascular endothelial
growth factor (VEGF) was associated with the composite out-
come of death and ESRD. The analysis was adjusted for baseline
eGFR only and ACR. Of a panel of seven candidates, Verhave
et al found that urinary monocyte chemoattractant protein-1
(MCP-1) and TGF-31 predicted renal function decline indepen-
dently of albuminuria. Adjustment for baseline eGFR was not
made as it surprisingly did not predict decline in univariate test-
ing [68]. In the Coronary Artery Calcification in Type 1 Diabetes
(CACTI) study using Kidney Injury Panels 3 and 5, (Meso Scale
Diagnostics, www.mesoscale.com/en/products/kidney-injury-
panel-3-human-kit-k15189d/ accessed 08 January 2018)
containing seven biomarkers, component 2 of a principal
component analysis containing B2M, cystatin C, NGAL and
osteopontin predicted incident impaired eGFR [69]. Recently,
of eight candidate biomarkers studied after adjustment for
clinical predictors, apolipoprotein A4 (ApoA4), CD5 antigen-
like (CDSL), and complement Clq subcomponent subunit B
(C1QB) independently predicted rapid decline in eGFR in 345
people with type 2 diabetes. A notable feature of this study was
the adjustment for extensive clinical covariates [70].

Thus, there is some, but not complete, overlap in the ex-
plored and selected biomarkers in these panel studies so that
further optimisation of a panel of the best reported biomarkers
could be considered, especially if it focused on including bio-
markers with low correlation with each other. It is also the case
that all of the studies, including our own, are too small and there
is a need for a large-scale collaboration to increase power,
quantify prediction and to demonstrate generalisability [25].

Discovery ‘omic’ approaches

Apart from candidate biomarkers on multiplexed panels, glob-
al discovery or ‘hypothesis-free’ approaches measuring large
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sets of lipids, metabolites and amino acids, peptides and pro-
teins are increasingly used [71]. The assay methods have most
commonly used mass spectrometry-based approaches, but
other proteomic methods are now also used [72, 73]. Here
we describe some of the main ‘omic’ studies, focusing on
whether associations are prospective and whether they have
adjusted for baseline eGFR and other relevant covariates.

CKD273 This mass spectrometry-based method combines data
on 273 urinary peptides into a score that has high accuracy in
the cross-sectional classification of eGFR status [74] and has
been developed as a commercial test by Mosaique Diagnostics
(http://mosaiques-diagnostics.de/mosaiques-diagnostics/,
accessed 18 October 2017). Most (74%) of the peptides are
collagen fragments, with polymeric-immunoglobulin recep-
tor, uromodulin (Tamm—Horsfall protein), clusterin, CD99 an-
tigen, albumin, B2M, ol-antitrypsin and others comprising
the remainder. The collagens, polymeric-immunoglobulin re-
ceptor, clusterin, CD99 antigen and uromodulin were lower
with worse renal function, whereas the others were higher.

CKD273 was cross-sectionally associated with having al-
buminuria or/and eGFR <45 ml min "' 1.73 m™? in individuals
with type 2 diabetes [75]. In a small study (n =35) of people
with type 1 and type 2 diabetes the CKD273 score improved
the C statistic for progression to albuminuria to 0.93 compared
with 0.67 when using AER, but these data were not fully
adjusted for baseline eGFR [76]. In 2672 participants from
nine different cohorts, 76.3% with diabetes, CKD273 predict-
ed rapid progression of eGFR better than AER [77]. In a
nested case—control analysis, Roscioni et al reported a signif-
icant but smaller increase in C statistic for albuminuria inci-
dence that was robust to adjustment for eGFR [78]. The most
convincing data to date on the utility of CKD273 come from a
subset of 737 samples obtained at baseline in the Diabetic
Retinopathy Candesartan Trials (DIRECT)-Protect 2. The
CKD273 score was strongly associated with incident
microalbuminuria independently of baseline AER, eGFR
and other variables. In this study, higher baseline eGFR was
associated with incident microalbuminuria, an unusual find-
ing, and CKD273 did not show the expected cross-sectional
association with baseline eGFR [79]. Higher CKD273 score at
baseline was associated with a larger reduction in ACR in the
spironolactone group vs placebo (p =0.026 for interaction)
[80]. However, after adjustment for baseline ACR, the inter-
action between treatment and CKD273 was not statistically
significant (p = 0.12). The concept that CKD273 will be use-
ful in determining risk of disease progression and may also
stratify treatment response to spironolactone is being more
definitively tested in the ongoing Proteomic Prediction and
Renin Angiotensin Aldosterone System Inhibition
Prevention Of Early Diabetic nephRopathy In TYpe 2
Diabetic Patients With Normoalbuminuria (PRIORITY) trial,
of 3280 participants with type 2 diabetes [81].

@ Springer

Other proteomics A nested case—control plasma proteomics
study yielded kininogen and kininogen fragments as predic-
tors of renal function decline. No adjustment was made for
baseline eGFR but stratum matching was used [82]. Using a
mass spectrometry approach on 252 urine peptides followed
by ELISA validation in a nested case—control design, a panel
including Tamm-Horsfall protein (also known as
uromodulin), progranulin, clusterin and «-1 acid glycoprotein
improved prediction of early decline in eGFR in a cohort of
465 adults with type 1 diabetes, but no adjustment was made
for baseline eGFR [83]. In another urinary proteomics study
with a very small initial discovery step and then single bio-
marker validation in 204 participants, haptoglobin emerged to
be the best predictor of early renal functional decline but no
adjustment for baseline eGFR was made [84].

Metabolomics Several studies have also assessed the poten-
tial of metabolomics in the context of DKD. A recent sys-
tematic review [85] considered 12 studies (although all
included control groups, most were cross-sectional), where
a metabolomics-based approach was applied to identify
potential biomarkers of DKD. The main metabolites were
products of lipid metabolism (such as esterified and non-
esterified fatty acids, carnitines, phospholipids), branch-
chain amino acid and aromatic amino acid metabolism, carni-
tine and tryptophan metabolism, nucleotide metabolism
(purine, pyrimidine), the tricarboxylic acid cycle or uraemic
solutes. The meta-analysis highlighted differences in the results
from studies included and this might be related to differences in
study population, sample selection, analytical platform.

In the SUMMIT study we used mass spectrometry to mea-
sure low-molecular-weight metabolites, peptide and proteins
(144 in all) as well as 63 proteins by ELISA and Luminex in a
prospective design. Adjusted for extensive covariates, the ar-
ginine methylated derivatives of protein turnover ADMA and
SDMA, and more strongly their ratio, were independently
predictive of rapid progression of eGFR. This ratio, along with
metabolites uracil, «1-antitrypsin and C-16 acylcarnitine,
were included in the final panel of seven biomarkers [25].

In summary, there are too many global discovery studies in
which prediction has not been properly assessed on top of
available clinical data, such that replication of findings with
proper adjustments is warranted.

Genetic biomarkers Detailed reviews of the literature on genet-
ic biomarkers of DKD have been recently published and are not
the focus of this review [86]. In brief, a review of genetic
discovery for DKD concluded that “the search for specific var-
iants that confer predisposition to DKD has been relatively
unrewarding” [86]. The effect sizes of the reported loci are very
small in type 1 [87] and type 2 diabetes [88]. While interna-
tional meta-analysis of data from the SUMMIT and other con-
sortia are underway, given the effect sizes, it seems very
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unlikely that genetic risk scores for DKD will contribute use-
fully as biomarkers for use in the clinical prediction of DKD,
even if they may reveal useful insights into pathogenesis.

MicroRNAs (miRNAs) MiRNAs are small non-coding RNA,
that block protein translation and can induce messenger RNA
degradation, thereby acting as regulators of gene expression
[89]. Several studies have assessed urinary and serum
miRNA in participants with type 1 and type 2 diabetes in rela-
tion to different DKD stages [90-97]. These studies are mostly
very small [95] and most have reported simply cross-sectional
associations of urinary miRNAs with albuminuria status [91,
93-96]. Three studies have used a nested case—control within
prospective cohort design, one of which was in pooled samples
[90, 92, 97]. However, there is no overlap in the specific
miRNAs being reported as being relevant to DKD. Taken al-
together there is not convincing evidence as yet for a clinically
useful role for miRNAs in the prediction of DKD progression.

Are any novel biomarkers actually being used
yet?

In reality, despite all the attempts to develop novel prognostic
biomarkers, few current trials use biomarkers other than albu-
minuria or eGFR as stratification variables or entry criteria.
An exception is the PRIORITY trial [81], in which the
CKD273 panel is being used to risk stratify people into a
spironolactone vs placebo arm.

Biomarkers as surrogates of drug response is not the focus of
this review but we note that there are also few trials using surro-
gate biomarkers as endpoints. One ongoing trial is using urinary
proteomic panels as a surrogate outcome measure [98]. Another
study includes urinary NGAL and KIM-1 as secondary outcome
measures [99], and another is using N-acyl-f3-D-glucosidase,
B2M and cystatin C [100]. The SYSKID consortium have ar-
gued that past trials have shown that albuminuria/eGFR are in-
sufficient to predict the individual’s response to renoprotective
treatments in DKD, and that biomarkers more closely
representing molecular mechanisms involved in disease progres-
sion and being targeted by therapies are needed [64]. Recently,
Pena et al found that urinary metabolites previously shown to be
at lower levels in those with DKD than without, decreased in the
placebo arm of a trial but remained stable in the arm treated with
the endothelin A receptor blocker atrasentan over a short,
12 week trial [101]. Further such studies of changes in bio-
markers over time and in response to treatment are needed.

Future perspectives

In summary, despite the large number of reports in the litera-
ture, at present there are few validated biomarkers that have

been clearly shown to substantially increase prediction of
DKD-related phenotypes beyond known predictors. Few
studies have attempted to estimate the marginal improvement
in prediction beyond historical eGFR readings that can be
expressed as the within-person slope or weighted average past
eGFR, as we did in the SUMMIT study [25]. This is an im-
portant omission given the increasing availability of electronic
healthcare records and potential for applying algorithms to
such longitudinal clinical data more easily than measuring
biomarkers. Even where some consistency in findings is ob-
served, the extent of publication bias is unknown. Most im-
portantly, biomarkers other than ACR and eGFR are not being
routinely used to risk stratify individuals into trials or in clin-
ical practice, despite considerable research investment into
DKD biomarkers in recent years.

Large discovery panels have the potential to yield novel
biomarkers, but progress has been hampered by small sample
sizes, inadequate data analysis approaches (including failure
to test the marginal increase beyond established risk factors)
and lack of samples for replication. Futhermore, discovery
approaches that yield panels of biomarkers measured on dif-
ferent platforms do not lend themselves to an easily imple-
mented single panel in the clinical setting.

If this field is to be advanced, there is a need for a concerted
effort to (1) generate and share data on the correlation between
existing candidate biomarkers and biomarkers generated from
available discovery platforms; (2) generate replication and vali-
dation sample and data sets that allow the best panel from avail-
able data to be defined; (3) harness the predictive information that
exists in clinical records in the era of electronic health record
data. Future discoveries should then be evaluated for their mar-
ginal prediction on top of clinical data and validated biomarkers.
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