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Abstract

Background: Chronic kidney disease (CKD) is common, and associated with increased risk of cardiovascular disease and
end-stage renal disease, which are potentially preventable through early identification and treatment of individuals at risk.
Although risk factors for occurrence and progression of CKD have been identified, their utility for CKD risk stratification
through prediction models remains unclear. We critically assessed risk models to predict CKD and its progression, and
evaluated their suitability for clinical use.

Methods and Findings: We systematically searched MEDLINE and Embase (1 January 1980 to 20 June 2012). Dual review
was conducted to identify studies that reported on the development, validation, or impact assessment of a model
constructed to predict the occurrence/presence of CKD or progression to advanced stages. Data were extracted on study
characteristics, risk predictors, discrimination, calibration, and reclassification performance of models, as well as validation
and impact analyses. We included 26 publications reporting on 30 CKD occurrence prediction risk scores and 17 CKD
progression prediction risk scores. The vast majority of CKD risk models had acceptable-to-good discriminatory performance
(area under the receiver operating characteristic curve>0.70) in the derivation sample. Calibration was less commonly
assessed, but overall was found to be acceptable. Only eight CKD occurrence and five CKD progression risk models have
been externally validated, displaying modest-to-acceptable discrimination. Whether novel biomarkers of CKD (circulatory or
genetic) can improve prediction largely remains unclear, and impact studies of CKD prediction models have not yet been
conducted. Limitations of risk models include the lack of ethnic diversity in derivation samples, and the scarcity of validation
studies. The review is limited by the lack of an agreed-on system for rating prediction models, and the difficulty of assessing
publication bias.

Conclusions: The development and clinical application of renal risk scores is in its infancy; however, the discriminatory
performance of existing tools is acceptable. The effect of using these models in practice is still to be explored.
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Introduction

Chronic kidney disease (CKD) is increasingly common in the
US and worldwide [1,2]. Related complications, including end-
stage renal disease (ESRD) and cardiovascular disease (CVD),
have major public health and economic implications [1-3].
Screening for CKD has been somewhat controversial in the
absence of direct evidence from a randomized clinical trial [4].
However, early identification of individuals with CKD, especially
targeting populations with a high risk for CKD and related
adverse outcomes [5], followed by the implementation of
evidence-based interventions can slow or prevent the progression
to advanced stages of the disease, reduce the risk of CVD and
other complications of decreased glomerular filtration rate (GFR),
and improve survival and quality of life [6]. However, large
proportions of individuals with CKD remain undiagnosed and, as
a consequence, are not benefiting from those interventions. For
instance, in the US, awareness of CKD in the general population
remains very low [l]. During the 1999-2004 period, the
proportion of US adults with stage 3 CKD who reported being
aware of their status was only 11.6% in men and 5.5% in women.
Even among men with stage 3 CKD and elevated albuminuria,
awareness of weak or failing kidneys was only 22.8%. Among
those with stage 4 CKD, the corresponding percentage was 42%
for both men and women [1]. In clinical settings, awareness levels
are also low. Data from the US National Kidney Foundation’s
Kidney Early Evaluation Program, for the 2000-2009 period,
indicate that only 9% of patients with CKD are aware of their
diagnosis [7].

Strategies for early identification and treatment of people with
CKD are therefore needed worldwide. The use of complex and
potentially expensive detection strategies may prevent those at risk
from deriving the benefits of preventative interventions, especially
in settings where renal replacement therapy is not readily
available. Several risk factors that are independently associated
with the occurrence of CKD and easily assessable in routine
clinical settings have been incorporated in model equations for
predicting the occurrence of CKD or progression in people
already diagnosed with CKD. These models have utility even in
the context of automatic reporting of the estimated GFR (eGFR).
Indeed, recent data indicate that referral to a nephrologist by
primary care physicians as the result of making eGFR available
mostly occurs for certain subgroups in the population (women and
elderly), and a high proportion of referrals are inappropriate [8].

The use of risk models is very attractive and likely cost-effective
for large-scale CKD risk stratification, and would allow the
identification of all the segments of the population that would
benefit the most from CKD detection. To this end, it is very
important that existing models are not methodologically flawed,
and that they provide accurate estimates of the CKD risk in
different populations.

To date, there has been no effort, to our knowledge, to provide
decision makers and healthcare providers with a balanced account
of the performance of existing CKD risk models. We therefore
systematically reviewed studies of risk equations to predict CKD or
its progression, with the objectives of summarizing evidence on
their performance and exploring methodological issues surround-
ing their development and validation and application.

Methods

We performed literature searches to identify all risk models
developed to predict the presence/occurrence of CKD, or to
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predict the progression of CKD in those with the disease. We also
searched for all studies that applied existing CKD risk models
either in the population from which the model was developed or in
different populations, and, lastly, we searched for all impact studies
and clinical practice guidelines that incorporated existing CKD
risk models.

Model Development and Validation Studies

Data sources and search strategy. We scarched the
PubMed MEDLINE and Embase databases from 1 January
1980 to 20 June 2012, for English- or French- language studies of
CKD risk prediction model development and/or validation. We
used a combination of search terms related to CKD and
prediction. The search strategies are provided in detail in Texts
S2 and S3. In addition, we manually searched the reference lists of
eligible studies and relevant reviews, and traced studies that had
cited them through the ISI Web of Science to find additional
published and unpublished data.

Study selection. Two evaluators (J. B. E. and A. P. K))
independently identified articles and sequentially screened them
for inclusion (Figure 1). Where necessary, the full text of articles
and/or supplemental materials (tables and appendices) was
reviewed before deciding on inclusion. Disagreements were solved
by consensus between both authors.

Eligible articles had to report a risk assessment tool (equation
and/or score) for predicting CKD or its progression, derived in
adult human populations. Reporting of quantitative measures of
the performance of tools was preferable, but not necessary for
inclusion. The reported metrics of evaluation of predictive ability
could be the area under the receiver operating characteristic curve
(AUC) or C-statistic, reclassification percentage, net reclassifica-
tion improvement (NRI), or integrated discrimination improve-
ment index (IDI). These metrics are recognized and used for the
assessment of prediction models [9,10]. We excluded studies that
reported only measures of association between risk factors and
CKD without information on the beta coefficients of variables
included in a prediction equation, and simulation studies.

Data extraction and quality assessment. Two reviewers
(J. B. E. and A. P. K.) independently conducted the data extraction
and quality assessment. We did not use a particular framework for
quality assessment, as there is no consensus on a quality assessment
framework for risk prediction models. Consequently, we did not
develop a formal protocol for the review (Text S1). From each
study, we extracted data on study design, setting, population
characteristics, the number of patients in the derivation and
validation cohorts, the number of participants with the outcome of
interest, the number of candidate variables tested as predictors,
and the number and list of those variables included in the final
model, as well as the type of statistical model used. For the
discriminative performance of models, we extracted information
on the AUC or C-statistic, which indicates the ability of a risk
model to rank-order individuals’ risks. To describe model
calibration, we extracted data on the difference between the
observed and predicted rates of CKD, as well as the p-value of the
corresponding test statistic. Measures of calibration assess the
ability of a risk prediction model to predict accurately the absolute
level of risk that is subsequently observed.

For the assessment of reclassification, we extracted the NRI
and IDI values, and the accompanying 95% CIs and p-values,
when available. Reclassification analyses generally indicate the
proportion of individuals who are reclassified from one risk
stratum (based on estimated risk provided from a first model) to a
different risk stratum (based on estimated risk from a different
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6,650 citations identified through PubMed and
11,232 through EMBASE
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6,016 duplicates

11,656 articles excluded on the basis of the title

164 articles excluded:

. 142 studies of causal associations

. 4 studies focusing on the predictive value of a single
marker, not on a combination of risk factors

. 13 reviews (12 narrative reviews and 1 systematic
review)

. 3 meeting abstracts

. 2 editorials/commentaries

»
Ll
Y
11,866 titles examined
>
210 abstracts examined in depth
»
A\ 4
46 full-text articles read
P

22 articles excluded:
. 4 did not report a risk prediction equation or score
. 1 simulation study

. 17 causal association studies

2 articles from other
sources

h 4

26 articles reporting on 30 chronic kidney disease (CKD) and 17 CKD progression prediction models studies included

Figure 1. Article selection process.
doi:10.1371/journal.pmed.1001344.g001

model, or a model that has additional variables compared with
the first model). The IDI measures the extent to which the use of
a new risk marker correctly revises upward the predicted risk of
individuals who experienced the event of interest and correctly
revises downward the predicted risk of individuals who did not
experience the event.
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Data synthesis. Given the wide range of metrics used for
the assessment of the predictive ability of CKD risk models, and
the heterogeneity in both the risk factors used for prediction
and their number, as well as the study designs, we opted to
conduct a narrative synthesis of the evidence instead of a meta-
analysis.

November 2012 | Volume 9 | Issue 11 | e1001344



Overview of CKD Risk Prediction Models

uonenba gyaw

eunuia0id
21yqgH ‘@sodn|b
leipueidisod ‘pioe

7 21025 uemje|

(or'o<d) —(qw gL L/uwy/|w 09 LS oun ‘sjons ‘WAzl jo paseq-uone|ndod asaulyd —[szloloz
X0D Juaseddy 1591 TH LL0 v = Inq padnpal Y49) axd HILETY 061/891'S  XH ‘d9d ‘Wg ‘°bv 4} /H0Y0d anid3dsold /uemie] e 19 ualyd
uonenba g4aw | 9403S uemie]
‘(oL'0<d) —(;W €/ L/uw/|w 09 TLs Mons ‘Wacl Jo paseq-uonendod asauIyd —I[szl oLoz
X0D juaseddy 1591 TH L0 14 = INQ padnpal Y49) AXD ‘uespy 061/891'S  XH ‘dad ‘Iwg 96y 45 /MoY0d 8AI123ds0ld /uemie] ‘e 39 ualydy
SaU01s Asuppy
‘IS ‘¥ 40 XH Ajiwey
uonenbs Q4aw ‘asn @IVSN ‘aAd ‘4HD
uswom —(W E£1/UW/W G >H1D9 Jo (@ys3) 99Z°1 ‘NLH pa1ea4 ‘and
‘¥g'0 ‘Usw ‘sisAjetp Juejdsuen Asupny) @ys3 {@MD) 98/'€  ‘snuyue plojewnays 21025 A2UpID
'sg0 :abexs pue (W €/ /UW/|W Sp>Y4D3 /(USW 859'66/ 's212qeIp ‘dgs asaulyd —I[rel oLoz
ays3/uswom Jo ‘eunuidloid juaisisiod pue uswom ‘Ing ‘Bunjows ‘Uelsy-yinos puejdnod
‘88°0 ‘UsWl ‘880 ‘Aypedoaydau ‘sishjeip quejdsueny 160'SLL) ‘uoneaudsp paseg-uoneindod  “de|q ‘@uym pue xo0D
X0D uaseddy N =bers ayd S ASupD)) YD 219A35-31eI3POIN| v/-S€ ¥88°165°L ‘Rpiuye ‘9by 8L //M0y0d dAId3dsold pIXIW/MN -k3|siddiHy
aura1sfoowoy
‘Suoialsople
4499 ‘saraqelp € 21005
uonenba gyaw “1dH ‘IWg ‘Bunjows weybuiwe.
(06'0=4) —(W L L/uiwy/|w 09 ‘Juswiesn N1H paseq-uone|ndod aUym —log]
ans16o juaseddy  gy'e=,X TH 280 S6 >Y49) QXD 995 :uesW €LT/SYE'T  'NIH 'dgs Xes 96y 4N /Hoyod sandadsold Alurew/sn 010z '[e 39 xo4
4499
‘se1agelp “1aH T 240ds
uonenbs gyaw ‘IWg ‘Bujows weybujwel
(r6'0=4d) —(qw gL L/uwy/|w 09 999 ‘Juswieant N1H ‘NLH paseqg-uone|ndod aUYM —lo€l oLoz
onsi6o7 waseddy  867=,X TH ‘180 S'6 >H49) axD uespy €1T/SYE'T ‘dgs xas ‘aby dN /HoYod dAI>3dsold Aurew/sn ‘e 33 xo4
| 24025
uonenbs gyaw weybuiwe.
(1y'0=4d) — (W €£ L/uw/|w 09 999 paseq-uonendod —lo€l oLoz
onsibo juaseddy  0z'8=,X TH 9LL°0 S'6 >H49) @D ueapy €LT/SYE'T X35 ‘aby I\ /M0Y0d dAId3ds0ld SUYM/sn ‘e 19 xo4
s|dwes-yds 4N 0L'0
@A 40 4HD Jo XH T 2105
uonenba gydw ‘aNd 1QH moj SHO/DI4Y
(zo<a) —(;w €/ L/uw/|w 09 ‘s919qeIp ‘N1H paseg-uonendod %de|q —I[s¢l 800z
ousibo jusseddy 1591 1H 00 6t >Y449) @D ¥9-S¥  S09'L/0Lt'6 x5 ‘elwaue ‘9by 6L /MoY0d 5AID3dS0Id  pue BuYm/SN  [e 19 JeBesiysy|
9|dwes-11jds UN 890
AdAD 10 4HD Jo XH L 21035
uonenba qyaw ‘and SHD/DIHY
(zo<a) —(W €2 L/uiw/jw 09 ‘s319qeIp ‘N1H X35 paseq-uone|ndod 32e|q —I[s€] 800z
ons16o] jusseddy 1591 TH 690 6t >H49) aXD ¥9-Sv  S09'L/0LY'6 ‘elwaue a6y 6L /M0Y0d dAId3ds0ld  pue auym/Sn e 19 Jebesiiysy
9|dwes-yds UN 880
AaAd ‘4HD jo
uonenbs qyaw XH ‘AD 40 XH 91035 J340D0S
— (W €2 L/uw/|w 09 ‘s19qelp ‘NLH paseq-uone|ndod —Il1Lel Looz
ousibo juaseddy 4N 880 VN >H49) aXd §8-0C L09/0€S"8 ‘elWBUE ‘X35 9By 144 /|BUO}D35-5501D paxiw/sn ‘le 30 bueg
ISPOIN uoljepljep  uohelqijed DNV  (s1e3A) papipaid (sied))  sdwodnno papnpul W) bumas/ubisaq Apuyg Apmis
joadAl jewdyu] jo uoneulwLdSIg UOZLIOH sawodnQ aby ujjeyol u sio0)dej ySiY  Sd|qenen /Anuno)
pPoylsn swiL ejeplpue)

"9seasip Asupiy d1uoyd buidipaid 1oy sjspow ysu Jo uswdopasq L dlqel

November 2012 | Volume 9 | Issue 11 | e1001344

PLOS Medicine | www.plosmedicine.org



Overview of CKD Risk Prediction Models

e} I00S
weybuiwely
uonenbs QYAW—(W €£'L NLH paseqg-uoie|ndod Suym —[zel Z1oz e e
ousibo jusseddy 4N '6L°0 ol Julw/|w 09>4493) axd 9-St 67T/061'C ‘sa19qelp ‘aby dN /M0Yy0d dAId3dsoid Ajurew/sn eypybess,o
(€0=d
ECRIVEIETT )]
21025 adAjouab qg 2100
Yum ‘1570 weybuiweld
‘3100s adAioush uonenbs QAW—(,W €41 paseq-uone|ndod aUym —I[1€] Z10Z ‘e 1°
onsibo judseddy YN Inoyum ‘gy/’0 oL JUlw/|w 09>Y493) axD 79-8¢ 0£7/68%'T  SdNS 9L x3s ‘9by 4N /Moyod dAidadsoud Aurew/sn eypybess,o
(czo=d SdNS 9L
29DUIBPIP) ‘enuia0id
21025 adAjouab ‘s91aqeIp eg 2100s
Yyum ‘1870 ‘NLH ‘4492 weybujwesy
‘3100s adAjousb uonenba QAW—(W €£'L auijaseq ‘sniels paseq-uone|ndod —I[L€]l ZLOTZ e 1
onsibo jua.eddy UN  InoyuMm ‘08/°0 Juiw/|w 09>4499) aMD 79-8¢ 0£7/68Y'C H0Yod ‘x3s ‘aby dN /H0Yod aAI3>3ds0ld auym/sn eypybess,o
desnsjoog 4N 740
S#0°0 SaNjeA
pawipaid sauo1s Asupny 21025 pue|iey]
SNSISA uonenba QYAW—(,W €£'L 40 XH ‘N1H paseq-uone|ndod —lezd Loz e 1
onsibo judseddy paaasqo selg LL°0 VN Julw/|w 09>4493) axd 8L= 909/65¥'€ ‘sa1aqelp ‘aby 9L /|BUOII3S-5501) UeIsY/pue|iey | uensuppiey |
9|dwes-yds UN €90
uoljeinp pue
9SeasIp |euUSJ pale[RIun Isylo 2df1 se19qeIp
Aue Jo aduasqge sy ul sisAjelp ‘A1dIUYLS X3S
10 ‘([dulunean 6/6 £0<] ‘abe ‘($1DD 43OV
eunuialoid ‘[Buiuneasn 6/6 €0 ‘240dIay ‘€SON T 21005
—€0°0] eunuiwNg|eoidiw) 979 ‘Z9dSH) sauab paseq [oeis|—(ze]
ousibo juaseddy 4N £9'0 VN Ayredosydau dnageiq ‘uespy 9SS/PLT'L SAl} Ul SANS 9Al4 N |7/|euol}des-ssoiy  dUYm/|deIs|  LLOZ e 39 Ydadlg
95e3SIP |EUDI PalE|DIUN ISY10
Aue jJo aduasqe ay3 ul siskjelp
10 ‘([duiunean 6/6 €0<]
eunualoid ‘[autuneasn 6/6 €0 uoneinp | 24005
—-€0°0] eUNuIWING|eOIDIW) 979 pue adA1 sa1aqelp paseq |oeIs|—[zz]
onsibo juaseddy N 850 VN Ayredoiydau onagelq ‘uespy 9SS/bLT'L Adluyle x3s by dN |7/|euol}des-ssoi)y  dUYm/[deIs|  LLOT e 39 Ydaoig
21025
Y499 ‘eunuiaioid AIH/ueder
uonenba QyaW—(,w €L 8L/(sauaned ‘se1eqelp paseq-o1ulp —lozl Loz
ousibo juaseddy 4N ¥8'0 L Julw/|w 09>4493) axd 18-0C NH) v€S ‘unod ) ‘eby 8 /Moyod aAidadsold  uelsy/ueder ‘e 33 opuy
densjoog 4N ¥8'0
uonenba gyaw
—(dn-mojo} 1e W £/ |/uiw 4499 ‘NLH
/lw 09>H493 pue [uonejndod umouw| ‘ddd ‘dds 21035 ANIATYd
|e101 8Y3 Jo 90z doi] aulpap ‘Uol1aIOXa ulwngje paseq-uonejndod auym —I[8¥] L10T
onsiboq 1uaseddy UN 80 7’9 uolpuUNy [eual 3S0W Y1) aYD S/-8T 2L7/608'9 Kieuun ‘aby 8l /10Y0d 9AID9dS0Old  /SPUBSYISN e 19 ewisaqeH
ISPOIN uoljepljep  uohelqijed DNV (s1e3A) papipaid  (siedA) sawomnno papnpul W) B6umas/ubisaq Apuyg Apms
joadAl jewdyu] jo uoneulwLdSIg UOZLIOH sawodnQ aby ujjeyol u sio0)dej ySiY  Sd|qenen /Anuno)
PoyiIsn swiL ejeplpue)

qu0D L 9jqel

November 2012 | Volume 9 | Issue 11 | e1001344

PLOS Medicine | www.plosmedicine.org



Overview of CKD Risk Prediction Models

]opow
S919qeIp ul yiesp [euds YOV+44D9
1o ‘Adesay Juswade|das euas Jofe|y IONVAQY
(£0=4d) ‘Inown goz=) |p/Bw 9zz= 01 (9:AS) paseg-uoneindod  dluylR-NINW —Ilzzl zioz
X0D jualeddy 1'9= Nx IH 80 S auluneald wnids jo bulgnog 99 :ueapy 99L/07L°LL YoV ‘4499 z /H0Yod dAdadsold  /S9LUN0d 07 ‘[e 19 aulpJer
]opow
s91aqelp ul ylesp |eual YoV Joley
10 ‘Adesay Juswade|das |euas JIDNVAAY
‘(1/1ow 00z=) |p/Bw 9z°Z= 01 (9:as) paseqg-uoie|ndod —l[za zioz
X0) juaseddy YN S0 S aulueald wnids jo bulgnog 99 uespy 99L/0vL LL Hov L /M0Y0d aAdadsold  /s8Lunod 07 ‘[e 19 aulpJer
$913qeIp Ul Yleap |eudl ]opow Y493
1o ‘Adesayy Juswade|das |euas JoleNy IOINVAQY
‘(Inown goz=) |p/Bw 9zZ= 01 (9:AS) paseq-uoneindod  dluyle-RINW —[za 10T
X0D) juaJeddy N 8/°0 S aulunealn wnuss jo bulgnoq 99 :uesy 901/07L LL 4499 l /H0oYyod dAIDAdsold  /S9IUN0D 07 ‘|e 32 auipJer
uo[1edNP3 [eWIO) |opow
$9190eIp Ul yieap |eudl J0 uons|dwod Jeulq Jolepy
Jo ‘Adesay Juswade|das |euas 1e abe ‘Ayredounal JDONVAQY
(60=4) ‘(1/jow 00z=) |p/Bw 9z'T= 01 (9:@s) onaqgelp 21YqH ‘dgs paseg-uoneindod  dluyR-HINW —lzal zioz
X0D densjoog SL=.XTH /80 S auluieasd wniss jo bulignog 99 :uespy 991/0%L LL YOV ‘4499 ‘X35 1z /H0Yod 9ADadsold  /S9IUN0d 07 ‘|e 32 auipJer
S|dwes-yds UN L8°0
910ds
uonenbs eunuosd Sl uealoy
QYANW—(W €£°1 ‘and ‘se19elp ‘NLH paseq-uone|ndod —lvel 10T
11607 Juaseddy 4N €80 VN Julw/|w 09>Y4499) aMD 6l= 001/595'9 ‘elwaue ‘xas by 9l /IBUONID3S-SSOI)  UeISY/ealo)y ‘[e 32 uomy
usawom
desysyoog 78°0 ‘UsW ‘08°0
s313qelp yum
Buiqts 1o/pue yusied
(K 59>abe) aAD
UsWoOM yum Buyiqis Jo/pue
(z90=4d) juased ‘Bujows 3J0DS UJOOH
€9 ‘usw uonenbs Juaund qQuawieal -wepianoy
(8°0=4d) usawom Q4aW—(w €1 NLH ‘@uai9jwindin paseq-uone|ndod 2ym —I[6¥] Tl0Z
11607 juaseddy 9/=,X1H ‘L80 ‘Usw ‘280 L Julw/|w 09>4499) aMD G8-8C 99€/610'9 Istem ‘|Ng 9By 6 /H0Y0d dAIdadsold  /SpueliayieN ‘e 39 ewass|y
densjoog UN 6,0
O 91020S
weybujwe.
uonenbs eunulwnge —lzgl
(09°0=d) QYAW—(W €£'L ‘4499 auleseq paseq-uone|ndod aUym zloz ’je »®
ons16o uaseddy  !zz/=,XH 180 ol Julw/|w 09=>Y4499) aMD 9-st 627/06%'C  ‘s913qeIp ‘NLH ‘9by 4N /M0Y0d dAId3dsold Aurew/sn eypybess,0
g 21025
weybujwel
uonenbs gdaw K1obayed —zgl
—(w £ L/mwy/|w 09 4499 ‘NLH paseq-uone|ndod [aUym [T ALRE
ons1bo juaseddy 4N 180 oL >H499) AMD 9-st 622/06v'C ‘sa1aqelp ‘aby 4N /Moyod dAIadsold Aurew/sn eypybess,0
ISPOIN uoliepljep  uohelqijed DNV (sied)) papipaid (sieap) sawomno papnpul ) bumas/ubisaq fpuy3 Apmis
joadAl Jewdyu| jo uoneulwLdsig UOZLIOH sawodnQ aby ujjeyoy u siojdey ysiy  sd|qenep /Anuno>
pPoyIsIN awil @jepipue)

qu0D L 9jqel

November 2012 | Volume 9 | Issue 11 | e1001344

PLOS Medicine | www.plosmedicine.org



Overview of CKD Risk Prediction Models

LOOY #7E LO0 L Pawd [euInol/L L€ 10 L:IOP

"9SIMIBYI0 PaYIdads ssajun Apnis yoea ul dn-moj|o) JO UOHEBIND Y3 S| PUE ‘DPeW S| SIWIODINO JO UoNDIPaId 3YI YDIYM JOAO Wi} dY) S| UOZUOY duil],

“snyijlpw sa1aqelp ¢ 9dA1 ‘WAzl ‘wsiydiowA|od apriospnu 3|6uls ‘gNS ‘snsorewayifia sndnj d1wL1sAs ‘IS ‘Uonelnsp piepuels ‘qs ‘2inssaid poojq d1j01sAs ‘dgs ‘aseasip Jejndsen [esayduad ‘gad ‘bnip Alojewweljul-inue [eplosalsuou
‘AIVSN ‘pauodai jou ‘YN ‘o|qedijdde jou ‘yN ‘aseasip Asupny ‘gy ‘A101s1y ‘XH ‘uoisuauadAy ‘N1H ‘MoysawaT-1dwsoH “TH ‘[oJa1sajoyd utaloidodi) Ausuap-ybiy “JgH ‘@inssaid poojq d1joiselp ‘dgq ‘uisloid aanodeas-d ‘dgyd ‘Apnis yijeaH
Je[ndseAolpied ‘SH ‘ainjiej Leay aAISaBUOD ‘HD Xxapul ssew APoq ‘|G ‘APNIS SIIUNWIWOD Ul SIY SISOISIS0IBYIY ‘DIYVY ‘UONeNn|eAT Pa||0JIu0D) YN UoIDIWeI] PUe Xel91dld :9seasiqg Jejndsep pue sa1ageld ul uoldy ‘JONVAQY

]opow

HOV+d499

eunuIwNg|y

IDONVAQY

(L00°0>d) sa1aqelp (9 :as) paseg-uoneindod  duye-NINW —l[za z10T

X0D 1uaseddy _.wman TH €90 S ul BUNUIWNQ|e 19SUO-MIN 99 :Ue3|\ SLL'T/LLE L YoV ‘4499 4 /H0Y0d 9ANDAdsold  /S9IUN0d 07 ‘[e 19 aulpJer

[spow YoV

eunuIwNg |y

JDONVAQY

se1aqgelp (9:@s) paseq-uonejndod  d1uyle-NINW —lzzl zioz

X0D juaseddy UN €90 S Ul eUNUIWNG|e 19SUO-MBN 99 :UBS|\ SLL'T/LLE L v L /H0Y0d 9A1DRds0ld  /S9LIUN0D 07 ‘|e 33 auipJer

ISpow Y459

eunuIwNg|y

IDONVAQY

sa1aqelp (9 :as) paseg-uoneindod  diuye-NNW —l[za z10T

X0D 1uaseddy UN 50 S ul BUNUIWNQ|e 19SUO-MIN 99 :Ue3|\ SLL'T/LLE L 4499 L /H0Y0od 9ANDRdsold  /S9IUN0d 07 ‘|e 33 auipJer

DUIRJWINID |opow |eul4

1s1em ‘Ayyedounal eunuIwNg |y

Jnaqelp JLYqH IDONVAQY

(90'0=4d) s919qeIp (9 :as) Juawiean NIH ‘dgs paseg-uoneindod  diuyle-nNW —l[za z10Z

X0D dessjoog S9l me TH 59'0 S Ul eUNUIWNG|e 19SUO-MIN 99 :UBS\ SLL'T/LLE'L MDYV "d4D9 ‘Apiuyig (4 /10oYyod 3A123ds0ld  /S31IUN0D 07 ‘[e 19 aulpJer

1°PON uonepijep  uoneaqijed DNV (s1edp) paiipald (siedp) sawod31n0 papnpul () Bunyas/ubisaqg fpuyg AKpnmis
jo adAl Jewsdyu] jo uoneulwLdsliq UOZLOH sawodIN0 aby ujleyo) u siojdey ysiy  sd|qeliep /Anuno)

POy awiL jeplpue)

qu0) 'L 9jqel

November 2012 | Volume 9 | Issue 11 | e1001344

PLOS Medicine | www.plosmedicine.org



Overview of CKD Risk Prediction Models

(€SE'L=U)

(100=4d) sienpiaipul
1591 H S00— SUYm Ul ¢/°0
(rzy=u)
(6z70=4) s|enplialpul paseq-uone|ndod 2e|q dp 21035 [Z€] TLOT ‘|e 1
VN VN 1591 1H 00— J2e|q Ut 20 '8  ¥'79 :uesiy LLLL /M0Y0d dAiNd3dsoId pue auym SN/O/Y  weybuiwesy eypybess,o
|9eIS|/(SMar
paseg-siuld 1zeusyysy) T 9J0ds [zl L1oT
VN VN N 900— S0 — UN 906 /]euO11295-5501) SUYM juspuadapuy |9eis| ‘e 19 yoa|g
10108} 10108} eulyd/1oyod
|ed1waydolq |ed1waydolq Jejnasenolpied
Buippe Buippe (sg'0=d) paseq-uonejndod Aunwwod T 21005 [s2] 0L0T
104 17100 104 6880°0— 1591 1H 10— £9°0 (44 4N S0T'E /1M0yod dAidadsoud asauly> ueys-uiys uemie] ‘e 19 uslyd
L0'0— a4s3 104 €8°0
asauly) ‘uelsy [og] z10T
paseq-uopejndod -yinos “yde|q 91025 uewy|y
VN VN N 00— axd 104 980 Lz9 ¥/-S€  000°0009'L /10402 aA1adsoud [UYM—paxXIN MN/AMoyod NIHL Kaupio pue suljjo3
usw usw ‘¥8°0
10°0 ‘uswom ‘UsWom ‘¢80 [¥€] 0L0C
'20°0 ‘@yS3/usw ‘ays3/usw asaulyd ‘ueisy puejdnod
‘0 ‘uswom ‘88°0 ‘Uswom paseq-uone|ndod -yinos “de|q 9101S pue xo)
VN VN N 0@ '88'0 XD N ¥/-S€  SPL'18SL /MOY0D dAI3dS0ld  ‘DUYM—PIXIN  }N/HOYOD NIHL Asupiyio -k3|siddiy
paseq-uone|ndod Z 2101S [sz]l 0102
VN VN dN 00+ jZ7A0) ¥ LS :uesiy 891's /M0Y0d dAidadsold uelsy uemie]/3saulyd SHD/DI4Y ‘e 39 ualyd
paseq-uonejndod L 24028 [szl oLoT
VN VN dN 900+ ¥/.0 ¥ TLSuesiy 89L's /M0Y0d dANd3dsold uelsy uemie]/3saulyd SHD/DI4Y ‘e 33 usiy>
paseq-uonejndod T 21005 [szl oLoT
VN VN dN S0'0— S9°0 ¥ TLSuesiy 891l's /10Y0d dAI13dsold ueisy uemie]/asaulyd SHDO/DI4Y ‘e 38 uslyd
paseq-uonejndod L 9403 [sz] oLoT
VN VN dN €00— S9°0 ¥ TLSuesiy 89L's /M0yod dAidadsoud uelsy uemie]/3saulyd SHO/DOIHY ‘e 19 uslyd
dSIA
c0— 890 VN 99 :uesy 104 0v9'€
QHDIYNT paseq-uone|ndod SUYM SN/HOYod dSIA 91035 [8€] 600¢
VN VN N €10— S0 VN 19 :uesiy 10} SpL'T /1euol}d>as ssoid Autew/paxiy pue gHDIYNI d3yods ‘e 13 Bueg
paseq-uonejndod
/(SHD/DI4V)
80°0— 01 OL'0— 08'0-8£°0 S Sh= 127'1T 110yod aAInadsold
paseq-uone|ndod SN/HMoYyod SHD
/(SANVHN) /2ldv/Aemns £00T 21035 [£€] 800T
VN VN dN 0 880 VN oc= 8677 |euo1d39s-ss01) PaXIN —€00C SINVHN d3yvods |2 39 Bueg
paseq-uonendod 9102s [Le] zooz
VN VN dN £L10— (VA(] S9-S¥ 8€0'TL /40y0d dAidadsold PaXIN SN/HOoY0d DYy d3yvods ‘e 12 Bueg
1al 14N
uonesyissepay  Uoneiqied juswdojanag DNV uoieu  (siea,p) (saedp) azis Bunas/ubisag fpuyg Anuno) paiepijep Apmis
Burinp dNv -lwidsIq  UozIIoH aby a|dwes Juone|ndog I9PON @43
JeuibLIO ay3 swig uonepijep Jo sweN

woJy abueyd

'9seas|p A3UpIy dIUOJYD J0j S|]PPOW uondIpald XS1 JO uonepleA [euldixy *Z d|qeLl

November 2012 | Volume 9 | Issue 11 | e1001344

PLOS Medicine | www.plosmedicine.org



<=
=
©
(9
T
(]
= | < 2
Q |z =
Z
I
5 =
= kel
© 9]
= £
& 2
3
2 v
v | = 9]
9 (X | <
|z |z <
o
c =2
o =
2 )
S E
2 3
© [~
c
v =z S
©
£
-
€ — c £
68 Do 2
,.::E w
'l—-':
w258 c
oo L 2
c O 1} [o} =
8 oY > =3 5
220 =] 5
(O—-da] | =z
°
=
©
Y =
I: ©
N 1]
Ec T
= 0 ©
-] [ c
2 N S
0oc =] B
z
c _ <
wvy
ey g
2 =
£59 < <
FITZ =z <
B
8
w S
Q] =
S
oS o a
o P A ©
< Al =
<]
=
<
o =z
4 —
3 2
[
£X = 2
v n o z
& §
K] -
2 L
© 7]
2 :
Qo
) ]
=) S T
= = =
-] < T
(7} kel =
o |3 e
c 2 2
()} 3‘0 n
‘a o @ <
[ o =}
= @© —_
(a] U Qo o
(Y]
T
=
]
=1
A
o c 2
£ k) 2
v
o < v
5| £
o 5| Y
3 Sas| S
§s $85| &
25 » 5| 2
e O 2 o n
S =% = =9 @
T 3 C © U > x o
=Qa3 9T D c 3
GG o a2 > S
>a v < uré E Z
£ X
]
o (V) =
[T - X o
ST O 2 £ =3
°°ll' ~ .
© ]
wE'U %w 2 9
it o = ©x e
ScS S S w6 a
- 25> X a 2 2 =
Oz ®©
: s 53¢
= S =3
) = 2= 0
A J g
N = TEN
i £Em
2 > L < > =
2 T s ;22
3 S = Yoz
1] i~ B o
= n <N <Eo

PLOS Medicine | www.plosmedicine.org

Overview of CKD Risk Prediction Models

Impact Studies and Implementation of Risk Models in
Guidelines

Impact studies were captured by (1) scanning those publications
identified through the search strategy for model development and
validation, and (2) applying the search strategy for impact studies
proposed by Reilly and Evans [11], which combines the model’s
acronym, name of the cohort, or first author with a specific search
term (Text S3). We searched relevant clinical practice guidelines to
mnvestigate the implementation of CKD prediction models in
countries in which such models have been developed. In the
absence of validated strategies for these types of searches, we
targeted guidelines (when available in English language) compiled
by a selection of organizations known to be involved in issues
relating to kidney diseases, including the American Society of
Nephrology (http://www.asn-online.org), the US National Kidney
Foundation [12], the UK National Institute for Health and
Clinical Excellence [13], the International Society of Nephrology
[14], the European Renal Association—European Dialysis and
Transplant [15], the Canadian Society of Nephrology [16],
Kidney Disease: Improving Global Outcomes [17], The Korean
Society of Nephrology (http://www.ksn.or.kr/english/), the Jap-
anese Society for Dialysis Therapy [18], The Japan Association of
Chronic Kidney Disease Initiatives (J-CKDI) [19], and the
Taiwan Society of Nephrology [20].

Results

Figure 1 describes the study selection process. Of the citations
identified through searches, 210 abstracts were selected for in-
depth evaluation, and 46 full-text publications were reviewed.
After all exclusions, 26 articles, reporting on 30 CKD prediction
risk scores and 17 CKD progression risk scores, met the eligibility
criteria and were included in the review.

CKD Prediction Risk Scores

Table 1 summarizes data from studies that developed CKD risk
prediction models. Five of the 30 CKD risk prediction models
were developed using cross-sectional data (thus, prevalent CKD)
[21-24], and the remaining models were based on cohort studies.

Populations, outcomes, and risk factors. The majority of
the 30 CKD risk models were developed from samples that mostly
included white individuals, and only four studies included
exclusively Asian participants [23-26]. The number of participants
included in the studies ranged from 534 to 1.6 million, and their
ages ranged from 18 to 90 y. The length of follow-up in the cohort
studies ranged from 1 to 10 y.

The definition of CKD was fairly consistent across prediction
models (€GFR<60 ml/min/1.73 m?), although nine models
focused on predicting diabetic nephropathy [22], and another
on CKD prediction among HIV-positive individuals [26]. The
included risk models used the Modification of Diet in Renal
Disease (MDRD) Study equation to estimate GIR, with the
exception of models from the ADVANCE study [27], which used
estimates from the Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) equation. The original MDRD equa-
tion is eGFR (ml/min/1.73 m? =175 xstandardized Scr (mg/
d)~ Pt xage (y) 72 x1.212 [if black] x0.742 [if female], where
Scr 1s serum creatinine [28]. The less used CKD-EPI equation is
eGFR  (ml/min/1.73 m?) = 141 xmin(Scr/k, 1)*xmax(Scr/x,
1)~ 129 0.993%°x1.018 [if female] x1.159 [if black], where Scr
is serum creatinine, K is 0.7 for females and 0.9 for males, o is
—0.329 for females and —0.411 for males, min indicates the
minimum of Scr/x or 1, and max indicates the maximum of Scr/«

or 1 [29].
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Ten studies provided usable data on the numbers of candidate
variables tested for inclusion in the models. This number ranged
from one to 24, giving conservative estimates of the ratio of the
number of observed events (outcome of interest) to the number of
candidate variables ranging from six to 166. The predictors most
commonly included in the final prediction models were age, sex,
body mass index, diabetes status, systolic blood pressure, serum
creatinine, a measure of proteinuria, and serum albumin or total
protein (Table S1). Three studies used novel biomarkers or genetic
or circulating factors [22,30,31]. Eighteen models were derived
using logistic regressions, and three using Cox regressions. All
studies reported the original model with beta coeflicients, and five
studies presented additional point-based scoring = systems
[21,27,32], or risk calculators [33,34].

Performance of risk prediction models. Table 1 shows
the performance of the various CKD risk models. All the included
studies reported a C-statistic ranging from 0.57 to 0.88, indicating
a modest-to-good discriminatory performance. Nine risk scores
were internally validated, through split-sample validation in four
cases (three of these were also externally validated), and boot-
strapping in five other studies. Twelve risk models had an estimate
of calibration: Hosmer-Lemeshow test statistics in most cases,
which generally indicated good calibration.

CKD model improvement. Four studies assessed model
improvement subsequent to adding extra variables. One study
reported a significant improvement after adding circulating
biomarkers (aldosterone and homocysteine) to traditional CKD
risk factors [30]; the difference in AUC was 0.012 (p=0.00233),
NRI 6.9% (p=0.0004), and IDI 0.013 (p=0.004). The second
study reported an AUC difference of 0.001 (p=0.2) for adding
genotypic information (16 single nucleotide polymorphisms) to
known risk factors [31]. The third study reported no statistically
significant improvement from adding uric acid, postprandial
glucose, hemoglobin A;. and proteinuria = 100 mg/dl to
traditional risk factors, with nonsignificant differences in AUC
(—0.003), NRI (—0.0889), and IDI (0.0141) [25]. The last study
found that a model for predicting major renal events using eGFR
and albumin/creatinine ratio (ACR) (AUC: 0.818) was superior to
models with either of the predictors alone (AUC: 0.779 for eGIFR,
and 0.752 for ACR); all three models were inferior to an expanded
model with five additional variables (AUC: 0.847) (all p<<0.05 for
AUC comparison) [27]. In the same study, the eGFR+ACR
(AUC: 0.629) and ACR alone (AUC: 0.627) models had similar
performance for predicting new-onset albuminuria; both were
superior to the eGFR alone model (AUC: 0.543) (both p<<0.05),
while all three were inferior to an extended model (AUC: 0.647)
with six extra variables (all p<<0.05 for AUC comparison) [27].

Validation of CKD risk prediction models. Table 2 shows
the results of the external validation of CKD risk models. Only
eight of the models were externally validated. Of these, only four
models were validated more than once: twice for three models
[25,34-36] and three times for one model [21,37,38]. The AUC in
validation studies (0.57 to 0.88) was generally lower than that in
the derivation sample; the change from the original C-statistic
from when the model was first derived ranged from —0.2 to +0.06
(Table 2), being negative or null except in two cases of validation
of one score where it was positive [25], thus indicating a generally
lower discrimination in validation populations. In the validation
populations, the calibration was also poorer, though it was not
assessed in most of validation studies.

Risk Scores for Predicting Progression of CKD to ESRD

Table 3 shows the models for the prediction of progression to
later stages among people with already established CKD. We
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found 17 CKD progression risk scores, developed from Cox
regression models using data from clinical settings, mainly in
white populations. Two of the CKD progression risk scores were
developed from a cohort of people with type 2 diabetes and
nephropathy [39,40], and three other scores used cohorts of
people exclusively with IgA nephropathy [41-43]. The risk
factors included in CKD progression risk models varied. The
number of candidate variables tested for inclusion in the models
ranged from ten to 24, corresponding to a ratio of number of
observed events (outcome of interest) to number of candidate
variables of four to 16. For one risk model, the performance in
the derivation sample was not reported [39], although the
performance of the score was later assessed in a validation study
conducted in a different population. When evaluated, the C-
statistic of these models ranged from 0.56 to 0.94, and
calibration (reported for two models only) was good. In addition
to reporting beta coefficients for regression models, four studies
also provided a point-based scoring system [42-44] or a risk
calculator [45].

As shown in Table 4, five of the CKD progression risk models
were externally validated (C-statistic: 0.83 to 0.91); the change in
C-statistic from the original value when the model was first
developed ranged from —0.1 to +0.03. This change was negative
in all but one case, thus indicating a generally poorer discrimi-
nation.

Two studies investigated the improvement of three different
CKD progression models [33,40], after adding biomarkers to
traditional risk factors (serum bicarbonate and phosphate in one
case [33], and Troponin T plus brain natriuretic peptide in the
two other cases) [40]. The change in C-statistic or AUC varied
from 0.01 to 0.02, and NRI from 16.9% to 26.7%.

Impact Studies and Incorporation of CKD Prediction
Models in Clinical Practice Guidelines

We found no evidence in guidelines of recommendations for
using CKD risk prediction models to estimate the risk in patients
either in clinical or community settings. We also did not find any
studies assessing the impact of adopting CKD (occurrence and
progression) risk scores in clinical practice on the process of care
and outcomes of patients.

Discussion

This systematic review shows that a sizeable number of renal
risk prediction models have been developed, with, however,
variation in their quality. Reasons for this may be specific to
nephrology, where risk prediction is still in its infancy and the
methodology for predictive research may be underappreciated.
Despite the heterogeneity of CKD, with several specific forms, this
review demonstrates the feasibility of defining individual renal risk
using a combination of commonly assessed variables. Indeed, there
was remarkable similarity between the variables that entered the
prediction models (Tables S1 and S2), each developed in a distinct
group of participants, sometimes with specific forms of CKD. The
discriminative performance of existing models was generally
acceptable-to-good on the derivation sample. However, when
corrected for overfitting (internal validation) or tested in a new
population (external validation), this discriminative performance
modest-to-acceptable. For CKD risk prediction, the
SCORED model appears to be the most reliable, as it is the most
externally validated model, with a reasonable discrimination [21].
Regarding CKD progression, no risk model has been extensively
validated in different populations.

was
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Potential Public Health and Clinical Applications of CKD
Risk Models

Risk prediction models have potential applications in the
prevention and management of CKD. Risk communication to
patients may motivate them for lifestyle modification and
adherence to prescribed therapies. Using models for predicting
progression of CKD, clinicians may be able to tailor disease-
modifying therapies as well as frequency of monitoring to
individual risk. Indeed, therapies for controlling several variables
included in CKD progression models (e.g., diabetes and hyper-
tension) have been shown to delay CKD progression. Further-
more, using CKD progression models to identify patients who are
most likely to need renal replacement therapy would allow patient
education on available therapeutic options. CKD risk scores may
be useful in the assessment of novel technologies or biomarkers for
risk prediction, or for patient recruitment in prevention trials.
They can also serve in mass screening and public education
mitiatives. For all these applications, estimates of CKD risk from
prediction models must be accurate and validated.

Development of Existing CKD Risk Prediction Models

The performance of prediction models is largely determined by
the appropriateness of the methodological approaches used to
develop them. Virtually none of the existing CKD models was
developed using data specifically collected for risk modeling
purposes. This may raise concerns about the quality of the
predictors and outcomes tested/included in the models, as well as
the completeness of measurements. Lessons learned from CVD
prediction suggest that the source of data for model development
matters less, provided that the ensuing model can reliably predict
the outcome of interest in different populations [46]. Indeed, in
practice, assembling data only for the purpose of modeling can be
challenging, and researchers tend to rely on available data
collected for other reasons [9]. At least four of the models were
likely statistically underpowered, based on having a ratio of the
number of outcomes to the number of candidate predictors of <8
[24,26,40,41,47]. The performance of such models tends to drop
substantially when the model is applied to different populations
[24]. Other mistakes that affect model performance were present
across studies, including dichotomization of continuous variables
prior to modeling, linearity assumptions without formal testing,
and exclusion of participants with missing values on predictor/
outcome variables.

Internal Validation of Existing CKD Prediction Models
One model was published without indicators of performance
during the derivation process [39]. Most models provided
measures of performance, which were based on the direct
application of the model to the derivation sample (apparent
performance). This approach is optimistic (self-fulfilling prophecy).
Some models provided performance measures from internal split-
sample or bootstrap validation, which may provide the new user
with an idea about what to expect when applying the model to
different populations. When reported, discrimination was always
good for CKD progression models, and acceptable-to-good for
prevalent/incident CKD models, indicating that these models
were able to differentiate participants with CKD from those
without in the derivation sample. Calibration, a key property of
model performance, was less commonly assessed during the
derivation process. Whether calibration performance of a model in
one population can inform its behavior in another population is
still debated. However, there is a growing agreement that, because
calibration is largely affected by the background risk, which varies
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across populations, models need to be updated through recalibra-
tion procedures to provide accurate estimates of the risk in new
populations. There have been attempts to update some of the
existing CKD models, but the procedures used (addition of extra
variables) have focused on improvement in discriminatory
performance [25,27,30,31], and only one study reported change
in the calibration properties [27].

External Validation of Existing CKD Risk Prediction
Models

The demonstration of the performance of a model in new
populations is an important step before recommending its
widespread use. A limited number of existing CKD prediction
models have been tested on different populations [21,22,25,32—
35,45]. Validation studies have mainly been conducted by the
same group of investigators who developed the models. This is
methodologically inferior and quantitatively insufficient to provide
good indicators of models’ behavior in various populations. Hence,
more validation studies of existing models are needed, ideally by
different investigators, to guarantee their generalizability to a
larger number of people. Instead of developing new models for
their own setting, investigators in the field of CKD may consider
integrating aspects of the validation of existing models into future
studies. In addition to providing indicators of the performance of
existing models in various settings, such an approach limits
unnecessary development of new models.

Implementation of Existing CKD Prediction Models

CKD models have largely been published in the form of
mathematical equations, with point-scoring systems [21,32,42-44]
or calculators [33,34,45] for a few. The mathematical format may
not be suitable for application in various settings, particularly by
busy clinicians who may be less familiar with manipulating
complex formulas. Translation efforts are therefore needed to
convert accurate and validated CKD prediction equations into
simple tools that can improve their uptake in various settings [33].
Some context-specific efforts may also be required to derive
appropriate cutoffs for defining high-risk status when models are
integrated in guidelines for screening. It is, however, important to
confirm whether the implementation of CKD risk prediction
models affects the behavior of healthcare providers and improves
outcomes of care. At present, no implementation study of CKD
risk prediction models has been conducted.

Published studies have relied on GFR estimated from the
MDRD equation to define CKD [28]. The MDRD equation
provides less accurate estimates of GFR in different ethnic groups,
compared with estimates derived from the more recent CKD-EPI
equation [29], resulting in “over-diagnosis” of CKD using the
MDRD equation. There have been suggestions that this over-
diagnosis may have little effect on estimates of the association
between risk factors and CKD outcomes [24,32] and, accordingly,
on discriminatory performance when models developed to predict
the outcome of CKD based on the MDRD equation are applied to
the outcome of CKD based on the CKD-EPI formula. However,
the difference in prevalence/incidence of CKD based on the two
formulas will invite recalibration of MDRD equation—based
models to improve their applicability with the increasing
international adoption of CKD-EPI estimates of GFR for CKD
diagnosis.

Participants in the reviewed studies were overwhelmingly white.
A homogenous population does not allow researchers to probe
into the whole scope of the variability in CKD risk. This is even
more important for CKD than for other diseases, as some ethnic
groups are particularly prone to CKD (e.g., African-Americans),
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and the use of risk stratification tools in these groups may be more
warranted. Future studies should therefore incorporate more
participants of different ethnic backgrounds.

Strengths and Limitations of the Review

The strengths of this review include the exclusion of studies that
reported only effect estimates for independent association of risk
factors with CKD. These measures alone provide no information
on model calibration and global discriminative performance. The
case for predictive testing depends not merely on the magnitude of
the risk ratio, but also on the extent to which the test results are
useful for improving prediction of disease when various risk factors
are accounted for. This systematic review may also help policy
makers decide whether to incorporate risk tools in guidelines for
screening, routine evaluation, and management of CKD. Such an
inclusion may be premature at this point in time, particularly in
the absence of extensive external validation studies and impact
analyses. We did not explicitly rank or categorize the quality of
existing CKD risk models, mindful that there is no agreed-on
scientific system for rating risk prediction model quality. Some will
argue that minimizing risk for potential bias is of critical
importance, while others might support the view that a risk score
should be judged on its ability to perform accurately across diverse
settings. Finally, our ability to assess publication bias was limited.

Conclusion

This review suggests that risk models for predicting CKD or its
progression have a modest-to-acceptable discriminatory perfor-
mance, but would need to be better calibrated and externally
validated—and the impact of their use on outcomes assessed—
before these are incorporated in guidelines. Their potential
application for screening or management to identify CKD in a
heterogeneous population will also depend on the context. In the
US, for example, the adoption of the Kidney Disease Outcomes
Quality Initiative guidelines has led to systematic reporting of
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Editors’ Summary

Background. Chronic kidney disease (CKD)—the gradual
loss of kidney function—is increasingly common worldwide.
In the US, for example, about 26 million adults have CKD, and
millions more are at risk of developing the condition.
Throughout life, small structures called nephrons inside the
kidneys filter waste products and excess water from the
blood to make urine. If the nephrons stop working because
of injury or disease, the rate of blood filtration decreases, and
dangerous amounts of waste products such as creatinine
build up in the blood. Symptoms of CKD, which rarely occur
until the disease is very advanced, include tiredness, swollen
feet and ankles, puffiness around the eyes, and frequent
urination, especially at night. There is no cure for CKD, but
progression of the disease can be slowed by controlling high
blood pressure and diabetes, both of which cause CKD, and
by adopting a healthy lifestyle. The same interventions also
reduce the chances of CKD developing in the first place.

Why Was This Study Done? CKD is associated with an
increased risk of end-stage renal disease, which is treated
with dialysis or by kidney transplantation (renal replacement
therapies), and of cardiovascular disease. These life-threat-
ening complications are potentially preventable through
early identification and treatment of CKD, but most people
present with advanced disease. Early identification would be
particularly useful in developing countries, where renal
replacement therapies are not readily available and resourc-
es for treating cardiovascular problems are limited. One way
to identify people at risk of a disease is to use a “risk model.”
Risk models are constructed by testing the ability of different
combinations of risk factors that are associated with a
specific disease to identify those individuals in a “derivation
sample” who have the disease. The model is then validated
on an independent group of people. In this systematic
review (a study that uses predefined criteria to identify all the
research on a given topic), the researchers critically assess
the ability of existing CKD risk models to predict the
occurrence of CKD and its progression, and evaluate their
suitability for clinical use.

What Did the Researchers Do and Find? The researchers
identified 26 publications reporting on 30 risk models for
CKD occurrence and 17 risk models for CKD progression that
met their predefined criteria. The risk factors most commonly
included in these models were age, sex, body mass index,
diabetes status, systolic blood pressure, serum creatinine,
protein in the urine, and serum albumin or total protein.
Nearly all the models had acceptable-to-good discriminatory
performance (@ measure of how well a model separates
people who have a disease from people who do not have
the disease) in the derivation sample. Not all the models had
been calibrated (assessed for whether the average predicted
risk within a group matched the proportion that actually
developed the disease), but in those that had been assessed
calibration was good. Only eight CKD occurrence and five
CKD progression risk models had been externally validated;
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discrimination in the validation samples was modest-to-
acceptable. Finally, very few studies had assessed whether
adding extra variables to CKD risk models (for example,
genetic markers) improved prediction, and none had
assessed the impact of adopting CKD risk models on the
clinical care and outcomes of patients.

What Do These Findings Mean? These findings suggest
that the development and clinical application of CKD risk
models is still in its infancy. Specifically, these findings
indicate that the existing models need to be better
calibrated and need to be externally validated in different
populations (most of the models were tested only in
predominantly white populations) before they are incorpo-
rated into guidelines. The impact of their use on clinical
outcomes also needs to be assessed before their widespread
use is recommended. Such research is worthwhile, however,
because of the potential public health and clinical applica-
tions of well-designed risk models for CKD. Such models
could be used to identify segments of the population that
would benefit most from screening for CKD, for example.
Moreover, risk communication to patients could motivate
them to adopt a healthy lifestyle and to adhere to prescribed
medications, and the use of models for predicting CKD
progression could help clinicians tailor disease-modifying
therapies to individual patient needs.

Additional Information. Please access these websites via
the online version of this summary at http://dx.doi.org/10.
1371/journal.pmed.1001344.

e This study is further discussed in a PLOS Medicine
Perspective by Maarten Taal

e The US National Kidney and Urologic Diseases Information
Clearinghouse provides information about all aspects of
kidney disease; the US National Kidney Disease Education
Program provides resources to help improve the under-
standing, detection, and management of kidney disease (in
English and Spanish)

e The UK National Health Service Choices website provides
information for patients on chronic kidney disease,
including some personal stories

e The US National Kidney Foundation, a not-for-profit
organization, provides information about chronic kidney
disease (in English and Spanish)

e The not-for-profit UK National Kidney Federation support
and information for patients with kidney disease and for
their carers, including a selection of patient experiences of
kidney disease

e World Kidney Day, a joint initiative between the Interna-
tional Society of Nephrology and the International
Federation of Kidney Foundations, aims to raise awareness
about kidneys and kidney disease
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