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ABSTRACT 

Background. Chronic kidney disease ( CKD) is a major global health problem and its early identification would allow 

timely intervention to reduce complications. We performed a systematic review and meta-analysis of multivariable 
prediction models derived and/or validated in community-based electronic health records ( EHRs) for the prediction of 
incident CKD in the community. 
Methods. Ovid Medline and Ovid Embase were searched for records from 1947 to 31 January 2024. Measures of 
discrimination were extracted and pooled by Bayesian meta-analysis, with heterogeneity assessed through a 95% 

prediction interval ( PI) . Risk of bias was assessed using Prediction model Risk Of Bias ASsessment Tool ( PROBAST) and 
certainty in effect estimates by Grading of Recommendations, Assessment, Development and Evaluation ( GRADE) . 
Results. Seven studies met inclusion criteria, describing 12 prediction models, with two eligible for meta-analysis 
including 2 173 202 patients. The Chronic Kidney Disease Prognosis Consortium ( CKD-PC) ( summary c-statistic 0.847; 
95% CI 0.827–0.867; 95% PI 0.780–0.905) and SCreening for Occult REnal Disease ( SCORED) ( summary c-statistic 0.811; 95% 

CI 0.691–0.926; 95% PI 0.514–0.992) models had good model discrimination performance. Risk of bias was high in 64% of 
models, and driven by the analysis domain. No model met eligibility for meta-analysis if studies at high risk of bias were 
excluded, and certainty of effect estimates was ‘low’. No clinical utility analyses or clinical impact studies were found for 
any of the models. 
Conclusions. Models derived and/or externally validated for prediction of incident CKD in community-based EHRs 
demonstrate good prediction performance, but assessment of clinical usefulness is limited by high risk of bias, low 

certainty of evidence and a lack of impact studies. 
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GRAPHICAL ABSTRACT 

Keywords: CKD, EHR, prediction models 

KEY LEARNING POINTS 

What was known: 

• Chronic kidney disease ( CKD) is a major global health problem, affecting over 800 million individuals worldwide.
• CKD carries substantial public health and economic implications.
• Timely interventions and novel treatments such as sodium-glucose cotransporter 2 inhibitors and finerenone can reduce 

the risk of disease progression and complications, but require early detection and diagnosis of CKD.

This study adds: 

• Current models developed and/or validated in EHRs reveal good model discrimination performance.
• However, risk of bias is high in most studies, and certainty of effect estimates are low.
• Clinical utility is uncertain as there are no clinical utility analyses or clinical impact studies.

Potential impact: 

• Prediction tools for incident CKD may help to reduce the health and wealth burden of the disease.
• Further work is required before they can be widely adopted in clinical practice.
• This includes investigating clinical utility, effects on future risk of CKD and complications, and cost benefit to a health 

system.
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NTRODUCTION 

hronic kidney disease ( CKD) is a major global health problem 

ffecting over 800 million individuals worldwide [1 ]. Its preva- 
ence has increased partly due to rising incidences of diabetes 
ellitus ( DM) and hypertension ( HTN) , and it is predicted to be- 
ome the fifth leading cause of death worldwide by 2040 [2 ].
t also carries substantial public health and economic implica- 
ions, annually costing the National Health Service £6.4 billion 
n the UK and Medicare $114 billion in the USA [3 –5 ]. 

There is substantial interest in timely interventions and 
ovel treatment options, such as sodium-glucose cotransporter 
 inhibitors and finerenone, which can reduce the risk of 
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isease progression and cardiovascular complications [6 –9 ].
owever, REVEAL-CKD has shown that stage 3 CKD may be
ndiagnosed in up to 95% of patients [10 ]. Mass screening for
KD is controversial because of the potential costs involved [11 ,
2 ]. Current guidelines recommend screening individuals at risk 
f developing CKD according to a number of risk factors [13 , 14 ],
nd the KDIGO Controversies Conference 2019 consensus rec- 
mmends screening patients with risk factors and then using 
isk equations to guide the timing of subsequent testing [15 ]. 

A risk assessment tool to identify those at increased risk of
educed estimated glomerular filtration rate ( eGFR) could facil- 
tate screening for undiagnosed cases. The vast majority of the
uropean population has a routinely collected electronic health 
ecord ( EHR) in the primary care setting [16 , 17 ]. A model that
ses these data to risk stratify individuals for incident CKD could
nable an effective and efficient targeted screening strategy. Pre- 
ious research has shown that models developed in prospective 
ohorts may perform differently in EHRs [18 ]. In order to be ap-
lied to the general population through EHRs, models must be
ested in EHRs or databases relevant to the general population
r primary care ( herein referred to as community-based EHRs) . 

Previous systematic reviews have either summarized mod- 
ls tested in prospective cohorts, where performance may not 
ranslate to community-based EHR data [19 –21 ], or have in-
luded models predicting progression of CKD, which is not rele-
ant to the initial identification of cases [20 , 22 ]. To address this
nowledge gap, we performed a systematic review and meta- 
nalysis to identify prediction models for incident CKD derived 
nd/or validated in community-based EHRs, and we synthesized 
iscrimination performance of each model to identify which 
ay be suitable to identify individuals at risk of CKD in clinical
ractice. 

ATERIALS AND METHODS 

his systematic review has been reported in accordance with 
he Preferred Reporting Items for Systematic Reviews and Meta- 
nalyses ( PRISMA) guidelines ( Supplementary data) . 

earch strategy and inclusion criteria 

he Checklist for critical Appraisal and data extraction for 
ystematic Reviews of prediction Modelling Studies ( CHARMS) 
as used to frame the research question ( Supplementary data) .
he Medline and Embase databases were searched through the 
vid platform from 1947 to 31 January 2024. A combination of
eywords and subject headings related to CKD, prediction mod- 
ls and EHR were used. The search was restricted to the English
anguage and to human studies. The full search strategy can
e found in the Supplementary data. We manually performed 
orward and backward citation searches and looked through 
revious systematic reviews. We used Endnote’s duplicate iden- 
ification strategy and then manually removed all remaining 
uplicates. 
Articles were included if they were an original study in hu-

an adults ( ≥18 years of age) , developed and/or validated a pre-
iction model( s) for incident CKD based on multivariable anal- 
sis in a community-based EHR, provided a prediction perfor- 
ance metric for discrimination performance and were writ- 

en in English. Articles were excluded if they were prospective
tudies, included patients with CKD at baseline, only reported 
easures of association between risk factors and incident CKD 

ather than a full prediction model, studied only a subset of the
eneral population ( for example, individuals diagnosed with a 
articular morbidity) or incorporated variables that would not 
e routinely available in community-based EHR ( e.g. C-cystatin,
omocysteine levels, retinal photos; Supplementary data) . 
We uploaded records to a systematic review web ap-

lication ( Rayyan, Qatar Computing Research Institute) [23 ].
hree investigators ( M.H., K.R. and C.K.T.) independently 
creened them for inclusion by title, abstract, full text and
upplementary materials. Disagreements were resolved by con- 
ultation with a fourth investigator ( R.N.) . 

ata extraction and quality assessment 

hree investigators ( M.H., K.R. and C.K.T.) independently ex- 
racted the data from the included studies based on CHARMS.
iscrepancies were resolved with a fourth investigator ( R.N.) . All
ata came from the primary reference, unless otherwise stated.
e included data from derivation and external validation ar-

icles, including external validation data in community-based 
HRs for models that were initially derived in prospective co-
orts. 
To allow quantitative synthesis and assessment of the pre-

ictive performance of the models we extracted measures of
iscrimination and calibration [24 ]. Discrimination assesses the
odel’s ability to differentiate between individuals who will ex-
erience the outcome and those who will not. To assess discrim-
nation, we extracted data on the c-statistic or the area under the
eceiver operating characteristic ( AUROC) , along with their cor- 
esponding 95% confidence intervals ( 95% CI) . If the reported CI
as missing, we computed it using the methods outlined by De-
ray et al . [24 ]. Calibration evaluates the accuracy of the model’s
redicted probabilities, and we extracted all performance mea-
ures reported. Three investigators ( M.H., K.R. and C.K.T.) as- 
essed the models for risk of bias and applicability to our review
uestion using the Prediction model Risk Of Bias ASsessment
ool ( PROBAST) [25 ]. 

We also checked for reporting of the clinical utility of a model
 net benefit in the form of decision curve analysis or decision
nalytical modelling, which can be used to integrate the ben-
fits and harms of using a model for clinical decision support)
nd conducted forward citation searching for studies determin-
ng the impact ( clinical and cost-effectiveness) of using models 
n real world clinical practice. 

ata synthesis and statistical analysis 

e reported continuous variables as means ± standard devi-
tion and categorical variables as percentages. We evaluated
tatistical significance in all analyses at the 0.05 level. When a
tudy reported on multiple cohorts and presented separate data
or each cohort, we assessed model performance separately for
ach cohort within that study. A funnel plot was created to check
or publication bias [26 ]. 

We conducted a Bayesian meta-analysis of discrimination 
hrough a summary measure of c-statistic and corresponding
5% CI. We calculated the 95% prediction interval ( PI) to depict
he extent of between-study heterogeneity and to indicate
 possible range for prediction model performance in a new
alidation [27 ]. A prediction interval is a statistical measure
o estimate a range for the predicted model performance in
 new validation of the model with a certain level of confi-
ence. Summary c-statistics of < 0.60, 0.60–0.70, 0.70–0.80 and
 0.80 were defined a priori as inadequate, adequate, acceptable
nd good based on prior publications [28 , 29 ]. We conducted

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
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CKD, chronic kidney disease; EHR, electronic health record  

Identification of studies via databases and registers

Records identified from databases:
• Medline (n = 2784)
• Embase (n = 7530)

Records removed before screening:
• Duplicate records removed
  (n = 1663)

Records screened
(n = 8651)

Records sought for retrieval 
(n = 81)

Records assessed for eligibility
(n = 81)

Id
en

tif
ic

at
io

n
S

cr
ee

ni
ng

Studies included in review
(n = 7)

In
cl

ud
ed

Records excluded
(n = 8570)

Records not retrieved
(n = 0)

Records excluded (n = 74):
• No risk model/prediction rule (n = 24)
• Risk model not derived or validated in EHR (n = 17)
• Selected patients/not from general population (n = 17)
• Variables not available in community-based EHR (n = 9)
• Wrong outcome measure (n = 6)
• CKD not excluded at baseline (n = 1)

Figure 1: Flow diagram of literature search. 
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 R foundation for Statistical Computing 3.6.3) [30 –32 ]. 

Our primary analysis assessed overall discrimination for 
odels that had three or more cohorts with c-statistic data. We 
erformed sensitivity analyses in which we restricted the pri- 
ary analyses to only those studies where the participants do- 
ain in PROBAST assessment was ‘low’ risk of bias, and to only 

hose studies where the overall PROBAST assessment was ‘low’ 
isk of bias. We performed a further sensitivity analysis where 
e excluded results from development and internal validation. 
The Grading of Recommendations, Assessment, Develop- 

ent and Evaluation ( GRADE) approach was used to assess the 
ertainty of the evidence ( Supplementary data) . The certainty of 
he evidence was graded as high, moderate, low or very low [33 ].

ESULTS 

tudy selection 

he study selection process is described in Fig. 1 . We identified 
113 unique records, reviewed 81 full-text reports and included 
 studies. A list of excluded studies that met a number of the 
nclusion criteria is available in the Supplementary data. 

haracteristics of included studies 

he 7 studies included 16 cohorts from a range of EHR databases 
ocated in USA ( n = 11) , Europe ( n = 4) and Asia Pacific ( n = 1) 
 Table 1 ) . The total number of participants included in the 
tudies was 3 788 809, with cohort sizes ranging from 2831 to 
 593 506. The mean age varied from 42.1 years to 59.6 years,
nd the proportion of women from 50% to 58%. Six studies 
sed a definition of eGFR < 60 mL/min/1.73 m2 for CKD, one 
tudy used eGFR < 45 mL/min/1.73 m2 and one study did not 
larify their definition ( the authors were contacted but have 
ot yet responded) . Three studies used Chronic Kidney Disease 
pidemiology Collaboration ( CKD-EPI) calculation of eGFR, four 
tudies used Modification of Diet in Renal Disease ( MDRD) and 
ne study did not clarify the equation used ( the authors were 
ontacted but have not yet responded) . 

haracteristics of included prediction models 

welve multivariable prediction models were derived and/or val- 
dated in EHRs. All studies reported the predictors used in the 
odel. The longest prediction horizon was 5 years. Multivari- 
ble Cox or logistic regression were used in 11 models and ma- 
hine learning techniques employed in 1 model. The optimum 

echnique in the machine learning model was C4.5, chosen by 
iscriminative performance ( Supplementary data, Table S3) . 
Supplementary data, Table S5 details the pr edictors used 

n each regression model. The most common predictors were 
ge ( 82%) , HTN ( 82%) , DM ( 73%) , sex ( 55%) and cardiovascu- 
ar disease ( 55%) , as shown in Fig. 2 . The machine learning 
odel only used demographic and diagnostic variables, as 
hown in Supplementary data, Table S6. Nine models had a 
-statistic > 0.8 on external validation. These were: Chronic 
idney Disease Prognosis Consortium ( CKD-PC) ( c-statistic > 0.8 
n 9 validations) , SCreening for Occult REnal Disease ( SCORED) 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data


Incident CKD prediction in community-based EHRs 5

Ta
b
le
 
1:
 
B
as

el
in
e 
ch

ar
ac

te
ri
st
ic
s 
of
 
in
cl
u
d
ed

 
st
u
d
ie
s.
 

St
u
d
y 

M
od

el
s 

C
oh

or
t 

( c
ou

n
tr
y)
 

St
u
d
y 

ai
m
 

EH
R
 

d
es

cr
ip
ti
on
 

C
K
D
 
ca

se
s 

( n
) /
 

to
ta
l p

at
ie
n
ts
 

[ n
( %

) ]
 

A
ge
 

( m
ea

n
 
±

SD
) 

Fe
m

al
e 

( %
) 

B
M
I 

( m
ea

n
 
±

SD
) 

D
ia
be

te
s 

( %
) 

H
yp

er
te
n
si
on
 

( %
) 

IH
D
/ 

st
ro

ke
( %

) 

H
ea

rt
 

fa
il
u
re
 

( %
) 

C
V
D
 

( %
) 

Sm
ok

in
g 

( %
) 

Pr
ot
ei
n
u
ri
a 

( %
) 

PV
D
 

( %
) 

K
id
n
ey
 

st
on

es
 

( %
) 

O
u
tc
om

e 

d
efi

n
it
io
n
 

En
ro

lm
en

t 

p
er
io
d
 

( m
ea

n
 
F/
U
 

in
 
ye

ar
s)
 

Ex
cl
u
si
on
 

cr
it
er
ia
 

N
el
so

n
 

et
 
al
. 2

01
9 

C
K
D
-P
C
 

O
p
tu

m
La

bs
 

( U
S)
 
1–

9 

EV
 

N
at
io
n
w
id
e 

p
ri
m

ar
y 

ca
re
 

17
7 
91

2/
1 
98

5 
79

6 

( 8
.9
6)
 

50
 
±

16
 

58
 

29
 
±

7.
0 

N
/A
 

29
 

N
/A
 

N
/A
 

8 
10
 

N
/A
 

N
/A
 

N
/A
 

C
K
D

( e
G
FR
 

<
 60

, 

C
K
D
-E
PI
) 

19
70

–2
01

7 

( 4
.2
) 

M
is
si
n
g 

va
lu
es

, 

m
ea

n
 

fo
ll
ow

-u
p
 

>
 4 
ye

ar
s 

St
ol
p
e 
et
 
al
. 

20
22
 

SC
O
R
ED

; 

M
od

ifi
ed
 

SC
O
R
ED

; 

K
ea

rn
s;
 

K
sh

ir
sa

ga
r;
 

K
w
on

; 

T
h
ak

ki
n
s-
 

ti
an
 

H
N
R
 

( G
er
m

an
y)
 

EV
 

St
at
e-
 

m
an

d
at
ed
 

h
ea

lt
h
 

se
rv
ic
es
 

36
0/
41

85
( 8
.6
0)
 

59
.6
 
±

7.
8 

50
.5
 

27
.8
 
±

4.
6 

7.
9 

59
.2
 

6.
9 

3.
5 

N
/A
 

23
.3
 

1.
7 

2.
3 

12
 

C
K
D

( e
G
FR
 

<
 60

, 

C
K
D
-E
p
i)
 

20
00

( N
/A

) 
M
is
si
n
g 

se
ru

m
 

cr
ea

ti
n
in
e 

B
an

g 
et
 
al
. 

20
07
 

SC
O
R
ED
 

N
H
A
N
ES
 

( U
S)
 

IV
 

N
at
io
n
w
id
e 

p
ri
m

ar
y 

ca
re
 

60
1/
85

30
( 7
.0
5)
 

46
 
±

0.
3 

52
 

28
 
±

0.
1 

8 
34
 

N
/A
 

2.
1 

4.
9 

20
 

10
 

2.
7 

N
/A
 

C
K
D

( e
G
FR
 

<
 60

, 

M
D
R
D
) 

19
99

–2
00

1 

( N
/A

) 

M
is
si
n
g 

se
ru

m
 

cr
ea

ti
n
in
e 

or
 
ot
h
er
 

co
va

ri
at
es
 

B
an

g 
et
 
al
. 

20
07
 b
 

SC
O
R
ED
 

A
R
IC

( U
S)
 

EV
 

N
at
io
n
w
id
e 

p
ri
m

ar
y 

ca
re
 

39
2/
12
 
03

8
( 3
.2
6)
 

C
K
D

( e
G
FR
 

<
 60

, 

M
D
R
D
) 

19
87

–8
9 

( N
/A

) 

M
is
si
n
g 

se
ru

m
 

cr
ea

ti
n
in
e 

or
 
ot
h
er
 

co
va

ri
at
es
 

Fr
ac

ca
ro
 

et
 
al
. 2

01
6 

SC
O
R
ED

; 

C
h
ie
n
; 

Q
K
id
n
ey

; 

K
sh

ir
sa

ga
r;
 

K
w
on

; 

O
’S
ea

gh
d
h
a;
 

T
h
ak

ki
n
s-
 

ti
an
 

SI
R
C
( U

K
) 

EV
 

R
eg

io
n
al
 

p
ri
m

ar
y 

ca
re
 

60
38

/1
62
 
65

3
( 3
.7
1)
 

42
.1
 
±

16
.7
 

52
.9
 

26
.6
 
±

6.
0 

N
/A
 

N
/A
 

N
/A
 

N
/A
 

N
/A
 

51
.1
 

0.
5 

N
/A
 

N
/A
 

C
K
D

( e
G
FR
 

<
 60

, 

M
D
R
D
) 

20
09

( 5
) 

C
K
D
 
3–

5 

C
ol
li
n
s 

et
 
al
. 2

01
2 

Q
K
id
n
ey
 

T
H
IN

( U
K
) 

EV
 

N
at
io
n
w
id
e 

p
ri
m

ar
y 

ca
re
 

43
 
18

6/
1 
59

3 
50

6 

( 2
.7
1)
 

50
( m

ed
ia
n
) 

49
.6
 

26
.8
 
±

4.
7 

3.
7 

9.
3 

N
/A
 

0.
6 

5.
3 

53
.2
 

N
/A
 

1.
3 

0.
3 

C
K
D
/E
SR

F 

( e
G
FR
 
<
 45

, 

M
D
R
D
) 

20
02

–0
8 

C
K
D
 
at
 

ba
se

li
n
e 

Sh
ih
 
et
 
al
. 

20
20
 a 

Sh
ih
 
C
4.
5 

Ta
iw

an
 

cl
in
ic
s 

( T
ai
w
an

) 

D
 
an

d
 
IV
 

N
at
io
n
w
id
e 

p
ri
m

ar
y 

ca
re
 

51
01

/1
9 
27

0
( 2
6.
47

) 
64

.9
 
±

11
.5
 

58
.1
 

C
K
D

( n
ot
 

d
efi

n
ed

) 

20
15

–1
9 

( N
/A

) 

Pe
re
z-
 

M
on

te
ol
iv
a 

et
 
al
. 2

01
5 

H
U
G
E 

fo
rm

u
la
 

H
ER

M
EX
 

( S
p
ai
n
) 

EV
 

R
eg

io
n
al
 

p
ri
m

ar
y 

ca
re
 

62
/2
83

1
( 2
.1
9)
 

51
.2
 
±

14
.7
 

53
.5
 

28
.6
 
±

5.
3 

14
.1
 

39
.6
 

N
/A
 

N
/A
 

4.
6 

53
.9
 

N
/A
 

N
/A
 

N
/A
 

C
K
D

( e
G
FR
 

<
 60

, 

C
K
D
-E
PI
) 

20
07

/2
00

9 

( N
/A

) 

N
on

- 

re
si
d
en

ts
, 

in
st
it
u
ti
on

- 

al
iz
ed
 
an

d
 

d
ec

ea
se

d
 

p
er
so

n
s,
 

d
is
ab

le
d
 

su
bj
ec

ts
, 

p
re
gn

an
t 

w
om

en
, 

p
eo

p
le
 

u
n
ab

le
 
to
 

gi
ve
 

w
ri
tt
en
 

in
fo
rm

ed
 

co
n
se

n
t 

a 
In
 
Y
an

 
an

d
 
Sh

ih
, t
h
e 
ba

se
li
n
e 
ch

ar
ac

te
ri
st
ic
s 
w
er
e 
re
p
or

te
d
 
se

p
ar
at
el
y 
fo
r 
th

e 
C
K
D
 
an

d
 
n
on

-C
K
D
 
gr
ou

p
s.
 

b 
In
 
B
an

g 
th

e 
ba

se
li
n
e 
ch

ar
ac

te
ri
st
ic
s 
w
er
e 
re
p
or

te
d
 
on

ly
 
fo
r 
th

e 
d
er
iv
at
io
n
 
co

h
or

t 
an

d
 
n
ot
 
th

e 
ex

te
rn

al
 
va

li
d
at
io
n
 
co

h
or

t.
 

A
R
IC

, A
th

er
os

cl
er
os

is
 
R
is
k 
in
 
C
om

m
u
n
it
ie
s;
 
B
M
I,
 
bo

d
y 
m

as
s 
in
d
ex

; C
V
D
, c

er
eb

ro
va

sc
u
la
r 
d
is
ea

se
; D

, d
er
iv
at
io
n
; E

SR
F,
 
en

d
-s
ta
ge

 
re
n
al
 
fa
il
u
re
; E

V,
 
ex

te
rn

al
 
va

li
d
at
io
n
; F

U
, f
ol
lo
w
-u

p
; H

N
R
, H

ei
n
z-
N
ix
d
or

f-
R
ec

al
l; 
IH

D
, i
sc

h
ae

m
ic
 
h
ea

rt
 

d
is
ea

se
; I
V,
 
in
te
rn

al
 
va

li
d
at
io
n
; N

H
A
N
ES

, N
at
io
n
al
 
H
ea

lt
h
 
an

d
 
N
u
tr
it
io
n
 
Ex

am
in
at
io
n
 
Su

rv
ey

s;
 
PV

D
, p

er
ip
h
er
al
 
va

sc
u
la
r 
d
is
ea

se
; S

IR
C
, S

al
fo
rd
 
In

te
gr
at
ed

 
R
ec

or
d
 
co

h
or

t;
 
T
H
IN

, T
h
e 
H
ea

lt
h
 
Im

p
ro
ve

m
en

t 
N
et
w
or

k 
d
at
ab

as
e.
 



6 M. Haris et al.

Figure 2: An overview of the ten predictors most frequently incorporated in the prediction models in this study. CCF, congestive cardiac failure; IHD, ischaemic heart 
disease; MI, myocardial infarction. 
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 c-statistic > 0.8 on 2 validations) , QKidney ( c-statistic > 0.8 on 
 validation) , Chien ( c-statistic > 0.8 on 1 validation) , Kshir- 
agar ( c-statistic > 0.8 on 1 validation) , Kwon ( c-statistic > 0.8 
n 1 validation) , O’Seaghdha ( c-statistic > 0.8 on 1 validation) 
nd Thakkinstian ( c-statistic > 0.8 on 1 validation) . Only six 
odels ( CKD-PC, SCORED, Kshirsagar, Kwon, Thakkinstian and 
Kidney) were externally validated in more than one cohort 
nd only four studies reported calibration data. 

linical utility and clinical impact of included models 

one of the included studies conducted a clinical utility anal- 
sis, and forward citation searching did not find any studies of 
linical impact for included risk prediction models. 

isk of bias assessment 

upplementary data, Table S7 shows the r esults of the risk of 
ias and applicability assessment for each PROBAST domain for 
ach model in the included studies. Figure 3 gives an overall 
ummary of PROBAST domain assessments across all included 
tudies. Overall, 63% of model results were at high risk of bias 
olely driven by high risk of bias in the analysis domain, mainly 
ue to the handling of missing data in 56%. 

eta analysis 

wo models ( CKD-PC and SCORED) were eligible for the primary 
eta-analysis, incorporating 2173 202 patients. Both models’ re- 
ults had good discrimination performance: CKD-PC ( summary 
-statistic 0.847; 95% CI 0.827–0.867; 95% PI 0.780–0.905; n = 9 
ohorts; n = 1 985 796) and SCORED ( summary c-statistic 
.811; 95% CI 0.691–0.926; 95% PI 0.514–0.992; n = 4 studies; 
 = 187 406) , with wide heterogeneity evident for SCORED 

 Fig. 4 ) . 
When restricting the primary analysis to the three studies 

t low risk of bias for the participants domain of PROBAST,
oth the CKD-PC and SCORED models continued to demonstrate 
ood prediction performance ( Supplementary data, Fig. S1) . Af- 
er excluding results from development and internal validation,
he SCORED model showed reduced prediction performance 
 Supplementary data, Fig. S2) . No models were eligible for in- 
lusion in analysis when excluding studies at overall high risk 
f bias. Funnel plots were symmetrical but with additional hori- 
ontal scatter ( Supplementary data, Fig. S3) , consistent with the 
resence of between-study heterogeneity. 

ertainty of evidence 

he initial certainty level of the included prediction modelling 
tudies was set at high because the association between the pre- 
ictors and outcomes was considered irrespective of any causal 
onnection. The overall certainty level was, however, down- 
raded to moderate, then low because of inconsistent results 
iven high heterogeneity and the high overall risk of bias in in-
luded studies. The final overall certainty of evidence was low,
mplying that our confidence in the effect estimates of predic- 
ion model performance is limited and further research is very 
ikely to change the effect estimate. 

ISCUSSION 

his systematic review and meta-analysis included 12 mod- 
ls developed and/or validated in community-based EHR for 
stimating the risk of CKD. The majority of models showed 
ood discrimination performance when externally validated in 
 community-based EHR. Two models ( CKD-PC and SCORED) 
ere eligible for primary meta-analysis with both demonstrat- 

ng good summary discrimination performance measures. After 
xcluding studies with overall high risk of bias, no model met el- 
gibility criteria for meta-analysis. Clinical utility remains uncer- 
ain as none of the models underwent prospective investigation 
f clinical or cost-effectiveness. 

linical relevance 

ultiple randomized controlled trials have demonstrated that 
ovel treatment options and appropriate management of risk 
actors reduce disease progression and mortality for patients 
ith CKD [34 –36 ]. There is wide interest in how to ensure CKD
ases are identified early in the disease trajectory in order to 
nable the implementation of disease-modifying therapies.

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
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Figure 3: Judgements on the four PROBAST risk of bias domains and three PROBAST applicability domains presented as percentages across all included studies. 
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uidelines recommend screening patients with risk factors 
12 –14 ], but this can be resource intensive [11 ]. Risk prediction
odels may enable a more refined approach to early detection.
odels developed and/or validated in community-based EHR 
ohorts using data widely available in the community can be
ncreasingly utilized in healthcare environments across the 
orld given the growing adoption of EHRs [16 , 17 ]. Models de-
eloped in prospective studies were excluded from this review 

nd analysis as previous research has shown they may perform
ifferently in EHRs [18 ]. 
Some models, such as QKidney and O’Seaghdha, showed 

romising performance but had limited external validation and 
ere therefore not eligible for meta-analysis. This highlights 
he importance of extensive external validation to enable reli- 
ble assessments of performance [37 ]. The CKD-PC and SCORED
odels were both eligible for meta-analysis, on account of ex-

ernal validation in multiple cohorts, and showed good discrim- 
nation performance. To aid implementation, the CKD-PC tool is 
vailable as an online calculator facilitating clinical application 
38 ]. However, it was validated in cohorts within the same nation
nd published in one study, and therefore it is difficult to com-
ent on the applicability of results to other geographies. In the
eta-analysis of the SCORED model there was a large predic-

ion interval, suggesting there is a large variability in potential
erformance in a new validation. 
Furthermore, there remains uncertainty regarding the feasi- 
ility of implementing currently available models. Both the CKD-
C and SCORED models utilize data that may not be widely avail-
ble in a large proportion of asymptomatic community-dwelling
ndividuals, such as albumin urine creatinine ratio and high-
ensity lipoprotein cholesterol. Furthermore, a lack of impact
tudies reduces confidence in their applicability to the general
opulation for identifying incident cases. This is especially im-
ortant given the high risk of bias we observed regarding re-
orted performance measures, and poor reporting of calibration
erformance. Further work is required to determine the scale at
hich multivariable models may be utilized in the general pop-
lation, whether early interventions based on these tools reduce
uture risk of CKD and its complications, and whether they con-
er a cost benefit at the level of health system. A prospective ran-
omized assessment is required to assess how many extra cases
ay be detected using this approach, and whether it leads to a
ifference in the rate of adverse outcomes. 
Furthermore, existing models can be improved. Albuminuria 

s a component of CKD, but was included as a risk factor in four
odels. These models mainly used eGFR as a diagnostic test for
KD and newer models incorporating albuminuria may prove to
e more accurate. Ethnicity is a significant risk factor but was
nly included in three models, which may be due to inconsis-
ent coding in EHRs. There is a pressing demand to identify more
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Figure 4: Forest plot of primary analysis of c - statistics. ARIC, Atherosclerosis Risk in Communities; HNR, Heinz-Nixdorf-Recall; NHANES, National Health and Nutrition 
Examination Surveys; SIRC, Salford Integrated Record cohort. 
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recise CKD predictors applicable to different populations given 
he emergence of more effective medications with substantial 
otential economic benefit given the cost of dialysis and impact 
n quality of life and mortality. 

revious work 

revious reviews have evaluated CKD prediction models but do 
ot specifically address whether these have been applied in 
ommunity-based electronic health records, where it is most 
ikely they would be of use in routine clinical practice and where 
ost cases of CKD locate [19 , 20 , 22 ]. This review specifically fo- 
used on investigating models applicable to use in EHRs because 
his is a widely available medium through which these scores 
ould be implemented at scale. Others have summarized mod- 
ls only for specific groups of patients ( such as those with type 
 DM) or that estimate risk of progression of CKD [21 ]. This re- 
iew excluded such models to increase applicability to the gen- 
ral population and focus on new-onset CKD. Consistent with 
revious reviews, we found suboptimal conduct in model devel- 
pment and a failure to progress to impact studies [19 –22 ]. 

trengths and limitations 

e used a comprehensive search strategy to identify all rele- 
ant articles and models and performed a thorough analysis. We 
nsured applicability in primary care settings by only including 
odels from community-based cohorts and those that incorpo- 
ated variables readily available in such settings. 

We acknowledge the limitations of our study. We restricted 
ur search strategy to articles written in English, although 
his has not been shown to lead to significant bias [39 ]. Meta-
nalysis of calibration performance was not possible due to lack 
f calibration reporting. We did not present meta-regression or 
ubgroup meta-analysis to investigate heterogeneity between 
tudies based on study-level characteristics or subgroups in 
he absence of available individual patient data given that such 
nalyses would be prone to ecological bias [40 ], and are inferior
o subgroup results–derived patient-level data [24 ]. The funnel 
lot ( Supplementary data, Fig. S3) shows significant horizontal 
catter, demonstrating between-study heterogeneity. Between- 
tudy heterogeneity can occur due to differences in study 
haracteristics, study quality or studied populations. Study 
opulations varied in mean age, proportion who were women,
omorbidity burden and the proportion of observed CKD cases.
here is incomplete coding in community-based EHRs of poten- 
ially important variables that are thus not included in models.
t is also possible that coding of CKD may be incomplete in
ommunity-based EHRs, so the incidence of CKD in the included 
tudies may be underestimated. Missing data is a commonly 
bserved shortfall in prediction modelling research [41 ], even 
n models recommended for use in healthcare [42 ]. Anaemia is 
ncluded as a variable in models and anaemia is associated with 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae098#supplementary-data
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KD, but causality cannot be assumed as patients with anaemia
ay have latent undiagnosed CKD rather than go on to develop
KD. 

ONCLUSION 

his systematic review and meta-analysis identified 12 risk pre- 
iction models for incident CKD developed and/or validated in 
ommunity-based EHRs. The models showed variable prediction 
erformance for incident CKD, but were limited due to high risk
f bias, missing data, low certainty of evidence and a lack of im-
act studies. Therefore, the utility of these models in clinical
ractice remains undetermined. 
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