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BACKGROUND

Identifying patients at high risk of diabetic kidney disease (DKD) helps improve
clinical outcome.

PURPOSE

To establish a model for predicting DKD.

DATA SOURCES

The derivation cohort was from a meta-analysis. The validation cohort was from a
Chinese cohort.

STUDY SELECTION

Cohort studies that reported risk factors of DKDwith their corresponding risk ratios
(RRs) in patients with type 2 diabetes were selected. All patients had estimated
glomerular filtration rate (eGFR) ‡60 mL/min/1.73 m2 and urinary albumin-to-
creatinine ratio (UACR) <30 mg/g at baseline.

DATA EXTRACTION

Risk factors and their corresponding RRs were extracted. Only risk factors with
statistical significance were included in our DKD risk prediction model.

DATA SYNTHESIS

Twenty cohorts including 41,271 patients with type 2 diabetes were included in our
meta-analysis. Age, BMI, smoking, diabetic retinopathy, hemoglobin A1c, systolic
blood pressure, HDL cholesterol, triglycerides, UACR, and eGFR were statistically
significant. All these risk factorswere included in themodel except eGFRbecause of
the significant heterogeneity among studies. All risk factors were scored according
to their weightings, and the highest score was 37.0. The model was validated in an
external cohort with a median follow-up of 2.9 years. A cutoff value of 16 was
selected with a sensitivity of 0.847 and a specificity of 0.677.

LIMITATIONS

There was huge heterogeneity among studies involving eGFR. More evidence is
needed to power it as a risk factor of DKD.

CONCLUSIONS

TheDKDriskpredictionmodel consistingofnine risk factors established in this study
is a simple tool for detecting patients at high risk of DKD.
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Diabetic kidney disease (DKD) is a major
microvascular complication of diabetes
with high prevalence, mortality, and treat-
ment cost, yet there is low awareness of it
and it has a poor effective prevention and
treatment rate (1). The lack of early di-
agnosis and effective therapies targeting
DKD ismainly responsible for theproblem.
The usefulness of microalbuminuria as
the traditional marker of DKD and the
optimal opportunity for intervention (2)
has recently been challenged. As a dy-
namic, fluctuating condition rather than a
linearly progressive process, microalbu-
minuria isobserved to followa remission/
regression trajectory of less certain prog-
nostic value, lacking both sensitivity and
specificity in evaluating early DKD (3).
Furthermore, the relationship between
renal function and albuminuria is weak (4).
In the Intensified Multifactorial Interven-
tion in Patients with Type 2 Diabetes and
Microalbuminuria (Steno-2) study, even
with positive intervention 31% of partic-
ipants with microalbuminuria progressed
to macroalbuminuria during a 7.8-year
follow-up (5). This pattern is seenbecause
the presence of microalbuminuria in
patients with diabetes often implies the
kidneys have undergone different de-
grees of structural injuries.
Therefore, researchers have explored

early predictivemarkers of DKD, including
through proteomics and genomics. These
novel biomarkers, however, are difficult
to promote in clinical practice because of
their instability and high cost. Type 2 di-
abetes coexists with multiple metabolic
disorders. Besides hyperglycemia, other
factorssuchashypertension,dyslipidemia,
and unhealthy lifestyle are all involved in
DKD onset. A comprehensive assessment
of these risk factors, along with early de-
tection and individualized intervention
in high-risk individuals, maybe the most
effective strategy for preventing DKD.

METHODS

Study Populations

Derivation Cohort

The derivation cohort came from a sys-
tematic review and meta-analysis of 14
prospective cohorts and 6 retrospective
cohorts. These20cohortswere identified
by searching the electronic databases of
MEDLINE, Embase, and the Cochrane Li-
brary from the time of their inception to
October 2017, using a combined text and
MeSH heading search strategy with the
terms:“diabetesmellitus, type2,” “kidney

disease,”“risk factor,”and“cohort study.”
In total, 41,271 patients with type 2
diabetes from Europe (including Italy,
Denmark, Sweden, and Finland), Asia
(including China, China Taiwan, Japan,
India, and Singapore), and the Americas
(including the U.S. and Brazil) with an es-
timated glomerular filtration rate (eGFR)
$60mL/min/1.73m2andurinaryalbumin-
to-creatinine ratio (UACR) ,30 mg/g at
baseline were included in our derivation
cohort.Of the cohort patients, 80%were
white and 20% were Asian. All the
studies reported risk ratios (RRs) and
corresponding 95% CIs for risk factors
andwere assessed using theNewcastle–
Ottawa scales. A flowchart of the study
selectionmethodology is shown in Fig. 1A,
and search strategy, selection criteria,
data extraction, and quality assessment
are detailed in the Supplementary Data.

Validation Cohort

A total of 2,089 patients with diabetes
who were hospitalized at least twice in
TianjinMedical UniversityMetabolic Dis-
easesHospital (baseline from27 July 2012
to 24 August 2017) were considered for
this study. Tobe included in the validation
cohort, patients needed to be between
39and75yearsold,shownormoalbuminuria
(UACR ,30 mg/g or albumin excretion
rate [AER] ,30 mg) and eGFR $60 mL/
min/1.73 m2 at baseline, and be with
a follow-up for more than 12 months.
Given that other kidney diseases may
affect kidney function and albuminuria
and increase the chance of hospitaliza-
tion, we excluded those patients whose
last hospitalization were due to acute
kidney injury, primary glomerulonephritis,
urinary tract infection, urinary calculi,
etc.Ultimately,weexcluded120patients
with type1diabetes, 46patients aged,39
or.75 years, 589 patients with baseline
UACR $30 mg/g or AER $30 mg or
eGFR,60mL/min/1.73m2, 213 patients
with incomplete baseline data, 199 pa-
tients who lacked the last UACR/AER/eGFR
measurements, 219patientswith a follow-
up for less than 12 months, and 323
patients with acute diabetic complications
or serious infection. The remaining 380 pa-
tients with type 2 diabetes were included
in the validation cohort. A flowchart out-
lining the selection of study patients is
shown in Fig. 1B.

Outcome
The outcome was the occurrence of DKD
defined as eGFR ,60 mL/min/1.73 m2

and/orUACR$30mg/g (or AER$30mg)
for $3 months caused by diabetes (6).

Ethics Statement
This study was approved by the Institu-
tional Review Board of Tianjin Medical
University Metabolic Diseases Hospital
and Tianjin Institute of Endocrinology. It
was agreed to waive the requirement
for informed consent, as this study was
designed to retrospectively collect avail-
able data from articles published in peer-
reviewed journals and databases.

Statistical Analysis

Meta-analysis

RRs with 95% CIs for each initiating risk
factor for DKD were extracted and then
generated using a random effects model
or a fixed effects model according to the
heterogeneity. The inverse of the vari-
anceof theRRwasused toweight studies
on the basis of an estimate of statistical
size (7).Heterogeneity across studieswas
assessed using the Cochrane Q test, and
measured by I2. An I2 value of more than
50%or a P value in the CochraneQ test of
less than 0.10 indicated statistically sig-
nificant heterogeneity, in which case
the random effects model was applied.
Otherwise, the fixed effects model was
selected (8). Subgroup analyses were
conducted according to themagnitudeof
the change in the continuous variables.
Continuous variables included age (1-
year increments vs. 5–10 year incre-
ments), BMI (1 kg/m2 increments vs. 5
kg/m2 increments), and systolic blood
pressure (SBP) (1 mmHg increments vs.
5 mmHg increments vs. 10–20 mmHg
increments). Sensitivity analyses were
conducted by omitting a single study in
turn to test the robustness of the results
(9). Publication bias was assessed by
Egger’s linear regression test at a P ,
0.10 significance level. All testswere two-
sided and statistical significance was de-
fined as P , 0.05, with the exception of
the heterogeneity and publication assess-
ment, which were considered statistically
significant at P , 0.10. All analyses were
performed using Stata software, version
14.0 (StataCorp, College Station, TX).

Model Development

Wedeveloped a categorization point sys-
tem according to themethods suggested
by Sullivan et al. (10). First, all risk factors
included in the prediction model were
selected from the systematic review and
meta-analysis described above. Second,
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the pooled RR of each risk factor was
extracted. To make our prediction model
more practical, we chose RR from sub-
group or sensitivity analyses. For exam-
ple, in considering age as a factor, we

selected the RR of age at 5–10 year
increments. b-Coefficients of each risk
factor were calculated according to the
pooled RR and its corresponding 95%
CI. Then, scores were calculated by

multiplying the b-coefficients by 10 and
rounding off one decimal place. Finally,
all risk factors in the prediction model
were categorized based on the meta-
analysis and clinical practice guidelines,
and each category was assigned a score.
The gross score was calculated by sum-
ming the scores of all components in the
prediction model. The difference was
considered nonsignificant at P . 0.05.

Model Validation

External data from the retrospective co-
hort study described above were used to
examine the generalizability of the risk
prediction model, identifying the best
implementation strategy. Baseline vari-
ables were used to calculate the total
score according to the risk prediction
model.However, follow-upDKDincidence
was used to calculate the area under the
receiver operating characteristic curve.
Sensitivity, specificity, and theareaunder
the curve (AUC) were calculated at dif-
ferent cutoff values, and the calculations
were used to identify the optimal cutoff
point (11). According to the optimal cut-
off point, patients were categorized into
four risk levels, including relatively low,
moderate, high, and very high risk. To
validate the predictive power of the pre-
diction model, the actual incidence of
DKD was calculated and a Kaplan-Meier
curve was generated in each risk group.
All analyses were performed using SPSS
software, version 22 (IBM Corp.).

RESULTS

Description of the Cohorts

Derivation Cohort

Patients in the derivation cohort were
between 39 and 75 years of age and their
diabetes duration ranged from 1 to 20
years. They were followed for 1 to 20
years, equivalent to 41,271 to 825,420
person-years. Baseline characteristics
of the derivation cohort from the meta-
analysis were shown in Supplementary
Table 1. According to Newcastle-Ottawa
scales, all 20 studies included in the sys-
tematic review and meta-analysis were
of high quality with scores over 8 (shown
in Supplementary Table 2).Weperformed
a crude analysis of the baseline data for
the participants in the included cohort
studies. In the cohort of white patients,
meanBMI ranged from27.0 to33.0 kg/m2,
mean hemoglobin A1c (HbA1c) ranged
from 8.0% to 10.0% (64 to 86 mmol/
mol), mean triglycerides (TG) ranged

Figure1—A: Flowdiagramoutlining the literature searchand study selection for risk factorsofDKD
development in patients with type 2 diabetes. B: Process for the selection of patients in the
validation cohort.
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from 1.46 to 2.30 mmol/L, mean HDL
cholesterol (HDL-C) ranged from 1.03 to
1.38mmol/L, andmean SBP ranged from
127 to 153 mmHg. Across the studies,
38.9–86.8% of white patients received
antidiabetes treatment, 10.6–17.98% re-
ceived insulin treatment, 37.5–59.2% re-
ceived antihypertensive treatment, and
10.3–81.7% received ACE inhibitors or
angiotensin receptor blockers. In the co-
hort of Asian patients, mean BMI ranged
from 23.4 to 26.2 kg/m2, mean HbA1c
ranged from 8.6% to 10.0% (70 to
86 mmol/mol), mean TG ranged from
1.5 to 2.3 mmol/L, mean HDL-C ranged
from 1.01 to 1.48 mmol/L, and mean SBP
ranged from 125 to 144 mmHg. Across
the studies, 36.2–90.0% of Asian patients
received antidiabetes treatment, 13.5–
31.4% received insulin treatment, 10.0–
90.6% received antihypertensive treatment,
and 7.4–80.0% received ACE inhibitors
or angiotensin receptor blockers. Except
for BMI, which was significantly lower in
Asian patients than white patients, there
were no significant differences between
Asian and white patients.
During the patient follow-up, 11,991

incident DKD cases were observed. The
estimated incidence of DKD was approx-
imately 29.1%. Therewere 19 risk factors
available from the studies of these co-
horts, including age, sex, diabetes dura-
tion, smoking, BMI, diabetic retinopathy
(DR), HbA1c, fasting plasma glucose, hy-
pertension, SBP, pulse pressure, total
cholesterol, HDL-C, TG, LDL cholesterol,
uric acid, UACR, serum creatinine, and
eGFR.Detailed informationon these stud-
ies and respective cohorts are shown in
the Supplementary Data.

Validation Cohort

Of 380 patients with type 2 diabetes
included in the validation cohort, 44.7%
were female. The mean age 6 SD at
baseline was 55 6 9 years, and the me-
dian follow-up was 2.9 years (interquar-
tile range [IQR] 2.0–3.9). The proportion
of smokers was 41.3%, and 24.7% of the
patientshadDR.Thebaselinedata for the
validation cohort indicated poor control
of weight (mean6 SD BMI 26.576 3.36
kg/m2),HbA1c (median8.5%[69mmol/mol];
IQR 7.3–9.8% [56–84 mmol/mol]), and se-
rum lipid levels (median TG 1.74 mmol/L
[IQR1.18–2.70];medianHDL-C1.20mmol/L
[IQR 1.10–1.40]). The median SBP was 130
mmHg (IQR 120–140). All patients showed
normoalbuminuria and maintained renal

function at baseline with median UACR of
14.7 mg/g (IQR 11.9–18.5) and mean6 SD
eGFRof 99.46 17.9mL/min/1.73m2.Most
patients (375 [98.7%]) received oral antihy-
perglycemic treatment and 105 (27.6%)
received antihypertensive treatment. Base-
line characteristics of patients in the val-
idation cohort are shown in Supplementary
Table4. By the end of the observation, 98
(25.8%) patients developed DKD.

Model Derivation
Of the 19 risk factors identified in the
systematic review and meta-analysis, 10
risk factors were associated with the on-
set ofDKD. These factors, followedby the
respective pooled RR, were age (1.09),
BMI (1.07), DR (1.72), smoking (1.49),
HbA1c (1.17), SBP (1.03), HDL-C (0.75), TG
(1.15), UACR (1.25), and eGFR (2.20). A
forest plot of these factors is shown in
Fig. 2A (detailed information and forest
plots of these risk factors were shown
in Supplementary Table 3 and Supple-
mentary Figs. 1–10). We selected the re-
sults fromsubgrouporsensitivityanalyses
which were most reasonable consider-
ing the feasibility of clinical practice.
Therewere different definitions and large
heterogeneities (I25 100%) among stud-
ies involving eGFR, so eGFR was not in-
cluded in our risk prediction model. Risk
factors included in the final risk prediction
model were age incremented by 5–10
years (RR 1.38, 95% CI 1.20–1.59; P ,
0.001), BMI incremented by 5 kg/m2 (RR
1.16, 95% CI 1.09–1.23; P , 0.001), DR
(RR 1.31, 95% CI 1.00–1.73; P 5 0.05),
smoking (RR 1.49, 95% CI 1.30–1.71; P,
0.001), HbA1c incremented by 1% (11
mmol/mol) (RR 1.17, 95% CI 1.09–1.26;
P , 0.001), SBP incremented by 10–
20 mmHg (RR 1.21, 95% CI 1.15–1.27;
P , 0.001), HDL-C incremented by 1
mmol/L (RR 0.78, 95% CI 0.61–0.99; P,
0.001), TG incrementedby 1mmol/L (RR
1.42, 95% CI 1.16–1.74; P, 0.001), and
UACR incremented by 1 mg/g (RR 1.13,
95% CI 1.10–1.17; P, 0.001). The forest
plot of the subgroup and sensitivity anal-
yses are shown in Fig. 2B. Risk factors with
the number of involved studies, sample
size, pooled RRs (95% CIs), b-coefficients,
and risk scores of risk factors included in
theDKDriskpredictionmodelareshownin
Supplementary Table 5.

Conclusively, a simple DKD risk pre-
diction model was developed as follows:
age (years; 39–49 scores 0, 50–59 scores
3.0, and 60–75 scores 6.0), BMI (kg/m2;

,25.00 scores 0, 25.00–29.99 scores 1.5,
and $30.00 scores 3.0), smoker (non-
smoker scores 0 and smoker scores
4.0), DR (0 if no and 3.0 if yes), HbA1c
(,7.0% [,53 mmol/mol] scores 0, 7.0–
7.9% [53–63 mmol/mol] scores 1.5, 8.0–
8.9% [64–74 mmol/mol] scores 3.0, and
$9.0% [$75 mmol/mol] scores 4.5), SBP
(mmHg; ,130 scores 0, 130–139 scores
2.0, 140–149 scores 4.0, and$150 scores
6.0), HDL-C (mmol/L; $1.3 scores 0 and
,1.3 scores 2.5), TG (mmol/L; ,1.7
scores 0 and $1.7 scores 4.0), and UACR
(mg/g; ,10.00 scores 0, 10.00–19.99
scores 2.0, and 20.00–29.99 scores 4.0)
(shown in Table 1).

This predictionmodel is recommended
to be applied to patients with type 2
diabetes aged 39–75 years old andmainly
forwhite and Asians. It is vital to note that
because of the ethnic differences, BMI
was classified according to two different
sets of criteria: 1) World Health Organi-
zation criteria for white patients (12) were
normal (18.50–24.99 kg/m2), overweight
(25.00–29.99kg/m2), and obese ($30.00
kg/m2); and 2) Chinese criteria for Chinese
patients (13) were normal (18.50–23.99
kg/m2), overweight (24.00–27.99 kg/m2),
and obese ($28.00 kg/m2) according to
the criteria established in 2003 by the
Working Group on Obesity in China.

Model Validation
As the validation cohort was from Chi-
nese patients, we applied the Chinese
criteria of BMI in our DKD risk prediction
model. The receiver operating character-
istic curve of the DKD risk prediction
model is shown in Fig. 3A. The AUC was
0.765 (95% CI 0.710–0.821) in the val-
idation cohort. Given that the aim of the
model development was an early de-
tection of patientswith diabetes at high-
risk for DKD, 16.0 was selected as the
optimal cutoff risk score with a higher
sensitivity of 0.847 and a specificity of
0.677. Sensitivity and specificity at dif-
ferent cutoff risk score are shown in
Supplementary Table 6. Based on the
obtained frequencies of DKD using dif-
ferent risk scores, the 380 patients with
diabetes were further categorized into
four risk-level groups: relatively low (n5
89), moderate (n5 113), high (n5 165),
and very high (n 5 13) risk, correspond-
ing to risk scores of ,12.0, 12.0–15.5,
16.0–26.5, and 27.0–37.0, respectively.
The numbers of patients who devel-
oped DKD at the end of the follow-up
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were 6 (6.7%), 16 (14.2%), 66 (40.0%),
and 10 (76.9%) in these four groups,
respectively (Fig. 3B). Figure 3C shows
the Kaplan-Meier curves for DKD grouped
by risk scores. Compared with the low-
risk group, high- and very high-risk groups
had significantly higher hazard ratios.
Compared with the low-risk group, the

RRs of developing DKD in high- and very
high-risk groups were 9.22 (3.81–22.35)
and 46.11 (9.95–213.66), respectively
(P , 0.001).

DISCUSSION

Diabetic kidney disease (DKD) is a com-
plex and multifactorial disease, involving

both genetic and environmental fac-
tors (14). Current knowledge of DKD risk
factors is derived mainly from cohort
studies with sample sizes ranging from a
few hundred to a few thousand subjects
(15–22) (23–34). Considering the results
of these studies were not completely
consistent, systematic review andmeta-
analysis was chosen as a method to inte-
grate these studies. High-quality systematic
review and meta-analysis is a proven
method that sits at the top of the evi-
dence pyramid, which could improve
statistical efficiency (35).

Using 20 high-quality cohort studies of
41,271 individuals, the following inde-
pendent risk factors for DKD develop-
ment were identified: age, BMI, smoking
status, DR, HbA1c, SBP, HDL-C, TG, UACR,
and eGFR. These factors are essentially
consistent with the risk factors tradi-
tionally associated with DKD, further
verifying that age and harmful lifestyle,
together with poor glycemia, blood pres-
sure, and plasma lipid control, initiate
DKD. Except for age, most of these risk
factors are modifiable, which is particu-
larly important for DKD prevention. Com-
prehensive, targeted,andtimelytreatment
including medication and lifestyle inter-
ventions would delay or even prevent
the development of DKD and relieve
personal and national financial burden.

Age, smoking, and TG were the most
powerful baseline risk factors for detect-
ing DKD in our systematic review and
meta-analysis. With age incremented
by 5–10 years, the risk for DKD was in-
creasedby 38% in our study. Smoking has
been confirmed as an independent risk
factor forDKDonset andprogression (36).
In our study, the risk for DKD increased
by 49% in patients with diabetes who
smoked. Dyslipidemia plays a crucial role
in the development and progression of
DKD,especially highTGand/or lowHDL-C
levels (37–39). In our study, as TG in-
creased by 1 mmol/L, the risk for DKD
increased by 42%. With HDL-C increased
by 1 mmol/L, the risk for DKD was re-
duced by 22%. Hyperglycemia and hy-
pertension are the main risk factors for
DKD development (40). Many random-
ized controlled trials have shown that
intensive blood glucose control (HbA1c
6.5–7.0% [48–53mmol/mol]) can reduce
the risk of DKD (41–44). The earlier the
initiation of antihyperglycemic therapy,
thegreater theprognosis benefits (45). In
our study, with HbA1c increased by 1%

Figure 2—Pooled RRs and their corresponding 95% CIs for risk factors of DKD development that
were statistically significant in the systematic review andmeta-analysis.A: Overall pooled RRs and
their 95%CIs of the risk factors for DKD.B: Subgroup or sensitivity study of the risk factors for DKD.
Estimates were derived from themost fully adjustedmodel in each included analysis. Red squares
and horizontal bars represent the overall estimates and 95% CIs.
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(11 mmol/mol), the risk for DKD in-
creasedby 17%.However, therewas no
statistical difference in risk for DKD with
increased FPG (RRwith its corresponding
95% CI was 1.05 [0.96, 1.14], P 5 0.30).
With SBP increased by 10–20 mmHg, the
risk of DKD increased by 21% in our study.
BMI is the most common measure to
assess obesity. We found that the risk
of DKD increased by 16% when BMI
increased by 5 kg/m2. Considering the
ethnic and dietary differences, BMI was
classified according to different criteria in
white and Asian patients. We selected
Chinese criteria in our validation cohort.
DR and DKD are both microvascular com-
plications of diabetes, which are often
concurrent. Our meta-analysis showed
that patients with DR had their risk of
DKD increased by 31%. Considering the
significant heterogeneity among the
relevant studies involving DR, more
prospective cohorts are needed to fur-
ther verify our result. Babazono et al. (46)
reported that an increase in baseline
UACR within the normal range pre-
dicted a faster decline in eGFR. The

Kidney Disease Outcomes Quality Ini-
tiative (KDOQI) recommended a stratifi-
cation of normal albuminuria according
to UACR ,10 mg/g (optimal) and 10 #
UACR, 30mg/g (normal high limit) (47). In
our study, with UACR increased by 1mg/g,
the risk for DKD increased by 13%. Con-
sidering theweight of UACR is too high, we
converted it into categorical variable de-
fined as,10.00 mg/g, 10.00–19.99 mg/g,
and 20.00–29.99mg/g. In ourmeta-analysis,
decreased eGFR will increase the risk
for DKD development by 120%. There
were several reasons for excluding eGFR
out of our prediction model. First, there
was significant heterogeneity among the
four studies involving eGFR (I25 100%), and
the heterogeneity cannot be reduced or
eliminated by statistical methods such as
subgroup analysis or sensitivity analysis.
We carefully searched for the sources of
this huge heterogeneity and found it was
mainly from the different definitions of
eGFR as a risk factor; it was defined as
each 5mL/min/1.73m2 drop in the study
by Low et al. (18), as a continuous vari-
able in the study by Takagi et al. (19),

as a categorical variable of 60# eGFR,
90mL/min/1.73m2 and eGFR$ 120mL/
min/1.73m2 in the study byHu et al. (20),
and as each 10 mL/min/1.73 m2 drop
in the context of eGFR ,90 mL/min/
1.73 m2 in the study by De Cosmo et al.
(21). Second, we did establish a DKD risk
prediction model including eGFR. We
defined 90 # eGFR , 120 mL/min/
1.73 m2 as the normal filtration group
with a 0 score, eGFR $120 mL/min/
1.73m2 as the high filtration groupwith
a score of 4, and 60 #eGFR ,90 mL/
min/1.73m2as the lowfiltrationgroupwith
a score of 4. A score of 15.5 was selected
as the cutoff value with a sensitivity of
0.755 and specificity of 0.603. Com-
pared with our established model with-
out eGFR (16 was selected as the cutoff
value with a sensitivity of 0.847 and spec-
ificity of 0.677), eGFRdidnot improve the
predictive performance. We think this
may be related to the characteristic of
eGFR: the rate of eGFR decline may
have a stronger predictive value for DKD
compared with a static value at a cer-
tain point in time in patients with type 1
diabetes (48). However, we still need
stronger evidence to prove it in a larger
population. This provides adirection for our
future research. Last but not least, our DKD
risk prediction model will only be applied
in those with eGFR .60 mL/min/1.73 m2

and/or UACR ,30 mg/g.
Any marker of microalbuminuria, pro-

teomics, or genomics alone is not enough
to accurately predict DKD. Instead, in-
tegrating the traditional risk factorsmen-
tionedabove toassess the risk ofDKDwill
be more reliable and feasible in moving
forward with prevention and risk manage-
ment. Several investigators have developed
prediction models for diabetes-related
kidney disease (48–54). Most of those
prediction models, however, were devel-
oped based on small cross-sectional stud-
ies or post hoc analyses of randomized
controlled trials. Thus, we established
a DKD risk prediction model based on a
systematic review and meta-analysis of
20 high-quality cohort studies including
41,271 patients with type 2 diabetes,
which greatly improved statistical perfor-
mance. A simple predictionmodel includ-
ing common clinical data of age, BMI,
smoking, DR, HbA1c, SBP, HDL-C, TG, and
UACR was developed. A prior model de-
veloped by Ravizza et al. (55) consisted
of data that are unconventional in clini-
cal practice and used complex machine

Table 1—DKD risk prediction model*

Risk factor of DKD Category Point

Age** (years) 39–49 0

50–59 3

60–75 6

BMI***(kg/m2) ,25.00 0

25.00–29.99 1.5

$30.00 3

Smoker**** Nonsmoker 0

Smoker 4

DR No 0

Yes 3

HbA1c (% [mmol/mol]) ,7.0 [,53] 0

7.0–7.9 [53–63] 1.5

8.0–8.9 [64–74] 3

$9.0 [$75] 4.5

SBP (mmHg) ,130 0

130–139 2

140–149 4

$150 6

HDL-C (mmol/L) $1.30 0

,1.30 2.5

TG (mmol/L) ,1.70 0

$1.70 4

UACR (mg/g) ,10.00 0

10.00–19.99 2

20.00–29.99 4

*DKD risk prediction model applied to patients with type 2 diabetes without DKD. **Patients in
derivationandvalidationcohortsaged39–75yearsold.***BMIwascategorizedas,25.00,25.00–
29.99, and$30.00 kg/m2 inwhite patients but,24.00, 24.00–27.99, and$28.00 kg/m2 in Asians.
****Smoker was defined as having smoked more than 100 cigarettes in their lifetime.
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learning–based embedded feature selection
methods. Our DKD risk predictionmodel,
on the other hand, requires no complex
calculations and is more convenient and
intuitive for both patients and clinicians.
Furthermore, most of the established
models evaluate a relatively later stageof
DKD, such as doubling of creatinine or end
stage renaldisease. For earlydetectionand
intervention,ourpredictionmodelpredicts
the early stage of DKDusing a combination
of UACR$30mg/g and/or eGFR,60mL/
min/1.73 m2. This early detection will be
helpful for DKD prevention.
Moreover, we validated our DKD risk

predictionmodel in an external cohort of
380 patients with type 2 diabetes. The
maximum score of our model is 37.0.
Considering that early detection and

prevention will bring huge benefits to
patients, and there will be no harm even
if they aremisclassified as high-risk groups,
we conservatively selected 16.0 as the
cutoffvalue,withthesensitivityandspec-
ificity of 84.7% and 67.7%, respectively.
The prediction model had good discrim-
inative power with an AUC of 0.765. By
calculating risk score, it was easy to dis-
tinguish high-risk patients from other
populations. We further categorized pa-
tients into relatively low, moderate, high
and very high risk groups according to
their risk scores. Compared with partic-
ipants in the low-risk group, those in high-
and very high-risk groups had 9.22- and
46.11-fold increases in the odds of de-
velopingDKD,respectively.Ourprediction
model can dynamically assess the risk of

future DKD in patients with type 2 di-
abetes,allowingthemtoconstantlyadjust
treatment options. Through early de-
tection and reasonable intervention, in-
dividuals at high risk of DKD could be
converted to lower risk,which is themain
purpose of our model development.

Nevertheless, there are several limi-
tations to this study. First, themethod of
systematic review andmeta-analysis was
inevitably heterogeneous due to differ-
ences in research design and method as
well as different race and sex composi-
tions of the cohorts in included studies.
But the heterogeneity could be reduced
by further investigating the source and
performing subgroup analysis and sen-
sitivity analysis. Second, our derivation
cohort consisted of about 80% white

Figure 3—The performance of the DKD risk prediction model in the validation cohort. A: Receiver operating characteristic curve for the DKD risk
prediction model. The AUC and its 95% CI were 0.765 (0.710–0.821). B: Prevalence of DKD in four risk groups stratified by risk score in the validation
cohort. C: Kaplan-Meier curve of DKD end point for each risk group.Moderate-risk group: RR 2.28 (95%CI 0.854–6.098), P5 0.10; high-risk group: 9.22
(95% CI 3.81–22.35), P , 0.001; very high-risk group: 46.11 (95% CI 9.95–213.66), P , 0.001.
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patients and 20% Asian patients, leaving
out some of the ethnicities with higher
risk for DKD incidence (for instance, black
and Hispanic patients). This may affect
the universality of the application of our
DKD risk prediction model. We hope
there will be more cohorts consisting of
black andHispanic patients to be included
in our meta-analysis in the future. Be-
yond that, 80% of the derivation cohort
were white patients, but we only vali-
dated the predictionmodel with amono-
centric retrospective cohort fromChinese
individuals. Therefore, we need to verify
the model in a prospective multicentric
cohort consisting of white patients in the
future. Third, a median follow-up period
of 2.9 years may be insufficient for our
validation cohort, but considering that
most of the patients were not newly di-
agnosed with diabetes at baseline but
had a median diabetes duration of 7
years, it took about 10 years for these
patients to develop DKD. This may partly
compensate for our inadequate follow-
up time. Finally, baseline risk may vary
across study populations, so a model’s
implementation may need to be tailored
to each population (often referred to as
recalibration) to improve performance
in a new populations (56).

Conclusion
Based on a systematic review and meta-
analysis, we developed a simple risk
prediction model for early DKD that
integrates lifestyle and clinical risk factors,
including age, BMI, smoking, DR, HbA1c,
SBP, HDL-C, TG, and UACR. We validated
the model in an external cohort, showing
that the model is important for early
detection, diagnosis, and intervention of
DKD.
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