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Purpose: Patients with hypertension and glucose metabolism disorder (GMD) are at high risk of developing kidney dysfunction
(KD). Therefore, we aimed to develop a nomogram for predicting individuals’ 5-year risk of KD in hypertensives with GMD.
Patients and Methods: In total, 1961 hypertensives with GMD were consecutively included. Baseline data were extracted from
medical electronic system, and follow-up data were obtained using annual health check-ups or hospital readmission. KD was defined
as estimated glomerular filtration rate (eGFR) <60 mL/min/1.73m2. Subjects were randomly divided into training and validation sets
with a ratio of 7 to 3. Least absolute shrinkage and selection operator method was used to identify potential predictors. Cox
proportional hazard model was applied to build a nomogram for predicting KD risk. The discriminative ability, calibration and
usefulness of the model were evaluated. The prediction model was verified by internal validation.
Results: During the follow-up of 5351 person-years with a median follow-up of 32 (range: 3–91) months, 130 patients developed KD.
Age, sex, ethnicity, hemoglobin A1c, uric acid, and baseline eGFR were identified as significant predictors for incident KD and used
for establishing nomogram. The prediction model displayed good discrimination with C-index of 0.770 (95% CI: 0.712–0.828) and
0.763 (95% CI: 0.704–0.823) in training and validation sets, respectively. Calibration curve indicated good agreement between the
predicted and actual probabilities. The decision curve analysis demonstrated that the model was clinically useful.
Conclusion: The prediction nomogram, including six common easy-to-obtain factors, shows good performance for predicting 5-year
risk of KD in hypertensives with GMD. This quantitative tool could help clinicians, and even primary care providers, recognize
potential KD patients early and make strategy for prevention and management.
Keywords: kidney dysfunction, nomogram, hypertension, diabetes, prediction

Introduction
Chronic kidney disease (CKD) has been shown to be closely related to cardiovascular events, end-stage renal disease and
premature death.1 In 2013, there were 956,200 deaths directly attributed to CKD worldwide.2 Due to the asymptomatic
nature in early-stage, most of the patients are already processed to an irreversible stage at the time of detection for CKD,
usually with complications, and some of them even need renal replacement therapy.3 It has been reported that the global
prevalence of CKD is 13.4%,4 with approximately 700 million people who have reduced glomerular function in 2017.5

Moreover, incidence of CKD has been increasing, largely due to an ongoing epidemic of metabolic disorders such as
hypertension and glucose metabolism disorder (GMD), both of which have been shown to be leading causes of CKD in
developed countries,6 and are becoming leading causes in developing countries where hypertension and diabetes have
risen rapidly in the past 20–30 years.7 Reportedly, one-third patients with diabetes and one-fifth patients with hyperten-
sion may have CKD in America.8 More than 40% diabetic patients in Japan are affected by kidney damage.9 Also,
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approximately 40% of CKD is associated with hypertension and diabetes among hospitalized patients in China.10 In
addition, as an important component of GMD, prevalence of prediabetes is as high as 38.1% among Chinese adults,11 and
is also associated with adverse outcomes.12,13

Kidney dysfunction (KD) is an important component of CKD. Given that hypertension and GMD are risk factors for
each other and often co-exist,14 we recently conducted a population-based study in China and observed that the
prevalence of KD in patients with both hypertension and diabetes is higher than in those with either one alone,15

indicating a high risk for KD in this population. However, controlling blood pressure and glucose does not seem to have
achieved the goal of preventing KD, possibly in part by failing to accurately predict high-risk individuals. In addition,
some patients have irreversible kidney damage by the time KD is detected, also due to a failure to recognize it early.
Recently, several biomarkers, such as homocysteine and osteoprotegerin, are shown to be involved in organ damage in
patients with hypertension or CKD.16–18 However, the benefits of intervention in such markers for renal function have yet
to be evaluated. Given the adverse outcomes of KD, identifying and predicting the risk is important for preventing or
delaying the occurrence and development of KD. Moreover, since KD and cardiovascular diseases share common risk
factors, the prediction of KD may also have benefits in preventing multiple morbidities.19

Several predictive tools for kidney diseases have been established.20–23 However, no studies have focused on specific
population group with both hypertension and GMD. Intervention in the early stages can effectively prevent the onset and
progression of kidney disease.24 Therefore, we aimed to develop and validate a predictive nomogram based on common
variables to predict individuals’ risk of incident KD in this specific patient population.

Methods
Study Population
Participants in the current study were patients admitted to Hypertension Center of People’s Hospital of Xinjiang Uygur
Autonomous Region from January 2012 to May 2019. Patients who aged 18 years or older, with hypertension and GMD,
were screened through an electronic medical record system. Exclusion criteria were diagnosis of secondary hypertension
(including primary aldosterone, adrenal tumor, Cushing syndrome, pheochromocytoma, and polycystic ovary syndrome),
history of cardiovascular events within the last 3 months (including myocardial infarction, heart failure, stroke, unstable
angina, coronary revascularization and coronary bypass operation), or malignant tumor. At this stage, 2946 patients were
eligible. Among them, those with CKD at baseline (n = 410), with any missing data (n = 105), and who did not have
follow-up data (n = 470) were excluded. Therefore, 1961 individuals were finally included in the statistical analysis. The
study was conducted in accordance with the Declaration of Helsinki and approved by the Ethics Committee at People’s
Hospital of Xinjiang Uygur Autonomous Region. All participants or their legal representatives signed written consent
forms.

Data Collection
Baseline data were extracted from medical electronic system, including age, sex, body mass index (BMI), blood pressure
(BP), ethnicity (Han, Uyghur or others), marital status (married or single/separated), duration of hypertension, types of
GMD (pre-diabetes or diagnosed diabetes), cigarette consumption (yes or no), alcohol intake (yes or no), fasting plasma
glucose (FPG), hemoglobin A1c (HbA1c), total cholesterol (TC), triglyceride (TG), high-density lipoprotein cholesterol
(HDL-C), low-density lipoprotein cholesterol (LDL-C), blood urea nitrogen (BUN), uric acid (UA), serum creatinine
(Scr), serum potassium, anti-hypertensive drugs, history of cardiovascular diseases.

Definition of Diseases
Hypertension is defined as systolic BP (SBP) ≥140 mmHg and/or diastolic BP (DBP) ≥90 mmHg, or under anti-
hypertensive therapy. GMD includes impaired fasting glucose (IFG), impaired glucose tolerance (IGT), and diagnosed
diabetes mellitus (DM). IFG is defined if a FPG ranges from 6.1 to <7.0 mmol/L whereas 2-hour glucose is <7.8 mmol/L;
IGT is defined if 2-hour glucose ranged from 7.8 to <11.1 mmol/L; DM is defined if there is a previously confirmed
diagnosis, or FPG was ≥7.0 mmol/L, or 2-hour glucose was ≥11.1 mmol/L.25 Prediabetes include IFG and IGT.
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Estimated glomerular filtration rate (eGFR) is calculated by the Chronic Kidney Disease Epidemiology Collaboration
(CKD-EPI) equation.26 KD is defined as eGFR <60mL/min/1.73m2.

Follow-Up and Outcome
The outcome of the current study was a new-onset KD during follow up. Follow-up data were obtained using annual
health check-ups or hospital readmission. Examination time of 3 months or longer after baseline was considered to be
valid data. If a participant experienced the outcome more than once during follow-up, only the first outcome was used for
analysis. For those without KD events during follow-up, the data of the last follow-up was included in the analysis.

Statistical Analyses
The study is consistent with the transparent report of the multivariable predictive model of individual prognosis or
diagnosis (TRIPOD): the TRIPOD statement.27 Continuous variables were presented as mean ± standard deviation or
median (interquartile range) and compared between groups using student t test or non-parametric Mann–Whitney U-test.
Categorical variables were summarized as number and percentage and compared between groups using Chi-square test.
The processes for development and validation of the predictive model were as follows. First, 1961 participants were
randomly divided with a ratio of 7 to 3 into a training set (n = 1372) and a validation set (n = 589), for development and
validation of the model, respectively. Second, the training set was analyzed using the least absolute shrinkage and
selection operator (LASSO) regression to identify independent predictive features with nonzero coefficients.28,29 LASSO
regression is a method to simplify high-dimensional data and is often used to select features for developing prediction
model. Third, variables selected by LASSO regression were included in the univariable and multivariable Cox regression
analysis in the training set, and the results were presented as hazard ratio (HR) and 95% confidence interval (95% CI).
Fourth, the performance of the prediction model was evaluated on the training and validation sets. C-index and area
under the receiver operating characteristic curve (AUC) were used for evaluating the discrimination of the nomogram.
Calibration, which refers to the consistency between the predicted risk and the actual risk, was visualized by calibration
curve plot and tested by Hosmer–Lemeshow test. Decision curve analysis was conducted to determine the clinical
usefulness of the nomogram, which quantified the net benefits at different threshold probabilities in the study. Bootstraps
for 1000 resamples were applied on the C-index, AUC, calibration curve, and decision curve analysis to reduce the
overfitting deviation. Finally, the cumulative incidence of KD between high- and low-risk groups according to the cut-off
value of 50% of predictive risk was estimated using the Kaplan–Meier method and compared using Log rank test.
Statistical analyses were performed using R software version 4.0.3 (https://www.R-project.org) and SPSS version 25.0
for Windows (SPSS Inc., Chicago, Illinois, USA).

Results
Characteristics of the Study Subjects
A total of 1961 patients with hypertension and GMD were finally included. The mean age and BMI were 55.4 ± 11.0
years and 28.1 ± 3.9 kg/m2, respectively. 844 (43.0%) were women, 1133 (57.8%) had diagnosed DM, and 634 (32.3%)
had history of cardiovascular disease at baseline. During the total follow-up of 5351 person-years with a median follow-
up of 32 (range: 3–91) months, 130 (6.6%) participants developed KD with an incidence of 24.3/1000 person-years. The
baseline characteristics of the subjects are shown in Table 1. There were no significant differences observed between the
training and validation sets.

Characteristics Selection and Cox Regression Analysis
Six potential variables out of 23 factors were identified by LASSO analysis (Figure S1), including age, sex, ethnicity,
HbA1c, UA and baseline eGFR, which were considered to be independent predictors of KD in this specific patient
population. Results of univariate and multivariate Cox regression analysis are given in Table 2.
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Development of a Predictive Nomogram
Nomogram, a quantitative and convenient tool, was built based on the multivariable Cox model. As shown in Figure 1,
baseline eGFR corresponded to the strongest association with incident KD; HbA1c and UA also showed strong relation
with KD risk. To estimate an individual’s 5-year risk of incident KD, each predictor’s point is determined according to
the top points scale. Then, the points of the 6 variables were summed. Finally, the sum was located on the total points
scale and projected vertically on the lowest axis. For example, in patients with hypertension and GMD, assuming a Han-
ethnic women (18 points) aged 50 years old (23 points) with HbA1c of 8% (42 points), UA of 400 μmol/L (34 points),
eGFR of 100 mL/min/1.73m2 (55 points), the 5-year probability of developing KD is estimated to be 85%.

Performance of the Nomogram
The C-index was 0.770 (95% CI: 0.712–0.828) and 0.763 (95% CI: 0.704–0.823) in the training and validation sets,
respectively. Similarly, the AUC of the predicted nomogram was 0.788 and 0.775 (Figure 2a and b), indicating that the
model contained good ability of discrimination and prediction. Calibration curves suggested a good agreement between
the actual probability and the predicted probability (Figure 3a for the training set and b for the validation set), and the
results were verified by Hosmer–Lemeshow test (P = 0.615 in the training set, P = 0.587 in the validation set). The

Table 1 Characteristics of the Subjects in Training and Validation Sets

Characteristic Total (n = 1961) Training Set (n = 1372) Validation Set (n = 589) P value

Age (years) 55.4 ± 11.0 55.2 ± 10.9 55.7 ± 11.2 0.362
Female, n (%) 844 (43.0) 593 (43.2) 251 (42.6) 0.803

Ethnicity, n (%)

Han 1158 (59.1) 818 (59.6) 340 (57.7) 0.569
Uyghur 521 (26.6) 355 (25.9) 166 (28.2)

Others 282 (14.1) 199 (14.5) 83 (4.2)

Smoking, n (%) 575 (29.3) 401 (29.2) 174 (29.5) 0.889
Drinking, n (%) 527 (26.9) 380 (27.7) 147 (25.0) 0.210

Body mass index (kg/m2) 28.1 ± 3.9 28.1 ± 3.9 28.2 ± 4.0 0.488
Systolic blood pressure (mmHg) 148.5 ± 21.2 147.9 ± 20.7 149.9 ± 22.3 0.061

Diastolic blood pressure (mmHg) 88.0 ± 14.8 87.7 ± 14.7 88.6 ± 14.9 0.244

Duration of HTN (years) 7.0 (2.0, 12.0) 7.0 (2.0, 12.0) 7.0 (2.0, 12.0) 0.602
Anti-hypertension drugs, n (%)

1 646 (32.9) 446 (32.5) 200 (34.0) 0.169

2 776 (39.6) 561 (40.9) 215 (36.5)
≥ 3 539 (27.5) 365 (26.6) 174 (29.5)

Type of GMD, n (%)

Prediabetes 828 (42.2) 572 (41.7) 256 (43.5) 0.466
Diagnosed diabetes 1133 (57.8) 800 (58.3) 333 (56.5)

History of CVD, n (%) 634 (32.3) 444 (32.4) 190 (32.3) 0.964

Fasting plasma glucose (mmol/L) 6.2 ± 2.3 6.2 ± 2.3 6.2 ± 2.2 0.511
HbA1c (%) 6.9 ± 1.3 6.9 ± 1.3 6.9 ±1.3 0.927

Total cholesterol (mmol/L) 4.42 ± 1.05 4.42 ± 1.04 4.42 ± 1.10 0.930

Total triglyceride (mmol/L) 2.15 ± 1.93 2.13 ± 1.87 2.19 ± 2.07 0.575
HDL-C (mmol/L) 0.97 ± 0.23 0.97 ± 0.24 0.97 ± 0.21 0.502

LDL-C (mmol/L) 2.61 ± 0.85 2.62 ± 0.85 2.59 ± 0.86 0.474

Baseline eGFR (mL/min/1.73m2) 99.3 ± 13.7 99.5 ± 13.7 98.8 ± 13.6 0.335
Blood urea nitrogen (mmol/L) 5.07 ± 1.35 5.03 ± 1.32 5.14 ± 1.41 0.140

Uric acid (μmol/L) 331.5 ± 84.5 330.3 ± 84.8 334.2 ± 83.8 0.341

Serum potassium (mmol/L) 3.67 ± 0.28 3.67 ± 0.28 3.68 ± 0.29 0.400
Incident KD, n (%) 130 (6.6) 85 (6.2) 45 (7.6) 0.238

Notes: Data are presented as means ± standard deviation, median (interquartile) or number (percentage).
Abbreviations: HTN, hypertension; GMD, glucose metabolic disorders; CVD, cardiovascular disease; FPG, fasting plasma glucose; HDL-C, high density lipoprotein
cholesterol; LDL-C, low density lipoprotein cholesterol; eGFR, estimated glomerular filtration rate; KD, kidney dysfunction.
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decision curve analysis showed that using this nomogram to predict the KD risk yields more net benefit than the
intervention-for-all-patients scheme (Figure 4). Based on the constructed model, patients were divided into high- or low-
risk groups according to the cut-off value of 50% of predicted risk. Kaplan–Meier curve analysis showed that there was a
significant difference in the cumulative incidence of KD between high- and low-risk groups (Figure 5).

Discussion
The present cohort, including hypertensives with GMD who had preserved renal function at baseline, show that the
incidence of KD is approximately 2.5% per year. In this specific population at high-risk for KD, age, sex, ethnicity,

Table 2 Cox Regression Analysis for Selecting Factors Associated with KD

Variables Univariable Multivariable

HR (95% CI) P value HR (95% CI) P value

Age 1.053 (1.031, 1.074) < 0.001 1.026 (1.003, 1.050) 0.027

Female 1.839 (1.195, 2.830) 0.006 1.826 (1.132, 2.946) 0.014
Ethnicity

Han Reference Reference

Uyghur 1.090 (0.644, 1.843) 0.748 1.134 (0.662, 1.943) 0.646
Others 1.876 (1.098, 3.206) 0.021 1.979 (1.150, 3.406) 0.014

HbA1c 1.241 (1.105, 1.395) < 0.001 1.324 (1.168, 1.501) < 0.001

Uric acid 1.001 (0.998, 1.003) 0.471 1.003 (1.000, 1.006) 0.035
eGFR 0.959 (0.945, 0.973) < 0.001 0.963 (0.946, 0.981) < 0.001

Notes: The above variables were selected based on LASSO analysis.
Abbreviations: eGFR, estimated glomerular filtration rate; KD, kidney dysfunction; HbA1c, glycated hemoglobin; HR, hazard ratio.

Figure 1 Nomogram for predicting the 5-year risk of KD in patient with hypertension and glucose metabolic disorders. To use the nomogram, find the position of each
variable on the corresponding axis. A vertical line was drawn from that value to the top points scale to determine the number of points that were assigned by that variable
value. Then, the points from each variable value were added. Finally, draw a line from the total points axis to estimate the 5-year risk of KD at the lowest line of the
nomogram.
Abbreviations: KD, kidney dysfunction; SBP, systolic blood pressure; DM, diabetes mellitus; UA, uric acid; eGFR, estimated glomerular filtration rate.
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baseline HbA1c, UA and eGFR are significantly and independently associated with the development of KD. The
prediction model based on the above six factors shows good discrimination, excellent calibration, and satisfactory
validity and clinical utility, indicating good performance for predicting 5-years risk of incident KD.

Hypertension and GMD are risk factors for KD. Prevalence of KD in patients with both hypertension and DM is
higher than that in patients with each one alone.15,30 The present study with longitudinal observation shows that the
annual incidence of KD is ≈2.5% in this patient population, which is higher than in the general population.31 The results
are consistent with a recent systematic review of 71 studies, which reports that the annual incidence of CKD is 1.9% to
4.3% among DM patients.32 Hypertension and GMD have been strongly associated with macrovascular and micro-
vascular diseases.33,34 However, few studies have focused specifically on this patient group with high risk for KD. In line
with previous studies, older age and female gender are risk factors for KD in our study.35,36 Ethnicity is also associated
with incident KD. Different ethnicity may stand for differences in lifestyle and dietary habits and even differences in risk
factors, which may serve partly as the reasons. For example, high prevalence and poor management of hypertension in
some ethnicities, such as Kazakh, Tajik, and Mongolian, may also play important roles in this process.37,38

Figure 2 Receiver-operating characteristic (ROC) curves of the models in derivation (A) and validation (B) sets. AUC: area under the curve (bootstrap resampling times =
1000).

Figure 3 Calibration curves of the kidney dysfunction prediction models. (A) Calibration curve of the nomogram in the training set. (B) Calibration curve of the nomogram
in the validation set. The diagonal line represents a perfect prediction by an ideal model. The red line represents the performance of the nomogram, of which a closer fit to
the diagonal line represents a better prediction. The vertical bar represents the 95% range of the selected points (bootstrap resampling times = 1000).
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With regard to the controllable factors, baseline eGFR serves as the strongest predictor for incident KD in this study,
consistent with other cohorts conducted in both general population and high-risk groups for KD. They show a close
association between baseline eGFR and the development of CKD.39,40 A decrease in GFR affects BP levels, which in
turn worsens kidney function, creating a vicious cycle that eventually leads to irreversible kidney damage.41 Compared
with non-DM participants, DM patients are shown to have a higher risk for developing CKD. Our study shows that
glucose is also closely associated with incident KD in hypertensives with GMD. In this regard, as an indicator of long-
term blood glucose level, HbA1c is more predictive of incident KD than FPG. Interestingly, neither BP level nor
hypertension duration is selected into the prediction model in our study. DM has been shown to accelerate the
progression of renal function decline two-times over hypertension.42,43 Thus, the impact of hypertension on kidney
damage may be covered up by the co-existence of DM. However, management of hypertension and controlling BP level
should be taken seriously, given the well-proven association between high BP and kidney impairment. Furthermore, it
has been demonstrated that there is a cost-effectiveness of self-management of BP for hypertensive patients with DM and

Figure 4 Decision curve analysis of the nomogram for predicting KD. The x-axis indicates the threshold probability. The dotted line represents the prediction nomogram.
The black line displays the net benefit under the assumption that all patients are non-KD. The gray line displays the net benefit under the assumption that all patients are KD
(bootstrap resampling times = 1000).
Abbreviation: KD, kidney dysfunction.

Figure 5 Kaplan–Meier curves of cumulative incidence of kidney dysfunction in training set (A) and validation set (B). High- (blue) and low-risk (red) group stratification
were based on the predictor derived from nomogram prediction model. Shadow represents the 95% confidence interval.
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other diseases.44 Previous studies have reported that hyperuricemia is closely related to the occurrence and progression of
kidney disease in the general population and CKD patients.45,46 Similarly, the present cohort, in a special population who
are at high risk for KD, observes that UA has good predictive value for the occurrence of KD, indicating that UA should
be another important marker for the prediction and treatment of KD in this patient group.

Although several predictive tools have been established for kidney disease prediction, few models are specifically
applicable to patients with both hypertension and GMD. In addition, some of them need more cost-effective factors and
are not quantifiable, which limits the generalization of the tools. The present study develops a simple and practical
nomogram for hypertensive patients with GMD, in which the included factors are common and easy-to-obtain in clinical
setting and even in primary care setting. Moreover, the prediction model shows good performance by internal validation.
Early-stage kidney diseases are usually asymptomatic and is often ignored.3 Most of the patients detected for kidney
disease are already in an irreversible stage at the time of detection, which leads to the occurrence of complications, and
some of them have even progressed to end-stage renal disease requiring renal replacement therapy. Moreover, patients
with CKD tended to develop treatment-resistant hypertension and have a higher risk of adverse outcomes.47 The present
nomogram might help clinicians, and even primary care providers, identify individuals who are at high risk of developing
KD, and therefore pay close attention and take prevention measures.

The present study has several strengths. We developed a nomogram using easy-to-obtain parameters for predicting
incident KD quantitatively in a specific patient group at high-risk of KD. Moreover, our study contains a high-risk
population with longitudinal observation, in which data are obtained from hospital electronic system rather than self-
reported, making the results reliable. Several limitations warrant discussion. First, although most of the conventional
factors of KD were included, we failed to collect some other baseline information, such as cardiac function, homo-
cysteine, thyroid hormones, et al, which have been reported to be associated with kidney disease.48–50 However, simple/
fewer variables facilitate the application of predictive models. In addition, because of the lack of urine test, we were only
able to report KD defined by eGFR, rather than CKD as strictly defined. Second, the study is conducted in a single center,
although in a regional center for hypertension with patients of large age range and ethnic groups and referred by primary
care providers from all parts of the region. In addition, the small number of the other ethnic group limits further
classification; future studies are needed to verify these in detail. Third, we failed to perform an external validation,
although the robustness of the prediction model was verified internally. Thus, the generality of the prediction model
needs to be further verified for those in other countries/regions. Fourth, although no significant difference was observed
between the study population and the loss to follow-up population in most baseline characteristics, the rate of loss to
follow-up (19.3%) may potentially bias the results.

In conclusion, we identified six factors, which are closely associated with the occurrence of KD among patients with
both hypertension and GMD, and developed a simple and practical nomogram for predicting individuals’ 5-year risk of
incident KD. The model has good accuracy for prediction and shows good performance in internal validation. This
quantitative prediction tool could help clinicians, and even primary care providers, recognize potential KD patients early
and make strategy for prevention and management.
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