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Background and Purpose: Predicting poor outcome for stroke patients with chronic kidney disease (CKD) in clinical practice is
difficult. There are no tools available to use for predicting poor outcome in these patients. We aimed to construct and validate
a dynamic nomogram to identify CKD–stroke patients at high risk of a 3-month poor outcome.
Patients and Methods:We used data for 502 CKD patients who had an acute ischemic stroke, from Nanjing First Hospital, between
September 2014 and September 2020, to train the nomogram. An additional 108 patients enrolled from October 2020 to May 2021
were used for temporal external validation. The performance of the nomogram was evaluated by the area under the receiver operating
characteristics curve (AUC) and a calibration plot. The clinical utility of the nomogram was measured by decision curve analysis
(DCA) and the clinical impact curve (CIC).
Results: The median age of the cohort was 79 (70–84) years. Age, urea, premorbid modified Rankin Scale (mRS), National Institutes
of Health Stroke Scale (NIHSS) on admission, hemiplegia, mechanical thrombectomy, early neurological deterioration, and respiratory
infection were used as predictors of 3-month poor outcome to develop the nomogram. In the training set, the AUC of the dynamic
nomogram was 0.873 and the calibration plot showed good predictive ability, and both DCA and CIC indicated the excellent clinical
usefulness and applicability of the nomogram. In the external validation set, the AUC was 0.875 and the calibration plot also showed
good agreement.
Conclusion: This is the first dynamic nomogram constructed for CKD–stroke patients to precisely and expediently identify patients
with a high risk of 3-month poor outcome. The outstanding performance and great clinical predictive utility demonstrated the ability of
the dynamic nomogram to help clinicians to deploy preventive interventions.
Keywords: dynamic nomogram, stroke, chronic kidney disease, poor outcome, predict

Introduction
Stroke is the leading cause of death and disability-adjusted life-years in China.1 The prevalence of chronic kidney disease
(CKD) ranges from 20% to 35% in patients with stroke.2 CKD–stroke patients are at significantly higher risk of poor
outcome or mortality relative to stroke patients without kidney disease.3–6 However, the prediction of poor outcome for
CKD–stroke patients is still difficult in clinical practice. So far, there have been no predictive tools that clinicians can use
to predict the risk in CKD–stroke patients.
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Several nomograms have been developed to predict poor outcome of stroke.7,8 However, because of the impact of CKD
on stroke, the pathogenesis, pathological process, and disease progression of CKD–stroke may differ from those of general
stroke.9 Hence, the risk factors leading to poor outcome in CKD–stroke patients may be different from those in general stroke
patients. These nomograms were constructed using data from general stroke patients rather than CKD–stroke patients, which
indicates that the predictors used in these nomograms7,8 may not be applicable to CKD–stroke patients and the nomograms
were certainly not appropriate for CKD–stroke patients. Moreover, traditional nomograms have some calculation inferio-
rities, such as the time-consuming and laborious calculation program, and the fact that only a rough approximation is
calculated. The need to develop a clinically applicable predictive tool targeted to CKD–stroke patients has become apparent.
A dynamic nomogram is an excellent tool for clinicians to achieve a visualized and rapid risk evaluation according to the
patient’s disease characteristics, and has been successfully used for clinical decision making in patients.10–12

As such, we aimed to construct and validate a dynamic nomogram based on independent risk factors to identify
CKD–stroke patients who were at high risk of a 3-month poor outcome. We hope that our nomogram can provide useful
clinical therapeutic evidence and assistance for clinical decision making.

Materials and Methods
Study Design and Participants
We enrolled acute ischemic stroke patients who were registered in the National Advanced Stroke Center of Nanjing First
Hospital (China) between September 2014 and September 2020. Patients were included if they met the following criteria:
(1) with a diagnosis of acute ischemic stroke on admission; (2) with a diagnosis of CKD on admission; and (3) age 18
years or older. We excluded patients who: (1) lacked a 3-month modified Rankin Scale (mRS) score; or (2) lacked two or
more variables. CKD was diagnosed by two experienced physicians, and was defined as estimated glomerular filtration
rate (eGFR) <60 mL/min/1.73 m2 for 3 months or more. All patients were classified into a good outcome group (mRS 0–
2) and a poor outcome group (mRS 3–6) according to the 3-month mRS score. This dataset was defined as the training
set. We also enrolled patients using same inclusion criteria from October 2020 to May 2021. This dataset was defined as
the temporal external validation set. In addition, data from patients aged >65 years and with an eGFR <45 mL/min/
1.73 m2 in the temporal external validation set were used for subgroup validation. This study was approved by the Ethics
Committee of Nanjing First Hospital (document number: ChiCTR-OCH-14004382) and complied with the Declaration of
Helsinki. Informed consent was waived because of the anonymous data.

Variables
Baseline characteristics were recorded on admission, including demographic characteristics, such as age and sex;
laboratory data, such as fasting blood glucose and triglycerides; medical history, such as diabetes mellitus and
hypertension; medical treatment history, such as previous antiplatelet and previous anticoagulation; and clinical assess-
ment on admission, such as National Institutes of Health Stroke Scale (NIHSS) score on admission and stroke subtype.
In-hospital treatment and clinical assessment at discharge were also recorded, including in-hospital medical treatment,
such as antiplatelet and anticoagulation; clinical assessment in hospital, such as hemorrhagic transformation and
electrolyte disturbance; and clinical assessment at discharge, such as diabetes mellitus and atrial fibrillation. All recorded
variables were diagnosed by experienced clinicians according to diagnostic standards. Stroke subtypes were categorized
into five different subtypes in accordance with Trial of Org 10172 in Acute Stroke Treatment (TOAST): large artery
atherosclerosis, small artery occlusion, cardioembolism, stroke of other determined cause, and stroke of undetermined
cause.13 Early neurodeterioration (END) was defined as an increase of 4 points or more in NIHSS score during
hospitalization. Dyslipidemia was diagnosed if two or more of the following symptoms occurred: (1) total cholesterol
≥200 mg/dL (5.20 mmol/L); (2) triglyceride ≥150 mg/dL (1.70 mmol/L); (3) low-density lipoprotein ≥120 mg/dL (3.12
mmol/L); and (4) high-density lipoprotein ≤35 mg /dL (0.91 mmol/L).14
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Outcome and Renal Function Evaluation
The outcome was a poor outcome, defined as a 3-month mRS score of 3–6 after stroke onset. Follow-up was performed
by telephone interview or face to face at 3 months after disease onset. Admission serum creatinine was measured using
an enzymatic method and the eGFR was calculated by the Chronic Kidney Disease Epidemiology Collaboration
equation: eGFR (mL/min/1.73 m2) = 141 × min (Scr/κ, 1)α × max (Scr/κ, 1)−1.209 × 0.993Age × 1.018 [if female] ×
1.159 [if black].15 Renal function was further divided into three stages according to eGFR level: stage 3 (30< eGFR <60),
stage 4 (15< eGFR ≤30), and stage 5 (eGFR ≤15).

Statistical Analysis
All data were compared between patients with good outcome and those with poor outcome. Continuous variables were
presented as mean ± standard deviation or median with interquartile range, as appropriate. Categorical variables were
presented as proportions. The eGFR value was used as a continuous measure. The methods used for nomogram
development were as follows. Missing values with missing proportion <5% in the training set were therefore interpolated
by k-nearest neighbor classification algorithm. The two-tailed t-test or Mann–Whitney U-test was conducted for all
continuous variables and the χ2-test or Fisher’s exact test for categorical variables, as appropriate, to identify candidate
covariates. Then, all potential confounders with a P-value <0.1 were included in the multivariate logistic regression
model based on the forward stepwise method to select the significant predictors of a 3-month poor outcome. Variables
with a P-value <0.05 were considered as independent risk factors and were then used to develop the dynamic nomogram
though “Dynnom” package.

The performance of the dynamic nomogram was evaluated in terms of discrimination, calibration, and net benefit.
The discriminatory ability of the nomogram was assessed by the area under the receiver operating characteristics curve
(AUC). An AUC >0.80 was deemed to show relatively good discrimination. Calibration was mirrored by a calibration
plot, which described the degree of fitting between real-world and model-predicted poor outcome. A 45° diagonal line is
considered to indicate that model-predicted probabilities are identical to the real-world situation, indicating excellent
calibration. Internal validation was carried out using bootstrap resampling to avoid overfitting. In addition, the net
benefit of the nomogram was measured by decision curve analysis (DCA)16 and the clinical impact curve (CIC).17 DCA
is based on the difference between the proportions of true positives and false positives, and the CIC shows the difference
between the number of high-risk cases predicted by the model and the number that actually occurred. Net benefit was
calculated using the following formula:

Net benefit ¼ True positive rate � False positive rate�
Threshold probability

1 � threshold probability

All analyses were conducted using SPSS version 25.0 (IBM Corp.) and R version 4.0.3 software (http://www.R-project.
org/). Two-tailed P-values <0.05 were considered statistically significant.

Results
Patient Characteristics
In the training cohort, a total of 793 patients met the inclusion criteria. After excluding 125 patients with a missing
3-month mRS score and 166 patients who were missing two or more variables, 502 CKD–stroke patients were eventually
included in our study. The baseline characteristics on admission of patients in the training cohort are summarized in
Table 1. The median age of the cohort was 79 years, with 303 males (60.4%). The median eGFR level was 49.13 mL/
min/1.73 m2, which implied moderate CKD. Among them, 216 patients (43.0%) were in the good outcome group
(median age: 75 years; number of male patients: 142) and 286 patients (57.0%) were in the poor outcome group (median
age: 81 years; number of male patients: 141). In the external validation cohort, a total of 108 patients were included, with
a median age of 77 years, 59 males (54.6%), and median eGFR of 46.08 mL/min/1.73 m2. There was no significant
difference in mortality between patients with different eGFR values (P=0.847), or between patients with and without
dialysis dependence (P=0.790) (Table S1). The baseline characteristics of patients in the external validation cohort are
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Table 1 Baseline Characteristics in the Whole Cohort and Potential Risk Factors Related to 3-Month Poor Outcome by Univariate
Analysis

Variables Whole Cohort
(n=502)

Good Outcome (n=216)
(43.0%)

Poor Outcome (n=286)
(57.0%)

P-Value

Baseline data
Age (years) 79 (70–84) 75 (66–82) 81 (74–86) <0.001
Sex 0.032

Male 303 (60.4) 142 (65.7) 141 (56.3)

Female 199 (39.6) 74 (34.3) 125 (43.7)
BMI 24.22 (22.03–26.24) 24.22 (22.16–26.86) 24.18 (21.97–26.04) 0.531

SBP 140 (130–160) 140 (130–160) 145 (132–161) 0.017
DBP 80 (74–90) 80 (77–90) 81 (74–92) 0.712

Urea 8.14 (6.60–10.40) 7.80 (6.24–10.12) 8.41 (6.80–10.60) 0.030

Fasting blood glucose 5.70 (4.76–7.41) 5.15 (4.53–6.25) 6.47 (5.07–7.94) <0.001
INR 0.99 (0.95–1.06) 0.96 (0.92–1.02) 1.01 (0.96–1.08) <0.001

Total cholesterol 4.18 (3.49–5.01) 4.17 (3.48–5.10) 4.18 (3.52–5.00) 0.678

Triglyceride 1.23 (0.84–1.71) 1.34 (0.95–1.95) 1.17 (0.81–1.58) <0.001
High-density lipoprotein 1.03 (0.85–1.23) 1.01 (0.82–1.16) 1.06 (0.88–1.28) 0.012

Low-density lipoprotein 2.46 (1.89–3.16) 2.45 (1.87–3.19) 2.49 (1.90–3.12) 0.712

GHB 6.10 (5.60–6.91) 6.00 (5.60–6.85) 6.10 (5.60–7.00) 0.238
Creatinine 116.50 (102.00–139.00) 116.50 (104.05–144.00) 116.30 (100.00–138.00) 0.172

eGFR 48.45 (37.36–54.51) 49.13 (37.44–55.11) 47.97 (36.83–54.28)

30< eGFR <60 428 (85.3) 184 (85.2) 244 (85.3) 0.968
15< eGFR ≤30 49 (9.8) 22 (10.2) 27 (9.4) 0.781

eGFR ≤15 25 (5.0) 10 (4.6) 15 (5.2) 0.754

Dialysis-dependent 4 (0.8) 2 (0.9) 2 (0.7) 0.777
Premorbid mRS 0 (0–2) 0 (0–0) 0 (0–2) <0.001

NIHSS on admission 5 (2–13) 3 (2–4) 10 (5–18) <0.001

TOAST
LAA 213 (42.4) 99 (45.8) 114 (39.9) 0.180

CE 153 (30.5) 37 (17.1) 116 (40.6) <0.001

SAO 111 (22.1) 75 (34.7) 36 (12.6) <0.001
SOC 3 (0.6) 1 (0.5) 2 (0.7) 1.000

SUC 22 (4.4) 4 (1.9) 18 (6.3) 0.016

Dyslipidemia 158 (31.5) 75 (34.7) 83 (29.0) 0.173
Aphasia 81 (16.1) 23 (10.6) 58 (20.3) 0.004

Hemiplegia 389 (77.5) 147 (68.1) 242 (84.6) <0.001

Medical history
Coronary heart disease 125 (24.9) 47 (21.8) 78 (27.3) 0.157

Atrial fibrillation 111 (22.1) 28 (13.0) 83 (29.0) <0.001

Diabetes mellitus 165 (32.9) 61 (28.2) 104 (36.4) 0.055
Hypertension 413 (82.3) 179 (82.9) 234 (81.8) 0.760

Hyperlipidemia 6 (1.2) 3 (1.4) 3 (1.0) 0.729

Heart failure 8 (1.6) 5 (2.3) 3 (1.0) 0.299
TIA/stroke 106 (21.1) 39 (18.1) 67 (23.4) 0.144

Intracranial hemorrhage 17 (3.4) 7 (3.2) 10 (3.5) 0.875

Drinking 0.004
Never 359 (71.5) 140 (64.8) 219 (76.6)

Cessation 64 (12.7) 29 (13.4) 35 (12.2)

Current 79 (15.7) 47 (21.8) 32 (11.2)
Smoking 0.004

Never 288 (57.4) 106 (49.1) 182 (63.6)

Cessation 86 (17.1) 42 (19.4) 44 (15.4)

(Continued)
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described in Table S2. The comparison of baseline characteristics between the training cohort and the external validation
cohort is presented in Table S2, and the comparison of in-hospital characteristics between the two cohorts is provided in
Table S3.

Variable Selection
Potential risk factors analyzed by univariate analysis for 3-month poor outcome in patients’ baseline characteristics are
shown in Table 1, and factors relating to in-hospital characteristics are shown in Table 2. A total of 29 variables (P<0.1)
were included in multivariate logistic regression analysis. After adjusting for covariates, eight variables were selected as
independent risk factors. The details for selected variables are presented in Table 3, including age (OR: 1.023, 95% CI:

Table 1 (Continued).

Variables Whole Cohort
(n=502)

Good Outcome (n=216)
(43.0%)

Poor Outcome (n=286)
(57.0%)

P-Value

Current 128 (25.5) 68 (31.5) 60 (21.0)

Lipid-lowering therapy 58 (11.6) 30 (13.9) 28 (9.8) 0.155
Antihypertensive therapy 299 (59.6) 132 (61.1) 167 (58.4) 0.539

Antiplatelet therapy 99 (19.7) 35 (16.2) 64 (22.4) 0.085

Anticoagulation therapy 15 (3.0) 5 (2.3) 10 (3.5) 0.441

Note: Data are given as n (%) and median (interquartile range).
Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; INR, international normalized ratio; GHB, glycosylated hemoglobin;
eGFR, estimated glomerular filtration rate; mRS, modified Rankin Scale; NIHSS, National Institutes of Health Stroke Scale; TOAST, Trial of Org 10172 in Acute Stroke
Treatment; LAA, large artery atherosclerosis; CE, cardioembolism; SAO, small artery occlusion; SOC, stroke of other determined cause; SUC, stroke of undetermined
cause; TIA, transient ischemic attack.

Table 2 In-Hospital Characteristics in the Whole Cohort and Potential Risk Factors Related to 3-Month Poor
Outcome by Univariate Analysis

Variables Whole Cohort
(n=502)

Good Outcome
(n=216) (43.0%)

Poor Outcome
(n=286) (57.0%)

P-Value

In-hospital therapy
Mechanical thrombectomy 69 (13.7) 15 (6.9) 54 (18.9) <0.001
Intravenous thrombolysis 118 (23.5) 46 (21.3) 72 (25.2) 0.238

Lipid-lowering therapy 477 (95.0) 207 (95.8) 270 (94.4) 0.467

Antihypertensive therapy 346 (68.9) 139 (64.4) 207 (72.4) 0.054
Antiplatelet therapy 460 (91.6) 209 (96.8) 251 (87.8) <0.001

Anticoagulation therapy 80 (15.9) 22 (10.2) 58 (20.3) 0.002

De-fibrinogen therapy 62 (12.4) 37 (17.1) 25 (8.7) 0.005
In-hospital disease
Electrolyte disturbance 242 (48.2) 71 (32.9) 171 (59.8) <0.001

Deep venous thrombosis 2 (0.4) 0 (0.0) 2 (0.7) 0.509
Gastrointestinal bleeding 11 (2.2) 2 (0.9) 9 (3.1) 0.126

Epilepsy 6 (1.2) 0 (0.0) 6 (2.1) 0.040

Respiratory infection 210 (41.8) 40 (18.5) 170 (59.4) <0.001
Hemorrhagic transformation 29 (5.8) 0 (0.0) 29 (10.1) <0.001

Coronary heart disease 19 (3.8) 8 (3.7) 11 (3.8) 0.934

Atrial fibrillation 57 (11.4) 16 (7.4) 41 (14.3) 0.015
Diabetes mellitus 35 (7.0) 13 (6.0) 22 (7.7) 0.466

Hypertension 19 (3.8) 9 (4.2) 10 (3.5) 0.697

Hyperlipidemia 22 (4.4) 13 (6.0) 9 (3.1) 0.120
Early neurological deterioration 42 (8.4) 3 (1.4) 39 (13.6) <0.001

Note: Data are given as n (%).
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1.001–1.046, P=0.045), urea (OR: 1.069, 95% CI: 1.016–1.125, P=0.010), premorbid mRS (OR: 1.680, 95% CI: 1.298–
2.173, P<0.001), NIHSS on admission (OR: 1.187, 95% CI: 1.120–1.258, P<0.001), hemiplegia (OR: 1.942, 95% CI:
1.057–3.568, P=0.032), mechanical thrombectomy (MT) (OR: 0.373, 95% CI: 0.145–0.964, P=0.049), END (OR:
12.744, 95% CI: 3.348–48.508, P<0.001), and respiratory infection (OR: 2.021, 95% CI: 1.162–3.514, P=0.013).

Construction of Traditional and Dynamic Nomograms
The traditional nomogram is shown in Figure 1. Calculation of the eventual probability of a 3-month poor outcome is
divided into three steps. First, a vertical line is drawn from the axis of each predictor to the “Points” axis to obtain the
point of each predictor. Second, the total point is summed by all points assigned to each of the predictors. Third, the same

Table 3 Independent Risk Factors Related to 3-Month Poor Outcome by
Multivariate Logistic Regression Analysis

Variables P-Value OR (95% CI)

Age 0.045 1.023 (1.001–1.046)

Urea 0.010 1.069 (1.016–1.125)

Premorbid mRS <0.001 1.680 (1.298–2.173)
NIHSS on admission <0.001 1.187 (1.120–1.258)

Hemiplegia 0.032 1.942 (1.057–3.568)

Mechanical thrombectomy 0.042 0.373 (0.145–0.964)
Respiratory infection 0.013 2.021 (1.162–3.514)

Early neurological deterioration <0.001 12.744 (3.348–48.508)

Abbreviations: mRS, modified Rankin Scale; NIHSS, National Institutes of Health Stroke Scale.

Figure 1 Traditional nomogram to predict 3-month poor outcome for CKD–stroke patients.
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method used in step 1 from the “Total points” axis to the “Risk” axis is used to acquire the probability of 3-month poor
outcome. For example, a patient was aged 75 years, with hemiplegia, premorbid mRS score 1, NIHSS score 15, urea 5%,
MT, and respiratory infection, and without END. The points of each predictor were 15, 9, 7.5, 37.5, 5, 0, 10, and 0,
respectively. Then, we could obtain the total points of 84, which corresponded to the probability of 80.0%. The predicted
probability of 3-month poor outcome is approximately 80% for this patient. The dynamic nomogram is exhibited at
https://zxhwyf.shinyapps.io/DynNomapp-CKD/. A nomogram page is shown in Figure 2. After entering the values of the
eight variables in the example above, we obtained the patient’s precise probability of developing a poor outcome, 78.9%.

Performance of the Dynamic Nomogram
In the training set, the AUC of the nomogram was 0.873, indicating a good discrimination (Figure 3A), and the
calibration curve suggested that the predicted probabilities were in good agreement with the actual probabilities
(Figure 3B). In the external validation set, the AUC was 0.875 (Figure 3C) and the calibration curve also showed
good agreement (Figure 3D). In subgroup validation, both the AUC value (0.813) (Figure S1) and the calibration curve
(Figure S2) were suggested to be good. The comparison among the AUCs of the three cohorts is presented in Figure S3,
revealing a slight difference. The results of DCA in the training set implied that using the nomogram to predict 3-month
poor outcome would generate more net benefit than the “treat all” or “treat none” strategies when the threshold
probabilities ranged from 10% to 99% (Figure 4A). In this example, if a 40% risk threshold was selected, this meant
that patients would receive some therapeutic interventions if the probability of a 3-month poor outcome was >40%. The
net benefit was about 0.42. The CIC in the training set visually showed the estimated number of high-risk patients
predicted by the nomogram and actual numbers for each risk threshold (Figure 4B). For example, if a 40% risk threshold
was used, 1000 patients would be screened, and then 610 patients would be predicted as being high risk, but about 450
patients were actually high risk.

Discussion
The clinical management of CKD–stroke patients can be very challenging. In order to aid clinicians in their decision
making, we utilized the advantages of a dynamic nomogram with clinical characteristics to establish an effective 3-month
poor outcome prognostic model for CKD–stroke patients. We identified eight independent predictors, namely, age,

Figure 2 Dynamic nomogram to predict 3-month poor outcome for CKD–stroke patients. The procedure for using the dynamic nomogram is as follows. First, enter the
value of each variable. Then, click on the “Predict” button and the result will be displayed on the right side of the page. After completing the prediction for the current
patient, click the “Quit” button and repeat the above steps to start the prediction for the next patient. If the “Quit” button is not clicked, the website may not work when
someone else logs in and uses it again.
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premorbid mRS score, NIHSS score on admission, END, hemiplegia, SBP, urea, and MT. More importantly, the dynamic
nomogram achieved excellent performance and good clinical application value.

This is the first predictive model for 3-month poor outcome in CKD–stroke patients. The eventual precise value of
risk could be calculated directly and automatically based on the input value of each variable in the dynamic nomogram.
This makes it easy to apply to assist in clinical decision making and it is a promising tool in clinical prediction. We used
DCA and CIC to evaluate the clinical utility of the dynamic nomogram. These two metrics can help clinicians to set
a risk threshold; that is, to determine who should receive some therapeutic intervention to avoid the occurrence of
a 3-month poor outcome, which can maximize the reasonable distribution of medical resources in clinical practice. It is
therefore an essential validation tool on top of measures such as discrimination and calibration. The results of DCA and
CIC demonstrated that the nomogram developed in this research had good clinical practical value.

Figure 3 (A) Receiver operating characteristics (ROC) curves of the nomogram in the training set; (B) calibration curve of the nomogram in the training set; (C) ROC
curves of the nomogram in the external validation set; (D) calibration curve of the nomogram in the external validation set.
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An important point that should be noted is that the median eGFR value of the whole cohort was 48.45 mL/min/
1.73 m2, suggesting moderate CKD. However, since stroke patients are predominantly elderly and their renal function
will decline physiologically, eGFR <45 mL/min/1.73 m2 in elderly patients is regarded as clinically significant. Hence,
a further external validation in the subgroup of patients aged >65 with eGFR <45 mL/min/1.73 m2 was conducted in our
study to validate the model performance in these patients. Our results confirmed the model’s excellent predictive ability
in severe or advanced CKD and older patients.

Considering that several studies have demonstrated that dialysis would increase the mortality in stroke patients,18–20

we further investigated the association between dialysis dependence and mortality (mRS=6). Mortality in dialysis-
dependent patients was 25%, and we did not find a relationship between dialysis dependence and mortality. There are
three likely reasons for this. First, the general population constituted the non-dialysis-dependent group in these studies,
while the CKD patients made up the non-dialysis-dependent group in our study. This means that the gap in renal function
between the two groups in our study was smaller than in the previous studies, and therefore the difference in mortality
was less pronounced in our study. Second, one study claimed that dialysis patients were less likely to be managed on an
acute stroke unit after stroke onset during their admission, and admission to a stroke unit was associated with lower risk
of death.18 This may explain the mortality in dialysis-dependent patients in our study being similar to that of other stroke
patients. Third, there were only four patients in the dialysis-dependent group, which is likely to result in a coincidental
outcome. In general, larger studies on CKD–stroke patients are needed to validate our results, by including more dialysis-
dependent patients.

Eight predictors that may affect the risk of a 3-month poor outcome for CKD–stroke patients were found in our study.
Age is a well-recognized risk factor in relation to 3-month poor outcome in stroke patients, and has been confirmed by
previous studies.21,22 For CKD patients, advanced age also increased the risk of poor prognosis. END during hospitaliza-
tion was also an independent risk factor for 3-month poor outcome in the cohort. A previous study determined that END
was related to poor outcome in stroke patients.23 Kumai et al confirmed a higher risk of END occurring in stroke patients
with CKD than in those without CKD.5 In-hospital respiratory infection increased the risk of poor outcome. Patients with
stroke or CKD are at growing risk of developing infections because of their impaired immune systems.24,25 Stroke-
associated pneumonia was a common complication after stroke and resulted in poor outcome,26 and the existence of
CKD also increased the risk of lower respiratory infection.27 Hence, since the above factors can increase the risk of poor
prognosis in patients with stroke or CKD, we consider it reasonable that they are also predictors of poor outcome in
CKD–stroke patients.

Hemiplegia, higher NIHSS score on admission, and premorbid mRS score were associated with 3-month poor
outcome in the CKD–stroke patients. Both NIHSS score and premorbid mRS score were shown to be risk factors of
3-month stroke poor outcome. Furthermore, these three variables were indicators of stroke severity. There is a robust

Figure 4 (A) Decision curve of the nomogram; (B) clinical impact curve of the nomogram.

Clinical Interventions in Aging 2022:17 https://doi.org/10.2147/CIA.S352641

DovePress
763

Dovepress Wang et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


two-way correlation between stroke and CKD,2 indicating that they will mutually promote each other’s disease
progression, eventually resulting in a poorer clinical outcome.

Urea was identified as an indicator to predict poor outcome in CKD–stroke patients. For CKD patients, increasing
urea concentration will result in molecular changes associated with insulin resistance, free radical production, apoptosis,
and disruption of the protective intestinal barrier, which could lead to a poor prognosis in CKD.28 MT was negatively
related with poor outcome in our study. Evidence has suggested that MT can significantly improve the functional
outcome of stroke patients.29 Although contrast-induced nephropathy induced by computed tomography before MT
remains a concern, a randomized controlled trial published in 2020 also demonstrated that contrast-induced nephropathy
has a low rate of occurrence (1.2%) in clinical practice and did not mediate the correlation between pre-angiography
eGFR and 3-month death,30 and computed tomography before MT did not worsen renal function.31 A previous study also
verified that CKD was not related to 3-month poor outcome for patients treated with MT.32

The dynamic nomogram that we constructed has great clinical application value. A dynamic nomogram is more
appropriate and convenient in clinical application than a traditional nomogram, and this is beneficial to the model’s
validation and promotion in clinical practice. Our nomogram can identify patients at high risk of 3-month poor outcome,
which has important clinical significance. The clinical application value lies in its usefulness for clinicians, who should
make preventive interventions in time for these high-risk patients. The earlier high-risk patients are identified, the earlier
treatment can be initiated, especially for stroke patients with moderate CKD. This will be helpful to greatly decrease the
risk of disability or death for the patient, which will benefit patients, their family, and our society.

Two limitations in our study should be acknowledged. First, the database we used is from a single stroke center with
a small sample size. Multicenter validation is also essential. In order to compensate for this, a dynamic nomogram was
therefore developed, since it can be easily accessed for use. Researchers all over the world who are interested in our
nomogram can use it for further validation. Second, despite the difference of 0.6 mmol/L between the good and poor
outcome groups being statistically significant, it may be hardly clinically significant. Hence, although external validation
in our study has demonstrated the efficacy of urea in the nomogram, studies with more cases and multicenter designs
should be conducted to further examine the connection between urea and poor outcome for CKD–stroke patients. Third,
the nomogram should be applied with caution to dialysis-dependent patients. Owing to the absence of dialysis-dependent
patients in the validation cohort and the fact that model cannot be validated in data from the training set, we cannot
additionally validate the model’s predictive ability for dialysis patients. Furthermore, the dialysis-dependent cohort was
too small and not well represented in our study. Hence, we cannot guarantee the performance of the model when applied
to such patients.

Conclusion
This is the first dynamic nomogram for identifying CKD–stroke patients who have a high risk of a 3-month poor
outcome. The nomogram not only has good predictive accuracy and discriminative ability, but also has considerable
clinical usefulness and applicability. Further external validation in other centers is needed to verify its practical clinical
validity. We hope that our nomogram can assist in the decision-making process in clinical practice and provide good
value for clinical application.
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