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ABSTRACT 

Background. Patients with kidney failure on maintenance dialysis have a high stroke and bleeding risk. Multivariable 
prediction models can be used to estimate the risk of ischemic stroke and bleeding. A systematic review and 
meta-analysis was performed to determine the performance of the existing models in patients on dialysis. 
Methods. MEDLINE and Embase databases were searched, from inception through 12 January 2024, for studies of 
prediction models for stroke or bleeding, derived or validated in dialysis cohorts. Discrimination measures for models 
with c-statistic data from three or more cohorts were pooled by random effects meta-analysis and a 95% prediction 

interval ( PI) was calculated. Risk of bias was assessed using PROBAST. The review was conducted according to the 
PRISMA statement and the CHARMS checklist. 
Results. Eight studies were included in this systematic review. All the included studies validated pre-existing models 
that were derived in cohorts from the general population. None of the identified studies reported the development of a 
new dialysis specific prediction model for stroke, while dialysis specific risk scores for bleeding were proposed by two 
studies. In meta-analysis of c-statistics, the CHA2 DS2 -VASc, CHADS2 , ATRIA, HEMORR( 2) HAGES and HAS-BLED scores 
showed very poor discriminative ability in the dialysis population. Six of the eight included studies were at low or 
unclear risk of bias and certainty of evidence was moderate. 
Conclusions. The existing prediction models for stroke and bleeding have very poor performance in the dialysis 
population. New dialysis-specific risk scores should be developed to guide clinical decision making in these patients. 
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KEY LEARNING POINTS 

What was known: 

• Patients with end-stage kidney disease on maintenance d
• In the general population, risk scores that predict the risk
• These scores were developed in cohorts that did not inclu

population has never been studied in a systematic way.

This study adds: 

• This systematic review of current literature revealed no e
patients.

• Only two studies have developed bleeding risk scores for p
• The most widely used, in the general population, stroke 

very poor performance in patients on dialysis, making ris

Potential impact: 

• The development and validation of new stroke and blee
must be a high priority.

NTRODUCTION 

troke is the second leading cause of death and disability world- 
ide [1 ]. Although stroke mortality rates have declined over the 

ast two decades, the incidence and the burden of the disease 
ave increased [2 ]. Chronic kidney disease ( CKD) constitutes an 
ndependent risk factor for stroke [3 , 4 ], while patients with end- 
tage kidney disease ( ESKD) on renal replacement therapy have 
n overall risk up to 10 times higher than the general population 
5 , 6 ]. In addition, the prognosis of patients with ESKD suffering 
rom stroke is much poorer in comparison with other popula- 
ions [7 ]. 

A combination of common cardiovascular risk factors that 
re highly prevalent in the dialysis population, such as older 
ge, atrial fibrillation ( AF) , diabetes and dyslipidemia, along- 
ide unique characteristics related to dialysis ( hemodynamic 
hanges and variability in blood pressure, vascular calcification,
hronic inflammation and uremic platelet dysfunction) compro- 
ise hemostatic mechanisms. As a result, not only is an in- 
reased risk of stroke observed in patients on dialysis, but also 
 higher number of major bleeding episodes. 

In the general population, risk scores that predict the risk of 
troke or hemorrhage are used to guide clinical decisions. The 
ajority of them have been developed and widely validated in 
ohorts of patients with AF. The most used risk scores for the 
rediction of stroke are the CHADS2 ( Congestive heart failure,
ypertension, Age ≥75 years, Diabetes Mellitus, prior Stroke) 
8 ] and CHA2 DS2 -VASc ( Congestive heart failure, Hypertension,
ge ≥75 years, Diabetes Mellitus, prior Stroke, Vascular disease,
ge 65–74 years, female Sex) [9 ]. Both have demonstrated high 
iscriminative performance in the general population with a c- 
tatistic of 0.812 [95% confidence interval ( CI) 0.796–0.827] for the 
HADS2 and 0.888 ( 95% CI 0.875–0.900) for the CHA2 DS2 -VASc 
10 ]. Other less commonly used scores include the R2 CHADS2 

 Renal dysfunction, Congestive heart failure, Hypertension, Age 
75 years, Diabetes Mellitus, prior Stroke) , the ATRIA score, [11 ] 
he Q-stroke algorithm and the GARFIELD-AF score. For bleed- 
ng risk prediction the HAS-BLED [12 ], the HEMORR( 2) HAGES [13 ] 
nd the ATRIA [11 ] are the most widely used scores. 

All the aforementioned prediction models were developed in 
F cohorts that did not include patients on dialysis. Thus, their 
imple extrapolation in this population—that is characterized by 
is have a high risk of stroke and bleeding.
roke or bleeding are used to guide clinical decisions.
atients on dialysis and their performance when used in this 

g stroke prediction models specifically designed for dialysis 

nts on dialysis, but their performance is poor.
leeding risk scores like CHA2 DS2 -VASc and HAS-BLED have 
tification impossible.

risk scores specifically designed for the dialysis population 

n elevated baseline stroke and bleeding risk, independently of 
F status—is a matter of debate. 
It is not clearly established whether the existing scores per- 

orm adequately in dialysis patients and there are no widely 
sed risk scores specifically designed for this population. There- 
ore, the aim of this review is to summarize in a systematic way
ll the data regarding the development of new or validation of 
lready existing predictive scores for stroke and bleeding in dial- 
sis patients with or without AF. 

ATERIALS AND METHODS 

earch strategy 

EDLINE and Embase databases were systematically searched 
hrough the Ovid platform from inception through 12 January 
024. A combination of keywords and subject headings related to 
troke, bleeding, ESKD and prediction models was used ( online 
upplementary data) . Forward and backward citation searching 
or included studies and previous systematic reviews was per- 
ormed. Endnote’s duplicate detection function was used to de- 
ect duplicates. 

tudy selection 

tudies were eligible if they met the following inclusion crite- 
ia: ( i) original study in adults ( ≥18 years of age) ; ( ii) study that 
eported the development or validation of prediction models 
or stroke or bleeding; ( iii) the development or validation co- 
ort must report results for patients with ESKD; and ( iv) articles 
hould be published in peer-reviewed journals. 

We excluded: ( i) studies reporting the association between 
isk factors with stroke and bleeding and not a full prediction 
odel; and ( ii) studies with prediction models for stroke or 
leeding in the general population. To be included in the meta- 
nalysis, a model had to have c-statistic data from three or more 
ohorts. 

Records were uploaded to a systematic review web applica- 
ion ( Covidence systematic review software, Veritas Health In- 
ovation, Melbourne, Australia) . Two independent investigators 
 C.K.T., A.C.-D.) screened the titles and abstracts of all identified 
rticles and, when required, reviewed full-text manuscripts to 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
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dentify relevant studies for inclusion. Disagreements were re- 
olved by discussion and if consensus could not be reached a
hird senior investigator ( T.A.M.) was consulted. 

This review was registered on PROSPERO ( CRD42024543041) 
nd was conducted according to the PRISMA statement and 
Hecklist for critical Appraisal and data extraction for system- 
tic Reviews of prediction Modelling Studies ( CHARMS; online 
upplementary data) [14 , 15 ]. 

ata extraction and quality assessment 

he full text and supplement of included studies was reviewed
y two independent investigators ( C.K.T., A.C.-D.) who extracted 
ata in an excel spreadsheet using the same protocol. The same
wo investigators assessed each model in each study for risk of
ias and applicability to the review question using the Prediction
odel Risk Of Bias ASsessment Tool ( PROBAST) [16 ]. Discrepan- 
ies between reviewers were resolved with consensus. 

The Grading of Recommendations, Assessment, Develop- 
ent and Evaluation ( GRADE) approach was used to assess the 
ertainty of the evidence [17 ]. 

Measures of discrimination and calibration were extracted,
o allow the quantitative synthesis of the models’ predictive per-
ormance [18 ]. We extracted data on the c-statistic or area under
he receiver operating characteristic curve ( AUROC) and corre- 
ponding 95% CI. When the 95% CI was not reported, we calcu-
ated it using the methods described by Debray et al . [18 ]. We
xtracted data on whether the ratio for observed to expected 
 O:E) events or calibration slope were reported. When augmen- 
ation of pre-existing models was performed by adding variables 
n order to enhance the predictive value of models, we retrieved
he rate of improvement of the net reclassification improvement 
 NRI) index of the augmented model compared with the original 
odel as well as the P -value for the difference between the two
odels. 

tatistical analysis 

ontinuous variables were reported as means ± standard devia- 
ion and categorical variables as percentages. In case that results
ere reported as median and interquartile range, we converted 
hem in sample mean and standard deviation by using the Wan
t al . method [19 ]. A P -value < .05 was considered statistically sig-
ificant. 
In each study, the c-statistic/AUROC of the model was as-

essed, where a 95% CI containing 0.5 was indicative of insuf-
cient discrimination. Calibration of the prediction models was 
ssessed according to the method that was reported in each
tudy. Regarding augmentation, we defined significant improve- 
ent as an NRI index with a P -value of < .05 [20 ]. 
We conducted a random effects meta-analysis of discrim- 

nation through a summary measure of c-statistic and corre- 
ponding 95% CI as suggested by Debray et al . [18 ] We calcu-
ated the 95% prediction interval ( PI) to demonstrate the extent 
f between-study heterogeneity and to indicate a possible range 
or prediction model performance in a new validation [21 ]. When
he 95% CI or PI of the summary c-statistic included 0.5, we
onsidered that there was insufficient evidence that the predic- 
ion model has statistically significant discriminatory ability for 
troke or bleeding in the dialysis population [22 , 23 ]. Summary
-statistics of < 0.60, 0.60–0.70, 0.70–0.80 and > 0.80 were defined
s inadequate, adequate, acceptable and excellent based on pre- 
ious literature [24 ]. 
In our analysis, we assessed overall discrimination for mod-
ls that had three or more cohorts with c-statistic data. We
erformed sensitivity analyses restricting our analyses to only
hose studies where the overall PROBAST assessment was “low”
r “unclear” risk of bias. All statistical analyses were performed
sing Stata ( version 18 SE; College Station, TX, USA) . 

ESULTS 

tudy selection 

 total of 5917 studies were retrieved ( 2945 from MEDLINE and
972 from Embase) . After duplicates removal 5129 studies re-
ained for screening and 16 studies were included for full text

eview. Finally, eight studies were included in the systematic re-
iew and meta-analysis [25 –32 ]. Full study selection process is
hown in Fig. 1 . 

haracteristics of included studies 

he included studies were based on seven different cohorts.
tudy characteristics and baseline characteristics of the pa-
ients in the included cohorts are shown in Table 1 and
upplementary data, Table S1 [25 –32 ]. The n umber of partici-
ants ranged from 141 to 53 147, mean age 60–77 years, propor-
ion of women 34–53%, and mean follow-up of 16 months to 3.5
ears. 

In three out of five studies that reported the validation of pre-
iction models for ischemic stroke, the authors assessed the per-
ormance of the models in patients with ESKD that either had AF
efore initiation of dialysis therapy or developed AF after dialy-
is initiation. In the study by Sab et al . [29 ] the AUROC curve and
he c-statistic were available only in the total cohort including
atients with and without AF. In the remaining one study, de
ong et al . [31 ] validated several models in patients on dialysis,
ithout accounting for the presence or absence of AF. However,
hey performed sensitivity analysis validating the scores only in
atients on dialysis that were concomitant vitamin K antagonist
 VKA) users. 

In the studies that reported validation of bleeding prediction
odels, these were tested in cohorts of patients with and with-
ut AF. In two studies [26 , 31 ] sensitivity analysis was performed
ccording to VKA use status. 

haracteristics of included prediction models 

rediction models for ischemic stroke 

n terms of ischemic stroke prediction, all the included studies
alidated pre-existing models that were derived in cohorts from
he general population. None of the identified studies reported
he development of a new dialysis specific prediction model for
troke. 

Supplementary data, Table S2 summarizes the predictor 
ariables used in each of the included models. 

rediction models for bleeding 

wo studies [25 , 32 ] developed new dialysis specific prediction
odels for bleeding. Madken et al . reported the development of

he BLEED-HD risk algorithm which was derived in the Dialysis
utcomes and Practice Patterns Study ( DOPPS) [33 ] cohort, us-
ng Cox proportional hazards regression. The model was subse-
uently validated in the Canadian Organ Replacement Registry.

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
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Figure 1: The Preferred Reporting Items for Systematic Review and Meta-Analysis ( PRISMA) flow-chart of studies included in the systematic review. 
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[

v

opp et al . [25 ] developed four models using machine learning 
echniques, without externally validating them. 

Regarding validation of existing bleeding prediction models,
ll the included studies validated in dialysis cohorts bleeding 
rediction algorithms that are used in the general population 
11 –13 , 34 , 35 ]. 

Supplementary data, Table S2 summarizes the predictor 
ariables used in each of the included models.

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
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Figure 2: Risk of bias across all included studies. 
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rediction models for ischemic stroke 

he discriminative ability of the CHADS2 and CHA2 DS2 -VASc 
cores that were assessed in three and five studies accordingly 
as in general poor. In all but one of the studies, the reported c- 
tatistics/AUROC ranged from 0.61 ( 95% CI 0.60–0.62) [27 ] to 0.68 
 95% CI 0.67–0.69) . Only Wang et al . [30 ] found excellent discrim- 
native ability for both models, with a c-statistic of 0.88 ( 95% 

I 0.80–0.96) for the CHADS2 score and 0.85 ( 95% CI 0.77–0.93) 
or the CHA2 DS2 -VASc. de Jong et al . assessed another 13 mod- 
ls that showed very poor performance ( Supplementary data,
able S1) . 

Calibration of the models was assessed only by de Jong et al .,
ho reported poor calibration of all the fifteen models ( including 
HADS2 and CHA2 DS2 -VASc) apart from the Framingham Heart 
tudy model [36 ]. 

rediction models for bleeding 

rediction models derived in dialysis cohorts. The BLEED-HD model 
32 ] showed poor discrimination in its developmental cohort 
ith c-statistic ranging from 0.66 to 0.69 over years 1 to 3, but 

t was well calibrated ( observed versus predicted risk difference 
 2%) . Similarly, the four machine learning models developed 
y Nopp et al . [25 ] had very poor discriminative ability, with c- 
tatistics ranging from 0.49 to 0.55. 

xternal validation of models in dialysis cohorts. The HAS-BLED 

core was the most frequently assessed bleeding risk score ( five 
tudies) with a discriminative ability ranging from 0.50 ( 95% CI 
.39–0.60) [30 ] to 0.76 ( 95% CI 0.69–0.83) [29 ]. 

The ATRIA and HEMORR( 2) AGES scores were assessed in 
hree studies with c-statistics from 0.55 ( 95% CI 0.48–0.62) to 0.58 
 95% CI 0.51–0.65) . The ORBIT, OBRI and mOBRI also showed very 
oor discriminative performance. 
Calibration of the bleeding risk scores was described as poor 

o moderate in the studies that reported calibration measures. 

ugmentation of included risk prediction models 

ugmentation data were available in two studies. Chao et al . [27 ] 
eported that the CHA2 DS2 -VASc score improved the NRI by 4.8% 

 95% CI 3.2%–6.6%) compared with the CHADS2 score ( P < .0001) ,
hile BLEED-HD score showed an improved NRI over HAS-BLED,
TRIA and HEMORR( 2) HAGES scores ( P < .0001) . 
isk of bias assessment 

verall, six of the included studies were at low or unclear risk
f bias, while two of them were at high risk of bias ( Fig. 2 ,
upplementary data, Fig. S1) . 

eta-analysis 

rediction models for ischemic stroke 

nly the CHA2 DS2 -VASc and CHADS2 scores were eligible for 
eta-analysis. Despite high heterogeneity, the CHA2 DS2 -VASc 
ad a statistically significant 95% PI. Although the prediction in- 
erval did not include 0.5, its discriminative performance was 
ar from optimal with a pooled c-statistic of 0.68 ( deemed ad- 
quate as per our definition) . The CHADS2 score had non- 
ignificant 95% PI and showed similar discriminative ability as 
he CHA2 DS2 -VASc score ( Fig. 3 ) . 

In our sensitivity analysis including only studies not at 
igh risk of bias, which was feasible only for the CHA2 DS2 - 
ASc score, the summary predictive ability remained adequate 
 c-statistic of 0.65) but the 95% PI was very large ( 0.02–1.28) 
 Supplementary data, Fig. S2a) . The 95% prediction interval in- 
icates a possible range for model performance in a new valida- 
ion. In this case, with values well below 0.5, there was insuffi-
ient evidence to suggest that the prediction model has statisti- 
ally significant discriminatory ability for stroke in the dialysis 
opulation. 

rediction models for bleeding 

hree bleeding risk scores were eligible for meta-analysis. None 
f the scores had a 95% PI that did not include 0.5, while
TRIA and HEMORR( 2) HAGES showed inadequate predictive per- 
ormance with no heterogeneity ( Fig. 4 ) . The predictive abil- 
ty of HAS-BLED was borderline adequate but in the sensitiv- 
ty analysis performed, including only studies not at high risk 
f bias, the summary c-statistic was 0.56 ( suggestive of inade- 
uate discriminative ability) and the 95% PI included 0.5 ( Fig. 4 ,
upplementary data, Fig. S2b) . 

ertainty of evidence 

he overall certainty level was downgraded to “moderate,” be- 
ause of inconsistent results given high heterogeneity in in- 
luded studies. This implied that further research is likely to 
ave an important impact on our confidence in the effect es- 
imate. 

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae347#supplementary-data
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Figure 3: Meta-analysis of c-statistics for: ( a) CHA2 DS2 -VASc score and ( b) CHADS2 score. 
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ISCUSSION 

his systematic review provides an overview of the studies that
eported the development or validation of predictive models for 
troke and bleeding in patients on dialysis. The predictive per-
ormance of the already existing predictive models that were not
eveloped to be specific for dialysis patients, was poor for both
he outcomes of stroke and bleeding. Only Wang et al . [30 ] found
xcellent discriminative ability for CHA2 DS2 -VASc and CHADS2 

cores but given the very small number of participants ( 141 
atients) and outcome events, this study was considered to be at
igh risk of bias as the reported results may be due to chance or
odel overfitting. None of the identified studies reported the de-
elopment of a new, dialysis-specific predictive model for stroke,
hile in the two studies that derived specific models for bleed-

ng, these did not achieve adequate performance levels. 
Patients with ESKD experience significantly elevated risks for

schemic stroke and major hemorrhage—3 to 10 times higher for
schemic stroke and up to 5 times higher for major bleeding—
ompared with the general population [37 –39 ]. However, the epi-
emiology of stroke seems to be different in dialysis patients
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Figure 4: Meta-analysis of c-statistics for: ( a) ATRIA score; ( b) HEMORR( 2) HAGES score and ( c) HAS-BLED score. 
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ompared with patients with less advanced CKD or the general 
opulation. A recent systematic review by Zamberg et al . high- 
ights the fact that the frequency of hemorrhagic stroke is higher 
n ESKD and approaches the frequency of ischemic stroke [40 ]. 

It is obvious that dialysis patients constitute a very specific 
opulation, with high prevalence of AF and risk for stroke and 
leeding. Thus, appropriate risk stratification is of major impor- 
ance for their management [41 ]. 

Two observational studies have shown that the risk of stroke 
ncreases with rising CHADS2 scores [33 , 42 ]. However, in our 
nalysis we showed that the stroke risk scores which are used 
n the general population to inform clinical decision making and 
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tandardize the use of oral anticoagulation ( OAC) may be inap- 
ropriate for use in ESKD. This could be explained by the very
igh prevalence of the classic cardiometabolic variables used in 
ost of the existing scores ( age, diabetes, hypertension, vascu- 

ar disease etc.) in the dialysis population. Consequently, the vast 
ajority of these patients would be classified as of very high risk
ccording to the existing models. Considering also that the inci-
ence of stroke seems to be lower in dialysis patients compared
ith no-dialysis patients with similar CHA2 DS2 -VASc scores, we 
ould say that CHA2 DS2 -VASc score overestimates stroke risk in 
he dialysis population patients [43 ]. 

The only way to tackle this problem and achieve appropriate
isk stratification is by the development of dialysis-specific risk 
cores. We presented in our analysis that two studies reported
leeding scores for patients with ESKD although none of them
ad acceptable performance when validated. Nevertheless, no 
ialysis specific multivariable model for stroke has been pub- 
ished to date. Only De Vriese and Heine have proposed an al-
orithm to predict the net benefit from OAC. The “Dialysis Risk
core” is based on the CHA2 DS2 -VASc score and is calculated by
onsidering a history of ischemic stroke/transient ischemic at- 
ack ( 3 points) , age > 75 years ( 1 point) a history of diabetes ( 1
oint) , and a history of clinically relevant gastrointestinal bleed- 
ng ( –1 point) . According to the authors, applying a threshold 
f ≥2 points, only 44% of Valkyrie trial participants had an in-
ication for OAC [44 ]. This score was not included in our re-
iew as the formal analysis behind its development was not
ublished. 
So far, AF is conventionally considered as a binary entity

 present or absent) and its existence constitutes a risk factor 
or stroke. However, due to the high heterogeneity within the
F population, recent studies suggest that the AF burden, which
efers to the time spent in AF, may play a more important role
hen it comes to risk stratification [45 ]. 
In a retrospective study of 21 768 nonanticoagulated pa- 

ients with Cardiac Implantable Electronic Devices ( CIED) , Ka- 
lan et al . examined the utility of AF burden in the determi-
ation of stroke risk [46 ]. They found that stroke risk crossed
n actionable threshold, defined as > 1%/year in patients with
 CHA2 DS2 -VASc score of 2 with > 23.5 h of daily AF duration
nd those with a CHA2 DS2 -VASc score of 3 to 4 with > 6 min of
F duration. In another study, Boriani et al . also concluded that
he addition of burden increased the ability of CHA2 DS2 -VASc 
core to discriminate risk for thromboembolism [47 ]. It would
e very plausible to think that the interaction between clini-
al risk factors and AF burden which would be translated to
 CHA2 DS2 -VASc-AFBurden score may inform stroke risk [48 ].
uch a score might be of particular interest for the appropri-
te prediction of stroke in the dialysis patients that have high
HA2 DS2 -VASc scores. 
It is true that the relationship between cardiac structural 

hanges, atrial remodeling, thrombogenesis vascular risk 
actors and proarrhythmic milieu in ESKD is very complex.
lso, the volume overload, fluid and electrolytes shift, and 
rastic hemodynamic changes create a very specific disease 
nvironment. Thus, factors that specifically pertain to dialysis 
opulation like volume status, electrolyte changes and dialysis 
rescription would be very important variables in the develop- 
ent of new dialysis specific risk scores for the prediction of
troke. 

Uremic platelet dysfunction, malnutrition, anemia and en- 
othelial dysfunction all contribute to the high hemorrhagic 
iatheses of dialysis patients. In our analysis we found that the
ommonly used bleeding risk scores had very poor performance 
hen tested in dialysis patients. Interestingly, neither of the two
tudies that developed bleeding scores specifically for this pop-
lation succeeded. 
The strengths of this analysis are a comprehensive search

trategy, a thorough analytical approach and an exclusive fo-
us on the dialysis population. However, we acknowledge limita-
ions in our study. We did not investigate between study hetero-
eneity applying meta-regression or subgroup meta-analysis.
lso, almost half of the included studies were at high or unclear
isk of bias, although this is very common in predictive research.
eta-analysis of model calibration performance was not pos-
ible given the lack of reporting of such data. Finally, patients
ith and without oral anticoagulation were analyzed together

n some cohorts. 
The lack of a specific tool for stroke and bleeding risk in

SKD makes risk stratification impossible. The result is conflict-
ng guidelines that breed variable clinical practice patterns, as
llustrated by the Dialysis Outcomes and Practice Patterns Study
ata, published by Wizemann et al . [42 ]. The consequence is
hat many patients who will not benefit from OAC receive them,
hereas others who might, do not. Given that the side effects of
AC are potentially fatal, such imprecision in decision-making
hould not be acceptable. 

Accordingly, developing and validating new predictive tools 
or stroke and bleeding that are specific for the dialysis popula-
ion must be a high priority. 
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