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ABSTRACT 

Background. In recent years, a number of predictive models have appeared to predict the risk of medium-term mortality 
in hemodialysis patients, but only one, limited to patients aged over 70 years, has undergone sufficiently powerful 
external validation. Recently, using a national learning database and an innovative approach based on Bayesian 

networks and 14 carefully selected predictors, we have developed a clinical prediction tool to predict all-cause mortality 
at 2 years in all incident hemodialysis patients. In order to generalize the results of this tool and propose its use in 

routine clinical practice, we carried out an external validation using an independent external validation database. 
Methods. A regional, multicenter, observational, retrospective cohort study was conducted to externally validate the tool 
for predicting 2-year all-cause mortality in incident and prevalent hemodialysis patients. This study recruited a total of 
142 incident and 697 prevalent adult hemodialysis patients followed up in one of the eight Association pour l’Utilisation 

du Rein Artificiel dans la région Lyonnaise ( AURAL) Alsace dialysis centers. 
Results. In incident patients, the 2-year all-cause mortality prediction tool had an area under the receiver curve 
( AUC-ROC) of 0.73, an accuracy of 65%, a sensitivity of 71% and a specificity of 63%. In prevalent patients, the 
performance for the external validation were similar in terms of AUC-ROC, accuracy and specificity, but was lower in 

term of sensitivity. 
Conclusion. The tool for predicting all-cause mortality at 2 years, developed using a Bayesian network and 14 routinely 
available explanatory variables, obtained satisfactory external validation in incident patients, but sensitivity was 
insufficient in prevalent patients. 
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GRAPHICAL ABSTRACT 

Keywords: Bayesian network, external validation, hemodialysis, mortality, prediction tool 

KEY LEARNING POINTS 

What was known: 

• The annual mortality rate remains very high in hemodialysis patients, at 16.5% in France in 2021.
• Of the tools available to predict medium-term mortality, only one has been externally validated, but its application remains 

limited to hemodialysis patients over 70 years of age. A reliable, validated tool for predicting medium-term mortality in all 
hemodialysis patients is therefore needed.

This study adds: 

• Recently, a clinical prediction tool has been developed using a Bayesian network derived from artificial intelligence ( AI) to 
predict 2-year all-cause mortality in hemodialysis patients.

• This study provides an external validation of this predictive tool in order to generalize its use in routine clinical practice.

Potential impact: 

• To help practitioners in proposing the most appropriate clinical decision for the management of patients who will undergo 
hemodialysis.

• To highlight the application of AI to improve the prevention and management of incident hemodialysis patients.
• To demonstrate the importance of using predictive tools to enhance personalized medicine and to enable individual patient 

care.
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NTRODUCTION 

hronic kidney disease ( CKD) is a global health burden, af- 
ecting over 10% of the world’s population [1 , 2 ]. Progression 
f the disease to end-stage leads to the need for supportive 
reatment by dialysis or kidney transplantation. The number of 
ialysis patients worldwide exceeds 2 million, including more 
han 51 000 dialysis patients in France according to the latest 
EIN register in 2020 [3 –6 ]. This number is constantly rising,
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otably due to the ageing of the population and improvements
n dialysis techniques. However, despite the many advances in 
emodialysis techniques and the decrease in the rate of ini-
iation of emergency hemodialysis, the survival of hemodialy- 
is patients has improved only slightly, and their annual mor-
ality rate remains very high, approaching 16.5% in France in
021 [7 ]. This mortality rate is between 10 times higher, for pa-
ients over 60 years old, and 40 times higher, for patients over
0 years old, than that of the general population [8 ]. This rate is
ll the more alarming as it is higher than that of other chronic
iseases, making renal failure the 10th leading cause of death
orldwide [9 ]. 
Several tools for predicting 1-year or more mortality in 

emodialysis patients have been developed [10 –19 ]. Only one
tudy has benefited from external validation [13 ]. While its per-
ormance is satisfactory in incident hemodialysis patients, its 
pplication remains limited to hemodialysis patients over 70 
ears of age. Furthermore, the mortality prediction tool can- 
ot calculate a risk score if only 1 of the 14 predictors is miss-
ng, as is often the case in clinical practice. Recently, we have
arefully developed a tool to predict 2-year all-cause mortal- 
ty in hemodialysis patients [17]. This model, which was built
sing a Bayesian network, allows the simultaneous consider- 
tion of numerous explanatory variables, as well as the man-
gement of potentially dependent variables. Furthermore, the 
election of the variables most related to the outcome is re-
ated to variance reduction without any a priori hypothesis. The
ain advantages of the prediction tool we are proposing are

ts development on a large, representative population and the 
election of 14 predictors not only of cardiovascular ( CV) , but 
lso of renal interest. In addition, the use of a model derived
rom artificial intelligence ( AI) makes our prediction tool capable 
f handling missing data using Bayesian imputation. Although 
ur prediction tool achieved satisfactory internal validation per- 
ormance, it requires external validation before its generaliza- 
ion and use in clinical routine. Thus, the primary objective of
his study was to perform an external validation of our pre-
iction model using an external multicenter database of inci- 
ent hemodialysis patients. Knowing the risk of mortality at 2
ears from initiation of hemodialysis should make it possible 
o set up personalized management, facilitate shared decision- 
aking between patient, relatives and clinician, and answer the 
uestion “Should hemodialysis be started?” The secondary ob- 
ective was to perform an external validation using data from
revalent patients in order to extend its use to all hemodialysis
atients. 

ATERIALS AND METHODS 

atabase 

 regional, multicenter, retrospective database was created to 
xternally validate the tool for predicting all-cause mortality 
t 2 years in incident and prevalent hemodialysis patients.
he inclusion and exclusion criteria chosen to create the val-
dation database were identical to those used for the Photo-
raph v3 learning database. The external validation database in- 
luded data from all adult ( ≥18 years) hemodialysis patients in- 
ident or prevalent in 2016 in one of the eight Association pour
’Utilisation du Rein Artificiel dans la région Ly onnaise ( AURAL) 
lsace dialysis centers ( Saverne, Haguenau, Strasbourg-Bergson,
aint-Anne, Strasbourg-Molière, Colmar, Mulhouse and Saint- 
ouis) and whose vital status at 2 years was known. Patients
n hemodialysis, previously on peritoneal dialysis or returning 
rom kidney transplantation, and persons protected by French
aw mentioned in articles L.1121-5 to L.1121-8 ( pregnant women,
inor patients, persons deprived of their liberty by a judicial or
dministrative decision and adults subject to a legal protection
easure or unable to express their consent) were excluded from

he study. 

ample size and missing data 

urrently, there is no reliable and validated statistical method
or calculating the number of subjects required to externally
alidate a clinical prediction tool developed using a Bayesian
odel. As the largest number of data is recommended in statis-

ics, an exhaustive inclusion of all AURAL Alsace hemodialysis
atients over 1 year was carried out. Missing data were managed
y Bayesian imputation. 

rediction model 

he development of the 2-year all-cause mortality prediction
ool in incident hemodialysis patients has already been pub-
ished [17 ]. In brief, the clinical prediction tool was developed us-
ng the Bayesian network, a model derived from AI. This model,
hich mimics the thinking of a clinician, is based on the condi-
ional probability rule of Bayes’ theorem. This model offers many
dvantages. It allows the treatment of collinear data and the
anagement of potentially dependent variables as well as the
onsideration of many explanatory variables simultaneously,
hatever the weight of their effect on the variable to be ex-
lained. It takes into account both the a priori knowledge of the
xperts and the experience contained in the data to model the
nowledge on the subject in order to be able to reproduce the
easoning on new queries. The Bayesian network also allows for
he management of missing data, which is very frequent in the
edical domain. 
The clinical prediction model was developed from 35 vari-

bles to cover a large panel of characteristics describing the de-
ographic, biological and therapeutic data of nephrological in-

erest. This prediction model was optimized, first, by increasing
he number of data by creating synthetic data in order to in-
rease the ratio of dead to alive patients, and second, by limiting
he predictors to the 14 most informative variables selected ac-
ording to their variance reduction. This optimization achieved
 balance between ease of use and reliability for routine clinical
se. 
The 2-year mortality prediction tool for hemodialysis pa-

ients was developed using Netica® version 6.09 software. 

redictors and primary outcomes 

ll predictors and the outcome of this external validation were
efined and collected in the same terms and under the same
onditions as when the prediction model was created. The 14
redictors used in the clinical prediction tool were: age, C-
eactive protein ( CRP) , serum albumin, vascular access, pre- 
ialysis serum creatinine, dialysis modality, body mass index
 BMI) , parathyroid hormone ( PTH) level, diastolic blood pressure,
erum hemoglobin, systolic blood pressure, vitamin K antago-
ists ( VKA) use, CV history and antihypertensive therapy use.
lood pressure was defined as the average of three measure-
ents in the sitting or supine position after a few minutes of rest
ccording to international recommendations. Vital status ( alive 
r dead) were collected at 2 years of follow-up. 
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Screened patients
N = 975

Included patients
in this analysis

N = 761

Excluded patients (N = 214)
• Patients transplanted before inclusion (N = 92)
• Patients transplanted during 2-year follow-up (N = 66)
• Patients having undergone peritoneal dialysis
  prior to inclusion (N = 56)

Prevalent
hemodialysis patients

N = 697

Incident
hemodialysis patients

N = 142

N = 633 N = 64 N = 78N = 633 N = 78N = 64

Figure 1: Flowchart of validation population. 

S

T
i
c
t
w
w

v
o
c
d
t
t
P

p
e
c
F
d
o
r
i
i
a
a
d
5
S
p
c
t

F
t
(
m
p  

i  

s
a

u

R

S

A
l  

s
c
s
y
t
t
h
F

p  

m
m
h
t
r

tatistical analysis 

he validation database was described in terms of median and 
nterquartile range ( IQR) for all quantitative variables and per- 
entages for categorical variables as well as for discretized quan- 
itative variables. The statistical software used for data analysis 
as MedCalc®. Statistical Software version 20.114 ( MedCalc Soft- 
are bvba, Ostend, Belgium) . 
The median ( IQR) and distribution of the training database 

ariables were compared with the median ( IQR) and distribution 
f the validation database variables. Quantitative variables were 
ompared using the Mann–Whitney test because none of the 
istributions followed a normal distribution. Discretized quan- 
itative variables and categorical variables were compared using 
he Chi-squared test. A difference was considered significant if 
 < .05. 

The performance of the external validation of the clinical 
rediction tool for 2-year mortality of hemodialysis patients was 
valuated using area under the curve of the receiver operating 
haracteristics ( AUC-ROC) , sensitivity, specificity, accuracy and 
1-Score. Sensitivity represents the percentage of patients pre- 
icted to have died out of all patients who died ( i.e. true positives 
ut of the sum of true positives and false negatives) . Specificity 
epresents the percentage of living patients in relation to all liv- 
ng patients ( i.e. true negatives in relation to the sum of true pos- 
tives and false negatives) . The ROC curve represents sensitivity 
s a function of 1 – specificity. It is used to assess a model’s over- 
ll performance. It is equal to 100% for a perfect model ( perfectly 
iscriminating between positive and negative individuals) and 
0% for a non-informative model ( corresponding to hazard) . F1- 
core assesses the ability of a classification model to effectively 
redict positive individuals, by making a trade-off between pre- 
ision and recall, themselves based on the rates of true posi- 
ives, false positives and false negatives. The idea behind the 
y
1-Score is to ensure that a classifier makes good predictions of 
he relevant class ( good precision) in sufficiently large numbers 
 good recall) on a target dataset. Like precision and recall, the F- 
easure ranges from 0 ( the worst possible value) to 1 ( the best 
ossible value) . Accuracy represents the precision of the model,
.e. the percentage of correctly classified individuals. AUC-ROC,
ensitivity, specificity, F1-Score and precision can be expressed 
s percentages. 

The external validation presented herein was also carried out 
sing Netica® software version 6.09. 

ESULTS 

tudy population 

 total of 975 hemodialysis incident patients in 2016 or preva- 
ent in 2016 in one of the eight dialysis centers of AURAL Al-
ace ( France) were selected. Of these 975 patients, 214 were ex- 
luded for various reasons ( patients transplanted before inclu- 
ion or during the 2-year follow-up, patients who started dial- 
sis by peritoneal dialysis) . The study therefore included a to- 
al of 761 patients for external validation of the 2-year mor- 
ality prediction tool, including 142 incident and 697 prevalent 
emodialysis patients. The complete flow chart is detailed in 
ig. 1 . 

The main characteristics of the 142 incident hemodialysis 
atients were: 62.7% male, median age 72.9 years ( IQR 63.7–79.5) ,
edian systolic and diastolic blood pressures 141 ( IQR 128–162) 
mHg and 65 ( IQR 54–76) mmHg, respectively, and 55.6% had a 
istory of CV disease. The vast majority were dialyzed in a cen- 
er ( 97.9%) using a fistula ( 63.8%) . The 2-year all-cause mortality 
eached 23.9% ( N = 34) . 

The main characteristics of the 697 prevalent hemodial- 
sis patients were: 59.5% male, median age 69.5 years 
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Table 1: Characteristics of the learning population and the external validation population. 

External validation ( incident) External validation ( prevalent) 

Median IQR % Median IQR % 

2-year all-cause mortality 23.9 23.1 
Male sex ( %) 62.7 59.5 
Age ( years) 72.9 63.7–79.5 69.5 58.7–76.3 
BMI ( kg/m2 ) 26.7 23.5–30.6 27.6 23.7–31.9 
SBP ( mmHg) 141 128–162 137 120–153 
DBP ( mmHg) 65 54–76 61 51–73 
CV history ( %) 55.6 65.0 
Predialysis serum creatinine ( μmol/L) 471 390–613 588 467–720 
Hemoglobin ( g/dL) 10.6 9.0–11.6 11.2 10.5–12.0 
Serum albumin ( g/L) 36.0 33.0–40.0 38.3 35.0–41.0 
CRP ( mg/L) 7.0 2.0–24.6 5.0 2.0–12.2 
PTH ( ng/L) 40 20–72 38 21–61 
Vascular access 

AV fistula 63.8 90.0 
AV graft 0.7 1.7 
Catheter 35.5 8.3 
Other 0 0 

Dialysis facility 
In-center hemodialysis 97.9 97.7 
In-center self-care hemodialysis 2.1 2.3 

Antihypertensive drug use 82.4 71.3 
VKA use 26.8 28.3 

a P -value: external ( incident or prevalent) validation vs learning database. 

DBP, diastolic blood pressure; SBP, systolic blood pressure; HD, hemodialysis. 
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Table 2: Prediction performance in external validation of the tool in 
incident hemodialysis patients. 

Parameters used to evaluate the performance Value 

AUC-ROC 0.73 
Accuracy ( %) 64.8 
Sensitivity ( %) 70.6 
Specificity ( %) 63.0 
F1-Score 0.49 

Table 3: Prediction performance in external validation of the tool in 
prevalent hemodialysis patients. 

Parameters used to evaluate the performance Value 

AUC-ROC 0.69 
Accuracy ( %) 71.2 
Sensitivity ( %) 41.6 
Specificity ( %) 80.0 
F1-Score 0.40 

D

W  

c
[  

d  

s  

F  

a  
 IQR 58.7–76.3) , median systolic and diastolic pressures were 137 
 IQR 120–153) mmHg and 61 ( IQR 51–73) mmHg, respectively, and 
5.0% had a history of CV disease. The majority of the preva-
ent population was, unsurprisingly, on central dialysis with a 
stula. The 2-year all-cause mortality reached 23.1% ( N = 161) 
 Table 1 ) . 

Comparison of patient characteristics between the learning 
atabase and the external validation database of incident pa- 
ients and the validation database of prevalent patients was per-
ormed ( Supplementary data, Table S1) . 

The average percentage of missing data in the incident pa-
ient database was 4.8%, ranging from 0% for age, CV history,
ialysis modality or treatments ( antihypertensive drugs, and 
KA) to 50.7% for PTH. 
The average percentage of missing data in the prevalent pa-

ient database was 1.7%, ranging from 0% for age, BMI, CV his-
ory, dialysis modality or treatments ( antihypertensive drugs,
nd VKA) to 17.9% for PTH. 

erformance of the external validation in incident 
emodialysis patients 

he performance of the 2-year all-cause mortality prediction 
ool was: AUC-ROC 0.73, accuracy 64.8%, sensitivity 70.6%, speci- 
city 63.0% and F1-Score 0.49 ( Table 2 ) . 

erformance of the external validation in prevalent 
emodialysis patients 

he performance of the 2-year all-cause mortality prediction 
ool was: AUC-ROC 0.69, accuracy 71.2%, sensitivity 41.6%, speci- 
city 80.0% and F1-Score 0.40 ( Table 3 ) . 
ISCUSSION 

e developed a 2-year all-cause mortality prediction tool in in-
ident hemodialysis patients using a machine-learning model 
17 ]. The current study presents the external validation using
ata from a multicenter regional cohort of incident hemodialy-
is patients had satisfactory performance in terms of AUC-ROC,
1-Score, sensitivity and specificity. This tool, developed with
 machine learning model, has the advantage of being able to

https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae095#supplementary-data
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imultaneously consider a large panel of explanatory variables 
f varied origin, which may be collinear with each other. The sat- 
sfactory performance of the external validation of the 2-year 
ortality prediction tool can be supported by the rigorous se- 

ection of predictors from the large panel of potential predictors 
17 ], making it well suited to this specific, high-risk population.
n addition to classical CV predictors ( BMI, blood pressure, age,
ex, CV history) , our prediction tool also uses kidney-related pre- 
ictors ( vascular access, dialysis facility, PTH, serum albumin,
emoglobin, predialysis plasma creatinine, CRP) and of thera- 
eutics interest ( VKA, antihypertensive drugs) . In cohort studies,
he association between variables does not imply a causal rela- 
ionship. For instance, in the present study, VKA prescription is 
ssociated with a higher CV risk and a higher mortality rate. The 
uality of the validation database may also explain the satisfac- 
ory performance of the prediction tool. The validation cohort 
hat is regional and multicenter is an integral part of the national 
EIN registry. Data were collected and extracted by qualified clin- 
cal research assistants, and data verification was carried out for 
atients with questionable data. The final database was of very 
igh quality, with a very low percentage of missing easily pro- 
essed using Bayesian imputation. In order to be as exhaustive 
nd representative as possible, we chose to include 1-year in- 
ident hemodialysis patients. To avoid the excess mortality re- 
ated to the COVID-19 pandemic, the year 2016 was selected. The 
umber of patients lost to follow-up has been reduced to zero.
ue to the chronicity of hemodialysis, registers are of high level 
f confidence. Few patients changed of centers but remained on 
ialysis in an AURAL center, and very few changed region. For 
he latter 10 patients, a national register of deceased persons 
as consulted. The prediction tool was created using a national 
atabase and the last information was collected in April 2014.
hus, the data did not overlap between the training and the val- 
dation database over the data collection periods. The satisfac- 
ory performance of the external validation process, which used 
ata from incident hemodialysis patients from the AURAL Al- 
ace association center, which predominantly cares for a lower 
isk population, means that the tool can be used in this pop- 
lation, and supports its generalization. One of the main ad- 
antages of this tool for predicting 2-year mortality in incident 
emodialysis patients relies on its simplicity of use without any 
ompromise on its performance. Indeed, the prediction tool uses 
 reduced number of predictors that are easily obtainable in in- 
ident hemodialysis patients. Furthermore, the tool has the ad- 
antage of being able to handle missing data ( implemented us- 
ng Bayesian inference) which are frequent in clinical practice.
inally, its online availability facilitates its use. Some more com- 
lex models have better predictive performance, but their com- 
lexity reduces their acceptance in clinical practice [20 ]. 
The performance of the prediction model was also evalu- 

ted on data from prevalent hemodialysis patients from the 
ame centers, to determine whether the use of the prediction 
ool could be extended to all hemodialysis patients. The per- 
ormance obtained was satisfactory in terms of AUC-ROC and 
pecificity, but unfortunately showed a lack of sensitivity. Our 
rediction tool can only predict 41.6% of patients who died at 2 
ears. On the other hand, the specificity of 80%, which reflects 
he test’s ability to assess survival, is highly satisfactory. This 
esult is consistent since the prediction tool was trained on a 
atabase of incident hemodialysis patients. 
Our study has also some limitations. First, we were unable to 

ead-to-head compare the performance of our predictive tool 
ith previously developed models, due to the use of variables 

or which we have no data, or different outcomes or duration of 
ollow-up [10 –13 , 15 –37 ]. The performance of the previously de- 
eloped and validated model in hemodialysis patients [13 ] had 
imilar AUC-ROC ( 0.73–0.75) . However, the authors do not report 
ccuracy, sensitivity, specificity and F1-Score, making indirect 
heoretical comparison impossible. Secondly, development on 
 national database and validation on a regional database can 
lso be seen as a limitation in terms of generalizing the valida- 
ion. The model needs to be validated with different populations.
onsequently, international external validations are being con- 
idered. The exclusion from the prediction tool of patients who 
re planning a renal transplant within 2 years of starting dial- 
sis may also be regarded as a limitation but this was needed 
s the access to kidney transplantation differs from one country 
o another. In addition, transplant patients generally represent 
 younger population with fewer comorbidities, which may lead 
o the selection of a healthier cohort [12 ] and may reduce the
elevance of the tool in clinical practice. 

In the short term, our clinical prediction tool, available on- 
ine and operating satisfactorily, could be used by healthcare 
rofessionals. Knowing the 2-year mortality risk from initiation 
f hemodialysis should help individualize patient management 
nd improve the quality of the decision shared between patients 
nd healthcare professionals, thus providing objective help in 
nswering the question: is it in the patient’s best interest to start 
emodialysis? 
Thanks to AI, our model has self-learning capabilities that 

nable it to adapt continuously to the acquisition of new data 
nd continually increase its predictive capacities [38 ]. In the 
edium term, the merging of the learning base and the valida- 

ion base will enable the model’s knowledge to be enriched not 
nly with data from incident patients, but also with data from 

revalent hemodialysis patients, enabling it to be used for all in- 
ident and prevalent hemodialysis patients. 

In the long term, only a randomized clinical trial, aimed at 
etermining whether knowledge of 2-year mortality in incident 
emodialysis patients would improve quality of life and/or re- 
uce mortality, would reveal the usefulness of our tool in clin- 
cal practice. However, this type of study is very difficult to im- 
lement. 

ONCLUSION 

n conclusion, the 2-year all-cause mortality prediction tool in 
ncident hemodialysis patients, developed using a Bayesian net- 
ork and 14 routinely available explanatory variables, achieved 
atisfactory external validation in terms of AUC-ROC, F1-Score,
ensitivity and specificity. Knowing the risk of mortality at 
 years from initiation of hemodialysis should help individ- 
alize patient management and improve the quality of the 
ecision shared between patients and healthcare profession- 
ls. The website address to calculate the individual probabil- 
ty ( and standard deviation) of the 2-year mortality in inci- 
ent hemodialysis patients is: https://www.hed.cc/?s=Fauvel&t=
-years%20All-cause%20Mortality%20Hemodialysis. 

UPPLEMENTARY DATA 

upplementary data are available at Clinical Kidney Journal online .
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his research did not receive external funding. 

https://www.hed.cc/?s\begingroup \count@ "003D\relax \relax \uccode `\unhbox \voidb@x \bgroup \let \unhbox \voidb@x \setbox \@tempboxa \hbox {\count@ \global \mathchardef \accent@spacefactor \spacefactor }\accent 126 \count@ \egroup \spacefactor \accent@spacefactor \uppercase {\gdef {{\char "7E}}}\endgroup \setbox \thr@@ \hbox {}\@tempdima \wd \thr@@ \advance \@tempdima \ht \thr@@ \advance \@tempdima \dp \thr@@ Fauvel&t\begingroup \count@ "003D\relax \relax \uccode `\unhbox \voidb@x \bgroup \let \unhbox \voidb@x \setbox \@tempboxa \hbox {\count@ \global \mathchardef \accent@spacefactor \spacefactor }\accent 126 \count@ \egroup \spacefactor \accent@spacefactor \uppercase {\gdef {{\char "7E}}}\endgroup \setbox \thr@@ \hbox {}\@tempdima \wd \thr@@ \advance \@tempdima \ht \thr@@ \advance \@tempdima \dp \thr@@ 2-years\begingroup \count@ "0025\relax \relax \uccode `\unhbox \voidb@x \bgroup \let \unhbox \voidb@x \setbox \@tempboxa \hbox {\count@ \global \mathchardef \accent@spacefactor \spacefactor }\accent 126 \count@ \egroup \spacefactor \accent@spacefactor \uppercase {\gdef {{\char "7E}}}\endgroup \setbox \thr@@ \hbox {}\@tempdima \wd \thr@@ \advance \@tempdima \ht \thr@@ \advance \@tempdima \dp \thr@@ 20All-cause\begingroup \count@ "0025\relax \relax \uccode `\unhbox \voidb@x \bgroup \let \unhbox \voidb@x \setbox \@tempboxa \hbox {\count@ \global \mathchardef \accent@spacefactor \spacefactor }\accent 126 \count@ \egroup \spacefactor \accent@spacefactor \uppercase {\gdef {{\char "7E}}}\endgroup \setbox \thr@@ \hbox {}\@tempdima \wd \thr@@ \advance \@tempdima \ht \thr@@ \advance \@tempdima \dp \thr@@ 20Mortality\begingroup \count@ "0025\relax \relax \uccode `\unhbox \voidb@x \bgroup \let \unhbox \voidb@x \setbox \@tempboxa \hbox {\count@ \global \mathchardef \accent@spacefactor \spacefactor }\accent 126 \count@ \egroup \spacefactor \accent@spacefactor \uppercase {\gdef {{\char "7E}}}\endgroup \setbox \thr@@ \hbox {}\@tempdima \wd \thr@@ \advance \@tempdima \ht \thr@@ \advance \@tempdima \dp \thr@@ 20Hemodialysis
https://academic.oup.com/ckj/article-lookup/doi/10.1093/ckj/sfae095#supplementary-data
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