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Arteriovenous (AV) access is important to support long-term hemodialysis; however, a significant
proportion fail due to inadequate maturation or other complications. Tools that can predict long-term
AV access success may guide clinical decision-making but remain limited. We developed machine
learning (ML) algorithms that predict 1-year successful clinical use of an AV access using pre-operative
data. The Vascular Quality Initiative (VQI) was used to identify patients who underwent surgical AV
fistula/graft creation between 2011-2024. We identified 111 pre-operative demographic, clinical, and
anatomic features. Six ML models were trained with 10-fold cross-validation. Overall, 59,674 patients
underwent AV access creation and 28,304 (47.4%) had 1-year successful clinical use of their index AV
access. The best prediction model was XGBoost, achieving an AUROC of 0.90. In comparison, logistic
regression had an AUROC of 0.70. The XGBoost model accurately predicted 1-year successful clinical
use of an AV access for hemodialysis, performing better than logistic regression.

Arteriovenous (AV) access in the form of an AV fistula or graft is important
for long-term hemodialysis in patients with kidney failure requiring kidney
replacement therapy'. In the United States, more than 800,000 individuals
are on kidney replacement therapy”. Globally, the most common form of
kidney replacement therapy is dialysis, and approximately 90% of patients
who undergo dialysis are treated with hemodialysis’. Surgical AV access is
preferred over central venous catheters (CVC) for long-term hemodialysis
as it reduces the risk of infectious, thrombotic, and other complications
related to a foreign body exposing the circulatory system to the
environment’. However, up to 60% of AV accesses may not be usable for
dialysis due to insufficient maturation or other complications’. Further-
more, the 2-year cumulative patency for AV accesses is less than 70%.

Maturation and cumulative patency rates are strongly associated with
clinical decisions regarding AV access planning, including the choices of
inflow artery, outflow vein, and fistula vs. graft, among others™. Further-
more, it can take weeks to months to determine whether an AV access has
matured sufficiently for hemodialysis’. In the event of an unsuccessful AV
access creation procedure, whereby the access cannot be used for hemo-
dialysis, the patient generally requires a temporary CVC, additional access
planning, and re-intervention and/or creation of a new AV access. This may
lead to significant patient burden, clinical risks, and costs*’. Therefore,
accurate prediction of the long-term outcomes of an AV access may support
better access planning, monitoring, and patient counselling to facilitate
personalized care and potentially improve access outcomes.
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Currently, there are no widely used tools to support the prediction of
the successful clinical use of a planned AV access for long-term hemodialysis
using pre-operative data. For example, Heindel et al.'’ and Robbin et al."'
both used up to 6-week post-operative ultrasound measurements as input
features for their models to predict AV fistula maturation and/or success
rates'*"". Although there are good prospective data to show that post-
operative ultrasound measurements can help predict AV access readiness
for use, previous work has not been able to identify strong correlations
between pre-operative variables and AV access outcomes, potentially due to
smaller sample sizes and restrictive clinical cohorts'*'. These limitations
could be addressed with the use of clinical registry data, such as the Vascular
Quality Initiative (VQI)"”. A pre-operative prediction model may help guide
decision-making regarding the index AV access creation procedure (e.g.,
choices of inflow artery, outflow vein, and/or fistula vs. graft) and com-
plement the use of existing post-operative ultrasound predictions for AV
access maturation and readiness for use, supporting improved AV access
creation and management. Elsewhere, the Society for Vascular Surgery
(SVS) Cardiac Risk Index (CRI) predicts outcomes following aortic, carotid,
and peripheral arterial interventions, but not AV access creation
procedures'. Other tools such as the National Surgical Quality Improve-
ment Program (NSQIP) online surgical risk calculator use modelling
techniques that require manual input of clinical variables, which deters
routine use in busy medical settings'*. Therefore, there is an important need
to develop better and more practical outcome prediction tools for patients
being considered for AV access creation.

Machine learning (ML) is a rapidly advancing technology that allows
computers to learn from data and make accurate predictions". Using
advanced analytics, ML can model complex relationships between inputs
(e.g., patient characteristics) and outputs (e.g., clinical outcomes)". This
field has been driven by the explosion of electronic information combined
with increasing computational capabilities'”. The advantage of newer ML
techniques over traditional statistical methods is that they can better model
complex, multicollinear relationships between covariates and outcomes',
which is common in health care data". Previously, ML was applied to the
NSQIP database to develop an algorithm that predicts peri-operative out-
comes for over 2,900 distinct procedures'®. Given the heterogeneity of this
cohort, better predictive performance may be achieved by building ML
algorithms specific to patients undergoing AV access creation using the VQI
database, a dedicated vascular registry containing procedure-specific
variables'”. We previously described ML algorithms trained on VQI data
for predicting outcomes following aortic, carotid, and peripheral arterial
interventions, which achieved better performance compared to traditional
statistical techniques such logistic regression and existing tools™". The
development of a ML-based prediction algorithm for AV access outcomes
may complement these existing models and expand clinical guidance for the
management of patients with end stage kidney disease (ESKD). In this study,
we used VQI data to develop ML algorithms that predict 1-year outcomes
following AV access creation using pre-operative data. Secondarily, we
performed sensitivity analyses by training additional models using intra-
and post-operative variables to determine their relative impact on model
performance compared to using pre-operative data alone. We hypothesized
that our ML models could achieve good predictive performance using only
pre-operative data and achieve better performance than traditional statis-
tical techniques such as logistic regression.

Results

Patients, events, and follow-up

From an initial cohort of 60,975 patients who underwent AV access creation
for hemodialysis in the VQI database between August 1,2011 and January 2,
2024, a total of 1,301 patients were excluded for the following reasons: no
reported access type of fistula or graft (n = 123), inflow artery (n = 762), or
outflow vein (n = 367), or the patient underwent endovascular AV fistula
creation (n=49). The final analysis included 59,674 patients who under-
went AV access creation, including 45,571 (76.4%) fistulae and 14,101
(23.6%) grafts. Most AV accesses were created in the upper arm at or above

the elbow (n = 29,256, 49.0%), followed by the forearm below the elbow
(n=27,852, 46.7%), lower extremity (n = 1,020, 1.7%), or other anatomic
location (n = 1,546, 2.6%). Overall, 28,304 (47.4%) had 1-year successful
clinical use of the AV access for hemodialysis. For secondary outcomes, AV
access thrombosis occurred in 3,553 (6.0%) patients and AV access re-
interventions occurred in 9,684 (16.2%) patients over 1 year of follow-up.
For re-interventions, 7429 (12.4%) patients had surgical re-interventions,
and 4389 (7.4%) patients had endovascular re-interventions. Mean follow-
up was 15.7 (SD 1.9) months.

Pre-operative characteristics

Compared to patients without a primary outcome, those who had 1-year
successful clinical use of the AV access for hemodialysis were younger
(mean age 61.2 [SD 14.7] vs. 62.6 [SD 14.6] years, p < 0.001), less likely to be
female (41.9% vs. 45.4%, p < 0.001), had a lower BMI, and were more likely
to be Asian, Black, or Hispanic. They were also more likely to receive
Medicaid and have their AV access created in an ambulatory center rather
than a hospital and less likely to be transferred from another hospital or from
a rehabilitation unit to the center of intervention. Patients who had 1-year
successful clinical use of the AV access were less likely to be prior or current
smokers or have diabetes, coronary artery disease (CAD), congestive heart
failure (CHF), dysrhythmia, chronic obstructive pulmonary disease
(COPD), and an American Society of Anesthesiologists (ASA) class > 4.
They were also more likely to have chronic kidney disease (CKD) stage 5 and
be on hemodialysis rather than at the pre-dialysis stage. Functionally,
patients with 1-year successful clinical use of the AV access were more likely
to live at home and ambulate independently. For laboratory investigations,
they had a higher mean creatinine and lower estimated glomerular filtration
rate (eGFR). In terms of medications, they were less likely to be on acet-
ylsalicylic acid, P2Y12 antagonists, and statins, and more likely to be on
anticoagulants. For vascular access history, patients with 1-year successful
clinical use of the AV access were more likely to have had prior AV fistulae
or grafts in any anatomic location. They were also more likely to receive pre-
operative imaging, including arterial duplex, arteriogram, ultrasound vein
mapping, and venogram for vascular access planning. Patients with 1-year
successful clinical use of the AV access had higher mean pre-operative
diameters for their target inflow artery and outflow vein based on imaging.
They were also more likely to receive an AV fistula rather than a graft and an
upper arm or lower extremity access rather than a forearm access (Table 1).

Intra-operative characteristics

Patients with 1-year successful clinical use of the AV access were more
likely to receive regional anesthesia and have higher mean inflow artery
and outflow vein diameters measured intraoperatively. For con-
comitant procedures, patients with the primary outcome were more
likely to receive a patch angioplasty on the target artery and/or vein.
They were also more likely to have a completion doppler or fistulogram
study intra-operatively to confirm technical success (not a part of pre-
operative imaging) (Table 2).

Post-operative characteristics

Immediate post-operative complications not requiring access ligation or
abandonment, including ischemic steal, access thrombosis, or other com-
plications requiring re-intervention, were rare (~2%) and occurred less
frequently in patients with 1-year successful clinical use of the AV access.
Mean hospital length of stay was lower in patients with the primary out-
come. These patients were less likely to be discharged on acetylsalicylic acid,
P2Y12 antagonists, statins, and anticoagulants. Patients with 1-year suc-
cessful clinical use of the AV access were less likely to have a non-home
discharge (Table 3).

Model performance

Of the 6 ML models evaluated on test set data with only pre-operative
variables as input features, Extreme Gradient Boosting (XGBoost) had the
best performance in predicting 1-year successful clinical use of the index AV
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Table 1 | Pre-operative demographic and clinical Table 1 (continued) | Pre-operative demographic and clinical
characteristics of patients undergoing arteriovenous access characteristics of patients undergoing arteriovenous access
creation with and without 1-year successful clinical use of the creation with and without 1-year successful clinical use of the

index access for hemodialysis index access for hemodialysis
Index access not Successful clinical P Index access not Successful clinical P
used for use of the index used for use of the index
hemodialysis access for hemodialysis access for
(abandoned) at hemodialysis at (abandoned) at hemodialysis at
1-year of follow-up  1-year of follow-up 1-year of follow-up  1-year of follow-up
(n =31,370) (n = 28,304) (n =31,370) (n =28,304)
Demographics Prior coronary artery 3234 (10.3) 2594 (9.2) < 0.001
Age, years, mean (SD)  62.6 (14.6) 61.2 (14.7) <0001 Pypass
Prior percutaneous 4084 (13.0) 3310 (11.7) < 0.001
Female 14,228 (45.4) 11,853 (41.9) < 0.001 coronary intervention
2
AL btfine TEEIn B ST 24 S <0001 Gongestiveheartfailure 9947 (31.7) 8543 (30.2) <0.001
Race Dysrhythmia 2349 (7.5) 1458 (5.2) <0.001
(B '“?"a" or e A 50001 Chronic obstructive pulmonary disease
Alaskan Native
rcion 7128 i Not treated 1134 (3.6) 1013 (3.6) <0.001
icati 7, 12. 2825 (10.
Black 10,319 (32.9) 10,379 (36.7) On medications 3780 (12.0 Ll 00
h 1 4.2 1 (3.
Native Hawaiian or 136 (0.4) 130 (0.5) On home oxygen 305 (42) Sl S0
other Pacific Islander Peripheral artery 24,148 (77.0) 22,957 (81.1) < 0.001
White 17,329 (55.2) 13,996 (49.4) disease
More than 1 race 173 (0.6) 175 (0.6) Intravenous drug use
Unknown/other 2159 (6.9) 2089 (7.4) Past 4r4 (19 =) R
Hispanic ethnicity 2505 (8.3) 2952 (10.4) <0.001 Current 1817 {00 15004
HIV status
Insurance status
HIV 287 (0. 2, 1. .001
Medicare 17,080 (54.5) 15,052 (53.2) <0.001 i el () Y <0.00
— HIV+ with current 53(0.2) 78(0.3)
Medicaid 3592 (11.5) 3500 (12.4) et
Commercial 8678 (27.7) 7993 (28.2) CKD stage
M|I|t_aryNeterans 272 (0.9) 192 (0.7) 1 4(0.01) 5(0.02) <0.001
Affairs
2 4(0.01 8(0.03
Non-US Insurance 507 (1.6) 378 (1.3) ( ) 0.03)
3 118 (0.4 63 (0.2
Self-pay (uninsured) 589 (1.9) 610 (2.2) 04 ©2)
Unknown/other 652 (2.1) 579 (2.1) 4 2266 (7.2) 1259 (4.9
5 28,978 (92.4 26,969 (95.
Rural residence 881 (2.8) 728 (2.6) 0.08 4 (62.4) e (i)
Dialysis stat
Area Deprivation Index 58 (36 — 78) 58 (33— 80) 0.15 1alys's status
percentile, Pre-dialysis 11,648 (37.1) 7548 (26.7) < 0.001
A (e On hemodialysis 19,347 (61.7) 20,485 (72.4)
Performance site On peritoneal dialysis 176 (0.6) 117 (0.4)
Hospital outpatient 24,784 (79.0) 22,147 (78.2) < 0.001 Functioning 133 (0.4) 110 0.4)
Hospital inpatient 5457 (17.4) 4614 (16.3) transplant, never on
dialysi
Ambulatory center 1093 (3.5) 1491 (5.3) R
- Functioning 56 (0.2) 29 (0.1)
Office 32 (0.1) 47 (0.2) transplant,
Not reported 4(0.01) 5(0.02) previously on dialysis
Transfer status Not reported 10(0.03) 15 (0.05)
From another 498 (1.6) 307 (1.1) <0.001 ASA class
neEplE] 1 77(0.2) 44(02) <0.001
From . 190 (0.6) 121 (0.4) = 838 2.8) 819 2.9
rehabilitation unit
18,2 y 1 4 !
Comorbidities 3 Eaiots) GEED(EO)
4 11,97 2 10,34 !
Smoking status ,976 (38.2) 0,346 (36.6)
2 g 1 !
Never 15,067 (48.0) 14,173 (50.1) < 0.001 S 6(0.08) 6(0.06)
Prior 11,746 (37.4) 10,070 (35.6) Not reported 108(0.3) 5 ((05)
Current 4,557 (14.5) 4,061 (14.3) Functional status
Hypertension 29,382 (93.7) 26,637 (94.1) <0001 _vingstatus
Diabetes 19,141 (61.0) 17,127 (60.5) <0.001 Home 29,852 (95.2) 27,267 (96.3) <0.001
Coronary artery 8091 (25.8) 6575 (23.2) <0.001 Nursing home 1385 (4.4) 92639
disease Homeless 86 (0.3) 80 (0.3)
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Table 1 (continued) | Pre-operative demographic and clinical
characteristics of patients undergoing arteriovenous access
creation with and without 1-year successful clinical use of the
index access for hemodialysis

Table 1 (continued) | Pre-operative demographic and clinical
characteristics of patients undergoing arteriovenous access
creation with and without 1-year successful clinical use of the
index access for hemodialysis

Successful clinical P
use of the index

access for
hemodialysis at

1-year of follow-up

Index access not
used for
hemodialysis
(abandoned) at
1-year of follow-up

Successful clinical P
use of the index

access for
hemodialysis at

1-year of follow-up

Index access not
used for
hemodialysis
(abandoned) at
1-year of follow-up

(n=31,370) (n =28,304) (n=31,370) (n =28,304)
Not reported 47 (0.2) 31(0.1) Ultrasound vein 26,836 (85.5) 24,354 (86.0) 0.08
Ambulatory status mapping
Ambulatory 26,174 (83.4) 23,765 (84.0) <0.001 Venogram AR [ ESSIDED) <0.001
independently Pre-operative target 4.09 (0.41) 4.21 (0.38) < 0.001
R inflow artery diameter,
Ambulato| th 3541 (11.3 3204 (11.3
assisL:anc:;y " ( ) ( ) i, [2E (1)
R Pre-operative target 3.59 (0.84) 3.74 (0.92) < 0.001
ZVhe?:Zhi'tr_ Vi) LA () outflow vein diameter,
epende mm, mean (SD)
Bedridden 197 (0.6) 127 (0.4) Access type
S TG D AV fistula 24,668 (78.6) 22,903 (80.9) <0.001
:Zr::%%?m, gL, 107.0 (44.8) 106.0 (17.5) <0.001 AV graft 6700 21.4) 5401 (19.1)
Creatinine, umol/L, 408.0 (98.3) 427.0 (93.4) <0001  nflowartery
mean (SD) Radial 8134 (25.9) 6378 (22.5) <0.001
Estimated glomerular 13.1(1.9) 12.9(1.5) < 0.001 Ulnar 80(0.3) 56 (0.2)
2'“;?:2? I:tei;anIS-I/Z)n)m/ Brachial 21,830 (69.6) 20,361 (71.9)
R Axillary 596 (1.9) 669 (2.4)
Acetylsalicylic acid 4385 (14.0) 3417 (12.4) <0.001 Common femoral 282 (0.7) 260(0.9)
P2Y12 antagonist 1145 (3.6) 902 (3.2) 0.005 Susicl tune 220 0.0 2y
Statin 6389 (20.4) 4687 (16.6) <0.001 il () A
Anticoagulant 777 (2.5) 1233 (4.4) < 0.001 OLEHE
Vascular access history Cephalic, forearm 13,789 (44.0) 11,819 (41.8) <0.001
Number of prior AV fistula creation procedures Cephalic, upperarm 3711 (11.5) SEIO (A
0 27,782 (88.6) 24,381 (86.1) <0.001 Basilic, forearm 1309 (4.2) 935 (3.3)
1 2704 (8.6) 2980 (10.5) Basilic, upper arm 6245 (19.9) 5768 (20.4)
2 675 2.2) 727 26) Brachial 1346 (4.3) 1339 (4.7)
= 158 (0.5) 157 0.6) Axillary 3717 (11.8) 3914 (13.8)
T — 51(0.2) 59 (0.2) Saphenous 96 (0.3) 115 (0.4)
Number of prior AV graft creation procedures el g e e
0 29,019 (95.4) 26,761 (94.5) <0.001 il e e e
1 1155 (3.7) 1193 (4.2) Pre-operative 193 (0.6) 205 (0.7) 0.11
. . endovascular arterial
2 233(0.7) 284 (1.0) intervention
3 39(0.1) 55 (0.2) (angioplasty/stent) to
. . treat inflow stenosis
&GP 200U 1 (e Pre-operative 418(1.3) 436 (1.5) 0.04
Previous forearm fistula 2835 (9.0) 3037 (10.7) < 0.001 endovascular venous
- intervention
fFl’revllous upper arm 3093 (9.9) 3313 (11.7) < 0.001 (angioplasty/stent) to
istula treat outflow stenosis
Previous forearm graft 731(2.3) 854 (3.0) <0.001 Values are reported as No. (%) unless otherwise indicated. ASA (American Society of
Previous upper 1374 (4.4) 1612 (5.7) < 0.001 Anesthesiologists), AV (arteriovenous), BMI (body mass index), CKD (chronic kidney disease), HIV
arm graft (human immunodeficiency virus), IQR (interquartile range), SD (standard deviation).
Previous lower 318 (1.0) 360 (1.3) 0.03
extremity AV access
Py — 1602 (5.1) 1573 (5.6) o access for hemodialysis based on the primary model evaluation metric of
- - — : : area under the receiver operating characteristic curve (AUROC), achieving
L1261 i Ll SR an AUROC of 0.90 [95% CI 0.89-0.91]. In comparison, the other models
Pre-operative imaging had the following AUROC’s [95% CT’s]: random forest (0.88 [0.87-0.89]),
Arterial duplex 10,734 (34.2) 10,408 (36.8) <0.001  radial basis function support vector machine (RBF SVM) (0.85 [0.84-0.86]),
Arteriogram 428 (1.4) 460 (1.6) 0.009 Naive Bayes (0.84 [0.83-0.85]), multilayer perceptron artificial neural net-

work (MLP ANN) (0.77 [0.76-0.78]), and logistic regression (0.70
[0.69-0.71)]. The secondary performance metrics of XGBoost were the
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Table 2 | Intra-operative characteristics of patients undergoing arteriovenous access creation with and without 1-year

successful clinical use of the index access for hemodialysis

Index access not used for hemodialysis Successful clinical use of the index access for P
(abandoned) at 1-year of follow-up hemodialysis at 1-year of follow-up
(n=31,370) (n =28,304)
Anesthesia
Local 9326 (29.7) 7835 (27.7) < 0.001
Regional 9447 (30.1) 9257 (32.7)
General 12,540 (40.0) 11,149 (39.4)
Not reported 57 (0.2) 63 (0.2)
Antibiotics given within 1 hour of 25,714 (82.0) 23,200 (82.0) 0.75
intervention
Antibiotics stopped within 24 h of 25,325 (80.7) 22,950 (81.1) 0.02
intervention
Intra-operative inflow artery diameter, mm,  2.78 (0.50) 2.95 (0.34) < 0.001
mean (SD)
Intra-operative outflow vein diameter, mm,  3.04 (0.51) 3.25(0.35) < 0.001
mean (SD)
Concomitant procedures
Venous angioplasty 50 (0.2) 39 (0.1) 0.56
Venous stent 17 (0.05) 21(0.07) 0.42
Arterial angioplasty 8 (0.03) 6 (0.02) 0.94
Arterial stent 1(0.003) 4(0.01) 0.31
Arterial endarterectomy 22 (0.07) 9 (0.03) 0.06
Venous branch ligation 539 (1.7) 448 (1.6) 0.21
Surgical access patch angioplasty 20 (0.06) 4 (0.01) 0.005
Superficialization 152 (0.5) 134 (0.5) 0.89
Lipectomy 3(0.01) 3(0.01) 0.99
Other 516 (1.6) 382 (1.4) 0.003
Completion study
Doppler 5,206 (16.6) 4,984 (17.6) 0.001
Duplex ultrasound 85(0.3) 97 (0.3) 0.13
Fistulogram 475 (1.5) 507 (1.8) 0.009

Values are reported as No. (%) unless otherwise indicated.
SD (standard deviation).

following: accuracy 0.82 (95% CI 0.81-0.83), sensitivity 0.82, specificity 0.81,
positive predictive value (PPV) 0.81, and negative predictive value (NPV)
0.82. Model performance results are summarized in Table 4.

For sensitivity analyses, we trained additional XGBoost models using
intra- and post-operative data. The addition of intra-operative features to
pre-operative features did not change model performance, with the
AUROC remaining at 0.90 (95% CI 0.89-0.91), p=0.90. Adding post-
operative features marginally improved model performance without
reaching statistical significance (AUROC 0.91, 95% CI 0.90-0.92, p = 0.41).
The ROC curves are presented in Fig. 1, demonstrating excellent predictive
performance of the XGBoost model for 1-year successful clinical use of an
index AV access for hemodialysis at the pre-, intra-, and post-operative
stages. For secondary outcomes, the XGBoost model predicted 1-year AV
access thrombosis and re-interventions with AUROC’s of 0.86 (95% CI
0.85-0.87) and 0.88 (95% CI 0.87-0.89) at both the pre- and intra-operative
stages, respectively (Table 5). The XGBoost model was not trained to predict
the secondary outcomes using post-operative variables because some post-
operative variables were directly related to thrombosis and/or re-
intervention and would therefore artificially elevate model performance.
Given that excellent model discrimination can sometimes be accompanied
by poor calibration, we also assessed the calibration of our models. There
was good agreement between predicted and observed event probabilities as
demonstrated by the calibration plots in Fig. 2A-C, with Brier scores of 0.08
(pre-operative), 0.08 (intra-operative), and 0.07 (post-operative). This

highlights the excellent calibration of the XGBoost model across the entire
probability range for predicting 1-year successful clinical use of an index AV
access for hemodialysis at the pre-, intra-, and post-operative stages. The top
10 predictors of 1-year successful clinical use of the index AV access for
hemodialysis in the final XGBoost model included 9 pre-operative features
(planned inflow artery and outflow vein, planned access type, pre-operative
ultrasound vein mapping, age, dysrhythmia, number of prior AV fistulae,
COPD, and CHF), and 1 post-operative feature (immediate post-operative
complications). Four features predicted AV access success: higher diameter
inflow artery, higher diameter inflow vein, access type of fistula rather than
graft, and use of pre-operative ultrasound vein mapping. In contrast, six
features predicted AV access failure: older age, presence of dysrhythmia,
fewer number of prior AV fistulae, presence of immediate post-operative
complications, presence of COPD, and presence of CHF (Fig. 3). These
results highlight that anatomic features (inflow artery and outflow vein
diameters), pre-operative planning (decision on fistula vs. graft and use of
pre-operative imaging), and patient history (comorbidities and vascular
access history) are critical in determining long-term AV access success.

Subgroup analysis

Model performance remained robust on subgroup analyses across demo-
graphic/clinical populations based on age, sex, race, ethnicity, rurality,
median area deprivation index (ADI) percentile, access type (fistula or
graft), and access location (forearm, upper arm, lower extremity, or other),
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Table 3 | Post-operative in-hospital characteristics and complications of patients undergoing arteriovenous access creation
with and without 1-year successful clinical use of the index access for hemodialysis

Index access not used for hemodialysis
(abandoned) at 1-year of follow-up

Successful clinical use of the index access for P
hemodialysis at 1-year of follow-up

(n=31,370) (n =28,304)
Immediate post-operative complications not requiring 655 (2.1) 477 (1.9) < 0.001
access ligation or abandonment
Bleeding 565 (1.8) 453 (1.7) 0.059
Ischemic steal 35(0.1) 6(0.02) < 0.001
Access thrombosis 32 (0.1) 8 (0.03) < 0.001
Other complication requiring re-intervention 23(0.07) 10 (0.04) 0.07
Bleeding management
Resolved spontaneously 386 (1.2) 301 (1.2) 0.23
Resolved with medical treatment 46 (0.1) 35(0.1)
Required surgical or endovascular re-intervention 133 (0.5) 117 (0.4)
Ischemic steal management
Observation 5(0.02) 0 < 0.001
Banding 2 (0.006) 1(0.004)
Proximalization 19 (0.06) 2 (0.007)
Revascularization using distal inflow 2 (0.006) 1(0.004)
Distal revascularization and interval ligation 3(0.01) 1(0.004)
Distal revascularization 4(0.01) 1(0.004)
Thrombosis management
Open surgical thrombectomy 9(0.03) 4(0.01) 0.35
Endovascular mechanical thrombectomy 4(0.01) 2 (0.007) 0.78
Thrombolysis 9(0.03) 1(0.004) 0.02
Surgical revision 10 (0.03) 2(0.007) 0.02
Hospital length of stay, days, mean (SD) 2.59 (1.60) 1.98 (2.53) < 0.001
Discharge medications
Acetylsalicylic acid 14,494 (46.2) 12,904 (45.6) < 0.001
P2Y12 antagonist 3878 (12.4) 3377 (11.9) < 0.001
Statin 6468 (20.6) 4764 (16.8) <0.001
Anticoagulant 4995 (15.9) 3742 (13.2) < 0.001
Non-home discharge 1692 (5.4) 1138 (4.0) < 0.001

Values are reported as No. (%) unless otherwise indicated.
SD (standard deviation).

with AUROC’s ranging from 0.89-0.91 and no significant differences
between majority and minority groups (Supplementary Figs. 1-8).

Discussion

We used data from a large clinical registry (VQI) consisting of 59,674
patients who underwent surgical AV fistula or graft creation to develop ML
models that can accurately predict 1-year successful clinical use of the index
AV access for hemodialysis with AUROC’s 20.90 using pre-operative data.
There were several key findings. First, patients with successful AV accesses
have predictive features at the pre-, intra-, and post-operative stages. ML-
based modeling allowed us to determine the relative impact of these factors
on AV access success. Second, we evaluated 6 ML models on our dataset and
XGBoost achieved the best performance, demonstrating excellent dis-
crimination and calibration. Furthermore, predictive performance
remained robust across demographic and clinical subpopulations. Third,
while intra- and post-operative factors contributed to long-term risk, 9 of
the top 10 predictors for 1-year successful clinical use of the AV access for
hemodialysis were pre-operative features. Additionally, the addition of
intra-operative features to the pre-operative model did not change pre-
dictive performance and the addition of post-operative features marginally
improved model performance. This highlights an important opportunity
for our risk prediction tool to guide pre-operative AV access planning and

procedural selection. Overall, these models have the potential to support
clinical decision-making both pre-operatively and throughout a patient’s
perioperative course, thereby facilitating individualized risk assessment,
counselling, monitoring, and management.

Heindel and colleagues'® used pooled patient-level data from 704
patients undergoing new radiocephalic AV fistula creation from the
PATENCY-1and PATENCY-2 randomized controlled trials to develop ML
models that predict 1-year successful unassisted AV fistula use with
AUROC’s ranging from 0.78-0.81 and accuracies ranging from
69.1-73.6%"’. They demonstrated that the performance of their models was
superior to the National Kidney Foundation Kidney Disease Outcomes
Quality Initiative (KDOQI) and University of Alabama at Birmingham
ultrasound threshold criteria"’. There were several key differences between
our studies. First, while Heindel and colleagues'® used randomized con-
trolled trial data consisting of 704 patients, we used clinical registry data
consisting of 59,674 patients"’. While trial data have several advantages
including prospective follow-up, adjudicated AV access outcomes, rigorous
data collection methods, low missingness, high internal validity, and low
misclassification of predictors and outcomes, registry data contains larger
sample sizes critical for robust ML model training and evaluation and may
better reflect real-world outcomes'”. Second, Heindel and colleagues'
developed prediction models for radiocephalic AV fistulae, while we
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Table 4 | Model performance on test set data for predicting
1-year successful clinical use of an arteriovenous access for
hemodialysis using pre-operative features

AUROC Accuracy Sensitivity Specificity PPV NPV
(95% (95% CI)
Cl)
XGBoost 0.90 0.82 0.82 0.81 0.81 0.82
(0.89 (0.81
-0.91) -0.83)
Random 0.88 0.80 0.80 0.80 0.81 0.80
forest (0.87 0.79
-0.89) -0.81)
RBFSVM  0.85 0.77 0.79 0.75 0.73 0.80
(0.84 (0.76
-0.86) -0.78)
Naive 0.84 0.76 0.77 0.75 0.75 0.77
Bayes (0.83 (0.75
-0.85) -0.77)
MLP ANN  0.77 0.70 0.72 0.68 0.67 0.74
(0.76 (0.69
-0.78) -0.71)
Logistic 0.70 0.62 0.61 0.71 0.55 0.57
regression  (0.69 (0.61
-0.71) -0.63)

XGBoost (Extreme Gradient Boosting), AUROC (area under the receiver operating characteristic
curve), Cl (confidence interval), PPV (positive predictive value), NPV (negative predictive value), RBF
SVM (radial basis function support vector machine), MLP ANN (multilayer perceptron artificial neural
network).
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Fig. 1 | Receiver operating characteristic curve for predicting 1-year successful
clinical use of an arteriovenous access for hemodialysis using Extreme Gradient
Boosting (XGBoost) models at the pre-, intra-, and post-operative stages.
AUROC (area under the receiver operating characteristic curve), CI (confidence
interval).

developed prediction models for all types of upper and lower extremity AV
fistulae and grafts'’. Models built for specific access configurations benefit
from more granular data but may be less generalizable'’. Although our
approach may increase heterogeneity, it increases applicability of our model
for AV access planning, as clinicians must consider different AV access
approaches to determine the optimal strategy. Importantly, we demon-
strated through subgroup analyses that our models performed well when
evaluated specifically on AV fistulae vs. grafts and based on anatomic
location (forearm vs. upper arm vs. lower extremity vs. other). Third, while
we developed intra- and post-operative prediction models, our focus was on

Table 5 | XGBoost performance on test set data for predicting
1-year primary and secondary outcomes following
arteriovenous access creation at the pre-, intra-, and post-
operative stages

AUROC  Accuracy PPV NPV

(95% Cl)  (95% CI)

Successful clinical use of the index AV access for hemodialysis (primary
outcome)

Sensitivity  Specificity

Pre- 0.90 0.82 0.82 0.81 0.81 0.82
op (0.89 (0.81-0.83)

-0.91)
Intra- 0.90 0.82 0.83 0.81 0.81 0.82
op (0.89 (0.81-0.83)

-0.91)
Post-  0.91 0.83 0.85 0.81 0.80 0.86
op (0.90 (0.82-0.84)

-0.92)
AV access thrombosis
Pre- 0.86 0.80 0.80 0.80 0.79 0.82
op (0.85 (0.79-0.81)

-0.87)
Intra- 0.86 0.80 0.80 0.80 0.80 0.82
op (0.85 (0.79-0.81)

-0.87)
Post- - ° = ° o =
op*
Re-intervention on AV access
Pre- 0.88 0.81 0.82 0.75 0.78 0.85
op (0.87 (0.80-0.82)

-0.89)
Intra- 0.88 0.81 0.82 0.77 0.78 0.85
op (0.87 (0.80-0.82)

-0.89)
Post- - - - - - -
op*

"Models were not trained to predict AV access thrombosis or re-intervention using post-operative
variables because some post-operative variables were directly related to thrombosis and/or re-
intervention, which would artificially elevate model performance.

AV (arteriovenous), XGBoost (Extreme Gradient Boosting), AUROC (area under the receiver
operating characteristic curve), C/ (confidence interval), PPV (positive predictive value), NPV
(negative predictive value), pre-op (pre-operative), intra-op (intra-operative), post-op (post-
operative).

the ability for our models to make accurate predictions regarding long-term
AV access success using pre-operative variables alone. In contrast, Heindel
and colleagues'’ used 4-6 week post-operative ultrasound parameters in
addition to baseline characteristics as model input features'’. While post-
operative ultrasound parameters have important associations with long-
term AV access success, a pre-operative prediction model may additionally
support clinical decision-making and procedural planning for the index
access creation intervention. In our study, we demonstrated that the use of
pre-operative demographic and clinical variables alone from a large clinical
registry allowed us to build highly accurate predictive ML models with an
AUROC of 0.90 and accuracy of 82% for 1-year AV access success. Fourth,
while Heindel and colleagues'® predicted the primary outcome of 1-year
successful unassisted AV fistula use'’, our models were trained to predict
1-year successful clinical use of the index AV access for hemodialysis, with
or without re-interventions. While unassisted AV fistula use is an important
outcome, it is well-established that AV accesses may require relatively low-
risk re-interventions to support maturation and/or maintain patency’.
Therefore, there is important clinical value of AV accesses that remain
functional with re-interventions. Additionally, our models were trained to
predict the secondary outcomes of re-intervention and thrombosis, which
are of clinical importance to vascular surgeons, nephrologists, and other
clinicians. Overall, we build on the work of Heindel and colleagues' by using
registry data with larger sample sizes, allowing us to develop pre-operative
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Fig. 2 | Calibration plots with Brier scores for predicting 1-year successful clinical use of an arteriovenous access for hemodialysis using Extreme Gradient Boosting
(XGBoost) models at the A) pre-operative, B) intra-operative, and C) post-operative stages. Abbreviation: AV (arteriovenous).

Fig. 3 | Variable importance scores (gain) for the
top 10 predictors of 1-year successful clinical use
of an arteriovenous access for hemodialysis in the
Extreme Gradient Boosting (XGBoost) model at
the post-operative stage. Abbreviations: AV
(arteriovenous), COPD (chronic obstructive pul-
monary disease), CHF (congestive heart failure).
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prediction models that can be used in conjunction with post-operative
ultrasound measurements to optimize AV access success rates'’.

Our findings regarding the important predictors of long-term AV
access success align with the existing literature'. Fedorova and colleagues™
analyzed VQI data from 2011-2019 and found a significant association
between pre-operative vein mapping and the incidence of the loss of sec-
ondary patency at 1 year of follow-up”. Similarly, we demonstrated that pre-
operative vein mapping was one of the most important input features in our
model for predicting 1-year successful clinical use of the AV access for
hemodialysis. Like Heindel and colleagues'’, who demonstrated that a larger
outflow vein diameter, higher flow volume, and absence of >50% luminal
stenosis were the most important covariates in their final model, we also
showed that pre-operative anatomic characteristics including the inflow
artery and outflow vein were the most important predictors in our best-
performing XGBoost model'’. Specifically, we demonstrated that higher
diameters of the inflow artery and outflow vein were associated with 1-year
successful clinical use of the AV access for hemodialysis. Furthermore, we
showed that AV fistulae were associated with better 1-year outcomes than
AV grafts in terms of clinical use for hemodialysis, potentially due to fewer
infectious and/or thrombotic complications, which corroborates previous
findings™. Overall, the important predictors in our ML model align with
clinical intuition and existing literature related to factors associated with
successful AV accesses'.

Notably, we showed that less than half of the AV accesses created in our
cohort were successfully used for hemodialysis at 1-year of follow-up, which
corroborates prior literature’. This highlights the need for better prediction
of planned AV access outcomes to guide pre-operative planning and
potentially improve success rates. We demonstrated that several factors
were associated with long-term AV access success. We showed that ana-
tomic factors including the inflow artery, outflow vein, access type, and pre-
operative ultrasound vein mapping were the most important predictive
features, which corroborates previous literature'. Our study also demon-
strated that younger age and fewer comorbidities, such as dysrhythmias,
CHF, and COPD were associated with better AV access outcomes, which
aligns with existing knowledge'. Within the overall cohort, prescription of
cardiovascular risk reduction medications including acetylsalicylic acid and
statins was relatively low. Given the high number of vascular comorbidities
in this population, there may be an opportunity to improve cardiovascular
risk reduction in patients with ESKD”. Interestingly, we showed that
patients who had prior AV access procedures at any anatomic location were
more likely to have successful clinical use of the newly created access for
hemodialysis at 1-year of follow-up. This may be because AV accesses are
generally created distally first (e.g., radiocephalic) to preserve more proximal
access options (e.g., brachiocephalic)'. Therefore, when a distal AV access
fails and a more proximal AV access is created, the more proximal AV access
may have a greater likelihood of success, given the likely larger diameters of
the inflow artery/vein and higher flow volumes. This is corroborated by our
data and previous work demonstrating that upper arm accesses were more
likely to succeed than forearm accesses™. For intra-operative variables, we
found that the diameters of the inflow artery and outflow vein measured
intra-operatively were significantly associated with AV access outcomes.
Although pre-operative imaging modalities are improving, the accuracy of
vessel diameter measurements may be influenced by the temperature of the
room, patient hydration status, recent dialysis, technician skills, tourniquet
use, and regional anesthesia, among other factors”’. However, given that pre-
operative inflow artery and outflow vein diameters generally correlate well
with intra-operative measurements, these additional variables likely did not
contribute significantly to the model”. This may explain why intra-
operative variables did not improve model performance compared to using
only pre-operative variables. For post-operative variables, we found that
immediate post-operative complications not requiring access ligation or
abandonment, including bleeding, ischemic steal, and thrombosis, were
important predictors of long-term AV access success, which corroborates
prior literature™. Importantly, we demonstrated that pre-operative features
can accurately predict 1-year successful clinical use of the index AV access

for hemodialysis, while intra-operative variables did not change model
performance and post-operative variables marginally improved model
performance. This suggests that the ability to accurately predict long-term
outcomes following AV access creation can be established pre-procedurally
to support decision-making regarding AV access planning, procedural
selection, counselling, peri-procedural management, and follow-up™.

Our ML models performed better than existing tools for several
potential reasons. Compared to traditional logistic regression, advanced ML
techniques can better model complex, non-linear relationships between
inputs and outputs™. This is especially important in health care data, as
patient outcomes can be influenced by many demographic, clinical, and
system-level factors’. Our top-performing algorithm was XGBoost, which
has unique advantages including relatively fewer issues with overfitting and
faster computing while maintaining precision’. Furthermore, XGBoost
works well with structured data, which may explain its superior perfor-
mance compared to more complex algorithms such as neural networks on
our dataset”.

Importantly, the performance of our models remained robust on
subgroup analyses of specific demographic and clinical populations. This is
a notable finding given that algorithm bias against underrepresented
populations is a frequently encountered issue in ML models™. We were
likely able to avoid such biases due to the excellent capture of socio-
demographic data by VQI'. Important to this study, we demonstrated that
our models performed well on both AV fistulae and grafts, as well as on
different AV access locations, including the forearm, upper arm, lower
extremity, or other anatomic location. Therefore, our models are versatile
and have clinical utility across a wide range of options available for AV
access creation, providing clinicians with a useful tool to support their
complex decision-making.

Our ML models can be used to guide clinical decision-making in
several ways for patients being considered for AV access creation. Pre-
operatively, a patient predicted to have a low probability (<50%) of
1-year successful clinical use of the AV access for hemodialysis should be
further assessed in terms of anatomic and physiologic risk factors'.
Patients with anatomic risk factors may benefit from further imaging
(e.g., ultrasound vein mapping, arterial duplex, arteriogram, or veno-
gram) to support access planning (e.g., decisions on the inflow artery,
outflow vein, and/or fistula vs. graft)'. Patients with physiologic risk
factors, including CHF, COPD, dysrhythmias, or other comorbidities,
may benefit from referrals to medical specialists to optimize their car-
diovascular risk factors to potentially improve AV access outcomes'.
Additionally, these patients should receive adequate counselling so that
they understand the potential risk of failure and can make informed
decisions regarding their care. Intra-operatively, patients predicted to be
at high risk for AV access failure (potentially due to intra-operative
findings of inadequate artery or vein diameters from vasospasm or other
issues) may benefit from choosing a different inflow artery or outflow
vein for access creation'. Additionally, these patients may benefit from a
short admission to hospital for monitoring and treatment of any
potential early AV access complications™. Post-operatively, patients
predicted to have a low probability of long-term AV access success may
benefit from close follow-up in clinic with functional imaging™. Addi-
tionally, for patients at heightened risk for AV access failure, clinicians
may begin early planning for future AV access options with appropriate
patient workup and counselling. Figure 4 illustrates a proposed clinical
workflow for the use of our ML tool in supporting clinical decision-
making at the pre-, intra-, and post-operative stages for patients being
considered for an AV access creation procedure. Importantly, this
workflow highlights the excellent performance of our ML tool in pre-
dicting long-term AV access success throughout a patient’s surgical
course, which can guide clinical decision-making at each stage of their
treatment. These peri-operative decisions guided by our tool have
potential to improve patient-centered care and AV access outcomes by
supporting individualized patient treatment, monitoring, and counsel-
ling. This is particularly important given that the KDOQI ESKD-Life
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Accurate predictions from automated ML algorithms inform clinical strategies at the pre-,
intra-, and post-operative stages to support personalized care and increase the probability of
successful clinical use of an AV access for hemodialysis at 1-year of follow-up

Fig. 4 | Clinical workflow for the use of machine learning algorithms to guide

clinical decision-making at the pre-, intra-, and post-operative stages for patients
being considered for arteriovenous access creation. Abbreviations: AUROC (area
under the receiver operating characteristic curve), AV (arteriovenous). High risk

defined as a model prediction negative for 1-year successful clinical use of an
arteriovenous access for hemodialysis. Low risk defined as a model prediction
positive for 1-year successful clinical use of an arteriovenous access for
hemodialysis.

Plan emphasizes the importance of a personalized approach to dialysis
access, focused on the right access for the right patient at the right time
with continuous monitoring™.

The programming code used to develop our ML models is publicly
available on GitHub, allowing clinicians involved in the peri-operative
management of patients being considered for AV access creation to use our
tool. At a system-wide level, our models can be implemented by the over
1000 VQI participating centers'”. The VQI database managers at these
institutions routinely capture the input features used in our ML
algorithms'’. The number of VQI centers has grown considerably from 400
in 2019 to over 1000 in 2023". Recently, the VQI recorded over 1 million
procedures'”. Therefore, our models have broad and growing utility. They
also have potential for use beyond VQI sites, as our predictors are com-
monly captured variables for the routine care of patients being considered

for AV access creation®. Given the challenges of deploying prediction
models into practice, thoughtful consideration of implementation science
principles is critical. A key advantage of our ML models is their ability to
provide automated risk predictions, thereby enhancing feasibility in busy
clinical settings compared to traditional risk predictors that often require
manual input of variables". Specifically, our ML algorithms can autono-
mously extract a patient’s VQI data to generate risk predictions. To facilitate
successful implementation of our ML tool, we recommend establishing and
supporting data analytics teams at the institutional level. Such teams can
provide important benefits to patient care, and their expertise can facilitate
the deployment of our ML models”.

Our study has several limitations. First, our models were developed
with VQI data, a voluntary registry primarily comprising data from North
American centers'”. Model performance may not translate entirely to other
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healthcare systems, such as single-payer systems outside North America or
regions with differing patient demographics, surgical techniques, or post-
operative monitoring standards. Future studies are needed to assess the
generalizability of model performance beyond VQI sites. Additionally, the
VQI-reported endpoint of successful clinical use of an AV access should be
validated in future studies. Furthermore, the capture of high-flow related
complications may further enhance the clinical utility of AV access outcome
prediction models. Second, although we evaluated 6 different ML models,
there are other ML models available. We chose these 6 models because of their
established efficacy for predicting postoperative outcomes™. We achieved
excellent performance; however ongoing evaluation of novel ML techniques
would be prudent. Third, our cohort included various AV access types (fis-
tulae and grafts) and anatomic locations (forearm, upper arm, lower extre-
mity, or other). This may increase heterogeneity during model training.
However, we demonstrated that our models performed well when evaluated
on different AV access types and anatomic locations through subgroup
analyses. This may improve potential clinical utility as clinicians must con-
sider various access types and locations when planning for an optimal AV
access'. However, future models trained on a single access type and/or loca-
tion may provide more granular information. Fourth, most existing models
incorporate post-operative ultrasound measurements as input features'*'".
This information was not available in the VQI database. Although our models
achieved excellent performance with pre-operative variables alone, future
algorithms that can incorporate both our pre-operative variables and relevant
post-operative ultrasound measurements may further enhance overall model
performance to guide post-operative clinical decision-making.

In conclusion, we used a large, vascular-specific clinical registry (VQI)
to develop robust ML models that can predict 1-year successful clinical use
of an AV access with excellent performance using pre-operative data
(AUROC’s 20.90). Our models can guide clinical decision-making
regarding AV access planning, monitoring, and counselling, among other
strategies, to facilitate personalized care and potentially improve the prob-
ability of AV access success. Importantly, we demonstrated that using pre-
operative variables alone in our models can accurately predict long-term AV
access outcomes, while intra- and post-operative variables marginally
improved model performance. This demonstrates the potential utility of our
models for guiding pre-operative decision-making. Notably, our models
remained robust across demographic/clinical subpopulations and out-
performed existing prediction tools and logistic regression, and therefore,
have potential for important utility in the care of patients with kidney failure
requiring hemodialysis. Prospective validation of our ML algorithms is
planned to confirm clinical utility and impact.

Methods

Study approval

The SVS Patient Safety Organization (PSO) Research Advisory Council
approved this project and provided the anonymized dataset. Patient consent
was not required as the data originated from an anonymized registry.

Design

This was an ML-based prognostic study with findings reported based on the
Transparent Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis + Artificial Intelligence (TRIPOD + Al)
statement”.

Dataset

The VQI database is a clinical registry maintained by the SVS PSO with the
goal of improving vascular care (www.vqi.org)'"”. Vascular surgeons, inter-
ventionalists, and other specialists across more than 1000 academic and
community hospitals in the United States, Canada, and Singapore pro-
spectively contribute demographic, clinical, and outcomes data on con-
secutive eligible vascular patients including information from their index
procedure up to approximately 1 year of follow-up'”. Routine audits com-
paring submitted data to hospital claims are performed to ensure data
accuracy™.

Patient cohort

All patients who underwent surgical AV fistula or graft creation for
hemodialysis access from August 1, 2011 to January 2, 2024 in the VQI
database were included. The VQI hemodialysis access registry captures AV
fistula and graft creation procedures in the upper/lower extremities and
other anatomic locations, and excludes dialysis catheter insertions and
revisions of an existing access"'. Patients with no reported access type, inflow
artery, or outflow vein were excluded. Patients who underwent endovas-
cular AV fistula creation were also excluded as they accounted for <0.1% of
procedures in the hemodialysis access registry.

Features

Predictor variables (features) used in the ML models were divided into pre-,
intra-, and post-operative stages. Given the advantage of ML in handling
many input features, all available VQI variables were used to maximize
predictive performance. Models were first trained and evaluated using pre-
operative features alone, and secondarily trained using intra- and post-
operative variables to determine the impact of these features on model
performance in a sensitivity analysis. Pre-operative features (n=111)
included demographics, comorbidities (including CKD stage and dialysis
status), functional status, laboratory investigations (including creatinine and
eGFR calculated using the CKD - Epidemiology Collaboration [EPI] 2021
Equation“), medications, vascular access history, imaging and anatomic
characteristics (including access type [fistula or graft], inflow artery, and
outflow vein). To capture the impact of surgeon and center volumes on AV
access outcomes, the deidentified physician and center identification
numbers were included as pre-operative features.

For sensitivity analysis, intra-operative features (n = 22) included the
type of anesthesia (local, regional, and/or general), intra-operative target
artery and vein diameters, concomitant procedures, and completion ima-
ging studies. Post-operative features (n=17) included immediate post-
operative complications (e.g., bleeding, ischemic steal, thrombosis, etc.) not
requiring access ligation or abandonment and medical/surgical manage-
ment of these complications, hospital length of stay, discharge medications,
and non-home discharge. A complete list of features and their definitions
can be found in Supplementary Tables 1-3.

Outcomes

The primary outcome was 1-year successful clinical use of the index AV
access for hemodialysis, defined as an AV access that can provide the pre-
scribed dialysis consistently with 2 needles for more than two-thirds of
dialysis sessions within 4 consecutive weeks, with or without re-interven-
tions, determined through direct clinical follow-up™. This outcome is based
on follow-up information collected by the participating centers based on
dialysis data from recorded treatment sessions and vascular access utiliza-
tion information from electronic health records'”. Although VQI primarily
includes peri-operative and short-term follow-up data, 1-year dialysis out-
comes data is well-captured within the hemodialysis access registry'”.
Therefore, linkage with dialysis databases or other longitudinal follow-up
mechanisms beyond VQI was not required. These data are captured and
verified by trained VQI database managers at each site, with routine audits
comparing submitted data to hospital claims to ensure data accuracy”. The
primary outcome is equivalent to functional cumulative patency as defined
by the National Kidney Foundation KDOQI 2019 Clinical Practice
Guidelines for Vascular Access”. This primary outcome was chosen because
it is clinically relevant, as it requires the AV access to be both anatomically
patent and functionally active®. A primary/secondary patency endpoint was
not chosen because an AV access may be patent but not functional®.
Similarly, a thrombotic primary endpoint was not chosen as AV accesses are
known to suffer from thrombotic or other complications requiring re-
interventions but may remain functionally active afterwards™. The analysis
includes the full period from access creation to maturation, and therefore,
accesses that fail to mature are considered to be unsuccessful, which is
clinically relevant as they cannot be used for hemodialysis. Secondary
outcomes were 1-year AV access thrombosis (defined as complete occlusion
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of the index AV access by a thrombus) and re-intervention (defined as
endovascular or surgical re-intervention on the index AV access to promote
maturation and/or to treat a complication)”. These diagnostic criteria are
based on VQI registry data’. Patients who underwent multiple re-
interventions were only counted once in this dataset, as re-intervention was
considered a binary outcome in our study to simplify predictive modelling.
The primary outcome was chosen because accurate prediction of 1-year
successful clinical use of an AV access for hemodialysis can provide clin-
icians with a better understanding of patients who may or may not benefit
from a specific AV access creation procedure. This information may guide
clinical decision-making regarding the consideration of other AV access
approaches, appropriate patient counselling, close post-operative mon-
itoring, and/or other strategies to support AV access maturation and
maintenance”.

Model development

We trained 6 different ML models to predict 1-year successful clinical use of
an AV access for hemodialysis: XGBoost, random forest, Naive Bayes
classifier, RBF SVM, MLP ANN with a single hidden layer, sigmoid acti-
vation function, and cross-entropy loss function, and logistic regression.
These models were chosen based on their established efficacy in predicting
postoperative outcomes using structured data™****. Specifically, these 6 ML
models are widely used for surgical outcomes prediction, demonstrating
excellent performance on a variety of datasets, procedures, and patient
populations™***. Logistic regression was selected as the baseline com-
parator to assess relative model performance because it is the most com-
monly applied statistical technique in traditional risk prediction tools*.

The data was randomly divided into training (70%) and testing (30%)
sets. Testing data was reserved for model evaluation and not used for
training to ensure fair model assessment. To determine the optimal model
hyperparameters, 10-fold cross-validation and grid search were applied to
training data*”*’. Initial analysis demonstrated that the primary outcome
occurred in 28,304/59,674 (47.4%) patients in our cohort. To achieve class
balance, Random Over-Sample Examples (ROSE) was applied to training
data®. ROSE uses a smoothed bootstrapping approach to generate new
samples from the feature space surrounding the minority class, a commonly
used method to support predictive modelling”. The models were then
evaluated on test set data and ranked based on the primary discriminatory
metric of AUROC. The models were compared at the pre-operative stage
because predictions at this timepoint offer the most potential to guide
clinical decision-making, such as whether to proceed with a specific AV
access creation procedure®. Our best performing model was XGBoost,
which had the following optimized hyperparameters: number of rounds =
200, maximum tree depth =4, learning rate = 0.05, gamma = 0, column
sample by tree = 0.8, minimum child weight = 1, and subsample = 1. Sup-
plementary Table 4 outlines the process for selecting these hyperparameters,
as well as the model architecture, feature engineering, and optimized
hyperparameters for the 6 ML models.

After identifying the best performing ML model at the pre-
operative stage, we performed sensitivity analyses by training addi-
tional algorithms using intra- and post-operative data. This approach
involved considering different features at each phase of the perio-
perative course. At the pre-operative stage, only pre-operative char-
acteristics were considered. At the intra-operative stage, both pre- and
intra-operative features were used. At the post-operative stage, all pre-,
intra-, and post-operative features were inputted into the model. Post-
operative variables were included because the immediate post-
operative in-hospital course may have an important impact on the
long-term success of an AV access’’. To ensure that post-operative
variables did not artificially elevate model performance for predicting
1-year successful clinical use of the AV access for hemodialysis, the
only immediate post-operative complications used as input features
were those that did not lead to access ligation or abandonment. This
multi-phase approach allows clinicians to gain insights into the
probability of long-term AV access success/failure at different stages of

a patient’s perioperative course, thereby guiding decision-making
before, during, and after intervention. This model training method has
been previously described, particularly for the development of pre-
diction tools for long-term outcomes’*’. Importantly, the focus of this
study was on the pre-operative model, and the creation of the addi-
tional intra- and post-operative algorithms was primarily to assess the
relative impact of intra- and post-operative variables on model per-
formance compared to pre-operative variables alone.

Statistical analysis

Pre-, intra-, and post-operative features were summarized as means (stan-
dard deviation) or medians (interquartile range) for continuous variables
and numbers (%) for categorical variables. Differences between patients
with and without 1-year successful clinical use of the AV access for
hemodialysis were assessed using independent t-tests (continuous variables)
or chi-square tests (categorical variables). To account for multiple com-
parisons, Bonferroni correction was used to set statistical significance. The
primary model evaluation metric was AUROC (95% CI), a validated
measurement of discriminatory ability that considers both sensitivity and
specificity’. Differences in AUROC’s between the pre-operative model and
the intra- and post-operative models were evaluated using the DeLong test™.
Secondary performance metrics were accuracy, sensitivity, specificity, PPV,
and NPV. To assess model robustness, we plotted calibration curves and
calculated Brier scores, a measurement of the agreement between predicted
and observed event probabilities™. In the final model, feature importance
was determined by ranking the top 10 predictors based on variable
importance scores (gain), a measurement of the relative importance of
individual covariates in contributing to an overall prediction”. To assess
model bias, we evaluated predictive performance across demographic/
clinical subgroups based on age, sex, race, ethnicity, rurality, median ADI
percentile, access type (fistula or graft), and access location (forearm, upper
arm, lower extremity, or other).

Based on a validated sample size calculator for clinical prediction
models, to achieve a minimum AUROC of 0.7 with an outcome rate of
approximately 47% and 111 pre-operative features, a minimum sample size
of 7730 patients with 3634 events is required™®. Our cohort of 59,674 patients
with 28,304 primary events satisfied this sample size requirement. For
variables of interest, missing data was less than 5%; hence, we adopted a
complete-case analysis approach, considering only non-missing covariates
for each patient. This is a valid analytical method for datasets with minimal
missing data (<5%) and reflects predictive modelling of real-world data,
which inherently includes missing information’*®. Furthermore, data was
missing completely at random, with no association between center volume
and missing data. Patients who underwent planned two-stage procedures
were included once within the cohort, with data from both the primary and
secondary procedures accounted for within a single entry. Patients who
died, received a kidney transplant, changed dialysis modalities, were pre-
dialysis and did not progress to ESKD (defined as CKD stage 5), or were lost
to follow-up were censored. In total, there were 1964/59,674 (3.3%) cen-
sored cases. Given the relatively low proportion of censored cases, they were
considered non-events, with a sensitivity analysis excluding censored
observations demonstrating no significant impact on model training or
performance. This approach is supported by previous work®™ . All analyses
were conducted using R version 4.3.1%.

Data availability

The data used for this study comes from the Vascular Quality Initiative
Database, which is maintained by the Society for Vascular Surgery Patient
Safety Organization. Access and use of the data requires approval through
an application process available at https://www.vqi.org/data-analysis/.

Code availability

The complete code used for model development and evaluation in this
project is publicly available on GitHub: https://github.com/benli12345/AV-
ML-VQL

npj Digital Medicine | (2026)9:15

12


https://www.vqi.org/data-analysis/
https://github.com/benli12345/AV-ML-VQI
https://github.com/benli12345/AV-ML-VQI
www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02187-9

Article

Received: 31 August 2025; Accepted: 18 November 2025;
Published online: 04 December 2025

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Lok, C. E., Huber, T. S., Orchanian-Cheff, A. & Rajan, D. K.
Arteriovenous Access for Hemodialysis: A Review. JAMA 331,
1307-1317 (2024).

Annual Data Report | USRDS. https://usrds-adr.niddk.nih.gov/2024/
end-stage-renal-disease/1-incidence-prevalence-patient-
characteristics-and-treatment-modalities.

Pecoits-Filho, R. et al. Capturing and monitoring global differences in
untreated and treated end-stage kidney disease, kidney replacement
therapy modality, and outcomes. Kidney Int Suppl. 10, e3-e9 (2020).
Santoro, D. et al. Vascular access for hemodialysis: current
perspectives. Int J. Nephrol. Renovasc. Dis. 7, 281-294 (2014).
Almasri, J. et al. Outcomes of vascular access for hemodialysis: A
systematic review and meta-analysis. J. Vasc. Surg. 64, 236-243
(2016).

Kong, N. W. et al. Outcomes Following Arteriovenous Fistula Creation
in Medicare Beneficiaries With End-Stage Kidney Disease. Am. J.
Cardiol. 234, 79-86 (2024).

Kosa, S. D., Al-Jaishi, A. A., Moist, L. & Lok, C. E. Preoperative
vascular access evaluation for haemodialysis patients. Cochrane
Database Syst. Rev. 2015, CD007013 (2015).

Nordyke, R. J. et al. Costs Attributable to Arteriovenous Fistula and
Arteriovenous Graft Placements in Hemodialysis Patients with
Medicare coverage. Am. J. Nephrol. 50, 320-328 (2019).

Kosa, S. D., Gafni, A., Thabane, L. & Lok, C. E. The Effect of Risk of
Maturation Failure and Access Type on Arteriovenous Access-
Related Costs among Hemodialysis Patients. Kidney360 1, 248-257
(2020).

Heindel, P. et al. Predicting radiocephalic arteriovenous fistula
success with machine learning. NPJ Digit Med 5, 160 (2022).
Robbin, M. L. et al. Prediction of Arteriovenous Fistula Clinical
Maturation from Postoperative Ultrasound Measurements: Findings
from the Hemodialysis Fistula Maturation Study. J. Am. Soc. Nephrol.
29, 2735-2744 (2018).

Society for Vascular Surgery Vascular Quality Initiative (VQI). https://
www.v@i.org/.

Bertges, D. J. et al. The Vascular Quality Initiative Cardiac Risk Index
for prediction of myocardial infarction after vascular surgery. J. Vasc.
Surg. 64, 1411-1421.e4 (2016).

Bilimoria, K. Y. et al. Development and Evaluation of the Universal ACS
NSQIP Surgical Risk Calculator: A Decision Aid and Informed Consent
Tool for Patients and Surgeons. J. Am. Coll. Surg. 217, 833-842
(2013).

Bagstanlar, Y. & Ozuysal, M. Introduction to machine learning. Methods
Mol. Biol. 1107, 105-128 (2014).

Ngiam, K. Y. &Khor, |. W. Big data and machine learning algorithms for
health-care delivery. Lancet Oncol. 20, e262-e273 (2019).

Liew, B. X. W., Kovacs, F. M., Rigamer, D. & Royuela, A. Machine
learning versus logistic regression for prognostic modelling in
individuals with non-specific neck pain. Eur. Spine J. 31, 2082-2091
(2022).

Bonde, A. et al. Assessing the utility of deep neural networks in
predicting postoperative surgical complications: a retrospective
study. Lancet Digital Health 3, e471-e485 (2021).

Li, B. et al. Using machine learning to predict outcomes following
carotid endarterectomy.J. Vasc. Surg. S0741-5214, 01252-1, (2023).
Li, B. et al. Using machine learning to predict outcomes following open
abdominal aortic aneurysm repair. J. Vasc. Surg. S0741-5214,
01935-3, https://doi.org/10.1016/j.jvs.2023.08.121 (2023).

Li, B. et al. Using Machine Learning (XGBoost) to Predict Outcomes
After Infrainguinal Bypass for Peripheral Artery Disease. Ann. Surg.
279, 705-713 (2024).

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Richard, M. N. et al. Repeated Endovascular Interventions Are
Worthwhile, Even After Thrombosis, to Maintain Long-Term Use of
Autogenous Dialysis Fistulas. Vasc. Endovasc. Surg. 55, 823-830
(2021).

Fedorova, E., Zhang, G. Q., Shireman, P. K., Woo, K. & Hicks, C. W.
Association of preoperative vein mapping with hemodialysis access
characteristics and outcomes in the Vascular Quality Initiative. J.
Vasc. Surg. 75, 1395-1402.e5 (2022).

Fitzgibbon, J. J. et al. Temporal trends in hemodialysis access
creation during the fistula first era. J. Vasc. Surg. 79, 1483-1492.e3
(2024).

Jun, M., Lv, J., Perkovic, V. & Jardine, M. J. Managing Cardiovascular
Risk in People with Chronic Kidney Disease: A Review of the Evidence
from Randomized Controlled Trials. Ther. Adv. Chronic Dis. 2,
265-278 (2011).

Fadia, R. et al. Upper Arm Arteriovenous Grafts are Superior over
Forearm Arteriovenous Grafts in Upper Extremity Dialysis Access.
Ann. Vasc. Surg. 70, 131-136 (2021).

Hui, S. H. et al. A comparison of preoperative and intraoperative vein
mapping sizes for arteriovenous fistula creation. J. Vasc. Surg. 67,
1813-1820 (2018).

Al-Jaishi, A. A, Liu, A. R., Lok, C. E., Zhang, J. C. & Moist, L. M.
Complications of the Arteriovenous Fistula: A Systematic Review. J.
Am. Soc. Nephrol. 28, 1839-1850 (2017).

Marques, M. G. & Ponce, P. Pre-operative Assessment for
Arteriovenous Fistula Placement for Dialysis. Semin Dial. 30, 58-62
(2017).

Stoltzfus, J. C. Logistic regression: a brief primer. Acad. Emerg. Med
18, 1099-1104 (2011).

Chatterjee, P., Cymberknop, L. J. & Armentano, R. L. Nonlinear
Systems in Healthcare towards Intelligent Disease Prediction.
Nonlinear Syst. - Theor. Asp. Recent Appl. 1, €88163 (2019).

Chen, T. & Guestrin, C. XGBoost: A Scalable Tree Boosting System.
Proc. 22nd ACM SIGKDD Int. Conf. Knowl. Discov. Data Min. - KDD’
16, 785-794 (2016).

Gianfrancesco, M. A,, Tamang, S., Yazdany, J. & Schmajuk, G.
Potential Biases in Machine Learning Algorithms Using Electronic
Health Record Data. JAMA Intern Med. 178, 1544-1547 (2018).
Pirozzi, N. et al. Monitoring the Patient Following Radio-Cephalic
Arteriovenous Fistula Creation: Current Perspectives. Vasc. Health
Risk Manag 17, 111-121 (2021).

Lok, C. E. etal. KDOQI Clinical Practice Guideline for Vascular Access:
2019 Update. Am. J. Kidney Dis. 75, S1-S164 (2020).

Nguyen, L. L. & Barshes, N. R. Analysis of large databases in vascular
surgery. J. Vasc. Surg. 52, 768-774 (2010).

Batko, K. & Slezak, A. The use of Big Data Analytics in healthcare. J.
Big Data 9, 3 (2022).

Elfanagely, O. et al. Machine Learning and Surgical Outcomes
Prediction: A Systematic Review. J. Surg. Res 264, 346-361 (2021).
Collins, G. S. et al. TRIPOD+-Al statement: updated guidance for
reporting clinical prediction models that use regression or machine
learning methods. BMJ 385, e078378 (2024).

Cronenwett, J. L., Kraiss, L. W. & Cambiria, R. P. The Society for
Vascular Surgery Vascular Quality Initiative. J. Vasc. Surg. 55,
1529-1537 (2012).

Hemodialysis access. The Vascular Quality Initiative https://www.vqi.
org/vgi-registries/hemodialysis-access/ (2022).

Inker, L. A. et al. New Creatinine- and Cystatin C-Based Equations
to Estimate GFR without Race. N. Engl. J. Med. 385, 1737-1749
(2021).

Zangan, S. M. & Falk, A. Optimizing Arteriovenous Fistula Maturation.
Semin Interv. Radio. 26, 144-150 (2009).

Bektas, M., Tuynman, J. B., Costa Pereira, J., Burchell, G. L. & van der
Peet, D. L. Machine Learning Algorithms for Predicting Surgical
Qutcomes after Colorectal Surgery: A Systematic Review. World J.

npj Digital Medicine | (2026)9:15

13


https://usrds-adr.niddk.nih.gov/2024/end-stage-renal-disease/1-incidence-prevalence-patient-characteristics-and-treatment-modalities
https://usrds-adr.niddk.nih.gov/2024/end-stage-renal-disease/1-incidence-prevalence-patient-characteristics-and-treatment-modalities
https://usrds-adr.niddk.nih.gov/2024/end-stage-renal-disease/1-incidence-prevalence-patient-characteristics-and-treatment-modalities
https://usrds-adr.niddk.nih.gov/2024/end-stage-renal-disease/1-incidence-prevalence-patient-characteristics-and-treatment-modalities
https://www.vqi.org/
https://www.vqi.org/
https://www.vqi.org/
https://doi.org/10.1016/j.jvs.2023.08.121
https://doi.org/10.1016/j.jvs.2023.08.121
https://www.vqi.org/vqi-registries/hemodialysis-access/
https://www.vqi.org/vqi-registries/hemodialysis-access/
https://www.vqi.org/vqi-registries/hemodialysis-access/
www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-02187-9

Article

Surg. 46, 3100-3110, https://doi.org/10.1007/s00268-022-06728-1
(2022).

45. Senders, J. T. et al. Machine Learning and Neurosurgical Outcome
Prediction: A Systematic Review. World Neurosurg. 109, 476-486.e1
(2018).

46. Shipe, M. E., Deppen, S. A, Farjah, F. & Grogan, E. L. Developing
prediction models for clinical use using logistic regression: an
overview. J. Thorac. Dis. 11, S574-S584 (2019).

47. Jung, Y. & Hu, J. A K-fold Averaging Cross-validation Procedure. J.
Nonparametr. Stat. 27, 167-179 (2015).

48. Adnan, M., Alarood, A. A. S., Uddin, M. I. & Ur Rehman, |. Utilizing grid
search cross-validation with adaptive boosting for augmenting
performance of machine learning models. PeerJ Comput Sci. 8, €803
(2022).

49. Wibowo, P. & Fatichah, C. Pruning-based oversampling technique with
smoothed bootstrap resampling for imbalanced clinical dataset of
Covid-19. J. King Saud. Univ. - Comput. Inf. Sci. 34, 7830-7839 (2022).

50. Lee, S. G. & Russ, A. Predicting and Preventing Postoperative
Outcomes. Clin. Colon Rectal Surg. 32, 149-156 (2019).

51. Vachharajani, T. J., Nakhoul, G. & Taliercio, J. J. Long-Term AVF
Patency - Can we do better?. J. Brasileiro de. Nefrologia 41, 307 (2019).

52. Gennatas, E. D. et al. Preoperative and postoperative prediction of
long-term meningioma outcomes. PLOS ONE 13, e0204161 (2018).

53. Aminsharifi, A. et al. Artificial Neural Network System to Predict the
Postoperative Outcome of Percutaneous Nephrolithotomy. J.
Endourol. 31, 461-467 (2017).

54. Hajian-Tilaki, K. Receiver Operating Characteristic (ROC) Curve
Analysis for Medical Diagnostic Test Evaluation. Casp. J. Intern Med.
4,627-635 (2013).

55. Delong, E. R., DeLong, D. M. & Clarke-Pearson, D. L. Comparing the
areas under two or more correlated receiver operating characteristic
curves: a nonparametric approach. Biometrics 44, 837-845 (1988).

56. Redelmeier, D. A., Bloch, D. A. & Hickam, D. H. Assessing predictive
accuracy: how to compare Brier scores. J. Clin. Epidemiol. 44,
1141-1146 (1991).

57. Loh, W.-Y. & Zhou, P. Variable Importance Scores. J. Data Sci. 19,
569-592 (2021).

58. Riley, R.D. et al. Calculating the sample size required for developing a
clinical prediction model. BMJ m441 https://doi.org/10.1136/bm].
m441 (2020).

59. Ross, R. K., Breskin, A. & Westreich, D. When Is a Complete-Case
Approach to Missing Data Valid? The Importance of Effect-Measure
Modification. Am. J. Epidemiol. 189, 1583-1589 (2020).

60. Hughes, R. A., Heron, J., Sterne, J. A. C. & Tilling, K. Accounting for
missing data in statistical analyses: multiple imputation is not always
the answer. Int J. Epidemiol. 48, 1294-1304 (2019).

61. Lesko, C.R., Edwards, J. K., Moore, R. D. & Lau, B. Censoring for loss
to follow-up in time-to-event analyses of composite outcomes or in
the presence of competing risks. Epidemiology 30, 817-824 (2019).

62. Lesko, C.R., Edwards, J. K., Cole, S. R., Moore, R. D. & Lau, B. When
to Censor?. Am. J. Epidemiol. 187, 623-632 (2018).

63. Leung, K. M., Elashoff, R. M. & Afifi, A. A. Censoring issues in survival
analysis. Annu Rev. Public Health 18, 83—-104 (1997).

64. Download R-4.3.1 for Windows. The R-project for statistical
computing. https://cran.r-project.org/bin/windows/base/.

Acknowledgements

This research was partially funded by the Canadian Institutes of Health
Research, Ontario Ministry of Health, PSI Foundation, and Schwartz
Reisman Institute for Technology and Society at the University of Toronto

(BL). MAH is funded by a Brigham and Women'’s Hospital Heart and Vascular
Center Faculty Award and Brigham and Women’s Hospital Osteen Award.
MAH reports Research Grants: Vascular Therapies (ACCESS-2 Trial),
Humacyte, Inc (V-012 Trial; V-004 Trial), and VenoStent, Inc (SAVE-FistulaS
Trial); Consultant for Humacyte, Inc. The funding sources did not play a role
in the design or conduct of the research.

Author contributions

All authors meet all four criteria: 1) Substantial contributions to the
conception or design of the work or the acquisition, analysis, or
interpretation of the data, 2) Drafting the work or revising it critically for
important intellectual content, 3) Final approval of the completed version,
and 4) Accountability for all aspects of the work in ensuring that questions
related to the accuracy or integrity of any part of the work are appropriately
investigated and resolved. B.L. and M.A.O. had full access to and verified all
ofthe datain the study and take responsibility for the integrity of the data and
accuracy of the data analysis. B.L., Cde.M., M.M., G.R.N., and M.A.O.
conceived of and designed the study. B.L. drafted the article, developed the
models, and performed statistical analysis (with the support of data scientist
D.B.). All authors (B.L., N.E., D.B., D.S.L., LA.O., D.N.W., M.AAH., O.D.R,,
E.G., Cde.M., M.M,, G.R.N., and M.A.O.) acquired, analyzed, or interpreted
data, and critically revised the article for important intellectual content.
Cde.M., M.M., G.R.N., and M.A.O. provided supervision. B.L. and M.A.O.
had the final responsibility for the decision to submit for publication. All
authors (B.L., N.E., D.B.,D.S.L., LA.O.,, D.N.W,, M.AH.,O.D.R, EG,,
Cde.M., M.M., G.R.N., and M.A.O.) had full access to the full data in the
study, accept responsibility to submit for publication, and approve of the
final manuscript.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41746-025-02187-9.

Correspondence and requests for materials should be addressed to
Mohammed Al-Omran.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

npj Digital Medicine | (2026)9:15

14


https://doi.org/10.1007/s00268-022-06728-1
https://doi.org/10.1007/s00268-022-06728-1
https://doi.org/10.1136/bmj.m441
https://doi.org/10.1136/bmj.m441
https://doi.org/10.1136/bmj.m441
https://cran.r-project.org/bin/windows/base/
https://cran.r-project.org/bin/windows/base/
https://doi.org/10.1038/s41746-025-02187-9
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
www.nature.com/npjdigitalmed

	Predicting 1-year successful clinical use of an arteriovenous access for hemodialysis using machine learning
	Results
	Patients, events, and follow-up
	Pre-operative characteristics
	Intra-operative characteristics
	Post-operative characteristics
	Model performance
	Subgroup analysis

	Discussion
	Methods
	Study approval
	Design
	Dataset
	Patient cohort
	Features
	Outcomes
	Model development
	Statistical analysis

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




