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Establishing a functional arteriovenous fistula (AVF) is crucial to ensure effective dialysis treatment.
However, there are currently no definitive criteria for predicting AVF maturation using preoperative
ultrasound. This study aims to assess the efficacy of Al-driven models in analyzing comprehensive
ultrasonographic variables across multiple forearm locations to predict successful AVF maturation. A
retrospective analysis was conducted on 492 cases within a cohort of 494 individuals who underwent
radiocephalic arteriovenous fistula (AVF) creation across three centers over a span of four years. The
analysis involved various variables such as demographic data, cephalic vein diameters at distal (vein 1),
mid (vein 2), and proximal (vein 3) locations, vein wall thickness, competing tributaries, peak systolic
velocity, and radial artery waveform. To assess the predictive value of these variables, XGBoost, a
machine learning model, was utilized. Significant predictors of AVF maturation included cephalic

vein diameters (distal, mid, and proximal) with p-values of 0.004, 0.003, and 0.009, respectively,

and competing tributaries (p <0.001). The optimal model performance was in Stage 4, excluding vein
1 data, achieving an F1 score of 0.883, a Matthews Correlation Coefficient of 0.741, and an AUC of
86.9%. A vein 2 diameter cut-off of 4.5 mm resulted in an 89.5% success rate in maturation. This study
underscores the value of comprehensive ultrasonographic assessments in predicting AVF maturation,
advocating for detailed preoperative ultrasound mapping of the entire forearm to enhance AVF
outcomes.

A well-functioning arteriovenous fistula is essential for high-quality dialysis, as it reduces morbidity, prolongs
patient survival, and enhances quality of life. Autologous arteriovenous fistulas (AVF) are the preferred choice
for vascular access due to their superior performance compared to grafts and hemodialysis catheters in terms
of long-term usage, infection rates, and mortality'. The National Kidney Foundation Kidney Disease Outcomes
Quality Initiative (NKF-KDOQI) Guideline and the National Vascular Access Improvement Initiative advocated
for radiocephalic arteriovenous fistula (RCAVF) as the primary option for vascular access, where feasible.
Traditionally, routine preoperative ultrasound mapping for AVF construction was considered essential for
successful fistula development®3. However, recent NKF-KDOQI guidelines have challenged the necessity of
routine preoperative ultrasound mapping, citing a lack of supporting evidence®. Instead, selective mapping was
recommended for patients at high risk of fistula failure, such as the elderly, females, those with comorbidities,
and small pediatric patients.
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Chronic kidney disease (CKD) patients commonly present with comorbidities such as hypertension, diabetes,
and cardiovascular disease. A large-scale prevalence study indicated that 98.2% of adults with CKD had at least
one comorbidity’. This often leads to frequent hospitalizations that require multiple venipunctures, indicating
that most CKD patients are at high risk®. As a result, relying solely on physical ex-amination may not provide
a complete assessment of cephalic vein quality in these patients. This limitation emphasizes the significance of
alternative diagnostic tools. However, there have been conflicting reports regarding the predictive value of pre-
operative ultrasound mapping’~!!. We hypothesized that the disparities in these results might result from the
analysis being based on insufficient information about the preoperative condition. Therefore, this study aimed
to evaluate the predictive values of variables including ultrasonographic findings and demographic information
using Al modeling for successful fistula development.

Results

A total of 492 eligible cases were included in the analysis. Of the 492 eligible cases analyzed, 135 cases (27.4%)
experienced maturation failure, resulting in an overall maturation rate of 72.6%. Demographic data, ultrasound
variables, and study outcomes are summarized in Table 1. None of the cases in this cohort had maturation failure
due to the need for superficialization of the cephalic vein caused by access depth. In the initial statistical analysis,
all diameters of the fore-arm cephalic veins were found to be significantly associated with maturation status
(p=0.004, p=0.003, and p=0.009 for vein 1, vein 2, and vein 3, respectively). Among the 75 patients (15.3%),
vein 1 had a diameter smaller than 2 mm. This condition was correlated with 35 cases (25.9%) of maturation
failure, showing a statistically significant association (p <0.001). The presence of a competing tributary was also
significantly associated with maturation failure (x2=13.63, p <0.001).

Model performance

The results of the model performance are presented in Table 2; Fig. 1. Among the variables used in Stage 1,
vein 1 made a more significant contribution to the prediction performance compared to sex or age (Fig. 1A).
The overall performance of Stage 1 was inferior to that of the other stages (F1=0.624 and MCC= —0.061 with
Neural Network). Moving on to Stage 2, the model exhibited higher performance compared to the previous stage
(F1=0.773, MCC=0.397 using a Neural Network). The overall model performance in Stage 4, where vein 1 was
excluded from Stage 2, showed superior performance compared to all other stages (F1=0.869, MCC=0.624
using XGBoost). In Stage 5, the model included all variables from Stage 4 except for vein wall thickness. The
best model performance in Stage 5 was achieved using the Neural Network, showing slightly worse performance
compared to Stage 4 (F1=0.726, MCC=0.298 using XGBoost). The significance of vein 2 was apparent across
most modeling procedures, along with vein 3, whereas other ultrasonographic features such as PSV or the
waveform of the radial artery were relatively less important (Fig. 1).

Final prediction model

The XGBoost model for Stage 4 was found to be the optimal prediction model due to its superior performance,
as shown in Fig. 2. The Area Under the Curve was 87.3% for Stage 4 (Fig. 2B), compared to 53.4% for Stage 1
(Fig. 2A), indicating better prediction of Stage 4 model. When comparing the calibration slope, the slope for
Stage 4 was generally closer to 1, indicating that the model’s predictions are well calibrated to the observed
probabilities (Fig. 3). In particular, it was determined that setting the cut-off value of vein 2 at 4.5 mm would
achieve an 89.5% success rate in maturation.

Maturation success

All eligible participants (n=492) | (n=357) Maturation failure (n=135) | p-value
Age 63 (52-72) 63 (52-72) 62 (55-72.5) 0.980
Sex (men) 315 (64.2) 233 (65.4) 82 (60.7) 0.344
Diameter (mm)
Vein 1 (distal) 2.6 (2.1-3.1) 2.7 (2.2-3.1) 2.4 (1.9-2.9) 0.001
Vein 2 (mid) 3.0 (2.4-3.5) 3.1(2.6-3.6) 2.4(1.8-3.1) <0.001
Vein 3 (proximal) 3.4(2.8-4.2) 3.6 (3.0-4.3) 3.0 (2.1-3.7) <0.001
Artery 2.25 (2-2.5) 2.3 (2.0-2.5) 2.2(2.0-2.5) 0.358
Vein wall thickness (mm) | 0.080 (0.056-0.128) 0.063 (0.052-0.102) | 0.105 (0.077-0.154) <0.001
Tributary* 44 (9.0) 21 (5.9) 23 (17.0) <0.001
PSV (cm/s) 50.1 (29.0-68.4) 47.5 (21.2-69.3) 51.2 (36.6-64.5) 0.238
Arterial waveform 0.472
Biphasic 42 (8.6) 28 (66.7) 14 (33.3)
triphasic 344 (70.1) 248 (72.1) 96 (27.9)

Table 1. Patients’ characteristics and study outcome. IQR, interquartile range; PSV, peak systolic velocity. All
values are presented as the median (interquartile range) for continuous variables or as n (%) for categorical
variables. *Presence of tributary of similar diameter.
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[AUC [F1[Precision | Recall [ MCC | Specificity

Stage 1

Gradient Boosting (XGBoost) | 0.412 | 0.613 | 0.591 0.646 | —0.059 | 0.305
Logistic Regression 0.408 | 0.629 | 0.547 0.740 | 0.000 | 0.260
Naive Bayes 0.373 | 0.617 | 0.577 0.688 | -0.075 | 0.268
Neural Network 0.337 | 0.624 | 0.545 0.729 | -0.061 | 0.257
Random Forest 0.409 | 0.613 | 0.591 0.646 | —0.059 | 0.305
Stage 2

Gradient Boosting (XGBoost) | 0.604 | 0.719 | 0.713 0.740 | 0.244 | 0.468
Logistic Regression 0.712 | 0.752 | 0.764 0.781 |0.350 | 0.482
Naive Bayes 0.717 | 0.743 | 0.738 0.750 |0.318 | 0.549
Neural Network 0.652 | 0.773 | 0.769 0.781 |0.397 | 0.586
Random Forest 0.634 | 0.725 | 0.722 0.729 ]0.279 |0.542
Stage 3

Gradient Boosting (XGBoost) | 0.799 | 0.781 | 0.777 0.789 |0.401 |0.579
Logistic Regression 0.878 | 0.854 | 0.853 0.855 | 0.608 | 0.741
Naive Bayes 0.849 | 0.868 | 0.868 0.868 |0.649 |0.781
Neural Network 0.850 | 0.801 |0.799 0.803 | 0.465 | 0.654
Random Forest 0.806 |0.801 | 0.799 0.803 | 0.465 | 0.654
Stage 4

Gradient Boosting (XGBoost) | 0.833 | 0.869 | 0.884 0.885 |0.624 | 0.834
Logistic Regression 0.869 | 0.727 | 0.725 0.731 ]0.391 |0.648
Naive Bayes 0.833 | 0.810 | 0.814 0.808 |0.588 |0.794
Neural Network 0.797 |0.805 | 0.804 0.808 | 0.566 | 0.741
Random Forest 0.853 | 0.841 | 0.847 0.846 | 0.652 |0.762
Stage 5

Gradient Boosting (XGBoost) | 0.673 | 0.630 | 0.619 0.646 | 0.034 |0.385
Logistic Regression 0.567 | 0.645 | 0.632 0.667 | 0.068 |0.393
Naive Bayes 0.741 | 0.697 | 0.711 0.688 |0.265 |0.594
Neural Network 0.602 | 0.726 | 0.723 0.729 ]0.298 | 0.561
Random Forest 0.621 | 0.601 | 0.584 0.625 | —0.053 | 0.329

Table 2. The model performance in each stage. AUC, area under the receiver operating characteristic curve;
MCC, Matthews Correlation Coeflicient.

Discussion

Historically, routine preoperative ultrasound mapping was seen as necessary for creating an AVF2 The purpose
was to find suitable veins for cannulation, understand their anatomy, and anticipate any potential obstacles that
could hinder the successful maturation of the AVE. However, recent guidelines, including the NKF-KDOQI
guidelines, have changed their view on the obligatory use of routine preoperative mapping. They argue that there
is insufficient high-quality evidence to support its routine application®*. By advocating for selective ultrasound
mapping in high-risk patients, such as the elderly, females, and those with comorbidities, the updated guidelines
aim to optimize resource utilization and improve clinical outcomes, while ensuring successful AVF creation.
This shift reflects insufficient supporting evidence of its value in im-proving primary patency or preventing
maturation failure®. Additionally, the potential drawbacks of routine mappings, such as increased procedure
time and cost, have gained greater consideration?. Therefore, selective mapping is now recommended. However,
the dialysis population has increased in age and accumulated more comorbidities, both of which are regarded
as high risks for AVF failure'?. Logically, many preoperative patients fall into this high-risk category. Even
in patients with a lower risk, a physical examination often fails to provide information on the entire length
of the vessel. This justifies routine mapping as a matter of common sense. However, currently, the role of
preoperative ultrasound mapping remains unclear due to conflicting reports on its predictive value regarding
AVF maturation'®!!. This discrepancy may arise from two main factors: either the ultrasound variable included
in the studies differed, or there was inconsistency in the diagnostic criteria or examination protocol. Typically,
ultrasound diagnostic criteria use a venous diameter cutoff value of 2 mm at the anastomotic sites. In terms of
outcomes, preoperative mapping was evaluated by either the maturation failure rate or the patency rate. In this
study, we aimed to determine which variables should be included in preoperative ultrasonographic mapping.
We specifically focused on maturation failure as the outcome variable and limited the study to RCAVFs to
ensure homogeneity of results. Our investigation revealed that the specificity for predicting maturation when
the preoperative evaluation was based solely on wrist cephalic vein diameter, age, and sex was only 30.5%. This
highlights the need for additional evaluation tools to assist in preoperative planning.
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Fig. 1. Model performance of each stage. (A) Stage 1, (B) Stage 2, (C) Stage 3, (D) Stage 4, (E) Stage 5. Vein 1
demonstrated more significant contribution to the prediction performance compared to other factors in stage
1. Stage 2 model exhibited higher performance than stage 1. The stage 4 exhibited greater performance than
other stages.

There is variability in AVF maturation criteria reported globally. The rule of 6 (flow volume >600mL/min,
vein diameter >6 mm, vein depth <6 mm) is widely used to determine when to start hemodialysis!>!*. Others
recommend vein diameter above 4 mm and volume flow above 500mL/min as successful maturation criteria'®.
To address this, we used definitions based on successful maturation with the ease of cannulation, the ability to
have three consecutive sessions of hemodialysis for at least four hours, and a blood flow rate of 250 mL/min or
more. Any thrombosis or unable to puncture the vein or finish hemodialysis was defined as maturation failure.

In our study, mid- and proximal-forearm cephalic vein diameter, age, and sex emerged as important variables
to consider, particularly from stage 4, exhibiting superior performance with an 86.9% AUC. Our model’s strong
performance from stage 4 suggests that these variables play a crucial role during this phase, highlighting the
importance of detailed vascular assessment in predictive modeling for RCAVF maturation. It's important to
note that distal forearm diameters were often similar to or larger than 2 mm in most cases. Consequently,
many cases were selected either through preoperative mapping or direct visual evaluation intraoperatively, as
suggested in previous literature!®-1°. This selection bias may have led to an underestimation of the distal forearm
cephalic vein diameter’s significance in the model’s predictive performance. To provide context for our findings,
Table 3 summarizes recent state-of-the-art models for AVF maturation prediction. The table compares datasets,
features used, predictive performances, and key methodological differences?®?!. Our XGBoost-based model
demonstrates competitive or superior performance compared to previous approaches, benefiting from detailed
ultrasonographic features and clinical variables. Thus, it is recommended that, during the preoperative mapping
procedure, measurements of all forearm cephalic vein diameters—representing distal, mid, and proximal
forearm sites—should be considered when constructing a RCAVE. Furthermore, the presence of competing
tributaries was found to be significantly associated with maturation failure in descriptive analytics and remained
important in most stages, except stage 4.

There are several limitations to acknowledge in our study. Firstly, it was conducted retrospectively, which
inherently limits control over variables. This study focused on ultrasound-derived parameters and did not
incorporate additional clinical variables, such as diabetes mellitus, prior puncture history, or dialysis vintage.
These factors are known to influence vascular condition and may affect arteriovenous fistula maturation.
However, such underlying changes are likely reflected in morphologic and hemodynamic features observed
on duplex ultrasound. Therefore, this study aimed to evaluate whether imaging alone could provide sufficient
predictive information without detailed clinical history. Nevertheless, incorporating both imaging and clinical
variables may further improve predictive performance in future models.
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Fig. 2. ROC curve of final prediction model using XGBoost. (A) Stage 1, (B) Stage 4. The AUC of stage 1 is
53.4% and stage 4 is 87.3%, indicating better prediction of Stage 4 model.

Despite these constraints, our study possesses significant strengths. We have identified the most crucial
sonographic variables that should be measured, which we believe can substantially contribute to improving the
success rate of maturation. Addressing these factors has the potential to enhance the quality of life for dialysis
patients, reduce healthcare costs, and minimize reintervention rates. Additionally, the data were collected from
three different centers, each utilizing varying ultrasound machines, techniques, and surgical approaches. This
diversity reflects the complexity of real-world clinical scenarios, enhancing the generalizability of our findings.

Scientific Reports|  (2026) 16:18451 | https://doi.org/10.1038/s41598-026-49726-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A Calibration Plots for Different Models B Calibration Plots for Different Models
1.0 1 —e— Naive Bayes (Calibration Slope: -0.05) > 1.0 1 —e— Naive Bayes (Calibration Slope: 0.80) A7
®— Gradient Boosting (Calibration Slope: -0.25) ol —e— Gradient Boosting (Calibration Slope: 0.59) g
—8— Logistic Regression (Calibration Slope: -0.73) Jes —8— Logistic Regression (Calibration Slope: 0.76)
0.8 1 —®— Neural Network (Calibration Slope: -0.06) L” 0.8 1 —®— Neural Network (Calibration Slope: 0.91)
—&— Random Forest (Calibration Slope: -0.23) —&— Random Forest (Calibration Slope: 0.62)
g -=- Pperfectly calibrated g —=- Perfectly calibrated
7 061 ‘é 0.6
Q Q
S kS
c c
2 0.4 2 04
v v
o g
B o
0.2 1 0.2 4
b
/,/
0.0 1 004 -
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Mean predicted probability Mean predicted probability
Fig. 3. Calibration plots for different models. (A) Stage 1, (B) Stage 4. Stage 4 model depicted better calibration
plot than stage 1 model.
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Table 3. Comparison of the current model with recent state-of-the-art methods. AUC, area under the receiver
operating characteristic curve; AVE, arteriovenous fistula; CNN, convolutional neural network; ML, machine
learning; DL, deep learning; KDOQI, Kidney Disease Outcomes Quality Initiative.

Furthermore, a five-fold cross-validation approach was used to evaluate model performance. This method
allowed for robust internal validation without splitting the dataset, given our limited sample size.

Nevertheless, further research is needed to suggest a cut-off value for measurement sites and to develop a
model with improved predictive power, requiring an increased sample size or a prospective design. Moreover,
while our model was internally validated using five-fold cross-validation across a multicenter dataset, external
validation using independent cohorts from other institutions was not performed. This is primarily due to the
current unavailability of appropriate external datasets with compatible preoperative ultrasound parameters.
Future prospective multicenter studies incorporating external validation are warranted and are currently under
planning through multi-institutional collaboration.

In conclusion, we achieved an Al-based prediction model using preoperative ultrasound data from the
forearm cephalic vein at different sites. Unlike prior studies, we newly found that the identification of competing
tributaries has been found to be crucial factors for successful radio-cephalic arteriovenous fistula maturation.
This emphasizes the importance of tailored sonographic evaluation during preoperative ultrasound mapping,
instead of solely focusing on the anastomotic site.

Methods

This retrospective cohort study used data to investigate the optimal prediction model for AVF maturation using
Al'modeling. The study followed the ethical principles of the Helsinki Declaration, and no patient was subjected
to any new, alternative, or changed practices. The institutional ethics review board approved this cohort study
and waived the need for informed consent due to the retrospective nature of the study (IRB No. $2020-3118-
0001). The data was completely anonymized and used in machine learning or deep learning models. Imputation
of missing values was not considered.
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Fig. 4. Feature selection process. Stage 1 included age, sex, and vein 1 as variables. Stage 2 involved all
collected variables. Stage 3 excluded vein 1 with a diameter less than 2 mm. Stage 4 included all variables
except for vein 1. Stage 5 removed wall thickness from stage 4.

Study population

The study cohort included a total of 494 consecutive patients who underwent RC AVF due to advanced chronic
kidney disease from 2018 to 2022 across three centers. Patients who did not have follow-up data available were
excluded from the study.

Study outcome and feature selection

The outcome of the study was the maturation of the fistula. Fistula maturation was defined as an arteriovenous
fistula that matures and is usable for dialysis with two-needle cannulation for hemodialysis for at least 90 days
without endovascular or surgical interventions*. Demographic information such as age and sex, as well as
anatomical variances including the diameter of the cephalic vein and radial artery, the waveform of the radial
artery, the thickness of the cephalic vein, the presence of a large tributary of the cephalic vein, and the center,
were taken into consideration. Anatomic data were obtained via preoperative duplex ultrasound mapping,
which was performed on the same day as the scheduled surgical procedure across all three participating centers.
The diameter (internal caliber) of the cephalic vein was measured at three points on the forearm: distal (vein
1), mid (vein 2), and proximal (vein 3), along its direct continuation to the median cubital fossa. Cephalic
vein diameters were measured at three predetermined points: distal (1 cm from the wrist), mid (mid-forearm),
and proximal (near the elbow). These standardized measurement points were used consistently across all
cases. A competing tributary was defined as a venous side branch with a diameter comparable to that of the
main cephalic vein outflow pathway. A fixed absolute diameter cutoff was not applied due to inter-individual
variability in cephalic vein size; instead, a relative comparison to the main outflow vein was used. Tributaries
that could be exposed through the surgical incision were routinely ligated and therefore excluded from this
definition. Accordingly, competing tributaries were defined as those located outside the surgical exposure field,
typically more than 3 cm from the planned anastomosis site. The thickness of the cephalic vein was measured
at the anticipated anastomosis site. The diameter of the radial artery and its hemodynamic status, including
peak systolic velocity (PSV) and waveform, were assessed. The arterial waveform was categorized as triphasic,
biphasic, or monophasic. Certified vascular technicians with international licenses of vascular sonography per-
formed all ultrasound examinations. A standardized protocol was followed across the three study centers to
minimize inter-operator variability.

Feature selection process

The model was developed in five stages, each incorporating different variables (Fig. 4). In Stage 1, age, sex,
and vein 1 were included as these variables are commonly considered in clinical practice. Stage 2 involved the
inclusion of all collected variables. Moving on to Stage 3, vein 1 with a diameter less than 2 mm was excluded.
Stage 4 included all variables except for vein 1. Finally, Stage 5 removed wall thickness from Stage 4 while
retaining all other variables in the final model. Factors were selected based on clinical relevance and statistical
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correlation with maturation success in prior studies. Each model stage was designed to evaluate the added
predictive value of specific variables.

Statistical methods

When reporting descriptive statistics, categorical variables were summarized using frequencies and percentages.
For continuous variables that followed a normal distribution, the mean and standard deviation were reported. In
cases where the distribution deviated from normality, the median and interquartile range were utilized instead.
Before implementing machine learning techniques, the x2 test was conducted for categorical variables, while
the Mann-Whitney U test was used for continuous variables. A significance level of p <0.05 was employed to
determine statistical significance.

To create a highly effective predictive classification model, we explored several modeling procedures,
including Gradient Boosting (XGBoost), Naive Bayes, random forest, and neural network. For the machine
learning analysis, an extreme gradient boosting (XGBoost) model was implemented with the following
hyperparameters: learning rate of 0.3, maximum tree depth of 6, and 10 estimators. Subsampling was applied
when appropriate to improve generalizability. A neural network model was also constructed with a single
hidden layer consisting of 20 neurons. The model was trained using the Adam optimizer with a learning rate of
0.001. Feature importance was assessed using permutation importance, which evaluates the decrease in model
performance when individual features are randomly permuted, thereby reflecting their contribution to prediction
accuracy. For classification problems, the standard approach was multilinear logistic regression. All of these
predictive modeling methods followed a training, hyperparameter tuning, and testing process. As mentioned
earlier, the input features consisted of baseline clinical characteristics and preoperative ultrasound parameters.
Before fitting the models, continuous variables were standardized by scaling their distributions (dividing by
the standard deviation). We built the models using the entire dataset and tuned the hyperparameters using
grid search methods with nested 5-fold cross-validation. After hyperparameter tuning, the final models were
re-fit on the complete training dataset. The primary performance indices we used were the F1 score, Matthews
Correlation Coeflicient (MCC), precision, and recall. The F1 score was particularly suitable for imbalanced class
metrics as it considers both sensitivity and specificity. The Matthew’s Correlation Coefficient (MCC) is a metric
that assesses predictive power by considering both classes. It remains stable even with imbalanced datasets. The
values of MCC range from —1 to 1, where values closer to 1 indicate perfect predictions, 0 represents random
predictions, and —1 represents completely incorrect predictions. Typically, a value above 0.5 suggests good
classification performance. The performance of the final model was evaluated using a hold-out testing dataset.
A classification threshold of 0.5 was applied to all models. Receiver Operating Characteristic (ROC) curves,
calibration plots, and decision curve plots were generated for each modeling approach. Performance metrics
such as the area under the ROC curve (AUROC), sensitivity, specificity, accuracy, and logistic calibration slope
and intercept were calculated for each modeling approach. The calibration slope was compared between models
with the best and worst performance. If the calibration slope is greater than 1, the model tends to overestimate
predictions. If the calibration slope is less than 1, the model tends to underestimate predictions.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding
author on reasonable requests.
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