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Abstract

Background Arteriovenous fistula stenosis is a common complication in hemodialysis patients, yet effective predic-
tive tools are lacking. This study aims to develop an interpretable machine learning model for stenosis risk prediction.

Methods Clinical data from 974 patients (55 features) undergoing arteriovenous fistula dialysis at The Central Hospi-

tal of Wuhan (2017-2024) were analyzed retrospectively. The dataset was split into training (70%) and test (30%) sets.
Seven models—Random Forest, XGBoost, Support Vector Machine, Logistic Regression, K-Nearest Neighbors, Artificial

B12, and C-reactive protein.

Neural Network, and Decision Tree—were trained. Performance was evaluated using F1 score, accuracy, specificity,
precision, recall, and AUC-ROC. SHAP values identified key predictors in the optimal model.

Results XGBoost achieved the highest AUC (0.829, 95% Cl 0.785-0.880). SHAP analysis highlighted seven critical
predictors: number of surgeries, prothrombin time activity, lymphocyte count, fistula duration, triglycerides, vitamin

Conclusion The XGBoost model effectively predicts arteriovenous fistula stenosis risk using clinical data. SHAP expla-
nations enhance clinical interpretability, aiding personalized care strategies.

Keywords Machine learning, Arteriovenous fistula, Stenosis, Complications, Predictive modeling

Introduction

The prevalence of chronic kidney disease (CKD) is rising
annually, posing significant challenges to human health
and well-being. Epidemiological studies indicate that the
global prevalence of CKD is approximately 9.1%, affect-
ing around 697.5 million individuals. In China, the preva-
lence is notably higher at 10.8%, with an estimated 120
million individuals affected by the disease [1]. Dialysis
serves as the primary treatment modality for patients
with end-stage renal disease (ESRD). KDOQI (Kidney
Disease Outcomes Quality Initiative) has indicated that
the arteriovenous fistula (AVF) is the preferred vascular

*Correspondence:

Peng Shu

312855784@qg.com

! The Central Hospital of Wuhan, Tongji Medical College, Huazhong
University of Science and Technology, No.26, Shengli Street, Jiang'an
District, Wuhan, Hubei, China

B BMC

access for hemodialysis due to its extended service life,
low infection risk, and minimal complications, mak-
ing it widely utilized in clinical practice [2]. However,
AVF stenosis remains a prevalent complication that sig-
nificantly impairs vascular access patency and adversely
affects dialysis outcomes. Research indicates that the
one-year functional patency rate of a mature postop-
erative AVF is approximately 87%, while the two-year
patency rate decreases to 75%. Furthermore, nearly half
of mature AVF require additional interventions or treat-
ments to address complications and maintain patency
[3]. The presence of AVF stenosis exacerbates patient
morbidity and can result in suboptimal dialysis, elevated
hospitalization rates, and potentially life-threatening
complications. Consequently, the early identification of
patients at high risk for AVF stenosis, coupled with the
implementation of effective interventions, is crucial for
enhancing patient outcomes and reducing healthcare
expenditures [4]. Although various clinical techniques,
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such as ultrasonography and angiography, are available
for assessing the risk of AVF stenosis, these methods have
inherent limitations. For instance, ultrasonography is
highly dependent on the operator’s expertise and exhib-
its low sensitivity in detecting minor stenosis [5]. While
digital subtraction angiography is considered the "gold
standard" for diagnosing AVF stenosis, it is an invasive
procedure that is both costly and associated with a risk
of complications [6, 7]. Consequently, there is an urgent
need in clinical practice and research for the develop-
ment of an efficient, accurate, and noninvasive tool to
predict the risk of AVF stenosis.

In recent years, machine learning technology has dem-
onstrated significant advancements in the medical field,
with its robust data processing capabilities and pattern
recognition abilities showing considerable potential for
applications in disease diagnosis, treatment plan opti-
mization, and risk prediction [8—10]. Machine learning
algorithms have demonstrated the capability to extract
intricate relationships between potential features and
diseases from extensive clinical datasets, thereby offering
substantial support for clinical decision-making. Within
the domain of vascular diseases, machine learning mod-
els have been effectively employed for risk assessment in
conditions such as coronary artery disease and peripheral
vascular disease, yielding favorable outcomes [11-13].
Relevant research has also been conducted on predicting
the risk of stenosis in arteriovenous fistulae, with exist-
ing models showing notable predictive performance and
clinical utility [14, 15]. However, despite the high predic-
tive accuracy of certain models in various studies, the
complexity of these models often obscures the specific
contribution of each feature to the prediction process.

To enhance the interpretability and clinical applicabil-
ity of the model, this study employs the SHAP (Shapley
Additive explanations) method. This approach elucidates
the influence of individual features on the prediction of
stenosis risk in arteriovenous fistulas by calculating the
marginal contribution of these features across various
combinations. The SHAP method, grounded in the Shap-
ley value from game theory, quantifies the contribution
of each feature to the model’s predictions. By doing so, it
effectively demystifies the “black box” nature of machine
learning models, thereby increasing their transparency.
The SHAP method not only identifies the most influ-
ential features affecting the prediction of arteriovenous
fistula stenosis risk but also elucidates the interactions
between these features and their collective impact on
model predictions. This study aims to develop seven
machine learning-based models for predicting AVF ste-
nosis risk, select the optimal model, and interpret it using
the SHAP method. The ultimate goal is to provide clini-
cians with a novel decision-making tool to facilitate the
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early identification of high-risk patients, thereby enabling
timely interventions to extend the lifespan of the arterio-
venous fistula and improve the prognosis for hemodialy-
sis patients.

Methodology

Study design

This retrospective cohort study adhered to the STROBE
(Strengthening the Reporting of Observational Studies
in Epidemiology) guidelines and employed demographic
and laboratory data from 1,168 patients who received
dialysis at The Central Hospital of Wuhan from January
1, 2017, to October 2024. The cohort was stratified into
two groups based on the presence or absence of arterio-
venous fistula stenosis. According to the conventional
guideline for machine learning, which suggests hav-
ing 10-20 samples per feature, our sample size of 974
patients with 55 features is considered sufficient.

Inclusion and exclusion criteria

Inclusion Criteria: 1. Patients who underwent dialysis
using an arteriovenous fistula. 2. Patients aged 18 years
or older. 3. Patients with a dialysis history of at least three
months. 4. Patients who received dialysis three times per
week for four hours per session. Exclusion Criteria: 1.
Patients who utilized artificial arteriovenous fistulas for
dialysis. 2. Patients whose clinical records contained more
than 30% missing data. This study received approval from
the Ethics Committee of The Central Hospital of Wuhan,
under approval number WHZXKYL2024-115. Given the
retrospective nature of the study, the Ethics Committee
granted an exemption from obtaining informed consent.

Selection of variables

Utilizing the electronic medical record system of our
hospital, we systematically compiled demographic infor-
mation encompassing a total of 55 variables. The primary
variables of interest included: gender, age, presence of
underlying diseases (such as diabetes mellitus, hyper-
tension, chronic glomerulonephritis, coronary artery
disease, vasculitis, and other conditions, along with
comorbidities involving two or more diseases), educa-
tional attainment, smoking history, alcohol consump-
tion history, literacy levels, incidence of blood clots,
body mass index (BMI), diameter of fistulae, and various
hematological parameters including erythrocyte count,
leukocyte count, hemoglobin concentration, erythro-
cyte pressure volume, platelet count, lymphocyte count,
neutrophil count, monocyte count, D-dimer levels, plas-
minogen activity, prothrombin time, and procalcitonin
levels. Furthermore, lipid profiles were assessed, includ-
ing high-density lipoprotein (HDL), low-density lipopro-
tein (LDL), apolipoprotein A1 (ApoAl), apolipoprotein
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B (ApoB), and free fatty acids, alongside total choles-
terol, total protein, globulin, direct bilirubin, indirect
bilirubin, total bilirubin, creatinine, cystatin C, creatine
kinase, urea, uric acid, and electrolyte levels (potassium,
sodium, chloride, phosphorus, calcium). Additionally,
iron metabolism markers such as serum iron, total iron
binding capacity, folate, vitamin B12, ferritin, unconju-
gated iron, erythrocyte sedimentation rate, parathyroid
hormone, C-reactive protein, serum troponin, as well as
the duration of arteriovenous fistula use, were included
in the analysis.

The primary outcome measured was arteriovenous fistula
stenosis

Stenosis was defined as a localized narrowing exceeding
50% of the diameter of adjacent normal vessels, accompa-
nied by one or more of the following conditions: a natural
blood flow of the AVF less than 500 ml/min, inability to
fulfill the dialysis prescription, elevated venous pressure
during dialysis, difficulty in cannulation, reduced dialysis
adequacy, and abnormal clinical signs of the fistula [6].

Construction of machine learning models

(1) Prior to the development of the machine learn-
ing model, the dataset underwent a thorough cleaning
process. Patients with more than 30% missing data in
individual records were excluded from the analysis. (2)
Despite this, additional missing values persisted in the
original dataset. To optimize data utilization and mitigate
the potential bias and information loss associated with
the deletion of records with missing values, we applied
different imputation methods based on the type of vari-
able. Specifically: For categorical variables, missing values
were imputed using the mode (most frequent category)
of each variable. For continuous variables, missing values
were imputed using the mean of each variable. In addition
to these single imputation methods, we also employed
the Multiple Imputation by Chained Equations (MICE)
method to handle missing data comprehensively. MICE
is an iterative algorithm that constructs distinct predic-
tive models for each variable with missing data using
chained equations, generating multiple complete datasets
through successive iterations. For a dataset X contain-
ing n observations and p variables, where the subset of
variables with missing values is denoted as X, ;. and the
subset of observed variables as X, the MICE algorithm
formulates an appropriate model for each missing vari-
able X; ;s (Where j represents the variable index), condi-
tional on the other variables. The choice of model, such
as a linear regression model or logistic regression model,
is contingent upon the type of variable being imputed. In
this study, we used the 'mice’ package in the R program-
ming language to conduct the MICE process, resulting
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in the creation of five complete datasets. Subsequent
analyses were conducted on each of these datasets, and
the results were synthesized in accordance with Rubin’s
rules to derive the final statistical inferences, inclusive of
uncertainty estimates.

(3) Data Standardization: After imputation, we stand-
ardized the continuous variables using the z-score
method. This process involved transforming each vari-
able to have a mean of zero and a standard deviation of
one. The z-score standardization was applied to ensure
that all continuous variables were on a comparable scale,
thereby enhancing the stability and interpretability of the
models.

(4) After data imputation, we further refined the fea-
ture set using Recursive Feature Elimination (RFE) to
identify the most relevant predictors for model training.
RFE is a wrapper method that recursively removes the
least important features based on model performance,
thereby enhancing model efficiency and interpretability.
The dataset was randomly partitioned into training and
test sets in a 7:3 ratio. We developed several predictive
models, including logistic regression (LR), random for-
est (RF), k-nearest neighbors’ algorithm (KNN), sup-
port vector machine (SVM), eXtreme Gradient Boosting
(XGBoost), artificial neural network (ANN), and deci-
sion tree (DT), using R version 4.3.2. The training and
validation datasets were utilized, with the clinical demo-
graphics and laboratory test results from the training set
serving as predictors, and the occurrence of intra-arterial
fistula stenosis as the target variable. Optimal model
parameters were identified through a grid search coupled
with fivefold cross-validation and grid search (For more
details, please refer to Attachment 1).

(5) Upon finalizing the models, their performance was
assessed using the validation dataset, evaluating metrics
such as the area under the curve (AUC), sensitivity, spec-
ificity, accuracy, recall, and F1 score.

SHAP is a Python-based package designed for model
interpretation. To comprehend the model outputs, we
employ the SHAP package to interpret and rank the fea-
tures of the training model, thereby assessing the contri-
bution of each feature element to the model. Following
the selection of the optimal model, SHAP values were
utilized to visualize the significance of the study features.

Statistical analysis

Data processing and statistical analysis were performed
using R software (version 4.0.2). Categorical variables
were presented as frequencies and percentages, and
compared using Fisher’s exact test or chi-square test.
Continuous variables were assessed for normality using
the Shapiro—Wilk test. Normally distributed variables
were compared using the independent samples t-test
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(mean tstandard deviation), while non-normally dis-
tributed variables were presented as median with inter-
quartile range and compared using the Mann—Whitney
U test.

Statistical Tests and Assumptions: (1) Fisher’s Exact
Test/Chi-square Test: Used for categorical variables.
Fisher’s exact test was applied when expected cell fre-
quencies were<5; otherwise, chi-square test was used.
Assumptions: independence of observations and cat-
egorical data. (2)Independent Samples ¢-test: Used for
normally distributed continuous variables (Shapiro—Wilk
test, p>0.05). Assumptions: independence of obser-
vations, normality within groups, and homogeneity of
variances (Levene’s test). Adjusted for unequal variances
if necessary. (3)Mann—Whitney U Test: Used for non-
normally distributed continuous variables (Shapiro—Wilk
test, p<0.05). Assumptions: independence of observa-
tions and ordinal/continuous data. A p-value<0.05 was
considered statistically significant.

Results

Comparative analysis of patient characteristics

between two groups

A total of 974 patients were included in this study,
selected according to specific inclusion and exclusion cri-
teria (Fig. 1). Among these, 368 patients were diagnosed
with stenosis, while 606 patients did not have stenosis.
Table 1 presents the demographic and clinical charac-
teristics of both the stenosis and non-stenosis groups.
Our analysis identified statistically significant differences
between the two groups concerning variables such as
gender, smoking status, alcohol consumption, thrombus
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presence, underlying diseases, age, red blood cell count,
white blood cell count, hemoglobin concentration, neu-
trophil count, plasminogen activity, prothrombin time,
creatinine levels, blood calcium concentration, and
erythrocyte sedimentation rate (p<0.05). Additionally, a
heat map was constructed to illustrate the correlations
among these variables (Fig. 2).

Note: The following variables were considered in the
study: Educational Background (EB), Fistula Diam-
eter (FD), Number of Operations (NOO), Underlying
diseases(BD), Hematocrit (HCT), Lymphocyte Count
(LYMPH), Monocyte Count (MONO), Neutrophil Count
(NEUT), D-dimer (DD), Prothrombin Time Activ-
ity (PTA), Prothrombin Time (PT), triglycerides (TG),
high-density lipoprotein (HDL), low-density lipopro-
tein (LDL), apolipoprotein Al (ApoAl), apolipopro-
tein B (Apo B), free fatty acids (FFA), total cholesterol
(TC), total protein (TP), globulin (GLB), direct bilirubin
(DBIL), indirect bilirubin (IBIL), total bilirubin (TBIL),
creatinine (CR), cystatin C (CysC), creatine kinase (CK),
urea (UREA), uric acid (UA), serum iron (SI), total iron-
binding capacity (TIBC), folic acid (FA), vitamin B,
(B12), unsaturated iron-binding capacity (UIBC), eryth-
rocyte sedimentation rate (ESR), parathyroid hormone
(PTH), serum troponin (cTn), and use time of AVF(UT).

Underlying diseases (BD) included: 1. Hypertension, 2.
Diabetes mellitus, 3. Polycystic kidney disease, 4. Chronic
glomerulonephritis, 5. Multiple conditions (two or more
types), 6. Coronary heart disease, 7. Vasculitis, and 8.
Other conditions.

The age described refers to the specific age at which
the patient developed stenosis and underwent surgical

(n=1168)

The electronic medical record system collected data
from 1,168 patients(January 2017 to October 2024)

Excluded patients:

1.51 Patients undergoing hemodialysis

using arteriovenous grafts(AVGs).(n=51)
2.143 Patients undergoing hemodialysis

(n=974)

A total of 974 patients were included in the study

using tunneled cuffed catheters.(n=143)

T

70% patients were allocated to
the training set (n=682)

30% patients were allocated to
the test set(n=292)

l

ANN RF LR KNN SVM XGBOOST DT

Visualization of SHAP values

Fig. 1 Flow chart of the study
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Table 1 Comparison of the basic information of the two groups of patients

Stenosis group (n=368) Non-stenotic group Statistical value P-value
(n=606)

Gender 8.0570 0.0045

Male 228 (62.0%) 430 (71.0%)

Female 140 (38.0%) 176 (29.0%)
Smoking 4.9049 0.0268

No 304 (82.6%) 463 (76.4%)

Yes 64 (17.4%) 143 (23.6%)
EB 5.0982 0.0782

Secondary School 242 (65.8%) 433 (71.5%)

Primary School and Below 97 (26.4%) 122 (20.1%)

Bachelor's Degree and Above 29 (7.9%) 51 (8.4%)
Drinking 9.1591 0.0025

No 349 (94.8%) 539 (88.9%)

Yes 19 (5.2%) 67 (11.1%)
Thrombosed 334538 0.0000

No 291 (79.1%) 558 (92.1%)

Yes 77 (20.9%) 48 (7.9%)
BD 28.6506 0.0002

1 78 (21.2%) 190 (31.4%)

2 5 (1.4%) 21 (3.5%)

3 0 (0.0%) 6 (1.0%)

4 3(0.8%) 12 (2.0%)

5 274 (74.5%) 370 (61.1%)

6 2 (0.5%) 0 (0.0%)

7 2(0.5%) 1(0.2%)

8 4(1.1%) 6 (1.0%)
Age (Years) 62.05+12.41 59.39+13.25 -3.1179 0.0019
BMI (kg/mz) 23.29+3.69 23.76+4.02 1.8126 0.0702
FD (mm) 042+0.24 043+0.18 0.6031 0.5466
NOO (times) 1.62+1.21 0.53+0.87 —16.3848 0.0000
RB (107M12/1) 320+0.74 3.10x0.77 —-2.1101 0.0351
WB (10/9/1) 6.30+£241 6.64+2.55 2.0507 0.0406
HBC (g/L) 94.39+21.28 90.39+21.79 —2.8020 0.0052
HTC (/L) 28.99+6.75 2832+7.99 —1.3486 0.1778
PLT (1079/L) 180.58+£70.14 189.56+73.67 1.8781 0.0607
LYMPH (1019/L) 1.14+0.53 1.28+1.66 1.5353 0.1250
NEU (1079/L) 448+2.11 4834227 23767 0.0177
MONO (10A9/L) 046+040 055+1.14 14124 0.1582
DD (mg/L FEU) 1.97+3.29 231+£5.16 1.1367 0.2559
PTA (%) 100.48+50.98 94.20+23.25 —26184 0.0090
PT (seconds) 11.53+£1.97 12.55+7.83 24436 0.0147
PCT (ng/mL) 1.67+3.83 1.50+347 —06913 04896
TG (mmol/L) 148+1.41 1.63+1.15 1.8370 0.0665
HDL (mmol/L) 1.10+£037 1.05+0.37 —1.8094 0.0707
LDL (mmol/L) 2344095 2334090 —0.101 09195
ApoAT (g/L) 1.16+0.26 1.13+0.26 —1.4676 0.1425
ApoB (g/L) 084+0.27 0.85+0.26 0.5606 0.5752
FFA (mmol/L) 041+0.29 0.39+0.30 — 14143 0.1576
TC (mmol/L) 4.06+1.22 404+1.14 —0.3051 0.7603
TP (g/L) 66.12+9.69 66.07 £9.54 —0.0766 0.9390
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Table 1 (continued)
Stenosis group (n=368) Non-stenotic group Statistical value P-value
(n=606)

GLB (g/L) 29.78+549 29.89+5.88 0.2850 0.7757
DBIL (umol/L) 209+2.17 2124296 0.1316 0.8953
IBIL (umol/L) 387+2.16 4.07+259 1.2223 02219
TBIL (umol/L) 6.04+3.77 6.09+4.02 02175 0.8279
CR (umol/L) 67526431942 72453+341.44 22371 0.0255
CysC mg/L) 6.28+5.19 6.94+757 14713 0.1415
CK(U/L) 159.27+229.70 183.88+281.22 14167 0.1569
UREA (mmol/L) 20.14+832 2229+20.20 1.9369 0.0530
UA (umol/L) 371.62+£13255 381.67+£131.40 1.1534 0.2490
K (mmol/L) 4.73+£0.81 4.76+0.80 0.7422 04581
Cl (mmol/L) 103.53+5.37 103.64+£5.99 0.2895 0.7723
Na (mmol/L) 139.65+6.32 139.79+5.70 0.3761 0.7069
Ca (mmol/L) 221+0.26 2.17+0.28 —2.3284 0.0201
P (mmol/L) 1.63+0.52 1.65+0.52 05791 0.5627
Sl (umol/L) 11.37+6.00 11.44+6.31 0.1538 0.8778
TIBC (umol/L) 4760+11.96 47.88+11.97 0.3503 0.7262
FA (nmol/L) 21.72+15.60 22.59+15.32 0.8566 03919
B12 (pmol/L) 418.00+281.48 422.59+302.26 0.2359 08136
UIBC (umol/L) 35.92+12.99 5147+213.06 1.3983 0.1623
ESR (mm/h) 55.10+£39.57 64.58+40.55 35721 0.0004
PTH (pg/mL) 116.35+168.52 136.75+203.48 1.6160 0.1064
CRP (mm/h) 6.74+2143 761+2192 0.6014 0.5477
cTn (ng/mL) 0.13£061 0424332 1.6500 0.0993
UT (months) 46.29+40.35 42.07+3545 —1.7084 0.0879

intervention. For patients who did not develop com-
plications, their age was determined based on the age
recorded during the last examination in the medical
records that we were able to access.

Comparative analysis of model features

In this study, we developed seven distinct machine learn-
ing models and conducted a comparative analysis of their
performance based on several evaluation metrics, includ-
ing accuracy, F1 score, specificity, recall, area under the
curve (AUC), and precision. Among these models, the
XGBoost model demonstrated superior performance,
achieving the highest AUC value of 0.829 for the subjects,
as illustrated in Fig. 3. This model outperformed the oth-
ers across multiple evaluation criteria, as detailed in
Table 2. Consequently, the XGBoost model was selected
for further investigation in this research.

Analysis of characteristic interpretation

In the optimal model utilizing the XGBoost model to
assess the significance of factors influencing the ste-
nosis of the arteriovenous fistula (Fig. 4), our analysis
identified the following variables as the seven most

critical determinants: the number of surgeries, pro-
thrombin time activity, lymphocyte count, duration
of AVF use, triglyceride levels, vitamin B12 levels, and
C-reactive protein levels.

Figure 5 presents a feature density scatter plot, illus-
trating the influence of these primary features on the
model’s predictive performance. The horizontal axis
represents the SHAP values, which quantify each fea-
ture’s contribution to the model’s overall output. SHAP
values less than 0, equal to 0, and greater than O corre-
spond to negative, neutral, and positive contributions,
respectively. The left vertical axis displays the features
ranked by their importance. The color gradient on the
right vertical axis, ranging from blue to red, signifies
the feature values from low to high. The SHAP values
associated with the red dot clusters on the right side of
the figure are both positive and substantial, suggesting
that a high "NOO" feature value significantly enhances
the model’s predictive value for stenosis. Conversely,
the SHAP values linked to the blue dot clusters on the
left side are negative, indicating that a lower "NOO"
feature value tends to reduce the model’s predicted
value for stenosis.
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Fig. 3 Comparison graph of AUC between different machine
learning models

Interpretation of model applications
Figure 6 illustrates the contribution values and impact
of the top 20 significant features on the model. The

SHAP values associated with the "number of opera-
tions" (NOO) feature exhibit a wide range and are
predominantly negative, suggesting that this feature
frequently contributes to a decrease in the model’s pre-
dictive outcomes, with its contribution demonstrating
considerable variability. In contrast, the SHAP values
for other features, such as PTA, UT, and LYMPH, are
relatively concentrated around zero, indicating that
these features exert a comparatively minor and bal-
anced influence on the model’s predictions.

To further examine the contribution of specific fea-
tures to individual patients and their clinical applicabil-
ity within the XGBoost model, a patient was randomly
selected from the validation cohort. Figure 7 provides
a visual interpretation of the XGBoost model. The fea-
tures highlighted in red (NEUT, SI) have a positive
contribution, thereby increasing the predicted value,
whereas the features highlighted in blue (NOO, PTA,
UT) have a negative contribution, thereby decreasing
the predicted value (Fig. 7).
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Model

F1 Score (95% Cl)

Accuracy (95% Cl)

Precision (95% Cl)

Recall (95% Cl)

AUC (95% CI)

Specificity (95% Cl)

RF
XGBoost
KNN

DT

SVM

LR

0.789 (0.739-0.832
0.811(0.763-0.852
0.727 (0.677-0.776

0.792 (0.748-0.833
0.775(0.729-0.818

0.721
0.773(0.725-0.818
0.634 (0.581-0.687

0.667-0.773

0.711 (0.660-0.760
0.704 (0.650-0.756

0.745 (0.681-0.800
0.840 (0.782-0.892
0.678 (0.617-0.740

0.718 (0.659-0.779
0.734 (0.673-0.794

0.839 (0.781-0.890
0.785 (0.723-0.845
0.786 (0.724-0.844

0.884 (0.837-0.929
0.823 (0.764-0.876
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Discussion

Arteriovenous fistula stenosis is a prevalent complica-
tion among patients undergoing hemodialysis via an
arteriovenous fistula, with an incidence rate ranging
from 4.6 to 10.8% [16]. Despite this, there is currently
no sufficiently robust model for predicting the occur-
rence of arteriovenous fistula stenosis. In response to

T T T

30 40 50
Importance Score

this gap, Hongbo Li developed a predictive model for
the risk of arteriovenous fistula complications, utiliz-
ing clinical data from 178 patients and employing a
column line graph, achieving an area under the curve
of 0.823 [17]. Additionally, Jae Hyon Park and col-
leagues constructed three convolutional neural net-
work architectures—DenseNet201, EfficientNetB5, and
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ResNet50—using audio data from arteriovenous fistu-
lae of 40 patients. The area under the receiver operating
characteristic curve for the DenseNet201, Efficient-
NetB5, and ResNet50 models were 0.70, 0.98, and 0.99,
respectively [18]. Other researchers have identified risk
factors for endogenous fistula stenosis through mul-
tivariate regression analyses, highlighting variables
such as gender, age, body mass index, cholesterol, and
albumin as significant contributors to the complica-
tion score of intra-arteriovenous fistulae. However, the

findings across these studies have not been consistent
[19, 20].

In our study, we analyzed clinical demographics from
974 cases alongside laboratory tests to train seven dis-
tinct machine learning models. Among these, the
XGBoost model demonstrated superior performance,
achieving an area under the curve of 0.829 with a 95%
confidence interval of 0.785-0.880. The XGBoost model
achieved an AUC of 0.829, indicating robust discrimina-
tory ability for stenosis risk prediction. However, clinical
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adoption requires balancing sensitivity and specificity
based on local resource availability. Integration into EMR
systems as a decision support tool could optimize moni-
toring schedules and reduce costs. Prospective studies
are needed to validate its impact on hard endpoints (e.g.,
stenosis rates) and compliance with healthcare regula-
tions. In this study, the XGBoost model demonstrated
significant performance advantages over the traditional
LR model in predicting arteriovenous fistula stenosis risk.
The XGBoost model achieved an AUC of 0.829 (95% CI
0.785-0.880), which is notably higher than LR’s AUC of

0.787(95% CI 0.733-0.835), indicating a stronger ability
to discriminate between high-and low-risk risk. The out-
performed LR in precision (0.840 vs. 0.734) and balanced
sensitivity and specificity, despite a slightly lower recall
(0.785 vs. 0.823). The superior performance of XGBoost
is further enhanced by its interpretability through SHAP
analysis, which identified critical predictors such as the
number of surgeries, prothrombin time activity, and lym-
phocyte count. These features provide valuable insights
for clinical decision-count. This ability to handle com-
plex, on-linear relationships and feature interactions
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makes it a more robust tool compared to traditional
models, offering enhanced accuracy and interpretability
for predicting arteriovenous fistula stenosis risk and sup-
porting personalized patient care.

Through characteristic importance analysis, we identi-
fied the number of surgeries, prothrombin time activity,
lymphocyte count, duration of endovascular fistula use,
triglycerides, vitamin B12, and C-reactive protein as the
seven most influential factors affecting the model’s per-
formance. Notably, the number of surgeries emerged as
the most critical factor, exerting the greatest influence on
the model.

Previous studies have indicated that the 3, 6, and
9-month primary patency rates of arteriovenous fistulas
in patients with arteriovenous endovascular stenosis who
underwent percutaneous transluminal angioplasty (PTA)
were 84.0%, 68.0%, and 60.0%, respectively. Addition-
ally, patients who developed stenosis post-maturation
required more frequent annual interventions compared
to those who did not experience stenosis, suggesting that
prolonged use of a patient’s arteriovenous endocardial
fistula increases the likelihood of stenosis development
[21]. Multiple surgeries lead to mechanical damage of the
vascular endothelium, which activates the TGF-$ path-
way and promotes intimal proliferation. Repeated punc-
tures trigger local inflammation, increasing the risk of
fibrosis, this leads to the occurrence of stenosis [22].

Several studies have demonstrated that the neutro-
phil-to-lymphocyte count ratio and the platelet-to-
lymphocyte count ratio serve as effective predictors
of arteriovenous fistula stenosis [23-25]. Additionally,
C-reactive protein has been identified as a reliable pre-
dictor for the occurrence of thrombosis and stenosis in
arteriovenous fistulas [26]. CRP plays a critical role in
the development and progression of arteriovenous fis-
tula stenosis by significantly increasing the risk through
mechanisms that promote endothelial injury, acceler-
ate thrombosis, and exacerbate local inflammatory
responses. Consequently, monitoring and regulating CRP
levels are crucial for the prevention and management of
AVF stenosis in clinical practice [27-29].

Triglycerides, a significant variable, were incorporated
into our model but excluded from the LASSO regres-
sion analysis, and they did not exhibit a direct association
with stenosis. In contrast, a study by Feng Wenjun et al.
identified triglycerides >2.26 mmol/L as an independent
risk factor for stenosis [30]. This discrepancy with our
findings may be attributed to our lack of stratification of
triglyceride values during model training [29]. Addition-
ally, other studies that did not stratify triglyceride levels
have also reported that triglycerides were not associ-
ated with stenosis in their final models [31]. Our findings
are largely consistent with existing research. Elevated
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triglyceride levels have been shown to activate inflamma-
tory mediators, such as tumor necrosis factor a (TNF-a)
and nuclear factor kB (NF-«B), thereby intensifying the
inflammatory response in vascular endothelial cells. This
inflammatory response not only results in endothelial
cell damage but also facilitates the progression of athero-
sclerosis. Furthermore, elevated triglyceride levels can
induce apoptosis in vascular endothelial cells, disrupting
the endothelial barrier and leading to vascular dysfunc-
tion. This dysfunction subsequently contributes to the
development of complications associated with arterio-
venous fistulae [32].

Research has demonstrated that altered prothrombin
time activity predisposes individuals to thrombosis, ulti-
mately impacting the function of arteriovenous fistulas
[33]. However, few studies have adequately addressed
the biochemical indicators of prothrombin time activity.
Previous investigations have indicated that deficiencies
in folic acid and vitamin B6 can lead to elevated plasma
homocysteine levels. Hemodialysis patients often pre-
sent with hyperhomocysteinemia, often accompanied
by deficiencies in folic acid and B vitamins. Supple-
mentation with folic acid has been shown to effectively
reduce plasma homocysteine levels in these patients.
Furthermore, the combined administration of B complex
vitamins enhances the improvement of hyperhomocyst-
einemia. Long-term supplementation with folic acid and
vitamin B6 has been associated with reduced plasma
homocysteine levels and a decreased incidence of arte-
riovenous endovascular stenosis and thrombosis [34, 35].
The SHAP analysis revealed that vitamin B12 deficiency
is an independent risk factor for stenosis, which is con-
sistent with the KDOQI consensus on mineral and bone
disorder in chronic kidney disease. Vitamin B12, as an
essential cofactor for homocysteine metabolism, leads to
metabolism, leads when deficient. This condition impairs
vascular repair capacity through a dual mechanism
involving oxidative stress and inhibition of endothelial
nitric oxide synthase (eNOS). It is recommended to rou-
tinely monitor serum B12 levels in patients with fistulas
and to supplement with methyl cobalamin for those with
levels below 200 pg/mL (Evidence Level: B) [2].

Our study demonstrates that vitamin B12 is a signifi-
cant factor in the stenosis of arteriovenous fistula, con-
tributing substantially to our predictive model. Despite
the limited research on the impact of vitamins on the
pathology of arteriovenous fistula, further investigation
into the specific mechanisms of this effect is warranted.
In conclusion, we have developed a risk model to predict
the likelihood of arteriovenous fistula stenosis. As clini-
cal nurses, who are most closely engaged with patients,
we should prioritize care for individuals who have under-
gone multiple surgeries, exhibit elevated C-reactive
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protein levels, have used the arteriovenous fistula for
extended periods, show high lymphocyte counts, and
present with elevated triglyceride levels. Providing tar-
geted nursing interventions may help mitigate the risk
of stenosis in these patients. Given the variability among
clinical patients, it is advisable to develop individualized
care strategies based on the risk models.

We have found that the inflammatory state within
patients influences the occurrence of stenosis in arte-
riovenous fistulas. Lymphocyte count and CRP are
both indicators of inflammation. Chronic inflammatory
responses may lead to local tissue hypoxia, which affects
cellular repair and functional recovery. The hypoxic envi-
ronment further promotes the activation of fibroblasts
and the deposition of extracellular matrix (ECM), thereby
exacerbating the progression of fibrosis [36].

In conclusion, our study has delineated several specific
risk factors, such as procedural damage inflicted by the
operating surgeon, repeated punctures during dialysis,
and the biochemical status of the patient, all of which
are correlated with inflammation in patients. These risk
factors collectively contribute to a cascade of oxida-
tive stress responses and activate various inflammatory
signaling pathways, ultimately culminating in the steno-
sis of the patients’ arteriovenous fistulas. In the clinical
management of hemodialysis patients, a comprehensive
understanding of their inflammatory status is crucial
Various strategies should be employed to ameliorate
their inflammatory condition. For instance, address-
ing hyperlipidemia through active treatment, proac-
tively supplementing with vitamins, and administering
pharmacological agents such as Hirudoid cream follow-
ing dialysis puncture can effectively mitigate puncture-
related injuries [2].

Conclusion

An advanced machine learning model utilizing XGBoost
was developed, with SHAP values employed to eluci-
date the risk factors and underscore their clinical sig-
nificance in predicting arteriovenous fistula stenosis.
It was observed that patients with fistula stenosis are
significantly correlated with multiple surgical interven-
tions, elevated C-reactive protein levels, prolonged dura-
tion of fistula usage, increased lymphocyte counts, and
elevated triglyceride levels. The integration of XGBoost
and SHAP algorithms offers transparent explanations
for risk prediction, which holds substantial potential for
future clinical research applications. This methodologi-
cal combination could assist clinicians in implementing
early clinical interventions and provide comprehensive
insights for the long-term management of patients with
arteriovenous fistula stenosis, including prevention and
stratification of stenosis-related risks.
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Study limitations

This study has several limitations that should be acknowl-
edged. First, the single-center retrospective design
restricted the generalizability of our findings. The lack
of external validation means that our results may not be
applicable to other populations or healthcare settings.
Future studies should consider multicenter, prospective
cohorts to enhance the robustness and generalizabil-
ity of the findings. Second, our study was limited by the
potential presence of unmeasured confounders. Varia-
tions in patient demographics, such as race, and differ-
ences in treatment modalities may have influenced the
incidence of stenosis in patients with intra-arterial fis-
tulae. These factors could introduce biases that were
not fully accounted for in our analysis. Additionally, our
modeling study was restricted to adult participants. The
predictive capability of the XGBoost model for pediatric
patients with endogenous fistula stenosis remains uncer-
tain. Further validation and adjustment would be neces-
sary to extend our findings to pediatric populations. The
retrospective nature of the data collection may also have
impacted the model. Since the data were derived from
existing medical records, there may be issues with miss-
ing information, incomplete or inaccurate documenta-
tion, which could affect the performance and reliability
of the model. Moreover, retrospective data collection
may lead to selection bias, as certain patients’ data may
be excluded due to incomplete records, thereby affecting
the model’s generalizability. Future Research Directions:
To address these limitations, future research should focus
on conducting multicenter, large-sample, prospective
cohort studies. Such studies would enhance the accuracy
and generalizability of predictive models by incorporat-
ing diverse patient populations and healthcare settings.
External validation in multicenter cohorts is also essential
to confirm the robustness of our findings and to develop
more universally applicable clinical guidelines.
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