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Abstract

Background The flexible ureteroscopy lithotripsy (F-URL) is an important treatment for upper urinary tract stones.
However, urolithiasis, surgical procedures, and catheter placement are risk factors for fungal infections. Our study
aimed to construct a machine learning algorithm predictive model to predict the risk of fungal infection following
F-URL.

Methods This study retrospectively collected the clinical data of patients who underwent F-URL at the Second
Affiliated Hospital of Zhengzhou University from January 2016 to March 2024. The patients were divided into a
non-fungal infection group and a fungal infection group based on whether a fungal infection occurred within three
months post-surgery. The patient data from January 2016 to December 2023 were used as training data, and the
patient data from January 2024 to March 2024 were used as testing set. The training data was randomly divided into a
training set and validation set at a ratio of 90:10. Use LASSO regression to screen clinical features based on the training
set. Nine machine learning algorithms, Logistic Regression (LR), k-Nearest Neighbours (KNN), Support Vector Machines
(SVM), Random Forest (RF), Categorical Boosting (CatBoost), eXtreme Gradient Boosting (XGBoost), Adaptive Boosting
(AdaBoost), Gradient Boosting Machines (GBM), and Neural Network (NNet), were used to construct models. The
performance of these nine models was evaluated and the best predictive model was selected based on the validation
set, and evaluate the best predictive model’s generalization ability using the testing set. Visualize the constructed
optimal machine learning model using the SHapley additive interpretation (SHAP) value method. SHAP force plots
were established to show the application of the prediction model at the individual level.

Results A total of 13 clinical features were used to construct predictive models: age, diabetes mellitus (DM), history
of malignancy, being bedridden, admission white blood cells (WBC), preoperative ureteral stenting, operation time,
postoperative fever, postoperative Neu, carbapenem antibiotics use, duration of antibiotic therapy, length of hospital
stay (LOS), and postoperative stent duration. Comparing the performance of 9 prediction models, we found that

the model constructed using XGBoost algorithm had the best performance. The model constructed using XGBoost
algorithm shows good discrimination, generalization and clinical applicability in the testing set.
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Conclusions The XGBoost model developed in this study has good predictive ability and clinical applicability for

evaluating the risk of fungal infection following F-URL.

Keywords Flexible ureteroscopy lithotripsy, Machine learning algorithms, Fungal infection, Risk factors, XGBoost

model

Introduction

Urolithiasis is a common disease in urology, and an epi-
demiological survey shows that the age-standardized
prevalence of urolithiasis in China is 6.06%, with upper
urinary tract stones accounting for 99.50% [1]. The flex-
ible ureteroscopy lithotripsy (F-URL) is an important
treatment for upper urinary tract stones. Studies have
shown that urolithiasis, surgical procedures, and cath-
eter placement are risk factors for fungal infections [2].
In recent years, with the widespread use of broad-spec-
trum antibiotics, the increased incidence of diabetes and
malignancies, and the rise in invasive procedures, the
incidence of fungal infections has steadily increased [3,
4], threatening global public health and imposing a sig-
nificant economic burden.

Machine learning algorithms, part of the field of artifi-
cial intelligence, are designed to tackle big data and high-
dimensional data, and have shown good performance in
the medical field [5]. In recent years, machine learning
algorithms have been increasingly adopted and applied in
the diagnosis and treatment of urolithiasis [6-8].

Several studies have analyzed the risk factors for uro-
logical fungal infections [9-14], but the field of risk fac-
tors and predictive models for fungal infections after
upper urinary tract stone surgery remains unexplored.
This study aims to screen the risk factors for fungal infec-
tion following F-URL and construct predictive models
using machine learning algorithms. Our research has
the potential to help clinicians identify high-risk patients
for fungal infections following F-URL. By guiding clini-
cal doctors to implement personalized early prevention,
early detection, and early intervention methods, the bur-
den on patients and medical costs can be reduced.

Materials and methods

Study population

We retrospectively collected the clinical data of patients
who underwent F-URL in the Department of Urology at
the Second Affiliated Hospital of Zhengzhou University
from January 2016 to March 2024. Inclusion criteria: age
of patients not less than 18years, diagnosed with upper
urinary tract stones by CT, underwent F-URL treatment.
Exclusion criterion:patients with preoperative fungal
infection, patients with asymptomatic fungal urine pre-
operatively. The study was approved by the Ethics Com-
mittee of the Second Affiliated Hospital of Zhengzhou
University (Approval No.. KY2024194). Our research

process complies with the requirements of the Helsinki
Declaration of the World Medical Association.

Therapeutic regimen

For patients with positive preoperative infection mark-
ers, cephalosporins or quinolone antibiotics were admin-
istered, and sensitive antibiotics were substituted in a
timely manner based on drug susceptibility results. For
patients with infections and severe obstructions, percuta-
neous nephrostomy or ureteral stent placement was used
for timely kidney drainage. For patients with negative
infection markers, prophylactic antibiotics were admin-
istered 30 min before surgery. Conduct a comprehensive
assessment of the patient’s condition to rule out surgical
contraindications, such as severe cardiopulmonary insuf-
ficiency, uncorrected coagulation dysfunction, uncon-
trolled active urinary tract infection, urethral stricture
or severe ureteral stricture, severe hip joint deformity,
etc. After completing the preoperative preparations,
traditional ureteral access sheath (T-UAS) or negative-
pressure ureteral access sheath (NP-UAS) were selected
for surgery based on the patients’ anatomy, stone burden,
and personal preference.

The main equipment used in the surgery includes the
ureteral rigid ureteroscope (F8/9.8) produced by Wolf
Company from Germany, the nickel-titanium super-slip
guidewire (0.35 mm) produced by Bard Company from
the United States, the ureteral access sheath (F12/14)
produced by Cook Company from the United States, the
electronic flexible ureteroscope (URF-V F8.8-9) produced
by Olympus Company from Japan, the front-end bend-
able ureteral access sheath (F12/14) and the RP-U-C12
disposable electronic flexible ureteroscope produced by
Pusen Medical Company from China, the stone retrieval
basket produced by Boston Scientific Company from the
United States, the MOSES 120 W holmium laser litho-
tripsy machine produced by Lumenis Company from the
United States, and the ureteral stent (F5/7) produced by
Cook Company from the United States.

After undergoing endotracheal intubation under gen-
eral anesthesia, the patient was placed in the lithotomy
position and an F8/9.8 Wolf ureteroscope was intro-
duced into the bladder under direct vision. Guided by a
hydrophilic guide wire, the ureteroscope was advanced
to the upper ureter to observe its condition. After leav-
ing the guide wire in place, the ureteroscope was with-
drawn. Subsequently, a flexible ureteroscope sheath was
inserted along the hydrophilic guide wire, followed by
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the placement of the flexible ureteroscope. For patients
utilizing a negative pressure suction sheath, a perfusion
pump was employed, with the suction pressure set at
100 ~200 mmHg (1 mmHg=0.133kPa). Water was con-
tinuously infused using a pressure pump, with a flow
rate of 150 ~200 mL/min. For patients with a common
ureteral sheath, manual water injection was performed
using a syringe. Laser lithotripsy was the primary method
employed during the procedure. During the procedure,
the holmium laser parameters were adjusted according
to the size, location, and hardness of the stones, with an
energy range of 0.2-2.0 J, a frequency of 5-20 Hz, and a
power of 5-24 W. In cases of lower calyceal calculi with
excessive stone burden or a steep infundibulum angle,
the stone basket was used as necessary.

All surgeries were performed by senior urologists with
extensive experience, and ureteral stents or catheters
were placed as needed. Postoperatively, patients with-
out infection were given prophylactic antibiotics only.
Patients with postoperative infections were treated with
cephalosporins or quinolone antibiotics, and in cases of
severe infections such as urosepsis, carbapenem antibiot-
ics were administered, with sensitive antibiotics substi-
tuted as per drug susceptibility results.

For patients without bladder outlet obstruction and
no postoperative complications, the urinary catheter
was removed within 24 h after surgery. For patients with
bladder outlet obstruction or postoperative fever, the
indwelling time of the urinary catheter was appropriately
extended, with a maximum of 7 days. This was the treat-
ment protocol followed at our center. For patients with-
out ureteral strictures, significant ureteral damage, or
CSRE, the ureteral stent was left in place for 1-2 weeks.
For patients with ureteral strictures or severe postop-
erative infections, the ureteral stent retention time was
appropriately extended, up to a maximum of 3 months.

Data collection

The collected data includes flve types. General data,
including sex (Female), age, body mass index (BMI), dia-
betes mellitus (DM), history of malignancy, being bedrid-
den, long-term immunosuppressive therapy. Preoperative
data, including admission hemoglobin (HB), admission
white blood cells (WBC), admission neutrophils (Neu),
admission alanine transaminase (ALT), admission aspar-
tate transaminase (AST), admission albumin (ALB),
admission serum creatinine (Scr), admission glycated
hemoglobin (HbAlc), admission cholesterol, Pyuria,
urine pH, urinary nitrite, urine culture, number of stones
(Multiple stones), maximum stone diameter, peak stone
density (PSD), grading of hydronephrosis, percutane-
ous nephrostomy (PNS), ureteral stenting. Intraoperative
data, including operation time, kind of UAS. Postopera-
tive data, including temperature (Fever), postoperative
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WBC, postoperative Neu, postoperative C-reactive pro-
tein (CRP), postoperative procalcitonin (PCT), and post-
operative serum calcium (Ca), residual stones, stone
composition (Infectious stones), urethral catheterization
duration, stent duration. Other data, including carbape-
nem antibiotics use, duration of antibiotic therapy, length
of hospital stay (LOS).

The biochemical indicators in the preoperative data
were derived from the results within 24 h of admission.
The biochemical indicators in the postoperative data
were derived from the results 2 h after surgery.

According to the diagnostic criteria for diabe-
tes mellitus established by the World Health Orga-
nization (WHO), DM is diagnosed if any of the
following conditions are met [15, 16]: fasting plasma
glucose>7.0 mmol/L; 2-h plasma glucose>11.1 mmol/L
during an oral glucose tolerance test; glycated hemo-
globin (HbAlc)>6.5%; or random plasma glu-
cose>11.1 mmol/L, accompanied by classic symptoms
of diabetes, such as polyuria, polydipsia, or unexplained
weight loss.

Preoperative CT imaging was utilized to assess the fol-
lowing parameters:number of stones, maximum stone
diameter, PSD, and grading of hydronephrosis. The
hydronephrosis was graded by the SFU grading system
[17]: Grade O for no hydronephrosis; Grade I for mild
separation of the renal pelvis; Grade II for mild dilation
of the renal pelvis with dilation of one or more calyces;
Grade III for dilation of all calyces; and Grade IV for caly-
ceal dilation with thinning of the renal parenchyma.

Considering postoperative absorptive fever, postopera-
tive fever was defined as a temperature over 38 °C within
48 h after surgery [18]. The composition of the stones
was determined using infrared spectroscopy. If the main
components were struvite, carbonate apatite, or ammo-
nium acid urate, the stones were diagnosed as infection
stones [19]. The CT scan or standing abdominal X-ray
was conducted within 1 month postoperatively. Residual
stones exceeding 4 mm in diameter were classified as
clinically significant residual fragments (CSRF) [20].

Midstream clean-catch urine samples were collected
from patients, quantitative culture and identification
were performed using CHROMagar Candida chromo-
genic medium, yeast identification strip of Remel com-
pany and API 20C AUX identification system. A fungal
count>10° CFU/mL was diagnosed as a positive urine
fungal culture result [21].

Patients were followed up for 3 months postoperatively
to observe whether they developed symptoms sugges-
tive of urinary fungal infection, such as fever and lower
back pain, whether the urine fungal culture was positive,
and whether antifungal treatment was effective. Based
on whether the patients met all these criteria, they were
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divided into the fungal infection group and the non-fun-
gal infection group.

Statistical analysis

Data analysis was performed using SPSS 23 and R 4.3.3
software. For variables with missing values less than 10%,
the random forest method is used for multiple imputa-
tion, which is realized through the “mice” package in R
4.3.3 software. Variables with missing values greater than
10% were excluded. All continuous variables are non nor-
mally distributed, so we use quartiles to describe their
distribution characteristics. Mann Whitney U test was
used to analyze non normally distributed data. Categori-
cal data were expressed as [n (%)], and the x* test or Fish-
er’s exact test was used for comparison, with statistical
significance defined as a p value less than 0.05.

The patient data from January 2016 to December 2023
were used as training data, and the patient data from Jan-
uary 2024 to March 2024 were used as testing set. The
training data was randomly divided into a training set
and validation set at a ratio of 90:10 using R 4.3.3 soft-
ware. Clinically significant features were screened by
LASSO regression [22] based on the training set.

Based on the training set, we use the ten times 10-fold
cross-validation method to improve the repeatability
of the model. We used 9 machine learning algorithms
including Logistic Regression (LR), k-Nearest Neigh-
bours (KNN), Support Vector Machines (SVM), Random
Forest (RF), Categorical Boosting (CatBoost), eXtreme
Gradient Boosting (XGBoost), Adaptive Boosting (Ada-
Boost), Gradient Boosting Machines (GBM), and Neural
Network (NNet) to construct prediction models.

ROC curves were plotted for the nine models, and their
performance was evaluated using the area under the ROC
curve (AUC), accuracy (ACC), sensitivity (SEN), specific-
ity (SPE), Kappa score, F1 score, and Matthews correla-
tion coefficient (MCC). The closer the values of the above
evaluation indicators are to 1, the better the performance
of the model. A study by Chicco et al. showed that MCC
demonstrated reliable performance in evaluating binary
classification [23]. As a result, MCC and AUC were cho-
sen as the primary evaluation metrics for the models. The
best predictive model was selected based on the valida-
tion set.

The best predictive model was selected based on the
validation set. The generalization ability of the best pre-
diction model is evaluated based on the test set. The
decision curve analysis (DCA) was used to assess clini-
cal applicability. Finally, visualize the constructed opti-
mal machine learning model using the SHapley additive
interpretation (SHAP) value method. SHAP force plots
were established to show the application of the predic-
tion model at the individual level [24].
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Result

Baseline characteristics and screening of patients

A total of 4161 patient clinical records were collected, of
which 7 patients were excluded due to preoperative fun-
gal infection or preoperative asymptomatic fungal urine.
In total, 4154 patients were included in this study, of
whom 178 developed postoperative urinary fungal infec-
tions. Among them, there were 65 cases of Candida albi-
cans infection, 41 cases of Candida glabrata infection, 33
cases of Candida tropicalis infection, 29 cases of Candida
parapsilosis infection, 5 cases of Candida krusei infec-
tion, 2 cases of Aspergillus infection, 2 cases of Candida
lusitaniae infection, and 1 case of Cryptococcus infec-
tion. Admission cholesterol, admission HbAlc, admis-
sion urine culture, postoperative CRP, and postoperative
PCT were excluded due to missing data more than 10%.
After multiple imputations, the remaining 36 clinical fea-
tures were included in the study (Table 1).

Significant differences were found between the fungal
infection group and the non-fungal infection group in
sex, age, DM, history of malignancy, being bedridden,
long-term immunosuppressive therapy, preoperative
WBC, preoperative Neu, ALB, pyuria, urinary nitrite,
preoperative Ureteral Stenting, PNS, operation time,
UAS, postoperative fever, postoperative WBC, postoper-
ative Neu, urethral catheterization duration, carbapenem
antibiotics use, duration of antibiotic therapy, LOS and
postoperative stent duration (P<0.05).

Divide the enrolled patients into training data
(n=3846) and testing set (308) based on time. Randomly
divide the training data into a training set (n =3463) and
a validation set (n=383) in a ratio of 90:10 using R 4.3.3
software. Based on the training set, the remaining 36
clinical features were included in the LASSO regression
to identify potential risk factors, as shown in Fig. 1. The
analysis indicated that age, DM, history of malignancy,
being bedridden, admission WBC, preoperative ureteral
stenting, operation time, postoperative fever, postopera-
tive Neu, carbapenem antibiotics use, duration of antibi-
otic therapy, LOS, and postoperative stent duration are
potential risk factors of postoperative fungal infection in
patients underwent F-URL.

Model development and verification

Nine prediction models were constructed using machine
learning methods based on the training set, and these
models were evaluated based on the validation set. The
values of AUC, ACC, SEN, SPE, Kappa, MCC, and F1
score for each model are shown in Table 2, and the ROC
curves are shown in Fig. 2. We can see that in the vali-
dation set, the AUC and MCC values of the model con-
structed using the XGBoost method are the highest, at
0.9659(95%CI: 0.9408-0.9911) and 0.5185, respectively.
The XGBoost model showed the best performance in
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Variable

Non-fungal infection group N=3976 Fungal infection group N=178 ¥/Z P

General data

Age (M (P25,P75), years)

Female (n (%))

BMI (M (P25,P75), kg/m?)

DM (n (%))

History of malignancy (n (%))

Being bedridden (n (%))
Immunosuppression (n (%))
Preoperative data

Admission HB (M (P25,P75), g/L)
Admission WBC (M (P25,P75),¥109/L)
Admission Neu (M (P25,P75),%109/L)
Admission ALB <30 g/L (n (%))
Admission ALT (M (P25,P75),U/L)
Admission AST (M (P25,P75),U/L)
Admission Scr (M (P25,P75),umol/L)
Pyuria (n (%))

Urinary nitrite (n (%))

Urine pH (M (P25,P75))

Multiple stones (n (%))

Maximum stone diameter (M (P25,P75), mm)

PSD (M (P25,P75), HU)

SFU grading (n (%))

0

|

Il

Il

IV

Ureteral Stenting (n (%))

PNS (n (%))

Intraoperative data

Operation time (M (P25,P75), min)

UAS (n (%))

T-UAS

NP-UAS

Postoperative data

Fever (n (%))

Postoperative WBC (M (P25,P75),¥109/L)
Postoperative Neu (M (P25,P75),*109/L)
Postoperative Ca (M (P25,P75), mmol/L)
CSRF (n (%))

Infectious stones (n (%))

Urethral catheterization duration (M (P25,P75), days)

Stent duration (M (P25,P75), weeks)
Other data
Carbapenem antibiotics use (n (%))

Duration of antibiotic therapy (M (P25,P75), days)

LOS (M (P25,P75), days)

50.0(38.0,59.0)
1571 (39.5)
24.8(22.8,27.7)
581 (14.6)

240 (6.0)

95 (2.4)
26(0.7)

129.0 (117.0,143.0)
6.6(5.1,87)
4.1(3.0,56)

79 (2.0)
19.0(13.0,29.8)
15.0(11.0,19.0)

74.0 (63.0,92.0)
3234(81.3)
129(3.2)

6.5 (6.0,7.0)

1886 (47.4)

10.8 (7.5, 16.5)
1275.0 (980.0, 1463.0)

644 (16.2)
805 (20.2)
1003 (25.2)
1188 (29.9)
336(85)
584(14.7)
34(0.9)

53.0(31.0,75.0)

3801(95.6)
175(4.4)

890 (22.4)

70(53,9.2)
51(32,71)
23(23,24)
1416(35.6)

1149 (28.9)
1.0(1.04.0)
4.0 (4.08.0)

252 (6.3)
4.0(3.0,6.0)
6.0 (4.0,8.0)

59.0 (49.0,67.0)
106 (59.6)
25.1(22.2,27.4)
67 (37.6)

64 (36.0)
34(19.)
12(6.7)

129.0 (116.8, 140.0)
7.6(5.7,10.1)
4.7(33,7.3)
13(7.3)
17.0(12.0,28.3)
13.0(8.0, 22.0)
74.0(55.0,107.3)
157 (88.2)

17 (9.6)

6.5 (6.0,6.5)

90 (50.6)

104 (8.0, 15.3)
1290.5 (1007.0, 1408.0)

18 (10.1)
35(19.7)
50(28.1)
53(29.8)
22(124)
59(33.1)
6(3.4)

70.0(50.0,111.3)

177(99.4)
1(0.6)

110 (61.8)
74(6.2,10.1)
6.1(4.582)
23(2324)
73(41.0)

54 (30.3)
2.0(1.04.0)
8.0(4.0,12.0)

94 (52.8)
8.0(6.0,9.0)
12.0(7.0,14.0)

—7.154  <0.001*
28419 <0.001*
—-0.06 0.996
71879 <0.001*
224847 <0.001*
158.133 <0.001*
63.104 <0.001*

-1483  0.138
—4.153  <0.001*
-3.197  0.001*
19.848 <0.001*
-1.397  0.162
-1.854  0.064
-0576  0.565
5354  0.021*
19.979 <0.001*
-0381  0.703
0668 0414
-0410  0.682
-1.393  0.164
7559 0.109

44367 <0.001*
11.306  0.006*

-6.849 <0.001*
6.191  0.013*

149.797 <0.001*

—-3.338 0.001*

—-5.702 <0.001*

-0.744 0457
2158 0142
0171 0679

-4.105 <0.001*
—7.832 <0.001*

481.863 <0.001*
—14565 <0.001*
-13616 <0.001*

BMI body mass index, DM diabetes mellitus, Immunosuppression long-term immunosuppressive therapy, HB hemoglobin, WBC white blood cells, Neu neutrophils,
ALT alanine transaminase, AST aspartate transaminase, Scr serum creatinine, PSD peak stone density, PNS percutaneous nephrostomy, UAS ureteral access sheath,
T-UAS traditional ureteral access sheath, NP-UAS negative-pressure ureteral access sheath, Ca serum calcium, CSRF clinically significant residual fragments, LOS

length of hospital stay
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3 36 35 35 35 35 35 34 33 32 31 30 30 20 27 24 21 16 13 13 13 97 653 3 22

Coefficients
2
L

T T T
8 7 5 5 4 3

Log Lambda

035
L

Binomial Deviance
0.30

025

Fig. 1 Use LASSO regression to screen clinical features. A The LASSO coefficient path diagram shows the variation of feature coefficients corresponding
to different regularization parameter (A) values in the LASSO algorithm. B The cross validation results of LASSO regression show that the best model can

be constructed using 13 variables

Table 2 Evaluation metrics of the models constructed by 9 machine learning algorithms

AUC(95%Cl) ACC SEN SPE Kappa MCC F1 score
Train LR 0.9519(0.9349-0.9690) 0.8620 0.9281 0.8589 0.3250 04248 0.3727
KNN 0.9998(0.9996-1.0000) 0.9991 1.0000 0.9991 0.9898 0.9899 0.9903
SYM 0.9514(0.9339-0.9689) 0.8871 0.8954 0.8867 0.3691 04528 04120
RF 1.0000(1.0000-1.0000) 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
CatBoost 0.9429(0.9219-0.9639) 0.9347 0.8170 0.9402 0.4949 0.5350 0.5252
XGBoost 1.0000(0.9999,1.0000) 0.9983 1.0000 0.9982 0.9799 0.9801 0.9808
AdaBoost 0.8141(0.7884,0.8398) 0.6639 0.9216 0.6520 0.1260 0.2437 0.1950
GBM 0.9895(0.9837-0.9954) 0.9700 0.9281 0.9719 0.7168 0.7354 0.7320
NNet 0.9507(0.9340-0.9675) 0.8975 0.8889 0.8979 0.3933 04704 04338
Validation LR 0.9608(0.9369-0.9847) 0.8721 1.0000 0.8665 0.3516 04618 0.3951
KNN 0.9280(0.8525-1.0000) 0.8407 0.9375 0.8365 0.2801 0.3902 0.3297
SVM 0.9625(0.9396-0.9855) 0.9295 0.9375 0.9292 0.4960 0.5608 0.5263
RF 0.9479(0.9099-0.9858) 0.8799 0.9375 0.8774 0.3520 0.4486 0.3947
CatBoost 0.9562(0.9307-0.9818) 0.8486 1.0000 0.8420 0.3080 04267 0.3556
XGBoost 0.9659(0.9408-0.9911) 09138 0.9375 0.9128 04414 0.5185 04762
AdaBoost 0.6113(0.4834-0.7392) 0.7676 04375 0.7820 0.0703 0.1048 0.1359
GBM 0.9477(0.8962-0.9993) 0.9608 0.8125 0.9673 0.6145 06316 0.6341
NNet 0.9535(0.9250-0.9821) 0.8303 1.0000 0.8229 0.2796 04032 0.3299
Test XGBoost 0.9855(0.9712-0.9998) 0.9513 1.0000 0.9498 0.5253 0.5968 0.5455

Train training set, Validation validation set, Test testing set, AUC area under the curve, ACC accuracy, SEN sensitivity, SPE specificity, MCC Matthews correlation

coefficient

terms of both AUC and MCC. Based on our evaluation
metrics, we believe that the XGboost model demon-
strated the best performance.

The evaluation metrics of XGBoost model based on
testing set are shown in Table 2. The ROC curve and
decision curve analysis for the XGBoost model of the
testing set are shown in Fig. 3. With AUC value of 0.9855
(95%CI: 0.9712—-0.9998) and MCC value of 0.5968, the
model constructed using XGBoost algorithm shows good
discrimination, generalization in the testing set. The
decision curve analysis showes that when the threshold
probability is less than 76%, the net clinical benefit of this
model in the testing set is greater than 0. It indicated a
high potential for clinical application.

Interpretation of the model

To demonstrate the importance of features, we generated
a SHAP summary plot for the 13 clinical features affect-
ing the XGBoost model, as shown in Fig. 4. In addition,
We plotted SHAP force analysis diagrams for two sam-
ples from the validation set using the XGBoost model
to demonstrate individualized predictions. Figure 5A
presents one case where no fungal infection occurred
after surgery. The patient is a 51-year-old male, no DM
or history of malignancy, and no being bedridden. Her
admission WBC is 3.56x10°/L, with no preoperative
ureteral stent placement. The surgery lasted 35 min
with no fever occurred after surgery. The postoperative
Neu is 8.86 x 10°/L. The duration of antibiotic therapy is
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eight days. No carbapenem antibiotics were used during
hospitalization, which lasted for eight days. The post-
operative stent duration is four weeks. Our model pre-
dicted no fungal infection occurred, which aligned with
the actual result. Figure 5B presents another case, where
fungal infection occurred after surgery. The patient is a

61-year-old female with a history of endometrial can-
cer. No DM or being bedridden. Her admission WBC is
10.12x 10°/L, with no preoperative ureteral stent place-
ment. The surgery lasted 115 min with postoperative
fever occurred. The postoperative Neu is 8.19x 10°/L.
The duration of antibiotic therapy is eight days. She
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received carbapenem antibiotics and was hospitalized
for 12 days. The postoperative stent duration is 12 weeks.
Our model predicted fungal infection occurred, which

matched the actual outcome.

Discussion

By applying LASSO regression to screen clinical features,
we identified that age, DM, history of malignancy, being
bedridden, admission WBC, preoperative ureteral stent-
ing, operation time, postoperative fever, postoperative
Neu, carbapenem antibiotics use, duration of antibiotic
therapy, LOS, and postoperative stent duration were risk
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factors for fungal infections in patients following F-URL.
Comparing the performance of 9 prediction models, we
found that the model constructed using XGBoost algo-
rithm had the best performance.

Traditional perspectives suggest that fungal urinary
tract infections (UTIs) constitute less than 5% of all UTIs
[25], but in recent years, the proportion of fungal UTIs
has shown a growing trend [11]. Studies have demon-
strated that urolithiasis, surgical interventions, and cath-
eterization are key risk factors for fungal infections [2].
Early symptoms of fungal infections are nonspecific, and
fungal culture, while considered the diagnostic gold stan-
dard, suffers from drawbacks such as contamination, low
sensitivity, and long processing times, often leading to
missed diagnoses and delayed treatment, thus increas-
ing costs [26]. Catheter-associated fungal infections in
the urinary tract often involve biofilm formation, which
enhances pathogenicity and makes the infection highly
resistant to antifungal drugs and host immune factors,
leading to prolonged and difficult-to-treat infections [27].
Removing underlying causes is the primary step in treat-
ing fungal infections of the urinary tract [28]. Therefore,
building a risk prediction model for fungal infection fol-
lowing F-URL and evaluating infection risks are of criti-
cal clinical significance in identifying high-risk patients
for early diagnosis and timely removal of controllable risk
factors.

Currently, six studies have investigated the risk factors
for fungal urinary tract infections [5, 6, 10-13,], with two
focusing on preoperative urolithiasis patients [12-14]
and one on postoperative urology patients [9]. How-
ever, previous studies mostly used bacterial UTI patients
as the control group [9-12], included fewer variables,
reached inconsistent conclusions, and did not establish
prediction models. Traditional methods using univariate
or multivariate logistic regression to explore risk factors
lack the ability to handle datasets with multicollinearity.
Compared to traditional methods, the machine learning
algorithms used in this study offer significant advantages
in diagnostic and prognostic applications [29].

XGBoost is based on the gradient lifting decision tree
algorithm, using the second-order Taylor formula expan-
sion, and adding regularization to the objective function
to control the complexity of the model. Compared with
other algorithms, XGBoost has certain advantages. For
example, it can achieve efficient and accurate analysis of
large and complex data sets by adjusting parameters [30].
In recent years, xgboost algorithm has been gradually
applied to the medical field [31], especially in the pre-
diction of sepsis [32]. Through the use of diagnostic and
prognostic algorithms for faster diagnosis and personal-
ized medical treatment, it also provides the possibility for
future digital medical treatment [33]. However, the appli-
cation of xgboost model also has certain limitations. For
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example, most studies are single center or single database
studies, and the results may lack external data authenti-
cation to improve persuasion [32]. In addition, learning
software such as Python and R language is relatively dif-
ficult, and the lack of analyzable data also affects the fur-
ther promotion of xgboost in the medical field [34].

Our study shows that age is a risk factor for fungal
infections in patients after F-URL. Previous studies also
believed that the elderly were associated with the risk
of urinary fungal infection [9-14]. Elderly patients have
diminished physical resilience and weakened immune
functions, reducing the defense mechanisms of the ure-
thral mucosa, which makes fungi originally coloniz-
ing the perineum more likely to become opportunistic
pathogens causing urinary tract infections [2]. Addition-
ally, with advancing age, conditions such as benign pros-
tatic hyperplasia and neurogenic bladder become more
prevalent, leading to urine retention or increased need
for catheterization, thereby raising the risk of postopera-
tive fungal infections [35].

Previous studies indicate that immune mechanisms
play a crucial role in preventing fungal infections [36].
Our study reveals that DM is a risk factor for fungal
infections after F-URL. Several studies [9, 10, 12-14]
also showed that diabetic patients had an increased risk
of urinary fungal infection, though differing from the
conclusions of Duoyun ] et al. [11]. One study found
that chronic hyperglycemia impairs monocyte phago-
cytic function and compromises complement efficacy
[37]. Diabetic patients have weakened immune functions,
leading to a higher incidence of urinary fungal infections.
Furthermore, studies have shown that Candida albicans
proliferation is enhanced in acidic environments and
in the presence of nitrogenous compounds, increasing
pathogenicity, which raises the risk of fungal infections
in diabetic patients with azotemia or ketoacidosis [38].
Regulating blood glucose levels is crucial for preventing
fungal infections after F-URL.

Our study indicates that patients with a history of
malignancy are more prone to fungal infections after
E-URL. In addition to cachexia caused by the malignancy
itself, chemotherapy can reduce neutrophil levels and
weaken immune function, increasing the risk of fungal
infections and leading to poor outcomes [39]. Further-
more, postoperative radiation therapy in patients with
cervical or prostate cancer often results in complications
such as ureteral strictures, leading to the need for pro-
longed ureteral stent placement, which increases the risk
of fungal infections [40]. Some patients with a history of
malignancy may have undergone organ transplants and
are on long-term immunosuppressive therapy, further
raising the risk of fungal infections [41].

The study of Duoyun ] et al. [11] concluded that
long-term bed rest was a risk factor for urinary fungal
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infection, but another study of Junfeng Z et al. [10] on the
risk factors of urinary fungal infection did not support
this point. We believe that in bedridden patients, primary
neurological conditions like stroke often impair urinary
reflexes and autonomous voiding, making them prone
to urine retention and increasing the need for catheter-
ization, which in turn raises the risk of fungal infections
[35]. White blood cells and neutrophils are key compo-
nents of the inflammatory response, and preoperative
infections often escalate the level and duration of anti-
biotic use, suppressing sensitive bacteria and promoting
Candida overgrowth, which can lead to microbial imbal-
ance and increased fungal infection rates [42].

In patients with severe obstruction accompanied by
infection, rapid increases in creatinine or blood potas-
sium levels often necessitate immediate ureteral stenting
or nephrostomy to relieve the obstruction. These invasive
urological procedures and catheterizations are associated
with an increased risk of fungal infections [27].

Postoperative fever within 48 h is often caused by
infection [43]. Postoperative infections escalate the level
and duration of antibiotic use, and broad-spectrum anti-
biotics suppress a wide range of sensitive bacterial popu-
lations, allowing resistant fungal species to proliferate,
increasing the risk of fungal infections [42]. Additionally,
postoperative infections extend the duration of nephros-
tomy tubes and urinary catheters, further increasing the
risk of fungal infections [27].

Our study shows that LOS is a risk factor for fungal
infections after urinary tract stone surgery. Previous
research suggests that prolonged postoperative hospital
stay is related to infectious complications [44], indicating
that LOS may reflect the use of antibiotics, which influ-
ences the risk of fungal infections.

The use of broad-spectrum systemic antibiotics is one
of the primary risk factors for fungal infections [42].
The carbapenem antibiotics used in this study included
imipenem, biapenem, and meropenem, all of which are
broad-spectrum antibiotics. In clinical practice, it is
essential to strictly manage the use of antibiotics and
avoid overuse to reduce the risk of multidrug-resistant
bacteria and fungal infections.

Previous research has found that the stent duration
is a significant risk factor for ureteral stent infections
[45]. Our study suggests that the longer the ureteral
stent remains, the higher the risk of fungal infections
after F-URL. Previous studies have shown that Candida
albicans can switch to hyphal growth after contact with
biological or non-biological solid surfaces [46]. On sur-
faces of specific structures like ureteral stents, direc-
tional hyphal growth, known as tropism, may occur
[47]. Biofilm formation on catheter surfaces is a criti-
cal pathogenic factor for Candida albicans. In addition
to enhancing pathogenicity, biofilms provide strong
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resistance to antifungal agents and host immune fac-
tors, leading to persistent catheter-related fungal infec-
tions in clinical practice [48]. Although current research
has developed various methods for the prevention and
treatment of catheter-related fungal biofilms, includ-
ing antifungal lock therapy, antifungal catheter coatings,
natural peptide-based products, and methylene blue pho-
todynamic inactivation [46], most of these advancements
have primarily been applied to central venous catheters
[49, 50]. Therefore, for high-risk patients, the unneces-
sary stent duration should be minimized to reduce the
risk of ureteral stent-related urinary infections, includ-
ing fungal infections [44]. For patients with severe ure-
teral stenosis or post-urinary diversion surgery who must
have long-term stents, timely replacement of the stent
or the use of new antifungal stents should be considered
to reduce the risk of fungal infections [49]. When fungal
infections associated with a ureteral stent occur, the pri-
mary treatment is to remove the ureteral stent [28].

A study has shown that females have a higher risk of
ureteral stent infections [51]. However, the relationship
between sex and the risk of urinary fungal infections
remains controversial [2, 9-14]. This study indicates that
females have a higher risk of developing urinary fungal
infections. This finding aligns with that of Behzadi P et
al. [2] but contrasts with several studies on urinary fun-
gal infection risk factors [9-14], including Duoyun | et
al. [11], which found a higher risk of fungal infections
in males. This discrepancy may be attributed to some
studies using bacterial urinary infection patients as the
control group [9-12] and to geographical and selection
biases in single-center studies.

Since nearly 50% of the patients in this study had mul-
tiple stones, and some patients had stones in multiple
locations, we did not analyze the impact of stone location
on postoperative fungal infections to ensure statistical
scientific rigor. Previous studies on risk factors for fungal
infections in patients with urinary stones did not find a
significant association between stone location, stone size,
and the risk of fungal infection [12, 14]. A study by Jialong
L et al. found that patients with staghorn calculi are
prone to combined fungal infections [14]. However, since
our center uses PCNL or PCNL combined with F-URL
to treat staghorn calculi, this study did not include such
patients. Future research is needed to explore the risk of
fungal infections after F-URL in patients with staghorn
calculi and its underlying mechanisms.

The pressure in the collecting system and temperature
during furl are the focus of many clinicians [52-54]. In
order to maintain the visual field and reduce the tem-
perature, normal saline perfusion is often continued dur-
ing lithotripsy. However, this may lead to the increase of
ithe collecting system pressure, and then lead to bacte-
ria and endotoxin entering the blood circulation through
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the renal pelvis vein, renal pelvis lymph reflux and other
causes of infection [52, 53]. Although the T-UAS can
accelerate the drainage of perfusion fluid to a certain
extent, thereby reducing the pressure of the collecting
system, this reduction is relatively limited [55]. Com-
pared with the T-UAS, the NP-UAS can not only improve
stone-free rate, but also effectively prevent high renal
pelvic pressure and reduce postoperative infection com-
plications [53, 54]. Our study found that there was a sig-
nificant difference in the types of sheaths used between
the fungal infection group and the non-fungal infection
group, but it could not be used as a key factor to predict
the risk of fungal infection. It is hoped that future stud-
ies can further reveal the internal relationship between
the NP-UAS and fungal infection, so as to provide more
comprehensive strategies for reducing the risk of postop-
erative fungal infection.

The study of Kumar GM et al. [56] has confirmed that
residual calculi is associated with the risk of postopera-
tive bacterial infection, and more studies are needed to
confirm the effect on the risk of postoperative fungal
infection.

This study has several advantages. To our knowledge,
it is the first to develop a predictive model for the risk of
fungal infections following F-URL. In this study, we used
LASSO regression to select variables, which reduced
overfitting and further improved model performance.
The constructed optimal model performed excellently in
performance evaluations and holds potential for wider
application.

This study has some limitations. As a single-center ret-
rospective study with a limited sample size, it is subject
to geographical and selection biases. In order to reduce
the risk of over fitting, we did not use smote and other
methods to improve the recall rate of a few categories,
which may affect the performance of the model to a cer-
tain extent. Additionally, it did not analyze the impact of
preoperative catheterization, intrarenal pressure, intrare-
nal temperature, the energy levels applied, different ure-
teral stent models, or specific types of antibiotics on the
risk of fungal infection following flexible ureteroscopy
lithotripsy. Preoperative catheterization may increase the
risk of postoperative fungal infection in stone patients as
an invasive procedure. These missing data during surgery
may affect the risk of fungal infection by affecting effi-
cacy and infectious complications. The absence of this
part of the data not only increases the heterogeneity, but
may also prevent us from exploring the intrinsic relation-
ship of these data to fungal infection and thus provide
more comprehensive strategies for reducing the risk of
fungal infection. We look forward to exploring the pos-
sible influence of these differences on postoperative fun-
gal infection in future studies. Meanwhile, we hope that
future prospective studies can employ more standardized
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treatment protocols to reduce heterogeneity and make
the conclusions more reliable. We only used the data of
the center as the test set to verify the generalization abil-
ity of the model, the constructed model requires further
validation with larger sample sizes. Therefore, future
studies should involve more comprehensive, multicenter,
large-sample prospective research to explore this further.

In summary, this study utilized 13 clinical characteris-
tics to develop a predictive model for the risk of fungal
infection following flexible ureteroscopy lithotripsy using
nine machine learning methods, followed by validation
and evaluation. The XGBoost model developed in this
study demonstrated strong predictive ability and clini-
cal applicability. Through shap plots, we demonstrated
at an individual level how the XGBoost model can help
clinicians early identify patients at high risk of fungal
infection after flexible ureteroscopy. The study not only
identified key risk factors for postoperative fungal infec-
tions after flexible ureteroscopic lithotripsy but also
filled a gap in the field of predictive models for the risk
of urinary fungal infections. We discussed the underly-
ing mechanisms of these risk factors and proposed pre-
ventive measures for controllable risk factors to reduce
the incidence of postoperative fungal infections. More-
over, implementing early targeted screening for high-risk
populations holds promise for facilitating early diagnosis
and timely intervention. These early intervention strate-
gies are expected to significantly decrease the occurrence
of postoperative fungal infections, improve patient out-
comes, and reduce healthcare costs. The study provides
new insights and methodologies for further exploration
of risk management in urinary fungal infections.
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