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Abstract 

Objective:  This retrospective aims to develop a comprehensive predictive model 
based on CT radiomic features and clinical parameters, facilitating early preoperative 
diagnosis of pyonephrosis.

Methods:  Clinical and radiological data from 311 patients treated for upper urinary 
tract stones with obstructive pyelohydronephrosis, between January 2018 and May 
2023, were retrospectively collected. Univariate and multivariate logistic regression 
analyses were conducted on clinical data to identify independent risk factors for pyo-
nephrosis. A clinical model was developed using logistic regression. The 3D Slicer 
software was employed to manually delineate the region of interest (ROI) in the pre-
operative CT images, corresponding to the area of pyelohydronephrosis, for feature 
extraction. The optimal radiomic features were selected to construct radiomic models 
and calculate the radiomic score (Radscore). Subsequently, a combined clinical–radi-
omic model—the nomogram—was established by integrating the Radscore with inde-
pendent risk factors.

Results:  Univariate and multivariate logistic regression analyses identified cystatin C, 
Hounsfield Unit (HU) of pyonephrosis, history of ipsilateral urological surgery, and posi-
tive urine culture as independent risk factors for pyonephrosis (P < 0.05). Fourteen 
optimal radiomic features were selected from CT images to construct four radiomic 
models, with the Naive Bayes model demonstrating the best predictive performance 
in both training and validation sets. In the training set, the AUCs for the clinical model, 
radiomic model, and nomogram were 0.902, 0.939, and 0.991, respectively; in the vali-
dation set, they were 0.843, 0.874, and 0.959. Both calibration and decision curves 
showed good agreement between the predicted probabilities of the nomogram 
and the actual occurrences.

Conclusion:  The nomogram, constructed from CT radiomic features and clinical vari-
ables, provides an effective non-invasive predictive tool for pyonephrosis, surpassing 
both clinical and radiomic models.

Keywords:  Pyonephrosis, Upper urinary tract calculi, Radiomics, Machine learning, 
Preoperative diagnosis

Open Access

© The Author(s) 2024. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you 
modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of 
it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise 
in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted 
by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by-​nc-​nd/4.​0/.

RESEARCH

Yan et al. BioMedical Engineering OnLine           (2024) 23:97  
https://doi.org/10.1186/s12938-024-01295-z

BioMedical Engineering
OnLine

†Yongchao Yan and Yunbo Liu 
have contributed equally to this 
work.

*Correspondence:   
lyj2001353@163.com; 
wxn1992@126.com

1 The Affiliated Hospital 
of Qingdao University, Qingdao, 
Shandong, China

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12938-024-01295-z&domain=pdf


Page 2 of 17Yan et al. BioMedical Engineering OnLine           (2024) 23:97 

Introduce
Urinary tract lithiasis ranks among the most prevalent diseases of the urinary system, 
with upper urinary tract stones being the most common [1]. Studies indicate that 3.2% 
of patients with upper urinary tract stones develop obstructive pyonephrosis [2].

Pyonephrosis refers to the accumulation of purulent exudate within the renal pelvis 
and collecting system. Renal abscess can cause the following changes: 1. renal tissue 
destruction: infection and inflammation can lead to the destruction of renal paren-
chyma, possibly resulting in renal tissue necrosis. The renal tubules and nephrons may 
be damaged, affecting renal function. 2. Pelvic dilation: due to the accumulation of pus, 
the renal pelvis can significantly dilate. This dilation can compress the renal paren-
chyma, further impairing renal function. 3. Fibrosis and scar formation: with ongoing 
infection, fibrosis and scar tissue may develop in the kidney. These changes can lead to 
permanent structural alterations and functional impairment of the kidney. Renal tis-
sue destruction: infection and inflammation can lead to the destruction of renal paren-
chyma, possibly resulting in renal tissue necrosis. The renal tubules and nephrons may 
be damaged, affecting renal function [3]. Pyonephrosis is a severe condition often asso-
ciated with pyelonephritis, where the kidney becomes distended with pus. The clinical 
manifestation typically includes flank pain, fever, and other systemic symptoms. In a 
recent descriptive study, Praveen Kumar et al. (2023) found that flank pain with or with-
out fever was the most common symptom among patients with pyonephrosis in the con-
text of pyelonephritis [4].

Obstructive pyonephrosis due to stones is a severe urological condition that presents 
heterogeneously; minor cases may only manifest asymptomatic bacteriuria while severe 
ones can rapidly progress to sepsis, leading to loss of renal function in a short period 
[5]. Without timely intervention, the condition may deteriorate into urosepsis, posing a 
severe threat to patient survival and imposing significant burdens on society and fami-
lies [6, 7]. However, because of the widespread use of broad-spectrum antimicrobials, 
some patients with pyonephrosis may not exhibit any conspicuous symptoms or signs, 
complicating the early identification of affected individuals [8]. Some patients receive a 
definitive diagnosis of pyonephrosis during surgery, and inadequate perioperative prepa-
ration increases their risk of postoperative systemic inflammatory response syndrome 
(SIRS) [9]. Pyonephrosis is a medical condition that requires urgent treatment, typically 
necessitating antibiotic therapy and potential surgical intervention (such as drainage of 
pus or relief of urinary obstruction). Early diagnosis and treatment are crucial to prevent 
further deterioration of kidney function and the occurrence of systemic complications 
(such as sepsis).

With the continual advancement of computer technology, radiomics has been widely 
applied in the diagnosis, differential diagnosis, and prognosis assessment of diseases. 
Wang et al. [10] constructed a radiomics–clinical model using CT radiomics and clinical 
variables that demonstrated good accuracy in predicting uric acid stones. Xu L et al. [11] 
developed a predictive model for the WHO/ISUP grading of clear cell renal cell carci-
noma based on CT radiomics, exhibiting commendable diagnostic efficacy.

Although articles predicting pyonephrosis using imaging features already exist [12], 
on one hand, the predictive values of these articles are not very high, and on the other 
hand, patients with pyonephrosis inevitably have a certain systemic response due to the 
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accumulation of a large amount of infectious pus. Therefore, we believe that combining 
systemic blood indicators with imaging indicators to predict pyonephrosis may provide 
better predictive value. This study aims to construct a comprehensive model by integrat-
ing radiomics features with clinical variables to assist clinicians in the early non-invasive 
diagnosis of stonogenic pyonephrosis. This model is intended to facilitate early clini-
cal intervention for stonogenic pyonephrosis, enabling the formulation of personalized 
treatment plans to prevent severe complications such as urosepsis and improve patient 
outcomes.

Materials
Study subjects

This study retrospectively collated and analyzed clinical data and non-contrast CT imag-
ing records of 311 patients with upper urinary tract stones complicated by pelvical-
yceal distention treated at our center from January 2018 to May 2023. Among these, 95 
patients were identified with pyonephrosis, while 216 did not have the complication. The 
study was conducted in accordance with the principles of the Declaration of Helsinki 
and was approved by the ethics committee of our center. All patients underwent retro-
grade ureteral stenting (RUS), ureteroscopic lithotripsy (URSL), percutaneous nephros-
tomy (PCN), or percutaneous nephrolithotomy (PCNL).

Inclusion criteria

(1) Patients aged ≥ 18 years;
(2) Patients with upper urinary tract stones;
(3) Patients with complete baseline clinical data;
(4) Patients who underwent surgical drainage or procedures (RUS, URSL, PCN, or 
PCNL) at our center.

Exclusion criteria

(1) Absence of significant hydronephrosis in the affected kidney;
(2) History of endoscopic surgery prior to admission, treated for residual stones 
upon admission;
(3) Incomplete baseline clinical data in medical records;
(4) Prior nephrostomy or retrograde ureteral stent placement before admission;
(5) Congenital urological anomalies (such as horseshoe kidney, ectopic kidney, poly-
cystic kidney, duplicated kidney, or solitary kidney);
(6) Concomitant other urological diseases (infections, tuberculosis, tumors, etc.);
(7) Poor quality CT images affecting the delineation of the region of interest (ROI).

(For the specific inclusion and exclusion criteria, please refer to Fig. 1.)

Diagnostic criteria for study subjects

The diagnosis of study subjects must fulfill the following two criteria: 1. presence of upper 
urinary tract calculi. All patients included in the study were confirmed to have varying 
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degrees of renal and ureteral calculi via radiological examinations such as urological ultra-
sound, non-contrast computed tomography (CT), etc. Other potential diseases, such as 
urinary system tumors, were excluded. 2. Presence of renal abscess. Purulent, viscous pus/
purulent collections were observed grossly during retrograde ureteral stent placement or 
percutaneous nephrostomy, usually with positive pus cultures.

Clinical data of study subjects

Patient clinical data were collected through our center’s data management platform, includ-
ing: age, gender, laterality, body mass index (BMI), renal colic, fever, history of ipsilateral 
urologic surgery, diabetes, hypertension, staghorn calculi, degree of pelvicalyceal dilatation, 
severe hydronephrosis or atrophy of the contralateral kidney (SHACK), Hounsfield Unit 
(HU) of pelvicalyceal effusion, stone density, maximum stone size, preoperative serum uric 
acid, blood urea nitrogen, blood urea nitrogen/creatinine, serum creatinine, cystatin C, pre-
operative white blood cells, monocytes, neutrophils, lymphocytes, platelets, neutrophil–
lymphocyte ratio (NLR), lymphocyte–monocyte ratio (LMR), platelet–lymphocyte ratio 
(PLR), urinary white blood cells, urinary nitrites, and urine culture.

Results
Clinical variables of patients

This study incorporated a total of 311 subjects, who were categorized into two groups 
based on the presence of renal abscess: the renal abscess group (n = 95) and the 

Fig. 1  The specific inclusion and exclusion criteria
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non-renal abscess group (n = 216). Statistical analysis was conducted on the preop-
erative baseline characteristics of the patients, revealing that there were no significant 
differences between the two groups in terms of age, BMI, side of stone, hypertension, 
staghorn calculi, hydronephrosis, SHACK, stone density, and maximum stone diameter 
(P > 0.05). However, significant differences were observed between the groups in gender, 
renal colic, fever, history of ipsilateral urological surgery, diabetes, and CT attenuation of 
hydronephrosis (P < 0.05), as detailed in Table 1.

Comparisons of laboratory test results between the two groups are shown in Table 2. 
Statistically significant differences were found in urea nitrogen, serum creatinine, albu-
min, cystatin C, white blood cells, neutrophils, lymphocytes, monocytes, NLR, LMR, 
PLR, urinary white blood cells, urinary nitrites, and urine culture (P < 0.05). There was 
no statistical difference between the groups regarding the urea nitrogen/creatinine ratio, 
serum uric acid, and platelets (P > 0.05).

Training set single-factor and multi-factor logistic regression analysis shows that 
the CT value of renal pelvis fluid (OR: 1.033; 95% CI 1.026–1.039; P < 0.001), history of 
same-side urological surgery (OR: 1.095; 95% CI 0.892–1.074; P = 0.043), cystatin C (OR: 
1.115; 95% CI 1.029–1.208; P = 0.026), urine culture (OR: 1.218; 95% CI 1.121–1.324; 
P < 0.001) are independent risk factors for patients with perirenal abscess caused by 
stones, as shown in Table 3.

Feature selection and construction of radiomics model
A total of 1834 radiomics features were extracted from each patient’s CT images using 
Gaussian-Laplace filters and wavelet filters. ANOVA and LASSO (Fig. 2A and B) with 
tenfold cross-validation retained 14 features (Fig.  3). Four machine learning models 
were tested in the training and validation sets, with corresponding results presented in 
Tables 2S and 3S. The Naive Bayes (NB) model demonstrated the best performance on 
the validation set and showed similar, stable results on both the training and validation 
sets (Fig. 1S). Consequently, the NB model was used to establish a predictive model for 
the selected feature parameters and to calculate a radiomics score (Radscore) for each 
sample, reflecting the risk of nephrolithiasis-associated renal abscess. The Radscore is 
the sum of the radiomics features and corresponding coefficients used to construct the 
model, formulated as Radscore = intercept + Σβi × Xi. The coefficients for each feature 
are listed in Table 4S.

Development and evaluation of the comprehensive model
The final comprehensive model (nomogram model) included the CT attenuation of 
hydronephrosis, history of ipsilateral urological surgery, cystatin C, urine culture, and 
Radscore, as shown in Fig. 4A. Figure 4B and C depicts the calibration curves for the 
clinical model, radiomics model, and nomogram model. The calibration curve and 
Hosmer–Lemeshow test of the nomogram model indicated good calibration and fit, 
outperforming the other models. Figure 5A and B details the nomogram model scores 
for each patient in the training and test sets. Tables  5S and 4 provide a comprehen-
sive summary of the diagnostic performance of the clinical model, radiomics model, 
and nomogram model in both sets. The ROC curves of the models are illustrated in 
Fig. 6A and B. DeLong’s test revealed that the nomogram model’s diagnostic capability 
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was significantly superior to both the clinical and radiomics models in the training set 
(P < 0.001, P = 0.006), while the difference between the diagnostic capabilities of the radi-
omics and clinical models was not statistically significant (P = 0.283). In the validation 
set, the clinical model’s diagnostic performance was slightly inferior to the radiomics 
model, but the difference was not significant (P = 0.646). Both the radiomics model and 
the clinical model were inferior to the nomogram model, with the difference being sta-
tistically significant (P = 0.001, P = 0.047).

In summary, the nomogram model demonstrated the highest diagnostic efficiency in 
both the training and validation sets. Additionally, Fig. 3C and D further illustrates the 
decision curve analysis (DCA) of the three models, indicating that the overall net benefit 

Table 1  Basic characteristics of renal abscess group and non-renal abscess group

Variable Non-renal abscess 
group(n = 216)

Renal abscess 
group(n = 95)

P-value

Age (years) 54.00 ± 11.74 58.77 ± 12.12 0.421

BMI(kg/ m2) 25.05 ± 3.70 25.14 ± 3.60 0.51

Gender (n, %) 0.01

 Female 74(34.26) 48(50.53)

 Male 142(65.74) 47(49.47)

Sides (n,%) 0.228

 Left 112(51.85) 57(60.00)

 Right 104(48.15) 38(40.00)

Renal colic (n,%) 0.002

 No 146(67.59) 46(48.42)

 Yes 70(32.41) 49(51.58)

Fever (n, %)  < 0.001

 No 210(97.22) 67(70.53)

 Yes 6(2.78) 28(29.47)

History of same-side urological surgery (n, %) 0.007

 No 164(75.93) 57(60.00)

 Yes 52(24.07) 38(40.00)

Diabetes (n, %) 0.001

 No 187(86.57) 67(70.53)

 Yes 29(13.43) 28(29.47)

Hypertension (%) 0.105

 No 164(75.93) 63(66.32)

 Yes 52(24.07) 32(33.68)

Staghorn stone (%) 0.547

 No 189(87.50) 80(84.21)

 Yes 27(12.50) 15(15.79)

Hydronephrosis (n, %) 0.136

 Mild/moderate 137(63.43) 51(53.68)

 Severe 79(36.57) 44(46.32)

Shock (n,%) 0.27

 No 208(96.30) 88(92.63)

 Yes 8(3.70) 7(7.37)

 Renal pelvis fluid CT value (HU) 6.16 ± 4.52 14.17 ± 5.39  < 0.001

 Density of stones (HU) 942.83 ± 91.81 854.34 ± 85.72 0.935

 Maximum stone diameter (mm) 16.21 ± 9.42 16.28 ± 9.98 0.95
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of the radiomics and nomogram models in distinguishing nephrolithiasis-associated 
renal abscesses was significantly higher than that of the clinical model. This finding has 
important clinical value for enhancing the diagnostic accuracy of renal abscesses.

Discussion
Hydronephrosis is the dilation of the renal pelvis and calyces secondary to upper uri-
nary tract obstruction, commonly following urolithiasis [1]. Renal abscess refers to the 
purulent parenchymal lesion developing on the basis of hydronephrosis [13]. The clini-
cal manifestations of nephrolithiasis-related renal abscess can vary from asymptomatic 
bacteriuria to severe pyonephrosis, with nonspecific complaints and clinical symptoms 
possibly being the sole indicators in some patients [14]. The application of broad-spec-
trum antibiotics has led to atypical clinical presentations in as many as 15% of patients, 
posing new challenges in the diagnosis of nephrolithiasis-associated renal abscess. Renal 
abscess is a urological emergency that can lead to renal parenchymal destruction, loss 
of renal function, rapid progression to urosepsis, and even septic shock. Early diagno-
sis and treatment are critical for preserving renal function and improving prognosis. 
However, the current clinical diagnosis of nephrolithiasis-associated renal abscess still 
relies on the comprehensive analysis and judgment by experienced clinicians based 
on the patient’s clinical data, laboratory tests, and imaging findings. Hence, this study 

Table 2  Comparison of laboratory test results between renal abscess group and non-renal abscess 
group

Variable Non-renal abscess 
group(n = 216)

Renal abscess group(n = 95) P-value

Urea nitrogen (mg/dl) 6.06 (4.96,6.98) 6.55 (5.50,9.52)  < 0.001

Urea nitrogen / creatinine 16.92 (13.71,21.56) 15.74 (13.16,21.67) 0.356

Blood creatinine (µ mol/L) 87.35 (70.00,100.40) 101.65 (81.65,135.95)  < 0.001

Blood uric acid (µ mol/L) 362.47 (301.60,419.95) 359.12 (289.68,400.15) 0.77

Albumin (g/L) 42.75 (39.99,45.74) 37.96 (32.60,41.93)  < 0.001

Cystatin C (mg/L) 0.96 (0.83,1.06) 1.34 (1.08,1.41)  < 0.001

WBC(× 10^9/L) 6.91 (5.65,8.03) 9.12 (6.51,12.19)  < 0.001

Neutrophils(× 10^9/L) 4.02 (3.28,5.10) 6.68 (4.32,10.31)  < 0.001

Lymphocytes(× 10^9/L) 1.92 (1.62,2.39) 1.42 (0.87,2.04)  < 0.001

Mononuclear cells(× 10^9/L) 0.47 (0.39,0.58) 0.58 (0.41,0.82)  < 0.001

Platelets (× 10^9/L) 236.00 (195.50,281.25) 245 (181.25,298.25) 0.873

NLR 2.05 (1.48,2.54) 3.98 (2.52,10.63)  < 0.001

PLR 122.21 (97.76,153.67) 168.43 (124.84,243.90)  < 0.001

LMR 4.25 (3.12,5.48) 2.71 (1.36,4.03)  < 0.001

White blood cells in urine (n,%)  < 0.001

 Negative 102 (47.22) 18 (18.95)

 Positive 114 (52.78) 77 (81.05)

Urinary nitrite (n,%)  < 0.001

 Negative 199 (92.13) 68 (71.58)

 Positive 17 (7.87) 27 (28.42)

Urine culture (n,%)  < 0.001

 Negative 180 (83.33) 35 (36.84)

 Positive 36 (16.67) 60 (63.16)
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developed a classification model based on clinical variables and CT radiomics features to 
achieve precise preoperative prediction of nephrolithiasis-related renal abscess, thereby 
enhancing diagnostic accuracy and reliability.

In this study, a statistical analysis of clinical variables from two patient cohorts revealed 
that ipsilateral urological surgery history, cystatin C levels, renal pelvis hydronephrosis 
CT values, and positive urine cultures stand as independent risk factors for nephropyo-
nephrosis, aligning with findings from most research. Patodia et  al. [15] discovered a 
correlation between ipsilateral urological surgery history and pyonephrosis after analyz-
ing data from 401 non-pyonephrotic and 91 pyonephrotic urological patients. This may 
be attributed to urinary tract damage caused by urological procedures and instruments, 
leading to alterations in anatomical structures and urinary system dysfunction. These 
changes could obstruct normal urine flow, elevating the risk of urinary infections and 

Table 3  Logistic analysis results of clinical variables in the training set

Variable Univariate analysis Multivariable analysis

OR(95% CI) P-value OR(95% CI) P-value

Age 1.004 (1.000–1.008) 0.081

BMI 1.007 (0.993–1.021) 0.399

Gender 0.782 (0.708–0.865)  < 0.001 0.978 (0.892–1.074) 0.696

Sides 1.008 (0.910–1.116) 0.898

Renal colic 1.199 (1.080–1.331) 0.005 1.039 (0.968–1.116) 0.374

Fever 1.743 (1.496–2.032)  < 0.001 1.09 (0.959–1.239) 0.267

History of same-side urological surgery 1.244 (1.114–1.390)  < 0.001 1.095 (1.018–1.177) 0.043

Diabetes 1.251 (1.104–1.418) 0.003 1.042 (0.96–1.133) 0.408

Hypertension 1.092 (0.971–1.228) 0.216

Staghorn stone 1.059 (0.923–1.214) 0.491

Hydronephrosis 1.076 (0.970–1.194) 0.240

SHACK 1.149 (0.919–1.435) 0.304

Renal pelvis fluid CT value (HU) 1.049 (1.043–1.057)  < 0.001 1.033 (1.026–1.039)  < 0.001

Density of stones (HU) 1.000 (0.999–1.001) 0.883

Maximum stone diameter (mm) 1.000 (0.994–1.005) 0.896

Urea nitrogen (mg/dl) 1.020 (1.011–1.029)  < 0.001 0.989 (0.975–1.003) 0.202

Urea nitrogen / creatinine 0.998 (0.991–1.005) 0.618

Blood creatinine (µ mol/L) 1.001 (1.000–1.001)  < 0.001 1.0 (1.0–1.001) 0.521

Blood uric acid (µ mol/L) 1.000 (0.999–1.000) 0.601

Albumin (g/L) 0.964 (0.957–0.972)  < 0.001 0.998 (0.99–1.005) 0.599

Cystatin C (mg/L) 1.383 (1.262–1.514)  < 0.001 1.115 (1.029–1.208) 0.026

WBC(× 10^9/L) 1.60 (1.36–1.87)  < 0.001 1.10 (0.27–4.55) 0.898

Neutrophils(× 10^9/L) 1.76 (1.46–2.13)  < 0.001 1.01 (0.99–1.02) 0.487

Lymphocytes(× 10^9/L) 0.833 (0.780–0.889)  < 0.001 0.79 (0.638–0.978) 0.071

Mononuclear cells(× 10^9/L) 1.627 (1.306–2.028)  < 0.001 0.913 (0.67–1.245) 0.628

Platelets (× 10^9/L) 1.000 (1.000–1.001) 0.593

NLR 1.021 (1.016–1.026)  < 0.001 0.997 (0.989–1.004) 0.452

PLR 1.002 (1.001–1.002)  < 0.001 1.0 (1.0–1.001) 0.137

LMR 0.929 (0.907–0.952)  < 0.001 1.021 (0.982–1.062) 0.378

White blood cells in urine 1.316 (1.189–1.455)  < 0.001 1.071 (0.995–1.151) 0.125

Urinary nitrite 1.411 (1.226–1.623)  < 0.001 1.036 (0.933–1.149) 0.576

urine culture 1.585 (1.438–1.747)  < 0.001 1.218 (1.121–1.324)  < 0.001
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stone obstructions, potentially culminating in pyonephrosis. Cystatin C, a low-molec-
ular-weight protein metabolized primarily by the kidneys and almost entirely cleared 
by glomerular filtration, is reabsorbed and broken down in the proximal renal tubules 
without re-entry into the bloodstream [16]. Under physiological conditions, cystatin 
C levels are less affected by non-GFR factors such as gender, age, hormonal fluctua-
tions, and alcohol intake compared to creatinine [17, 18], making it an ideal biomarker 
for assessing glomerular filtration rates. Studies indicate that pyonephrosis refers to 

Fig. 2  Feature selection of imaging genomics based on LASSO regression model. A: Selection of tuning 
parameter (λ). Use Lasso regression model and perform tenfold cross-validation based on the minimum 
standard. The optimal value of λ is represented by a vertical dashed line, λ = 0.0391. B: Lasso coefficient 
distribution for 1834 radiomic features. Vertical dashed line is drawn using the 14 selected radiomic features

Fig. 3  The 14 selected radiomic features and their corresponding coefficients

Table 4  Comparison of predictive capabilities of three models in the validation set

Model Validation set(n = 94)

AUC (95%CI) Sensitivity Specificity Accuracy PPV NPV

Clinical model 0.843 (0.752–0.933) 0.818 0.820 0.819 0.711 0.893

Imaging omics model 0.874 (0.786–0.961) 0.818 0.803 0.809 0.692 0.891

Line chart model 0.959 (0.922–0.995) 0.848 0.918 0.894 0.848 0.918
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infective hydronephrosis with renal parenchymal suppuration and loss of renal function 
[19], hence, cystatin C levels in the body may rise, possibly due to reduced clearance as 
a result of glomerular filtration impairment from renal parenchymal damage in nephro-
pyonephrosis. Traditionally, CT scans were used to assess renal pelvis hydronephrosis, 
relying on nonspecific indicators like thickening of the renal pelvis and ureter walls, 
renal enlargement, striated changes in renal parenchyma, and perirenal fat deposition, 
limiting diagnostic efficacy [20]. Yet, recent studies have shown that renal pelvis hydro-
nephrosis CT values can differentiate between hydronephrosis and pyonephrosis. Emrah 
et al. [21] demonstrated that a CT value of renal pelvis hydronephrosis at or exceeding 
9.21 HU accurately diagnoses pyonephrosis, with a sensitivity of 65.96% and a specificity 
of 87.93%.

In the field of nephropyelitis secondary to kidney stones, there are currently few aca-
demic studies on radiomics. Past studies have focused on constructing models based on 
clinical or radiographic features for predicting nephropyonephrosis. Liu H et al. [22] sta-
tistically analyzed clinical data from 322 patients with and without pyonephrosis, build-
ing a support vector machine (SVM) model for predicting nephropyonephrosis in upper 
urinary tract stone patients. Basmaci et al. [23] retrospectively analyzed the renal pelvis 
hydronephrosis attenuation values of 51 patients to construct a predictive model based 

Fig. 4  Line chart model and calibration curves of three models. A: Line chart model, B: calibration curves of 
three models on the training set, C: calibration curves of three models on the validation set. The 45-degree 
dashed line represents ideal prediction. The calibration curve of the line chart model shows good consistency 
between the training set and the validation set, being the best among the three models



Page 11 of 17Yan et al. BioMedical Engineering OnLine           (2024) 23:97 	

on a single radiographic feature. Wang Xinguang et  al. [24] collected clinical features 
from 322 patients with obstructive hydronephrosis and constructed five machine learn-
ing models based on multiple clinical features, achieving better predictive results com-
pared to traditional models.

This study marks the inaugural application of radiomics to the preoperative predic-
tion of nephrolithiasis-associated pyonephrosis, developing four radiomic models based 
on 14 radiomic features extracted from CT images using machine learning algorithms. 
Logistic regression (LR) is a statistical-based machine learning algorithm for classifica-
tion tasks, mapping linear regression outcomes to the [0, 1] interval through a logistic 
function, thus fulfilling binary classification objectives. Due to its simplicity and clinical 
ubiquity, LR has witnessed widespread adoption. Support Vector Machine (SVM) is a 
supervised learning algorithm designed for binary and multi-class tasks, operating on 
the principle of finding an optimal hyperplane in feature space to accurately classify data 
[25]. Random Forest (RF), a supervised ensemble algorithm, constructs multiple deci-
sion trees and amalgamates their predictions to form a definitive predictive model [26]. 
RF is adept at managing classification and regression tasks, significantly mitigating the 
risk of model overfitting due to decision tree data overfitting and thus enhancing model 

Fig. 5  Column chart scores for each patient. Column chart scores for each patient in the A and B training 
and validation sets. The blue bars represent scores for non-renal abscess patients, and the yellow bars 
represent scores for renal abscess patients
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generalizability [27, 28]. Naive Bayes (NB) is a probability-based classification technique 
that employs Bayesian theorem and the assumption of feature conditional independence 
for probabilistic computations and inference, known for its simplicity, intuitive nature, 
and high computational efficiency, especially in text classification and natural language 
processing [29]. Kim et  al. [30] utilized various machine learning algorithms, includ-
ing SVM, RF, and NB, to construct a radiomics-based machine learning model distin-
guishing COVID-19 from pneumonia on chest X-rays. In this study’s training set, the 
AUC values for the LR, SVM, RF, and NB models were 0.942, 0.982, 0.916, and 0.939, 
respectively; in the validation set, they were 0.762, 0.794, 0.808, and 0.874, respectively. 
Notably, all models outperformed LR in the validation set, demonstrating the superior-
ity of other machine learning algorithms over traditional regression methods in deal-
ing with complex, high-dimensional data. The NB model exhibited the best predictive 
efficacy, with AUC values of 0.939 and 0.874 in the training and validation sets, respec-
tively, which led to its selection for constructing a comprehensive model and calculating 
Radscore.

Incorporating clinical variables and radiomic features, a nomogram model was con-
structed, and its diagnostic performance was compared with that of three models. In 
the training set, the AUC values for the clinical, radiomic, and nomogram models were 
0.902, 0.939, and 0.991, respectively; in the validation set, they were 0.843, 0.874, and 
0.959, respectively. The study found that, in both the training and validation sets, the 

Fig. 6  ROC curve and decision curve analysis of different models in the training set and validation set. A: 
ROC curve of the training set, B: ROC curve of the validation set, C: decision curve analysis of the training set, 
D: decision curve analysis of the validation set
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nomogram model’s diagnostic performance surpassed that of the radiomic and clinical 
models. Therefore, the study concludes that the nomogram model provides an accurate, 
objective, non-invasive diagnostic method for the early detection of nephrolithiasis-
associated pyonephrosis, offering valuable insights for clinical decision-making and per-
sonalized treatment, thereby improving patient prognosis.

Despite the significant advancements over traditional models in predicting nephrolith-
iasis-associated pyonephrosis, our study has limitations. Firstly, being retrospective, it 
is prone to selection bias. Secondly, manual segmentation of the lesion ROI is subject to 
subjective variability. Moreover, as a single-center study with a small sample size, it lacks 
multi-center validation. Future endeavors could involve collaboration with other centers 
to enhance the predictive model’s applicability.

Conclusion
The nomogram model, constructed from CT radiomic features and clinical risk fac-
tors, effectively predicts nephrolithiasis-associated pyonephrosis non-invasively. Com-
pared to standalone clinical or radiomic models, it boasts higher predictive accuracy. 
The application of the nomogram model provides clinicians with additional references 
for clinical decisions, allowing for early identification and intervention in patients with 
nephrolithiasis-associated pyonephrosis, devising personalized treatment plans, improv-
ing patient outcomes, and preventing severe complications such as pyosepticemia.

Research methods
Image acquisition and segmentation

The scanning range spanned from the upper pole of the kidney to the lower edge of the 
ischial tuberosity, with all patients undergoing a 64-layer multi-detector CT scan (GE 
Medical, Discovery CT 750HD). The CT image acquisition parameters were as follows: 
tube voltage ranged from 100-120 kV, and automatic tube current varied between 200–
350 mA. During scanning, the rotation time was set to 0.5 s, with both scanning slice 
thickness and reconstruction slice thickness standardized at 5 mm.

Lesions were delineated by at least two experienced physicians using the open-source 
radiomics software 3D Slicer to trace the region of interest (ROI) layer by layer in the 
DICOM format of the CT images of patients with pelvicalyceal effusion. Image segmen-
tation was performed independently by two radiologists with extensive experience. They 
were blinded to the patients’ histopathology. One of the radiologists (radiologist A, with 
7 years of experience) manually drew the ROI slice by slice using the open-source soft-
ware 3D Slicer 4.11.0 (https://​www.​slicer.​org/). Another radiologist (radiologist B, with 
10 years of experience) reviewed all ROIs manually segmented by radiologist A, showed 
the baseline clinical characteristics of patients in the our cohort, respectively.

ROIs were drawn along the edges of the pelvicalyceal effusion, aiming to encompass 
the effusion area while excluding kidney tissue, fat, calculi, blood vessels, or image arti-
facts to ensure data reliability. Radiomic features within and between annotators were 
extracted, calculating the Intraclass Correlation Coefficient (ICC), and features with an 
ICC ≥ 0.75 were included in subsequent research.

https://www.slicer.org/
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Radiomic feature extraction
In this study, radiomic features were extracted using the python3.7-based PyRadiomics 
version 3.0.1. Initially, features were extracted from the original images, covering aspects 
such as shape, size, intensity, and texture. To enhance the accuracy and efficacy of feature 
extraction, images were processed using a Gaussian-Laplacian filter (Laplacian of Gaussian, 
LOG), a common image enhancement technique that accentuates edges and details in an 
image. Wavelet transform, a multi-resolution analysis method, extracted features across dif-
ferent scales of the pelvicalyceal effusion. A total of 1834 radiomic feature parameters were 
extracted. See Table 1S for details.

Radiomic feature selection and model construction
Patient data for the training and validation sets were randomly stratified in a 7:3 ratio. To 
avoid overfitting, dimensionality reduction was applied to the extracted radiomic features, 
selecting meaningful features from the training set.

First, we performed a Mann–Whitney U test and feature screening for all radiomic fea-
tures. Only the radiomic features with a p-value < 0.05 were kept. After this step is com-
pleted, 1156 features remain. Then, for features with high repeatability, Spearman’s rank 
correlation coefficient was also used to calculate the correlation between features, and one 
of the features with correlation coefficient greater than 0.9 between any two features is 
retained. In order to retain the ability to depict features to the greatest extent, we use greedy 
recursive deletion strategy for feature filtering, that is, the feature with the greatest redun-
dancy in the current set is deleted each time. After this, XX features were finally kept. After 
this step is completed, 299 features remain. At last, the least absolute shrinkage and selec-
tion operator (LASSO) regression model was used on the discovery data set for signature 
construction. Depending on the regulation weight λ, LASSO shrinks all regression coef-
ficients towards zero and sets the coefficients of many irrelevant features exactly to zero. To 
find an optimal λ, tenfold cross-validation with minimum criteria was employed, where the 
final value of λ yielded minimum cross-validation error. The retained features with nonzero 
coefficients were used for regression model fitting and combined into a radiomics signa-
ture. Subsequently, we obtained a radiomics score for each patient by a linear combination 
of retained features weighed by their model coefficients. The Python scikit-learn package 
was used for LASSO regression modeling. After this step is completed, 14 features remain.

Selection and construction of clinical variable models
Univariate logistic regression analysis of clinical variables in the training set identified those 
with significant differences. These variables were then used in multivariate logistic regres-
sion analysis to construct a prediction model based on clinical variables. To ensure the 
accuracy and reliability of this model, its performance was thoroughly tested in both the 
training and validation sets.

Construction and evaluation of combined models
The building process of clinical signature is almost the same as rad signature. First the 
features used for building clinical signature were selected by baseline statistic whose p 
value < 0.05. We also used the same machine learning model in rad signature building 
process. Fivefold cross-validation and test cohort was set to be fixed for fair comparison.
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After Lasso feature screening, we input the final features into the machine learning 
(nb) for risk model construction. Here, we adopt fivefold cross-verification to obtain 
the final Rad signature. Receiver operating characteristic (ROC) curves were plotted to 
assess the diagnostic performance of the predictive models, and the corresponding area 
under the curve (AUC), diagnostic accuracy, sensitivity, specificity, positive predictive 
value (PPV), and negative predictive value (NPV) were analyzed.

Furthermore, to intuitively and efficiently assess the incremental prognostic value of 
the radiomics signature to the clinical risk factors, a radiomics nomogram was presented 
on the validation data set. The nomogram combined the radiomics signature and the 
clinical risk factors based on the logistic regression analysis. To compare the agreement 
between the pyonephrosis prediction of the nomogram and the actual observation, the 
calibration curve was calculated.

Statistical analysis
SPSS (version 26.0, IBM) and R (version 4.2.1) software were employed for analysis. 
Continuous variables were first subjected to normality tests to determine data distri-
bution characteristics. If data were homoscedastic and normally distributed, statistical 
description was through mean ± standard deviation, and group differences were com-
pared using the t-test. If the data were not normally distributed, description was through 
interquartile range, and group differences were analyzed using the Mann–Whitney U 
test. Categorical variables were described using case numbers and percentages (%), with 
group differences assessed using the Chi-square test. Additionally, the DeLong test com-
pared AUC values between groups, while the paired Chi-square test evaluated group dif-
ferences in accuracy, sensitivity, specificity, and other metrics.
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