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Abstract

Background Kidney biopsy is the standard of care for the diagnosis of various kidney diseases. In particular, chronic
histopathologic lesions, such as interstitial fibrosis and tubular atrophy, can provide prognostic information regarding
chronic kidney disease progression. In this study, we aimed to evaluate historadiological correlations between
CT-based radiomic features and chronic histologic changes in native kidney biopsies and to construct and validate a
radiomics-based prediction model for chronicity grade.

Methods We included patients aged > 18 years who underwent kidney biopsy and abdominal CT scan within a
week before kidney biopsy. Left kidneys were three-dimensionally segmented using a deep learning model based on
the 3D Swin UNEt Transformers architecture. We additionally defined isovolumic cortical regions of interest near the
lower pole of the left kidneys. Shape, first-order, and high-order texture features were extracted after resampling and
kernel normalization. Correlations and diagnostic metrics between extracted features and chronic histologic lesions
were examined. A machine learning-based radiomic prediction model for moderate chronicity was developed and
compared according to the segmented regions of interest (ROI).

Results Overall, moderate correlations with statistical significance (P < 0.05) were found between chronic
histopathologic grade and top-ranked radiomic features. Total parenchymal features were more strongly correlated
than cortical ROl features, and texture features were more highly ranked. However, conventional imaging markers,
including kidney length, were poorly correlated. Top-ranked individual radiomic features had areas under receiver
operating characteristic curves (AUCs) of 0.65 to 0.74. Developed radiomics models for moderate-to-severe chronicity
achieved AUCs of 0.89 (95% confidence interval [Cl] 0.75-0.99) and 0.74 (95% Cl 0.52-0.93) for total parenchymal and
cortical ROI features, respectively.
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Conclusion Significant historadiological correlations were identified between CT-based radiomic features and
chronic histologic changes in native kidney biopsies. Our findings underscore the potential of CT-based radiomic
features and their prediction model for the non-invasive assessment of kidney fibrosis.

Keywords Radiomics, Kidney fibrosis, Histopathology, Chronic kidney disease

Introduction
Kidney biopsy is an essential tool for the diagnosis and
etiological evaluation of diverse kidney diseases by
detecting histological alterations. In particular, chronic
histological changes such as interstitial fibrosis (IF),
tubular atrophy (TA), glomerulosclerosis (GS), and arte-
riosclerosis are key findings for pathologic classification
and severity grading of different kidney diseases, includ-
ing IgA nephropathy, diabetic nephropathy, and lupus
nephritis [1-3]. These chronic lesions are considered a
common pathway of chronic kidney disease (CKD), and
strongly predict kidney outcomes irrespective of etiol-
ogy [4]. The semi-quantitative scoring of chronic lesions
could provide additional prognostic information that
complements glomerular filtration rate (GFR) and pro-
teinuria [5]. Nonetheless, kidney biopsy is an invasive
procedure associated with post-biopsy bleeding requir-
ing transfusion or intervention [6]. Furthermore, patients
with a solitary or small kidney are not eligible for kid-
ney biopsy. Thus, kidney biopsy is performed selectively
based on consideration of risk-benefit balance. On the
other hand, non-invasive biomarkers are highly disease-
specific and cannot be used as alternatives to kidney
biopsy [7, 8]. Advanced imaging techniques, such as
multi-parametric magnetic resonance imaging (MRI)
and ultrasound (US) elastography, are particularly sensi-
tive for IF [9, 10], but as yet, many of these techniques are
unvalidated and lack standardization for the clinical use.
Recently, radiomics has been extensively studied due
to its ability to quantify pathophysiological signals from
medical images. In particular, radiomic analysis has been
shown to have potential utility in the diagnosis and prog-
nosis of various cancers [11-13]. A large proportion of
radiomic features consist of high-order texture features
that possibly reflect microstructural characteristics
not completely detected or quantified by human eyes.
Radiomics can bridge the gap between the macroscopic
findings of medical images and micrometer-sized histo-
logical findings and further molecular phenotypes [14].
Indeed, close relationships have been widely reported
between tumor histology and radiomic features [15-17].
Radiomic texture features are also highly related to fibro-
sis of other organs, including liver, lung, and intestine
[18-20]. However, radiomic studies on kidney histopath-
ologic findings are lacking. Relatively few studies have
linked radiomic features of kidney imaging to patho-
logic findings, and most are based on kidney US [21].
Ultrasound-based images are quite operator-dependent,

whereas CT images are more reproducible and appropri-
ate for data-driven quantitative analysis. Furthermore,
CT examinations are less costly than MRI and enable
extensive data acquisition in routine practice. Given the
increasing use of CT in clinical practice, historadiologi-
cal correlations based on CT-derived radiomic features
might be utilized to construct a non-invasive diagnos-
tic tool for kidney diseases. In this study, we aimed to
explore the association between CT-based radiomic fea-
tures and chronic lesions in native kidney biopsies and
assess the clinical implications of radiomic features and
prediction models in kidney histopathological evaluation.

Methods

Study participants

We retrospectively recruited adult patients>18 years of
age who underwent native kidney biopsy from October
2018 to December 2023 and underwent an abdomen CT
scan at Keimyung University Hospital within the 7 days
prior to kidney biopsy. Patients who underwent a CT
scan immediately after kidney biopsy were not included
because post-biopsy bleeding was present in some of
these patients. Cases with poor image quality, artifacts,
or fewer than 10 glomeruli in their biopsy specimen were
excluded [22]. Image quality was assessed by two radiolo-
gists, and CT scans with a slice thickness of 25 mm were
excluded. The study was conducted in accordance with
the Declaration of Helsinki and approved by the Insti-
tutional Review Board of Keimyung University Hospital
(IRB No. 2023-01-021). The requirement for informed
consent was waived due to the retrospective nature of the
study. A flow diagram of the study subjects is provided in
Supplementary Fig. 1.

CT image acquisition and data preprocessing

All the participants received non-contrast abdominal
CT scans according to the institution’s standard proto-
col with different types of CT scanners (SOMATOM
Definition Edge, SOMATOM Force, and SOMATOM
Drive manufactured by Siemens). We only included CT
scans with a slice thickness of 3 mm. Further informa-
tion about CT image acquisition is provided in Supple-
mentary Table 1. CT images were resampled to a spatial
resolution of 1 mm x 1 mm x 1 mm and reconstruction
kernels were normalized [23, 24]. The target labels used
for segmentation models were manually generated by
two radiologists with 10 and 11 years of experience in
abdominal radiology, blinded to clinical information.
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Manual segmentation was performed using a semi-auto-
mated software (AVIEW Research; Coreline Soft, Seoul,
South Korea) and modified and confirmed by consensus
between the radiologists. In addition to the total kidney
mask, we further defined isovolumic regions of interest
(ROI) selected with a volume of 5,000 mm? in the cortical
region near the inferior pole of the left kidney (Fig. 1).

Histological assessment

All included participants underwent kidney biopsy for
the histological diagnosis of kidney diseases in routine
practice. Kidney biopsy was performed under ultrasound
guidance using a 16-gauge core needle by experienced
nephrologists. Biopsy specimens were obtained from
the lower pole of the left kidney. Histological evalua-
tions were done by light microscopy using hematoxylin
and eosin, periodic acid-Schiff, Masson trichrome, and
periodic acid methenamine silver staining, immuno-
fluorescence microscopy, and electron microscopy. All
biopsies were retrospectively reviewed and scored by two
experienced kidney pathologists. Histological findings
were graded by semi-quantitative scoring. IF, TA, and GS
were graded as O (absence or minimal, <10%), 1 (mild,
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10-25%), 2 (moderate, 26—50%), or 3 (severe, >50%), and
arterial intimal thickening (IT) was graded as 0 (absence)
and 1 (presence). Total chronicity score (CS) was cal-
culated using histological scores for IF, TA, GS, and IT
ranging from 0 to 10 and graded as minimal (0-1), mild
(2—-4), moderate (5-7), or severe (=8) [4].

Segmentation model

A 3D-based transformer model termed Swin UNEt
TRansformers (Swin UNETR) was employed for the seg-
mentation task. SwinUNETR integrates the strengths of
the Swin Transformer architecture with the UNet-like
encoder-decoder structure, offering powerful context
modeling and enhanced spatial understanding [25]. The
hierarchical representation and shifted window mecha-
nisms inherent in SWinUNETR enable effective capture
of both global and local features, which are critical for
precise organ segmentation in medical imaging. Three-
dimensional segmentation of left kidneys was per-
formed by fine-tuning a SwinUNETR model pre-trained
on 5 publicly available datasets with a total of 5,050 CT
images. This model was validated for different abdomi-
nal organs including both kidneys. Fine-tuning was done

Fig. 1 Three-dimensional masking processes. (A) A representative axial slice of a CT image and its corresponding mask. (B) 3D reconstruction image of a
resampled mask. (C) An example of an isovolumic mask of a cortical ROI. (D) 3D reconstruction image of a cortical ROl mask
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using the AdamW optimizer with an initial learning rate
of 0.0005 and a weight decay of 0.01 for 15 epochs with
a batch size of 2. We used 75 cases from the dataset to
implement fine-tuning and split the remaining 20 into
10 each for the validation and test sets. The sub-volumes
of 9696 %96 voxels cropped from each sample were fed
into the model. Since only the left kidney was selected,
flipping and rotation were not used in the transforma-
tion. Our final dice similarity coefficient for the hold-out
test was 0.962.

Radiomic feature extraction

Several types of radiomic features, including shape, first-
order, and high-order texture features, were extracted
using PyRadiomics package (version 3.1.0; https://
pyradiomics.readthedocs.io, accessed on 30 November
2023). Extracted radiomic feature categories were shape,
first-order, gray level co-occurrence matrix (GLCM), gray
level size zone matrix (GLSZM), gray level run length
matrix (GLRLM), neighbouring gray tone difference
matrix (NGTDM), and gray level dependence matrix
(GLDM) features [26]. A detailed description of each
radiomic feature is provided in Supplementary Table 2.
Extracted radiomic features with interobserver intraclass
correlation coefficients (ICCs)<0.80 were excluded from
the analysis (Supplementary Table 3). ICCs were calcu-
lated using a two-way random effects model with abso-
lute agreement, using based on the radiomic features of
kidney segmentations performed by the two radiologists
on 30 randomly selected cases [27]. In addition, voxel-
based feature maps were generated to visualize highly
correlated radiomic features.

Prediction model construction

We constructed a prediction model for moderate to
severe chronicity using extracted radiomic features. The
entire dataset was split into 70% training and 30% test
set in a stratified manner. To obtain an optimal feature
subset, we first used the minimum redundancy maxi-
mum relevance (MRMR) algorithm [28], and then imple-
mented recursive feature elimination (RFE) based on
random forest with cross-validation. The light gradient
boosting machine (light GBM) algorithm (29) was used
to build the predictive model [29].Hyperparameter tun-
ing was done using 5-fold cross-validation and a grid
search. Feature importance plots were generated based
on the SHapley Additive exPlanation (SHAP) [30].

Statistical analysis

Participant characteristics are presented as medians
and interquartile ranges for continuous variables and as
counts and percentages for categorical variables. Cor-
relations between radiomic features and histopathologic
grades were determined using Spearman’s correlation
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coefficients. Correlation matrix plots of radiomic fea-
tures were also depicted based on hierarchical clustering.
Box and whisker plots and the Mann-Whitney-Wilcoxon
test were used to assess differences according to histo-
pathologic grades for highly correlated radiomic features.
Receiver operating characteristic curve (ROC) analysis
for single radiomic features was performed to distinguish
between moderate to severe lesions and absence to mild
lesions (<2 vs. > 2 scores for IF, TA, GS, and IT, and <8
vs. 28 scores for CS). Performance metrics for developed
machine learning prediction models include sensitivity,
specificity, F1 score, accuracy, and AUC. The 95% con-
fidence intervals for accuracy, sensitivity, and specificity
were calculated using Wilson’s method, while those for
F1 score and AUC were calculated using the bootstrap
method [31]. P-values of <0.05 were considered statis-
tically significant. All analyses were performed using
Python software (Python Software Foundation, version
3.8.0) and R software version 4.1.2. (R Foundation for
Statistical Computing, Vienna, Austria). For the train-
ing and evaluation of deep learning models for 3D seg-
mentation, the Medical Open Networks for AT (MONAI)
framework developed by NVIDIA was used. The deep
learning experiments were conducted using CUDA 12.1
and PyTorch version 2.4.0. The hardware setup included
a 13th Gen Intel Core i9-13900 H CPU at 2.60 GHz, 128
GB of RAM, and an RTX 3090 GPU.

Results

Characteristics of participants

A total of ninety-five patients were included in the analy-
sis. Participant characteristics are provided in Tables 1;
55.8% were male, median age was 52 years, and 26.3%
were diabetic patients. Mean estimated glomerular fil-
tration rate (eGFR) was 67.8 ml/min/1.73m?, and 43
patients (45.2%) had an eGFR of <60 ml/min/1.73m2.
Median time between CT scans and kidney biopsy was
1 day (range: 0—6 days). Pathological diagnoses included
IgA nephropathy, focal segmental glomerulosclerosis,
diabetic nephropathy, ANCA-associated vasculitis, mini-
mal change disease, membranous nephropathy, hyper-
tensive nephrosclerosis, and tubulointerstitial nephritis.

Correlation analysis

A total of 1,226 radiomic features were included in the
analysis (17 shape features, 236 first-order features,
and 973 high-order texture features, which included
NGTDM, GLDM, GLSZM, GLCM, and GLRLM).
Extracted radiomic features displayed several cluster
groups in a correlation matrix plot, which was more
pronounced for total parenchymal features (Supple-
mentary Fig. 2). The top 5 highly correlated radiomic
features showed moderate correlations with chronic his-
topathologic scores (Table 2). Overall, radiomic features
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Table 1 Characteristics of the participants
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Variables (n=95)

Age (yr), median [IQR]
Male sex (%)
Comorbidities
Hypertension
Diabetes
Estimated GFR (ml/min/1.73m?, median [IQR]
90-120 ml/min/1.73m?
60-90 ml/min/1.73m?
30-60 ml/min/1.73m?
<30 ml/min/1.73m?
Time interval between CT scan and kidney biopsy (days), median [IQR]
Pathological diagnosis
IgA nephropathy
Focal segmental glomerulosclerosis
Diabetic nephropathy
ANCA-associated vasculitis
Minimal change disease
Membranous nephropathy
Hypertensive nephrosclerosis
Tubulointerstitial nephritis
Others
Histological findings
Glomerulosclerosis
<10%
10-25%
26-50%
>50%
Interstitial fibrosis
<10%
10-25%
26-50%
>50%
Tubular atrophy
<10%
10-25%
26-50%
>50%
Chronicity index
Minimal (0-1)
Mild (2-4)
Moderate (5-7)
Severe (= 8)

52.0[37.5-62.5]
53(55.8)

55(57.9)
25(26.3)
67.8(30.2-91.0]
25(26.3)

27 (284)

19 (20.0)
24(25.2)
0[0-1]

feGFR is based on serum creatinine measured on the day of kidney biopsy

extracted from total parenchyma showed higher correla-
tions with chronic histology than those extracted from
cortical ROI: correlation coefficients ranged from 0.36 to
0.42 for total parenchyma and from 0.24 to 0.38 for corti-
cal ROL. Of note, the majority of highly correlated feature
types were higher-order texture features for total paren-
chyma but first-order features for cortical ROI. Correla-
tions of total parenchymal radiomic features with CS
were stronger than those with IF, TA, and GS. On the

other hand, the correlation between chronic lesions and
kidney length was relatively poor. The correlation coeffi-
cients for major axis length ranged from —0.25 to -0.10
(data not shown). Also, kidney volume (mesh volume)
was weakly correlated with IF, TA, and CS (correlation
coeflicient: -0.20, -0.17, and —0.28, respectively). In addi-
tion, a relationship between the top 5 features and his-
topathologic grades was identified using box and whisker
plots (Supplementary Figs. 3 and 4). Of the highly ranked
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Fig. 2 Receiver operating characteristic curves and areas under the curves of the radiomic features for chronic histopathologic lesions. Total parenchy-
mal features predicting (A) interstitial fibrosis, (B) tubular atrophy, (C) glomerulosclerosis, and (D) chronicity grade. Cortical ROI features predicting (E)
interstitial fibrosis, (F) tubular atrophy, (G) glomerulosclerosis, and (H) chronicity grade. The top five features, ranked by AUC, were plotted alongside the

conventional marker, major axis length

Table 3 Diagnostic metrics of radiomics models using total parenchymal or cortical ROl features

Model Sensitivity (95% Cl)

Specificity (95% Cl)

Accuracy (95% Cl) F1 score (95% Cl) AUC (95% ClI)

0.90 (0.60-0.98)
0.60(0.31-0.83)

Total parenchymal feature model
Cortical ROI feature model

0.81(0.57-0.93)
0.94 (0.72-0.99)

0.85 (0.66-0.94)
0.81(0.62-091)

0.82 (0.55-0.95)
0.71(0.33-0.90)

0.89(0.75-0.99)
0.74(0.52-0.93)

features, several GLCM and GLRLM features showed
significant increasing trends as histopathologic grades
advanced. Voxel-based feature maps for selected features
were produced to better understand the spatial distri-
butions of these features (Supplementary Fig. 5). As the
chronicity grade increased, more high-intensity voxels
were distributed within parenchyma with particularly
bright signals at outer kidney margins.

Discriminability of radiomic features

Highly discriminable radiomic features for chronic
regions were quite different according to extracted ROI
(Fig. 2 and Supplementary Tables 4 and 5). Overall, fea-
tures extracted from total parenchymal ROI had higher
AUCs than those extracted from cortical ROI. The top
five total parenchymal features had AUCs of >0.7 for
moderate-to-severe IF, TA, and chronicity grade, but
not for GS, while the top 5 cortical ROI features had
AUCs=0.7 only for moderate-to-severe IF and TA. Dis-
criminability for GS was relatively low irrespective of
ROI types. Most of the highly ranked total parenchymal
features were high-order texture features, but one shape
feature (surface-to-volume ratio; SVR) showed the fifth
highest AUC for GS. GLRLM run variance and GLCM
maximal correlation coefficient were the texture features
with the highest AUCs for IF and TA, both achieving a
value of 0.74. For cortical ROI features, some first-order
features, such as skewness, kurtosis, and 90 percentile,
had good discriminability for IF and TA. Several highly

ranked features had significantly higher AUCs for moder-
ate-to-severe chronicity grade than major axis length as
determined by the Delong test.

Prediction model using radiomic features

After dimension reduction using MRMR followed by
RFE, 22 and 5 features were selected for model construc-
tion from total parenchymal and cortical ROIs, respec-
tively. The Light GBM-based prediction model using
total parenchymal features had better performance than
the model using cortical ROI features (AUC: 0.89 versus
0.74, Table 3; Fig. 3). We evaluated model performance
separately on multiple independent test sets and found
the consistent metrics (Supplementary Fig. 6). Other
diagnostic metrics, such as sensitivity, accuracy, and F1
score were also better in the total parenchymal feature
model. Of the selected features, GLRLM and GLSZM
features were highly ranked based on the feature impor-
tance using SHAP values (Fig. 3). Of note, GLRLM short
run emphasis and short run low gray level emphasis
identified by correlation analysis were also included in
the highly ranked features.

Discussion

In this study, we presented historadiological correlations
between CT-based radiomic features and chronic lesions
detected by native kidney biopsy. Several 3D radiomic
features correlated well with fibrotic lesions such as
IF and TA. Most of these radiomic features primarily
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features

consisted of high-order texture features and showed bet-
ter discriminability for kidney fibrosis than conventional
imaging markers. In addition, a machine learning predic-
tion model was constructed for chronicity grade using
selected radiomic features. The suggested model had
relatively high performance for differentiating moder-
ate-to-severe chronicity grade, which could be useful for
diagnostic or prognostic purposes.

Regardless of the underlying disease etiologies, chronic
histopathological lesions accompanied by kidney fibro-
sis serve as a prognostic indicator and guide treatment
decision-making [5, 32]. However, semi-quantitative
pathological grading is available only through invasive
core needle biopsy. Despite the variety of kidney imag-
ing modalities available, limited information is utilized
with few quantitative measures. At the tissue level, kid-
ney fibrosis disrupts kidney microstructures by exces-
sive extracellular matrix accumulation [33], which can
be linked to the macroscopic appearances of CT images.
Our findings indicate that CT-based radiomic texture

features possibly reflect histopathological changes related
to kidney fibrosis based on the spatial interrelationship
between neighboring pixels.

Previous radiomics studies using kidney images have
primarily focused on predicting kidney function [21, 34,
35]. However, given kidney biopsy sampling bias and the
highly organized structures of kidney compartments,
predicting kidney pathology appears to be more complex
than predicting kidney function. In earlier sonographic
studies, decreased kidney length and cortical thickness
have been considered typical quantifiable features of
CKD. However, these parameters are only weakly cor-
related with chronic histologic lesions. Moghazi et al.
reported correlation coefficients between kidney length
and GS, IF, and TA of only —0.26, -0.14, and —0.20,
respectively, and even lower correlations for cortical
thickness [36]. Cortical echogenicity reportedly is slightly
better correlated with IF and TA, but echogenicity is
a qualitative measure and subject to operator variabil-
ity [37, 38]. By contrast, we identified a set of CT-based
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radiomic texture features that were moderately corre-
lated with chronic lesions. As was expected, the radiomic
features best correlated were high-order texture features,
such as GLCM, GLRLM, and GLDM. By definition,
high-order texture features can effectively incorporate
information about biopsy target areas and surrounding
lesions. In addition, we identified texture features highly
correlated with chronic lesions were intensely distributed
around kidney margins in voxel-based radiomic feature
maps. Of note, multiple wavelet-transformed radiomic
features were included in the top-ranked correlated fea-
tures. Theoretically, low-pass filtered features can offer
coarse textures, while high-pass filtered features offer
fine textures. Among cortical ROI features, a number of
first-order features were highly correlated with chronic
lesions. First-order features, which are calculated from
histogram-based signal intensity, may reflect regional
cortical intensity, similar to sonographic cortical echo-
genicity [36]. On the other hand, most shape features
showed poor discriminability for chronic lesions; how-
ever, SVR had high AUC for moderate to severe GS. This
finding is consistent with our previous study, in which
SVR showed the highest AUC for eGFR [39].

In the differentiation of moderate-to-severe chronic-
ity, highly ranked single radiomic features exhibited
AUCs of 20.7, whereas sonographically measured kid-
ney length and cortical thickness reportedly have AUCs
of around 0.6 [40]. Several radiomic texture features were
found to be significantly more diagnostic than major axis
length, and constructed radiomics-based machine learn-
ing model performed better with an AUC as high as 0.89.
We selected cortical ROI to surround lesions likely to
undergo kidney biopsy, but the diagnostic value of corti-
cal ROI features was inferior to that of total parenchymal
features. These results could be due to the fact that the
total parenchymal features can contain all imaging infor-
mation from the entire kidney, including the medulla,
without data loss, and can also convey regional differ-
ences of the kidney. Given that corticomedullary differ-
entiation is a typical imaging feature of CKD, radiomic
features extracted from total parenchyma can contrast
differences in signal intensity or texture across different
regions of the kidney.

In recent years, MRI-derived imaging parameters,
such as apparent diffusion coefficient in diffusion-
weighted imaging and T1 or T2 mapping, have attracted
research interest as a promising measure of analyz-
ing kidney textures [10], and significant correlations
between these MRI parameters and interstitial fibrosis
have been reported [41, 42]. However, most MRI studies
were conducted experimentally using a few quantitative
parameters from small samples due to high cost. With
the exception of kidney tumors, MRI-based radiomics
research remains in its infancy. Also, US-based radiomics
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studies have been conducted to evaluate kidney fibrosis
[43, 44]. However, the performance of radiomics models
remains insufficient, which suggests additional informa-
tion, such as clinical information or elastography data,
should be incorporated into models [44]. CT-based
radiomics models have the advantage of utilizing 3D
information such as volume, 3D shape, and 3D texture,
which are not available from US-based radiomics data.
Moreover, CT images offer quantitative data in Houn-
sfield units, enabling more reproducible analysis. None-
theless, few CT-based radiomics studies have attempted
to evaluate kidney histopathology. Thus, the current
study provides valuable information regarding the char-
acterization and predictive value of CT-based radiomic
features in relation to chronic kidney histopathology.
If validated, CT-based radiomics models could serve as
non-invasive diagnostic and/or prognostic tools when
biopsy is contraindicated. Moreover, given that repeat or
follow-up kidney biopsy is rarely performed due to pos-
sible complications, CT-based radiomics could enable
non-invasive histopathology monitoring.

Our study has several limitations that require consider-
ation. We analyzed data with small sample size obtained
from a single institution. Nevertheless, no thorough
investigation has been previously conducted on the his-
topathological correlations of CT-based radiomics in
native kidney biopsy. Notably, despite the retrospective
nature of this study, the time intervals between CT scans
and kidney biopsy were short (a median of 1 day), which
allowed accurate capture of kidney histology. As iodin-
ated contrast is not recommended for patients with kid-
ney diseases, we used radiomics data from non-contrast
CT scans, which may be advantageous in clinical appli-
cations. In addition, automated segmentation using the
recent deep learning algorithm enabled more clinically
applicable radiomics models. On the other hand, the his-
tological findings of kidney biopsies may reflect patho-
logical features specific to individual kidney diseases
beyond chronicity; therefore, CT-based radiological fea-
tures have the potential to predict individual glomerular
diseases such as IgA nephropathy and diabetic nephropa-
thy, which can be an important topic for future research.
For further validation of our findings, a larger multicenter
study and techniques that aggregate data from different
institutions are warranted.

Conclusion

We identified significant correlations between CT-based
radiomic features and chronic histopathology in native
kidney biopsies and presented a machine-learning pre-
diction model for chronicity grade with high discrim-
inability. Our results could serve as a preliminary step
towards further applicative research on non-invasive
tools capable of assessing and grading kidney fibrosis.
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