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ABSTRACT ARTICLE HISTORY
Objectives: To explore the optimal choice of seven diffusion models (DWI, IVIM, DKI, CTRW, FROC, Received 27 December
SEM, and sADC) to assess renal interstitial fibrosis (IF) and annual renal function loss in chronic =~ 2024

kidney disease (CKD). Revised 7 March 2025
Methods: One hundred thirty-three CKD patients and 30 controls underwent multi-b diffusion ~ Accepted 12 March 2025
sequence scans. Patients were divided into the training, testing, and temporal external validation
sets. Least absolute shrinkage and selection operator regression and logistic regression were used
to select the optimal metrics for distinguishing the mild from moderate-to-severe IF. The
performances of imaging, clinical, and combined models were compared. A linear mixed-effects
model calculated estimated glomerular filtration rate (eGFR) slope, and multiple linear regression
assessed the association between metrics and 1-3-year eGFR slopes.

Results: The training, testing, and temporal external validation sets had 75, 30, and 28 patients,
respectively. The combined model incorporating cortical f,,,, MKy, and eGFR was superior to the
clinical model combining the eGFR and 24-hour urinary protein in all sets (net reclassification
index [NRI]>0, p<0.05). Decision curve analysis showed the combined model provided greater net
clinical benefit across most thresholds. Fifty-two, 35, and 16 patients completed 1-, 2-, and 3-year
follow-ups. After adjusting for covariates, cortical f,,, correlated with the 1-year eGFR slope
(B=30.600, p=0.001), and cortical ag, correlated with the 2- and 3-year eGFR slopes (3=44.859,
p=0.002; B=95.631, p=0.019).

Conclusions: A combined model of cortical f,,, MK, and eGFR provides a useful comprehensive
tool for grading IF, with cortical f,,, and ag,, as potential biomarkers for CKD progression.
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Introduction with rapid progression, followed by proactive interventions
and close monitoring, can help prevent poor outcomes [3].
Therefore, exploring noninvasive and reliable biomarkers for
grading IF and predicting CKD progression is of great value.

Functional magnetic resonance imaging (MRI) can be a

Chronic kidney disease (CKD) is marked by a gradual decline
in renal function, potentially developing into renal failure,
which poses a substantial clinical and economic burden on

healthcare systems worldwide [1]. Renal interstitial fibrosis (IF)
is a key pathological feature of CKD [2], and its accurate
assessment is crucial for guiding clinical decision-making.

valuable diagnostic tool due to its ability to visualize renal
pathophysiological processes. Diffusion weighted imaging
(DWI) stands out as the most widely used functional MRI

While renal biopsy is the most commonly used method for
evaluating IF in clinical, it is invasive. Besides, CKD progression
can vary greatly among patients. Early identification of patients

sequence in clinical practice. By employing multiple b-values
and applying diverse computational models, DWI can
provide rich microstructural information from multiple
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perspectives. For instance, the apparent diffusion coefficient
(ADC), derived from the proposed mono-exponential model,
depicts the apparent diffusion of water molecules. Intravoxel
incoherent motion (IVIM)-DWI applies a bi-exponential model
and enables assessing microcirculatory perfusion [4].
Non-Gaussian models, including diffusion kurtosis imaging
(DKI), the stretched exponential model (SEM), fractional order
calculus (FROC), and continuous-time random-walk (CTRW),
can detect microstructural heterogeneity [5-7]. The shifted
ADC (sADC) derived from the DWI-based virtual MR elastog-
raphy (MRE) can be converted into a measure of tissue stiff-
ness [8-11]. Despite the availability of these models, few
studies have systematically assessed their performance and
which model metrics contribute the most in IF grading
remains unclear. Besides, the estimated glomerular filtration
rate (eGFR) slope is a reliable surrogate endpoint for CKD
progression [12]. The association between diffusion metrics
and the eGFR slope has not yet been extensively studied.
This study aims to evaluate the performance of seven dif-
fusion models in grading renal IF, identify the most valuable
diffusion metrics, and integrate them with clinical variables
to develop a comprehensive and noninvasive tool for renal IF
evaluation. Additionally, we will explore the relationship
between all diffusion metrics and the 1-, 2-, and 3-year eGFR

slopes to identify potential imaging biomarkers for predicting
CKD progression, thereby improving risk stratification and
patient outcomes.

Materials and methods
Ethics approval

This study was conducted in accordance with the ethical
principles of the Declaration of Helsinki and was approved
by the Ethics Committee of our hospital (TJ-IRB202406070).
Written informed consent was obtained from all participants.
All collected data were anonymized and securely stored to
ensure the protection of participants’ privacy.

Study population

From January 2021 to April 2024, we retrospectively collected
data from 265 CKD patients from the Department of
Nephrology. One hundred and thirty-two patients were
excluded (Figure 1). Finally, 133 patients (67 women, median
age: 41years) were included in the analysis. One hundred
five patients collected from January 2021 to September 2023
were divided into the training (n=75) or testing (n=30) set

Figure 1. Flowchart of the study population. CKD, chronic kidney disease; DWI, diffusion-weighted imaging; IF, interstitial fibrosis.



at a 7:3 ratio. Twenty-eight patients collected from October
2023 to April 2024 were used as the temporal external vali-
dation set. Besides, a total of 35 patients admitted in the
same period due to other reasons such as lumbar disk herni-
ation, anxiety, and depression, who had undergone renal
multi b-value DWI scans, were selected as the control group.
They had normal renal function and urinalysis tests, and had
no history of urinary system disease, systemic metabolic or
endocrine diseases, and vascular diseases. Five controls were
excluded due to the presence of large cysts or hamartomas,
and finally 30 healthy controls (14 women, median age:
38years) were included.

MRI acquisition

All participants underwent renal MRl on a 3T-MRI scanner
(MAGNETOM Skyra, Siemens Healthcare, Erlangen, Germany)
with an 18-channel body array coil. The sequences include
T1-weighted imaging (T1WI), T2-weighted imaging (T2WI),
and ZOOMit multi-b DWI. The axial multi-b DWI was per-
formed with the following parameters: repetition time,
7700ms; echo time, 71ms; matrix size, 120x120; eleven b
values including 0, 20, 50, 80, 100, 200, 500, 800, 1000, 1500,
2000s/mm?; scan time, 10min 16s. The average was taken for
the four trace scan directions, and the diffusion anisotropy
was ignored. The specific parameters are shown in Table S1.

Image analysis

The parametric maps of various DWI models were calculated
using an in-house software prototype developed by MR
Station (Chengdu Zhongying Medical Technology Co., Ltd.,
Chengdu, Sichuan, China). The specific formulas, applied b
values, and calculated diffusion metrics are shown in the
Supplementary Materials.

Two radiologists with 5 and 8years each of abdominal
MRI experience reviewed all the images. They manually
selected three central axial planes near the kidney hilum on
the images of b=0s/mm? and drew the region of interest
(ROI). Taking the T2WI images as a reference, six cortical ROls
followed the outline of the kidney, and 12-18 medullary ROIs
were delineated in the middle of the renal parenchyma
(Figure 2). The cortical and medullary diffusion metrics were
calculated from the separate averages of the cortical and
medullary ROIs.

Clinicopathological information

Patients’ clinicopathological information was extracted from
electronic medical records. Serum creatinine levels at admis-
sion were recorded, and eGFR was calculated using the
Chronic Kidney Disease Epidemiology Collaboration formula
[13]. All patients underwent renal biopsy, and the pathologi-
cal evaluation was performed by a nephrologist with over
15years of clinical experience.
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A semiquantitative method was used to assess IF based
on the percentage of IF lesions in the sampled tissue area:
one point was defined as <25% = mild IF, two points as 26%-
50% = moderate IF, and three points as>50% = severe IF.

eGFR slope calculation

The eGFR recorded at patient admission served as the base-
line value, with subsequent measurements taken during hos-
pitalizations or outpatient follow-ups until April 1, 2024. The
1-year eGFR slope was determined for patients at two spe-
cific times: baseline and 1year £ 3months from baseline as
previously described [14,15]. Similarly, the 2- and 3-year eGFR
slopes were also calculated. Patients were required to have at
least three eGFR readings within these specified intervals.

Statistical analysis

Statistical analysis was conducted using SPSS (version 25.0),
R software (version 3.6.3), and MedCalc (version 15.8). All
tests were two-tailed with a significance threshold of p <0.05.
Interobserver repeatability was assessed using the intraclass
correlation coefficient (ICC). Continuous variables were ana-
lyzed with independent-sample t-tests or Mann-Whitney U
tests, while categorical variables were evaluated using
chi-square tests. Diffusion metrics across control, mild, and
moderate-to-severe renal IF groups were compared using
either one-way analysis of variance with Tukey’s post hoc test
or the Kruskal-Wallis test, with Bonferroni correction for mul-
tiple comparisons (p<0.05/3). Partial correlation analysis,
adjusted for age, assessed correlations between diffusion
metrics and renal IF score, with a Bonferroni-adjusted signifi-
cance level of p<0.05/30.

In the training set, diffusion metrics with significant differ-
ences between mild and moderate-to-severe renal IF groups
were selected for least absolute shrinkage and selection
operator (LASSO) regression. Z-score normalization was
applied to eliminate dimensional differences. Diffusion met-
rics with non-zero coefficients identified through LASSO
regression under the lambda.min condition were subse-
quently subjected to multivariate logistic regression analysis.
Metrics with a significance level of p<0.05 in the multivariate
logistic regression were identified as the most valuable and
were subsequently used to construct the imaging model.
Clinical indicators with significant differences between two
groups were included in multivariate logistic regression anal-
ysis to establish the clinical model. Besides, a combined
model was built based on the selected diffusion and clinical
parameters. The performance of the models was evaluated
using receiver operating characteristic (ROC) curves and the
area under the curve (AUC), with the Delong test applied to
compare AUC values. To further assess the incremental pre-
dictive value, reclassification analysis was performed, quanti-
fied by the net reclassification index (NRI) and the integrated
discrimination index (IDI). An NRI > 0 and IDI > 0 suggest
that the new model improves risk reclassification and


https://doi.org/10.1080/0886022X.2025.2480751
https://doi.org/10.1080/0886022X.2025.2480751

4 (&) G.YUANETAL

Figure 2. Maps of ROI, DWI model metrics, and pathology. A) 24-year-old female volunteer (control), eGFR = 121.7 mL/min/1.73m? B) 29-year-old female
CKD patient, eGFR = 111.8mL/min/1.73m?, immunoglobulin A nephropathy, renal IF score 1; C) 45-year-old male CKD patient, eGFR = 32.5mL/min/1.73m?,
immunoglobulin A nephropathy, renal IF score 2. ROI, region of interest; CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate;
ADC,,,,., apparent diffusion coefficient from Mono-exponential model; IVIM, intravoxel incoherent motion; D, true diffusion coefficient from IVIM model;
D* e Pseudo-diffusion coefficient from IVIM model; f,,,,, perfusion fraction from IVIM model; DKI, diffusion kurtosis imaging; MDy,, mean diffusivity from
DKI model; MKp,, mean kurtosis from DKI model; SEM, stretched exponential model; DDCq,, distributed diffusion coefficient from SEM; o, intravoxel
heterogeneity index from SEM; FROC, fractional order calculus; Dggq, diffusion coefficient from FROC model; B, fractional order parameter from FROC
model; peroc, Microstructural quantity from FROC model; CTRW, continuous-time random-walk; Dy @anomalous diffusion coefficient from CTRW model;
Acrpy temporal diffusion heterogeneity index from CTRW model; Bcrqy, spatial diffusion heterogeneity index from CTRW model; sADC, shift apparent dif-
fusion coefficient.



enhances discrimination between groups compared to the
baseline model. Additionally, decision curve analysis (DCA)
was conducted to evaluate the clinical utility of the models.

The mixed-effects model calculated patient-specific 1-, 2-,
and 3-year eGFR slopes, using eGFR as the dependent vari-
able and time of measurement as the independent variable.
Pearson or Spearman correlations assessed the relationships
between diffusion metrics and eGFR slopes, applying a
Bonferroni-adjusted significance level of p<0.05/30. If signifi-
cant correlations were found, further multiple linear regres-
sion analysis was conducted.

Results
Participants’ characteristics

There were no significant differences in sex and age between
the patient and control groups (p=0.714; p=0.223; Table 1).
The mild and moderate-to-severe renal IF groups included
103 (77.4%) and 30 (22.6%) patients, respectively.

Comparisons of diffusion metrics

The ICCs of all diffusion metrics were greater than 0.750 (Table
S2). Table 2 and Figure 3 show the between-group differences.
The renal parenchymal ADC ., Dym MDpq MKpq, DDCopyy
Drrocr Merocr Derpwe @nd SADC and cortical D¥y fyme @nd Aerpw
differed  significantly across the control, mild, and
moderate-to-severe groups (all p<0.05). Excluding the renal
parenchymal D* i Oemr Brroc @and Berryw @nd medullary fy,,
MKpy and acrpys all other metrics differed significantly between
the mild and moderate-to-severe groups (all p<0.05/3).

Correlations between diffusion metrics and renal IF score

The cortical ADC,,,r fymr MDpyi, MKp, DDCogy, Depocs Merocs
Derpwr 9crrwe @nd  sADC and  medullary  ADC .., MDpy,
DDCegpr Derocr Derrwr @nd sADC were significantly correlated
with renal IF score (all p<0.05/30). The specific correlation
coefficient and p value are displayed in Table 3.

LASSO regression analysis and imaging model
development

Table S3 shows the characteristics of the patients in the
training, testing, and validation sets. The training, testing, and
validation sets did not differ significantly in any variables (all
p>0.05).

In the training set, 20 diffusion metrics differed signifi-
cantly between the mild and moderate-to-severe renal IF
groups (all p<0.05; Table S4). In LASSO regression analysis,
when lambda was 0.028 (Log lambda=-3.577), the cortical
fumr MKpq, DDCey, and derpy and medullary sADC were
screened out (Figure 4). After multivariate logistic regression,
only cortical f,,, (odds ratio [OR]: 0.079, 95% confidence
interval [95%CI]: 0.012-0.519, p=0.008) and MKy, (OR:
21.940, 95%Cl: 3.272-147.110, p=0.001) were statistically
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Table 1. Characteristics of all participants.

Volunteers
(n=133) (n=30) p-value

66 (49.6%)/ 16 (53.3%)/ 0.714
67 (50.4%) 14 (46.7%)

Age (years) 41 (32-53) 38 (28-51) 0.223

eGFR (mL/min/1.73 m?) 740+33.0 1148+11.2  <0.001***

CKD stage / /

CKD 1-2 85 (63.9%)

CKD 3-5 48 (36.1%)

Pathological type / /

IgA nephropathy 66 (49.6%)

Membranous nephropathy 21 (15.8%)

Focal segmental 19 (14.3%)

glomerulosclerosis

Minimal change nephropathy 7 (

Henoch-Schonlein nephritis 5(

Diabetic nephropathy 4 (3.
4
4 (
1(

Patients
Characteristic

Male/Female, n (%)

Hypertension nephropathy

Lupus nephritis

Hepatitis B virus associated
nephropathy

ANCA-associated 1 (0.8%)
glomerulonephritis
Alport syndrome 1 (0.8%)

Renal IF / /
Mild (<25%) 103 (77.4%)
Moderate (26 ~50%) 23 (17.3%)

Severe (>50%) 7 (5.3%)

***p<0.001; eGFR, estimated glomerular filtration rate; CKD, chronic kid-
ney disease; IgA, immunoglobulin A; ANCA, anti-neutrophil cytoplasmic
antibody; IF, interstitial fibrosis.

significant (Table 4). The imaging model was developed
based on these two metrics.

Clinical model establishment and combined model building

In the training set, hemoglobin, eGFR, and 24-h urinary pro-
tein differed significantly between the mild and
moderate-to-severe renal IF groups (131 vs. 108, p=0.042;
81.5 vs. 39.1, p<0.001; 818.75 vs. 2309.95, p=0.006, respec-
tively; Table S4). After multiple logistic regression, eGFR (OR:
0.093, 95%Cl: 0.026-0.340, p<0.001) and 24-h urinary protein
(OR: 2.470, 95%Cl: 1.038-5.878, p=0.041) were selected to
establish the clinical model (Table 4).

The cortical f,,,, (OR: 0.088, 95%Cl: 0.010-0.754, p=0.027),
MKy, (OR: 16.850, 95%Cl: 1.727-164.368, p=0.015), and eGFR
(OR: 0.260, 95%Cl: 0.069-0.986, p=0.048) were used to build
the combined model (Table 4).

Diagnostic performances for distinguishing mild from
moderate-to-severe renal IF

Table 5 and Figure 5 show the diagnostic performances of all
models for distinguishing between mild and moderate-to-se-
vere renal IF in all sets. The imaging model had AUCs of
0.944, 0.898, and 0.886 in the training, testing, and validation
sets, respectively. Although Delong’s test revealed no signifi-
cant differences, the combined model consistently demon-
strated higher AUCs than did the clinical model in the
training (0.961 vs. 0.915, p=0.138), testing (0.932 vs. 0.869,
p=0.356), and validation (0.917 vs. 0.841, p=0.225) sets. The
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Table 2. Comparisons of diffusion metrics across the control, mild, and moderate-to-severe renal interstitial fibrosis groups.

Moderate-to-severe

Metric Control (n=30) Mild IF (n=103) IF (n=30) p-value p°-value pP-value pY-value
Cortical
ADC, 000 2.185+0.112 2.071+0.149 1.860+0.174 <0.001%** 0.001** <0.0071%** <0.001%**
Dym 1.542+0.156 1.515+£0.160 1.409+0.128 0.001** 0.675 0.003** 0.003**
D*vim 0.904 (0.809, 1.013) 0.814 (0.743, 0.961) 0.789 (0.697, 0.866) 0.004** 0.032 0.045 0.001**
WM 0.361 (0.340, 0.436) 0.371 (0.336, 0.394) 0.300 (0.279, 0.329) <0.0071%** 0.212 <0.0071%** <0.0071%**
MDpy 2.935 (2.871, 3.170) 2.781 (2.615, 2.942) 2.463 (2.328, 2.463) <0.0071*** 0.001** <0.0071*** <0.0071***
MKpy, 0.499+0.024 0.521+0.028 0.566+0.028 <0.0071%** <0.0071*** <0.0071%** <0.0071%**
DDCyy 3.019+0.227 2.905+0.280 2.552+0.285 <0.0071*** 0.110 <0.0071*** <0.0071***
Osem 0.636+0.053 0.647 +0.040 0.645+0.061 0.530 0.498 0.964 0.764
Drpoc 2.525+0.199 2.374+0.243 2.068+0.221 <0.0071*** 0.005** <0.0071*** <0.0071***
FROC 0.710+0.052 0.728+0.042 0.738+0.060 0.076 0.187 0.559 0.068
Meroc 7.745+0.223 7.683+0.241 7410£0.173 <0.0071*** 0.386 <0.007*** <0.0071***
Derrw 2.480+0.148 2.341+£0.211 2.063+0.215 <0.0071%** 0.003** <0.0071%** <0.0071%**
Oerri 0.979 (0.969, 0.986) 0.975 (0.962, 0.985) 0.967 (0.944, 0.979) 0.011* 0.234 0.016* 0.004**
CTRW 0.653+0.060 0.679+0.052 0.683+0.064 0.067 0.080 0.923 0.104
sADC 1.567 £0.060 1.487 £0.098 1.378+0.088 <0.0071*** <0.0071*** <0.0071*** <0.0071***
Medullary
ADC, 000 1.779 (1.722, 1.813) 1.715 (1.661, 1.826) 1.617 (1.571, 1.680) <0.001%** 0.052 <0.0071%** <0.0071%**
Dym 1.410+£0.076 1.396+0.100 1.333+£0.117 0.005** 0.767 0.008** 0.009**
D*vim 0.506+0.142 0.523+0.130 0.551+0.140 0.429 0.813 0.588 0.407
WVIM 0.260+0.031 0.258+0.047 0.238+0.047 0.078 0.961 0.085 0.132
MDyy, 2.302+0.106 2.253+0.187 2.087+0.186 <0.0071*** 0.367 <0.0071*** <0.0071***
MKpy, 0.515+0.019 0.546+0.033 0.562+0.033 <0.0071%** <0.0071*** 0.034 <0.0071%**
DDCggyy 2.241+0.141 2.204+0.247 1.969+0.240 <0.001%** 0.714 <0.0071%** <0.0071%**
Osem 0.661+0.019 0.651+0.039 0.660+0.047 0.267 0.368 0.457 0.991
Drpoc 1.796+£0.115 1.782+0.166 1.658+0.143 <0.0071*** 0.904 <0.0071*** 0.002**
FROC 0.877 (0.850, 0.899) 0.868 (0.838, 0.897) 0.872 (0.842, 0.889) 0.716 0.518 0.848 0.359
Meroc 7.543+0.290 7.439+0.275 7.271+0.288 0.001** 0.172 0.013* 0.001**
Derrw 1.934+0.086 1.898+0.146 1.770£0.141 <0.0071%** 0.400 <0.0071%** <0.0071%**
Oerri 0.848+0.047 0.860+0.055 0.851+0.049 0.484 0.535 0.711 0.972
CTRW 0.860 (0.828, 0.860) 0.858 (0.821, 0.893) 0.856 (0.828, 0.890) 0.996 0.923 0.991 0.965
sADC 1.456 (1.415, 1.491) 1.393 (1.354, 1.449) 1.282 (1.245, 1.339) <0.0071*** 0.001** <0.0071*** <0.0071***

p: comparison across control, mild, and moderate-to-severe groups; p% comparison between control and mild groups; p?: comparison between mild and
moderate-to-severe groups; p¥: comparison between control and moderate-to-severe groups. Variables marked with an asterisk indicate p#¥ < 0.05/3,

*p<0.05, **p<0.01, and ***p <0.001. IF, interstitial fibrosis; ADC

mon

o apparent diffusion coefficient from mono-exponential model; IVIM, intravoxel inco-

herent motion; D, true diffusion coefficient from IVIM model; D*,, pseudo-diffusion coefficient from IVIM model; f,,, perfusion fraction from IVIM
model; DKI, diffusion kurtosis imaging; MD,,, mean diffusivity from DKI model; MK, mean kurtosis from DKI model; SEM, stretched exponential model;
DDCgy,, distributed diffusion coefficient from SEM; ag, intravoxel heterogeneity index from SEM; FROC, fractional order calculus; Dggo(, diffusion coeffi-
cient from FROC model; o, fractional order parameter from FROC model; pggqc, microstructural quantity from FROC model; CTRW, continuous-time
random-walk; Dcrgy, @anomalous diffusion coefficient from CTRW model; acry, temporal diffusion heterogeneity index from CTRW model; Bpy, Spatial
diffusion heterogeneity index from CTRW model; sADC, shift apparent diffusion coefficient.

continuous NRI showed a statistically significant improve-
ment across the training (NRI = 1.104, p<0.001), testing (NRI
= 1.227, p<0.001), and validation (NRI = 0.970, p=0.021) sets.
DCA indicated that in all sets, the combined model offered a
greater net clinical benefit than did the clinical model over
most threshold probabilities.

Associations between diffusion metrics and eGFR slope

Fifty-two, 35, and 16 patients met the calculation criteria for
the 1-, 2-, and 3-year eGFR slopes, respectively. The median
follow-up times for the 1-, 2-, and 3-year analyses were 14.4,
25.2, and 34.2months, respectively, and the median numbers
of eGFR measurements were 10, 15, and 18, respectively. The
mean slopes for the 1-, 2-, and 3-year intervals were 1.675,
—0.160, and —0.337 mL/min/1.73 m? per year, respectively.
The cortical fy,, was significantly correlated with the
1-year eGFR slope (r=0.442, p=0.001) (Figure 6). The cortical
agey Was significantly correlated with the 2-year (r=0.557,
p=0.001) and 3-year (r=0.732, p=0.001) eGFR slopes. In the
multivariate linear regression analyses, when adjusted for

age, sex, primary/secondary, angiotensin-converting enzyme
inhibitor/angiotonin receptor blocker use, immunosuppres-
sant use, baseline eGFR, mean arterial pressure, 24-h urinary
protein (In-transformed), and renal IF score, the cortical fy,,
correlated positively with the 1-year eGFR slope (3=30.600,
95%Cl: 13.658-47.541, p=0.001; Table 6), and the cortical
Ogy correlated positively with the 2-year eGFR slope
(3=44.859, 95%Cl: 17.610-72.108, p=0.002) and 3-year eGFR
slope (B=95.631, 95%Cl: 26.299-164.964, p=0.019).

Discussion

In this study, we explored the value of seven diffusion mod-
els in evaluating renal IF and found that the cortical f,,, and
MKy, were the most valuable diffusion metrics for distin-
guishing mild from moderate-to-severe renal IF. The model
combining cortical fy,, MKy, and eGFR demonstrated
improved diagnostic performance compared to the clinical
model based on eGFR and 24-h urinary protein. Additionally,
the cortical fy,, was associated with 1-year eGFR loss, and
cortical agg, was associated with 2- and 3-year eGFR losses,
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Figure 3. Comparisons of diffusion metrics across control, mild, and moderate-to-severe renal interstitial fibrosis groups. Green asterisks above the dashed
lines indicate differences in cortical parameters between groups; purple asterisks below the dashed lines indicate differences in medullary parameters
between groups. Only group differences with p <0.05/3 are shown, *p <0.05, **p<0.01, and ***p <0.001.

suggesting their potential as noninvasive imaging biomarkers
for predicting short-term CKD progression.

fum is related to the fraction volume of capillary blood
flow. In our study, the cortical f,,, showed significant correla-
tion with IF score and emerged as one of the most valuable
diffusion metrics for differentiating mild from moderate-to-se-
vere IF. This is likely due to its sensitivity to capillary loss and
hypoperfusion, which are key features of fibrotic kidneys and
drivers of further fibrosis-related damage [16]. D*,, and fy,

are both perfusion-related metrics. However, our results
showed no significant difference in D*,, between the mild
and moderate-to-severe IF groups, nor did D*,,, correlate
significantly with IF score. The possible explanation is that
the instability in the fitting of D*,, limits its clinical applica-
bility [17-19]. Cortical MKp,, is another key metric that can
characterize tissue heterogeneity. It increased as the IF score
increased. Higher kurtosis values indicate greater hindrance
and restriction to normal diffusion. As fibrotic tissue
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gradually replaces normal tissue, increased collagen deposi-
tion creates more diffusion barriers, leading to more restricted
water molecule diffusion. Although agy, like MKy, rep-
resents deviation from a mono-exponential distribution, it
was not significantly correlated with histopathological assess-
ment of fibrosis in this study, which is consistent with previ-
ous research [20,21]. These two metrics are not completely

Table 3. Partial correlation analysis between diffusion metrics and renal
interstitial fibrosis score.

Cortical Medullary

Metric r p-value r p-value
ADC,,., —0.482 <0.007%** -0.394 <0.007%**
Dym —0.254 0.003 —0.224 0.010

D* -0.203 0.020 0.042 0.636
fom —0.424 <0.001%** -0.179 0.040
MDyy, -0.458 <0.007%** -0.373 <0.007%**
MKpi 0.558 <0.007*** 0.170 0.051
DDCggy —0.450 <0.007%** -0.386 <0.007%**
Agey —0.059 0.498 0.049 0.578
Drroc —0.442 <0.007%** -0.318 <0.007%**
Beroc 0.030 0.730 —0.029 0.742
Heroc —0.409 <0.007%** -0.229 0.008
Derrw —0.450 <0.007*** —-0.373 <0.007***
Aty -0.318 <0.007%** —0.046 0.597
Berrw 0.006 0.193 —-0.012 0.889
sADC —-0.408 <0.007%*** -0.533 <0.007%**

Variables marked with an asterisk indicate p <0.05/30; ***p <0.001.

consistent in evaluating pathophysiological states, and one
study found that although agg, has limited value in evaluat-
ing IF, it is associated with the active inflammatory state in
patients with lupus nephritis [22].

We also evaluated the performance of advanced diffusion
models including FROC and CTRW in assessing renal IF. Our
results demonstrated that renal parenchymal Dgzoc and Deppy
values, as well as cortical pgpoc and acrpy Values, were signifi-
cantly lower in the moderate-to-severe fibrosis group com-
pared to the mild fibrosis group, and these metrics exhibited
significant correlations with IF score. Dggoc and Dergy, quantify
the diffusion of water molecules, pegoc reflects microenviron-
mental complexity, and o, represents temporal heteroge-
neity [6,23]. As tissue heterogeneity increases, the free
diffusion of water molecules becomes more hindered or
restricted, leading to greater variations in the mean free path
and inconsistent waiting times for the next diffusion move-
ment [24,25]. Consequently, Depocr Derpwr Merocr @nd Oy Val-
ues decrease. However, after applying LASSO and multivariate
logistic regression analyses, these parameters lost their signif-
icance. While advanced models provide valuable insights into
tissue microstructure, their clinical applicability remains a
crucial consideration [26]. Our current results verified that in
evaluating renal IF, the priority of fitting these high-order dif-
fusion models is ranked after IVIM and DKI models.

Figure 4. Least absolute shrinkage and selection operator and logistic regression analysis of diffusion metrics. (A) Coefficient paths for each metric as the
regularization strength (log lambda) change. (B) Cross-validation curve. The left vertical line represents the lambda.min value that minimizes the model
deviance; the right vertical line represents the lambda.1se value, which is the most parsimonious model within one standard error of the minimum devi-
ance. (C) Coefficient distribution. When the lambda.min value was set as 0.028 (log lambda=-3.577), the cortical f;,,, MKpy, DDCsp, Ocrry @and medullary
sADC were screened out. (D) Forest plot. After logistic regression, the cortical f,,, and MK, were statistically significant.
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Table 4. Multivariate logistic regression analysis for distinguishing mild from moderate-to-severe renal interstitial fibrosis in the training set.

Multicollinearity diagnosis Multivariate analysis
Variable VIF B SD Wald OR (95% Cl) p-value
Diffusion metrics
Cortical acrpy 1.181
Cortical DDCggy, 1.947
Cortical MKpy 1.732 3.088 0.971 10.119 21.940 (3.272-147.110) 0.001**
Cortical fy, 1.428 —2.533 0.958 6.999 0.079 (0.012-0.519) 0.008**
Medullary sADC 1.995
Clinical indicators
hemoglobin (g/L) 1.076
eGFR (mL/min/1.73 m?) 1.096 -2.371 0.659 12.940 0.093 (0.026-0.340) <0.0071***
24-hour urinary protein (mg/24h) 1.050 0.904 0.442 4177 2.470 (1.038-5.878) 0.041*
Combined variables
Cortical acrpy 1.301
Cortical DDCggy, 1.996
Cortical MKpy 1.906 2.824 1.162 5.906 16.850 (1.727-164.368) 0.015*
Cortical fy, 1.728 —2.426 1.094 4919 0.088 (0.010-0.754) 0.027*
Medullary sADC 2.254
hemoglobin (g/L) 1.256
eGFR (mL/min/1.73 m?) 2.057 -1.347 0.680 3.926 0.260 (0.069-0.986) 0.048*
24-hour urinary protein (mg/24h) 1.262

*p<0.05, **p<0.01, and ***p <0.001. VIF, variance inflation factor; SD, standard deviation; OR, odds ratio; Cl, confidence interval; eGFR, estimated glomer-
ular filtration rate.

Table 5. Diagnostic performances of models for distinguishing the mild from moderate-to-severe renal interstitial fibrosis groups.

Set Model AUC (95% CI) p-value Sensitivity ~ Specificity ~ Accuracy F1_score continuous NRI  pf-value IDI  pY-value
Training Imaging  0.944 (0.865-0.984)  0.405 93.75 88.14 89.33 78.95 0.775 0.004**  0.051  0.206
Clinical 0.915 (0.828-0.967) 0.138 81.25 91.53 89.33 76.47 1.104 <0.001***  0.169 0.054
Combined 0.961 (0.889-0.992) / 87.50 93.22 92.00 8235 / / / /
Testing Imaging  0.898 (0.732-0.978) 0.224 87.50 86.36 86.67 77.78 0.977 0.009**  0.065 0.250
Clinical ~ 0.869 (0.696-0.964)  0.356 87.50 77.27 80.00 70.00 1.227 <0.007***  0.157  0.092
Combined 0.932 (0.777-0.991) 87.50 90.91 90.00 82.35 / / / /
Validation Imaging  0.886 (0.709-0.974)  0.241 83.33 81.82 82.14 66.67 0.545 0.221 0.072  0.145
Clinical 0.841 (0.654-0.951) 0.225 100.00 68.18 75.00 63.16 0.970 0.021* 0.198 0.144
Combined 0.917 (0.749-0.987) 83.33 90.91 89.29 76.92 / / / /

p®value: AUC compared with combined model; pf-value: continuous NRI compared with combined model; pt-value: IDI compared with combined model.
*p<0.05 and **p <0.01. Cl, confidence interval. AUC, area under the curve; Cl, confidence interval; NRI, net reclassification index; IDI, integrated discrim-
ination index.

Figure 5. Receiver operating characteristic curves and decision curve analysis of the imaging, clinical, and combined models for distinguishing between
mild and moderate-to-severe renal interstitial fibrosis in the training (A, D), testing (B, E), and validation (C, F) sets.
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Figure 6. Correlations between diffusion model metrics and 1-, 2-, and 3-year eGFR slopes. eGFR, estimated glomerular filtration rate.

Table 6. Linear regression of diffusion metrics with eGFR slope.

Model 1 Model 2
Metric B (95% Cl) p-value B (95% Cl) p-value
1-year Cortical fy,, 23.593 (10.009-37.177) 0.001** 30.600 (13.658-47.541) 0.001**
2-year Cortical agy, 45.879 (20.251-71.508) 0.001** 44.859 (17.610-72.108) 0.002%*
3-year Cortical agy, 65.813 (25.528-106.099) 0.004** 95.631 (26.299-164.964) 0.019*

Model 1 is unadjusted. Model 2 is adjusted for age, sex, primary/secondary, angiotensin-converting enzyme inhibitor or angiotensin receptor blocker use,
immunosuppressant use, baseline estimated glomerular filtration rate, 24-h urinary protein (In-transformed), mean arterial pressure, and renal interstitial
fibrosis score. B represents the unstandardized coefficients. *p <0.05 and **p <0.01. Cl, confidence interval.

In this study, an imaging model based on cortical f,,, and
MKp was constructed, highlighting the importance of
reduced microcirculation perfusion and increased microstruc-
tural heterogeneity in IF grading. In clinical practice, eGFR
and 24-h urinary protein are widely used laboratory indica-
tors for assessing renal function and damage [27]. While both
indicators were identified as independent factors for IF grad-
ing in our study, the clinical model they constituted did not
outperform the imaging model in terms of AUC. In some
cases, even with severe pathological damage to many neph-
rons, the filtration and compensatory hypertrophy of the
remaining healthy nephrons can maintain normal eGFR levels
[28,29], potentially compromising the clinical model’s perfor-
mance. Besides, the 24-h urinary protein collection process is
complex and prone to errors in sample handling and analysis
[30]. In contrast, the acquisition of f,, and MKy, is stable
[31,32] and showed good measurement consistency in our
study. By integrating cortical f,,, MKy, and eGFR, the com-
bined model effectively reduces the bias and limitations
associated with individual models, thereby enhancing overall
diagnostic performance. This improvement is supported by
the continuous NRI and DCA results, which show that the
combined model achieved notable improvement across all
datasets compared to the clinical model. The combined
model serves as a comprehensive, noninvasive tool for accu-
rately identifying IF severity, thereby aiding clinicians in
developing individualized treatment and follow-up plans.
Furthermore, the temporal external validation set demon-
strated a similar performance to that of the testing set, sug-
gesting the long-term stability of the model across different
timepoints, ensuring robustness in future clinical applications.

We identified cortical f,,, and ag, as potential new non-
invasive imaging biomarkers to predict short-term CKD pro-
gression. Our results revealed that lower cortical fy,, was
associated with a faster 1-year eGFR decline. Chronic hypoxia,
a key mechanism of CKD progression, may explain this result.
fum is proportional to blood vessel density, which is linked to

the oxygen supply [33]. Loss of the microvascular system cre-
ates a hypoxic environment, leading to local inflammation
and fibrosis. This, in turn, affects adjacent previously unaf-
fected capillaries, nephrons, and glomeruli, exacerbating
renal dysfunction, expanding the hypoxic area, and forming
a vicious cycle [34]. Two prior reports found that reduced
cortical oxygenation measured by blood oxygen level
dependent-MRI was associated with progressive decline in
kidney function in CKD patients [35,36], which also supports
our findings. We also demonstrated an association between
cortical agy, and the 2- and 3-year eGFR slopes. Although
unrelated to renal IF, cortical ag,, may be more sensitive to
characterizing other factors associated with progression, such
as inflammation [29]. The exact underlying biological mecha-
nisms need further clarification. A previous study also
explored the relationship between other DWI metrics and
eGFR slope and found that ADC,,,, and MK, exhibited sig-
nificant correlations with the eGFR slope [37]. However, we
found no such association in our study. The method used to
calculate the eGFR slope differed in that study. We used the
linear mixed-effects model, whereas they used the two-point
method or linear regression method. Additionally, different
b-values used for model fitting may have affected the results.
These discrepancies highlight the need for standardized
methodologies.

Our study had several limitations. First, the sample size was
relatively small, with a limited proportion of patients exhibit-
ing severe fibrosis. Additionally, the models developed lacked
multicenter external validation. Despite the numerous chal-
lenges faced by the coordination and reproducibility of
multi-center diffusion MRI data [38], the reliability of the
model can be verified in a prospective larger multi-center
dataset by optimizing data coordination algorithms and estab-
lishing standardized processes in the future. Second, the
accessibility of 3T-MRI machines is limited by cost and avail-
ability constraints in many healthcare settings. We plan to
incorporate data from both 1.5T- and 3T-MRI in large-scale



studies, evaluating the model’s performance across different
equipment settings. This approach will enhance its clinical util-
ity and benefit a more broader patient population. Third, inte-
gration of DWI with complementary MRI modalities enables a
more comprehensive morphological and functional assess-
ment of renal tissue. Future studies will also focus on explor-
ing the added value of multimodal imaging approaches in
evaluating CKD pathology and predicting disease progression.

Conclusion

A multi-b DWI scan, through different model calculations,
can be used both to assess renal IF and 1-3-year eGFR
decline. The combination of cortical fy,, MKy and eGFR
enables accurately and noninvasively identifying renal IF
severity, aiding clinicians in optimizing treatment strategies
and follow-up plans. Additionally, cortical f,,,, and ag) show
potential as imaging biomarkers for predicting short-term
CKD progression, enabling personalized monitoring and pre-
vention of adverse outcomes.
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