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ABSTRACT

Background. Immunoglobulin A nephropathy (IgAN) and idiopathic membranous nephropathy (IMN) are the most
common glomerular diseases. Inmunofluorescence (IF) tests of renal tissues are crucial for the diagnosis. We developed
a multiple convolutional neural network (CNN)-facilitated diagnostic program to assist the IF diagnosis of IgAN and IMN.
Methods. The diagnostic program consisted of four parts: a CNN trained as a glomeruli detection module, an IF intensity
comparator, dual-CNN (D-CNN) trained as a deposition appearance and location classifier and a post-processing module.
A total of 1573 glomerular IF images from 1009 patients with glomerular diseases were used for the training and
validation of the diagnostic program. A total of 1610 images of 426 patients from different hospitals were used as test
datasets. The performance of the diagnostic program was compared with nephropathologists.
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Results. In >90% of the tested images, the glomerulus location module achieved an intersection over union >0.8. The
accuracy of the D-CNN in recognizing irregular granular mesangial deposition and fine granular deposition along the
glomerular basement membrane was 96.1% and 93.3%, respectively. As for the diagnostic program, the accuracy,
sensitivity and specificity of diagnosing suspected IgAN were 97.6%, 94.4% and 96.0%, respectively. The accuracy,
sensitivity and specificity of diagnosing suspected IMN were 91.7%, 88.9% and 95.8%, respectively. The corresponding
areas under the curve (AUCs) were 0.983 and 0.935. When tested with images from the outside hospital, the diagnostic
program showed stable performance. The AUCs for diagnosing suspected IgAN and IMN were 0.972 and 0.948,
respectively. Compared with inexperienced nephropathologists, the program showed better performance.

Conclusion. The proposed diagnostic program could assist the IF diagnosis of IgAN and IMN.

LAY SUMMARY

A multiple convolutional neural network—facilitated diagnostic program was designed to deliver fast and accurate
diagnostic suggestions of immunofluorescence images from immunoglobulin A nephropathy and idiopathic
membranous nephropathy (IMN). The accuracy, sensitivity and specificity of diagnosing suspected IgAN were 97.6%,
94.4% and 96.0%, respectively. The accuracy, sensitivity and specificity of diagnosing suspected IMN were 91.7%, 88.9%
and 95.8%, respectively. The corresponding areas under the curve were 0.983 and 0.935. When tested with images
from the outside hospital, the diagnostic program showed stable performance.

GRAPHICAL ABSTRACT
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Immunofluorescence (IF) tests are crucial for diagnosing IgA nephropathy (IgAN) and idiopathic membranous nephropathy (IMN).
A multiple convolutional neural networks (CNN) facilitated program was designed to assist the IF diagnosis of IgAN and IMN.
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INTRODUCTION nous nephropathy (IMN) accounted for >40-60% of primary GN
[3-5]. There are no diagnostic serum biomarkers for IgAN. Al-
though the anti-phospholipase A2 receptor (PLA2R) antibody is
specific for diagnosing IMN, ~30% of IMN cases test negative [6].
Microscopic haematuria and non-nephrotic-range proteinuria

The prevalence of chronic kidney disease (CKD) is increasing
worldwide [1]. Glomerulonephritis (GN) is the leading cause of
CKD in developing countries [2]. In the Chinese population, im-
munoglobulin A nephropathy (IgAN) and idiopathic membra-
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are also seen in IMN [7, 8]. Therefore, renal biopsy remains an
irreplaceable method to diagnose IgAN and IMN.

Immunofluorescence (IF) tests are necessary for pathologic
diagnoses of IgAN and IMN, which indicates locations and
appearances of the deposits, such as immunoglobulins, light
chains and complements in renal tissues [9, 10]. In China, ex-
perienced nephropathologists are lacking. A tool of enough effi-
ciency and accuracy is needed to assist in the diagnosis of com-
mon GNs such as IgAN and IMN.

Deep learning methods represented by neural network mod-
els are powerful representational learning models and have
been applied to fields of image analysis [11]. The convolutional
neural network (CNN) is one of the examples applied in image
classification and segmentation, where stacked multiple convo-
lution layers can amplify aspects of the input and suppress irrel-
evant variations [12]. The application of CNN in image analysis of
kidney histopathology has proved to be feasible for its excellent
feature learning ability in computer vision tasks [13-22]. Most of
the CNN-based studies of kidney disease have mainly focused
on structural segmentation [15, 17-19]. Some recent studies have
used CNN for classifications of morphology, location and the
appearance of deposits in IF images from patients with renal
diseases [23-25]. However, attempts to apply a CNN-based diag-
nostic program to facilitate IF diagnosis of glomerular diseases
remain lacking.

In this study we established a multiple CNN-facilitated di-
agnostic program based on the training and validation of 1573
glomerular IF images from 1009 patients and tested the program
prospectively in 426 patients from different hospitals to evaluate
its diagnostic efficacy versus nephropathologists.

MATERIALS AND METHODS

IF images dataset used for the development of the
diagnostic program

A total of 1573 glomerular IF images from 1009 patients with
glomerular diseases diagnosed between January 2016 and De-
cember 2020 were collected from Peking Union Medical College
Hospital (PUMCH). These images were used for training and val-
idation of the glomeruli detection module, the IF deposition lo-
cation and appearance classification, as well as the diagnostic
program (Fig. 1a and Table 1). This study was approved by the
Institutional Review Boards of PUMCH (S-K913 and S-K1421) and
other participating centers. The informed consent was waived
since de-identified images were used.

IF images dataset used to test the diagnostic program

The IF images from patients who underwent pathological inves-
tigations at PUMCH from March 2021 to December 2021 were
used to test the program. After excluding the blurred images,
1171images from 338 patients were used as test datasets (Table 1
and Supplementary data, Fig. S1). Another 439 IF images from 88
patients were provided by Beijing Anzhen Hospital for external
tests. These images were original pictures taken from the micro-
scope without pre-processing.

Data annotation

Marks leading to personal information identification or interfer-
ing with CNN training were erased from the IF images. For the
training of the glomeruli location module, the images were an-
notated for the location of the glomerulus with a rectangle us-
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ing labellmage (Supplementary data, Fig. S2). The ground truth
for intensity, deposition location and appearance, as well as
the suggested diagnosis of all the IF images, was based on the
consensus of diagnosis by two nephropathologists (Yubing Wen
and Lin Duan) from PUMCH, who both had >20 years of work
experience.

Diagnostic program design

This program included four modules: a glomeruli detection
module, an IF intensity comparator, a deposition location and
appearance classifier and a post-processing module.

Glomeruli detection module
Training and validation datasets

A CNN was trained using 253 IF images containing one or more
glomerulus (Supplementary data, Fig. S1) to detect the glomeruli
(Fig. 1b). The training dataset consisted of 201 images and the
remaining 52 images were used for validation.

Development process

We trained a CNN based on the YOLOVS frame, a single-stage tar-
get location algorithm (Fig. 2). The trained CNN first initialized
several bounding boxes. The bounding box with the highest in-
tersection over union (IOU) overlapping with the ground truth
label was selected as the output (Supplementary data, Fig. S3).

IF intensity comparator
Dataset for development

A total of 388 IF images with an intensity >2+ were used to
develop the intensity comparator (Fig. 1c).

Development process

The IF intensity of a certain image was calculated by the mean
grey value:
Pixel Grey Value

Mean Grey Value = -
rey vaiu Pixel

The Otsu threshold method was used to extract the feature
of grey value in IF images. The images were divided into back-
ground and foreground. The target was to maximize the vari-
ance between the grey value of background and foreground im-
ages. Morphological opening-and-closing operations were used
to repair the edge region to extract the grey values of the target
region. Finally, the mean grey values of each image were calcu-
lated and sorted. The cut-off gray value was set at 55 since 95%
of the IF images with intensity >2+ showed greater gray value.

Classification of IF deposition appearance and location
Training and validation datasets

A total of 1320 images consisting of IgAN, IMN and other kinds
of GNs were selected for the training dataset (1216 images)
and validation dataset (104 images) (Fig. 1d). These images
were classified into three categories: irregular granular mesan-
gial deposition, which were all images of IgAN; fine granular
deposition along the glomerular basement membrane (GBM),



2506 | P Xiaetal

Multiple Convalutional Neural Network Facilitated Diagnostic Program

Glomeruli Location IF Intensity Eepositon Post Processing
Appearance and
Module Comparator " " Module
Location Classifier
b 253 Glomerular IF Images containing at
least one Glomerulus
Training Dataset Glomeruli Location i Dataset
(n=201) Module (n=52)
c 388 IF Images
: IF | i Cut-off Gray Value
Comparator =55
d | 1320 Glomerular IF Images from PUMCH |
Training Dataset from PUMCH " Validation Dataset from
(n=1216) Deposition PUMCH (n=104)
+ Mesangial n=407 —>| Appearance and [¢&—— -Mesangial n=40
+ GBM n=425 Location Classifier + GBM n=39
« Other n=384 « Other n=25

i

Validation Dataset from other
Hospitals* (n=83)
+Mesangial n=31
- GBM n=29
+ Other n=23

File Folder Containing Multiple IF
Images from a Certain Patient

IF Images of k, Aand Fi
were Excluded

[ Glomerulus Location Module ]

l

[ IF Intensity Comparator ]

| l

IgAImage with IgG Image with
Greatest Intensity Greatest Intensity

1 l

Other Pattern

IF Deposition Appearance
and Location Classifier

IF Deposition Appearance
and Location Classifier

GBM
Deposition?

Mesangial
Deposition?

IF Intensity
of C1q2 2+

| Suspected IgAN | | Suspected IMN

€ |PUMCH Test Dataset (n=338)
- IgAN n=144

- IMN n=90

+ Others n=104

Anzhen Test Dataset (n=88)
- IgAN n=25
- IMN n=28
-Others  n=35

—>1 Diagnostic Program

| Other L i Di

Figure 1: Study design. (a) The diagnostic program consisted of four parts: a CNN trained as a glomeruli location module that could localize IF-positive glomeruli, an
IF intensity comparator that could identify the image with the greatest intensity, a D-CNN trained as a deposition appearance and location classifier and an additional
decision-adjusting module that could adjust the final output. (b) A total of 253 IF images containing at least one glomerulus were used for training and validation of
the glomerulus location module. (c) A total of 388 IF images of different intensities were used to generate the cut-off value of 2+ intensity. (d) A total of 1320 images
consisting of 447 IgAN, 464 IMN and 409 images of other GNs were used as the training dataset (1216 images) and validation dataset (104 images) for the deposition
appearance and location classifier. Another 83 IF images from other hospitals were also used for validation. (e) IF images from 338 patients diagnosed at PUMCH were
used to test the performance of the diagnostic program. Another dataset of 88 patients from Anzhen Hospital was also used for the test. (f) The suggested diagnosis
was divided into three categories: suspected IgAN, suspected IMN and undetermined glomerular diseases. All the positive IF images of different immunoglobins and
complement components from a certain patient are input into the diagnostic program. After the glomerulus location and IF intensity comparison, the IgG or IgA
image with the greatest intensity is input into the deposition appearance and location classifier (D-CNN). Otherwise, the diagnostic program will output undetermined
glomerular diseases, which requires further investigation by an experienced nephropathologist. If the IgA image showed typical mesangial deposition, the diagnosis
of suspected IgAN was suggested. If the IgG image showed typical GBM deposition and the intensity of C1q deposition was <2+, the diagnosis of suspected IMN was
suggested. All other cases were categorized as undermined glomerular diseases. *Other hospitals: First Hospitals Affiliated to Chinese Medical University, Shengjing
Hospital of Chinese Medical University, Beijing Anzhen Hospital, Capital Medical University and Qilu Hospital, Shandong University.

which were all images of IMN; and other deposition patterns
(Supplementary data, Fig. S4). An additional 83 IF images from
different hospitals (the First Hospitals Affiliated to Chinese
Medical University, Shengjing Hospital of Chinese Medical Uni-
versity, Beijing Anzhen Hospital, Capital Medical University and
Qilu Hospital, Shandong University) were provided for external
validation.

Development process

We proposed a dual CNN (D-CNN) model based on the fusion of
global and local features to identify the deposition location and
appearance classification (Fig. 3). It consisted of a two-branch
features extraction module based on pre-trained Inception v3
modules for features extraction and a fully connected layer for
features fusion [26]. In the two-branch features extraction mod-
ule, the upper branch Inception v3 network can extract the
global coarse-grained features from the IF images. Meanwhile,
the other Inception v3 network is used to extract fine-grained

features from three regions, with the high-intensity value de-
termined by the distance transform IF images, which can ap-
proximately describe the density of deposits. After multiple con-
volutions, pooling and other operations of the upper Inception
v3 model, the IF images were transformed into 1 x 32 global
feature maps. The input of the lower branch Inception v3 net-
work includes three local regions of the IF images with a size
of 150 x 150 according to the density of deposits approximated
by the distance transform images (Supplementary data, Fig. S5).
At the end of the D-CNN model, the coarse-grained features and
fine-grained features were combined by fully connected layers to
predict the classification labels. The data augmentation on the
training images includes flip operation, rotation operation and
affine transformation (Supplementary data, Fig. S6).

Post-processing module

The program generated three suspected diagnosis categories:
suspected IgAN, suspected IMN and undetermined glomerular
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Table 1: The number of IF images from PUMCH used for the training, validation and testing

Images used as training and validation

datasets images used as test datasets
Diagnosis Patients (n) IF images (n) Patients (n) IF images (n)
IgAN 342 508 122 407
Idiopathic membranous GN 323 544 90 276
LN 260 408 53 268
Post-infectious GN 30 36 1 5
Atypical membranous GN 26 38 29 107
MPGN 23 34 1 3
Henoch-Schonlein purpura 2 2 22 58
Amyloidosis 2 2 3 11
Cryoglobulinaemic GN 1 1 - -
DN - - 13 22
Anti-GBM disease - - 3 8
IMN complicated with IgAN - - 1 6
Total 1009 1573 338 1171
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Figure 2: Overview of the CNN trained as a glomerulus location module. We trained a CNN based on the YOLO v5 frame, which was a single-stage target location
algorithm. Our purposed CNN first initialized several bounding boxes, which were compared with the ground truth label. IOU was calculated as the percentage of each
bounding box overlapping with the ground truth label. The bounding box with the maximum IOU is selected as the output.

diseases. Positive IF images of different immunoglobins and
complement components were input into the diagnostic pro-
gram. After the glomeruli detection and IF intensity compari-
son, only the IgG or IgA images with the greatest intensity were
input into the deposition appearance and location classifier to
improve the diagnostic efficiency. Otherwise, the diagnostic pro-
gram directly output undetermined glomerular diseases, requir-
ing investigation by an experienced nephropathologist (Fig. 1f).

The criteria for suspected IgAN were as follows: the intensity
of the IgA-positive image was the greatest among all the positive
images and the IgA-positive image was classified as mesangial
deposition.

The criteria for suspected IMN were as follows: the intensity
of the IgG-positive image was the greatest among all the positive
images, the IgG-positive image was classified as GBM deposition
and C1g-negative or intensity <2+ since positive Clq deposition
along the GBM suggested secondary MN such as lupus nephritis
(LN) [27, 28].

The tested IF images were categorized as undetermined
glomerular diseases if matching any of the following criteria:
negative IF test result of both IgA and IgG, the IF image with
the intensity was neither IgA nor IgG, the IgG or IgA image

was classified as other deposition patterns by the deposition
appearance and location classifier and the IF intensity of Clq
was >2+.

Program setup and operation process

An online program incorporating the above four modules was
developed. All the positive IF images of a certain patient were
put into one folder named after the pathology identification.
Each image was named as the deposition category, such as IgG,
IgA, C3, Clq etc. The whole folder was then input into the pro-
gram to generate the suggested diagnosis (Supplementary data,
Item S1).

Assessments of performance of the proposed
diagnostic program

Assessments of performance of the glomeruli detection
module

The average IOU was calculated and an IOU >0.8 was considered
accurate detection.
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Figure 3: Overview of the D-CNN trained as an IF deposition location and appearance classifier. The D-CNN model consists of two Inception v3 modules for feature
extraction and a fully connected layer for feature fusion. The upper Inception v3 model can extract the 1 x 32 global feature maps from the complete original IF images.
The lower Inception v3 model is responsible for extracting three 1 x 8 local feature maps from three local images cropped from the original IF images. At the end of
the D-CNN model, the fully connected layer is used for the fusion of the 1 x 32 global feature maps and three 1 x 8 local feature maps and finally predicts the best

classification labels for the input images.

Assessments of the performance of classification of IF
deposition location and appearance

The performance of the deposition appearance and location
module was evaluated using accuracy, sensitivity, specificity, F1
score and fallout.

Accuracy is the ratio between the correct predictions and the
total predictions:

Accuracy

_ True Positives+True Negatives
" True Positives+True Negatives + False Positive-+False Negatives

Sensitivity has the same statistical meaning as recall:

True Positives

Sensitivity = — -
vty True Positives + False Negatives

Precision has the same statistical meaning as positive pre-
dictive value:

True Positives

Precision = — —
True Positives + False Positives

F1 score is calculated as:

Precision x Recall

F1 =2X —/———————
Score * Precision + Recall

Fallout has the same statistical meaning as the false positive
rate:

False Positives

Fallout = — —
True Positives + False Positives

The receiver operating characteristic (ROC) curve was used to
evaluate the accuracy of D-CNN in deposition appearance and

location classification. Its performance was compared with tra-
ditional state-of-the-art CNNs, which were general CNN models
with approximate model complexity [26, 29-31].

Assessment of the performance of the diagnostic program

The performance of the diagnostic program was evaluated for
accuracy, sensitivity (recall), specificity and false positive rate
(fallout). The calculation of accuracy, sensitivity and false pos-
itive rate was the same as listed above.

Specificity is calculated as:

True Negatives
True Negatives + False Positives

Speci ficity =

The test results of the diagnostic program in diagnosing IgAN
and IMN were compared using Fisher’s precise test between data
from PUMCH and Beijing Anzhen Hospital.

Performance comparisons between the diagnostic program
and nephropathologists

The same test dataset from PUMCH for the diagnostic program
was used to test two junior nephropathologists (Haoyuan Cui
and Ying Wang) independently. H.C. had 4 years of work expe-
rience in IF image interpretation and Y.W. had only 6 months
of related experience. Their accuracy, sensitivity, specificity and
F1 score were calculated. Cohen’s kappa statistic was used for
measuring interobserver agreement between pathologists. Their
time cost was also documented.

RESULTS
Performance of the glomeruli location module

For the validation dataset of glomeruli location, the mean IOU
was 0.83 + 0.44. The IOUs were >80% in 47 images (90.4%)
(Supplementary data, Fig. S7).
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Table 2: D-CNN outperformed traditional CNN
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tively. The accuracy, sensitivity and specificity of diagnosing sus-
pected IMN were 95.4%, 96.4% and 98.2%. The confusion ma-

Method Overall accuracy (%) trix is presented in Fig. 5c. The corresponding AUCs were 0.972
VGG 78.85 and 0.948 (Fig. 5d). The program demonstrated no significant
Inception v3 83.65 differences in diagnosing suspected IgAN (P = .210) and sus-
ResNet50 80.77 pected IMN (P = .456) between the data from PUMCH and Beijing
DenseNet 8173 Anzhen Hospital.

D-CNN 89.42

VGG: Visual Geometry Group; ResNet: Residual Network; DenseNet: Dense Net-
work.

The cut-off value of the IF intensity comparator

The grey value distribution of IF images with intensity >2+ are
shown in Supplementary data, Fig. S8. The grey value ranged
from 11 to 235. The cut-off grey value for 2+ intensity was set
at 55 since 95% of these IF images showed a greater grey value.

Performance of the deposition appearance of location
classifier (D-CNN)

The D-CNN outperformed traditional CNN in classification of IF
deposition appearance and location (Table 2). For the validation
dataset from PUMCH, the accuracy, sensitivity, specificity, preci-
sion and F1 score of the D-CNN model in recognizing mesangial
deposition and GBM deposition were 96.1% and 93.2%, 92.5% and
89.7%, 98.4% and 95.3%, 97.4% and 92.1%, and 0.948 and 0.909,
respectively (Table 3 and Fig. 4a). The corresponding AUCs were
0.994 and 0.904 (Fig. 4b). For external tests, the accuracy, sensitiv-
ity, specificity, precision and F1 score of recognizing mesangial
deposition and GBM deposition were 97.5% and 92.8%, 93.5% and
89.6%, 100% and 94.4%, 100% and 89.7%, and 0.967 and 0.896, re-
spectively (Table 3 and Fig. 4c). The corresponding AUCs were
0.995 and 0.923 (Fig. 4d).

Performance of the diagnostic program

For the test dataset from PUMCH, the accuracy, sensitivity and
specificity of diagnosing suspected IgAN were 97.6%, 94.4% and
96.0%, respectively (Table 4). The accuracy, sensitivity and speci-
ficity of diagnosing suspected IMN were 91.7%, 88.9% and 95.8%,
respectively (Table 4). The confusion matrix is presented in
Fig. 5a. The corresponding AUCs were 0.983 and 0.935 (Fig. 5b).
For external tests, the accuracy, sensitivity and specificity of di-
agnosing suspected IgAN were 96.6%, 88.0% and 95.4%, respec-

Performance of the diagnostic program was better than
that of inexperienced nephropathologists

The PUMCH test dataset was used to test two junior
nephropathologists. Their accuracy, sensitivity, specificity
and F1 score for diagnosing suspected IgAN were 88.8% and
97.0%, 73.8% and 93.8%, 83.6% and 97.5%, and 0.848 and 0.993,
respectively. The accuracy, sensitivity, specificity and F1 score
for diagnosing suspected IMN were 85.8% and 87.3%, 61.1%
and 77.8%, 87.0%, and 91.8%, and 0.696 and 0.765, respectively.
The Cohen’s kappa for suspected IgAN and IMN wase 0.801
and 0.782, respectively (Table 5). It only took 14 minutes for the
diagnostic program to finish the test, which accounted for only
14.2% of the time cost (mean time 98.5 minutes) of the junior
nephropathologists.

DISCUSSION

GN is still one of the leading causes of CKD in developing coun-
tries [1, 32]. Recent studies have shown that IgAN and IMN ac-
count for ~80% of the IF-positive primary GN [4, 5]. The diag-
nosis confirmation of IgAN and IMN relied on kidney pathologi-
cal studies and IF assessments were crucial [9, 10]. In this study,
we developed a multiple CNN-facilitated diagnostic program to
make an IF diagnosis of suspected IgAN and IMN, thus providing
rapid triage of glomerular IF images.

The first task of the proposed diagnostic program was to lo-
cate the glomeruli. Zhang et al. [24] used UNet++ to segment
glomeruli from the background in the IF image. Our proposed
CNN can simultaneously locate multiple target glomeruli in a
single image, preserving the intact glomeruli for IF intensity
evaluation.

The second task was to determine the IF deposition with
the greatest intensity. Ligabue et al. [23] used CNN to identify
the IF intensity of different glomerular images but failed to
show good agreement with the ground truth. Since the cam-
eras and light sources of fluorescence microscopies in different

Table 3: The D-CNN showed good performance in deposition appearance and location classification

Validation dataset from PUMCH (n = 104)

Validation dataset from other hospitals? (n = 83)

Mesangial GBM Other Mesangial® GBMP Other®
Test (n = 40) (n=139) (n = 25) (n=31) (n=29) (n=123)
Accuracy (%) 96.1 93.2 89.4 97.5 92.8 90.3
Sensitivity (%) 92.5 89.7 84.0 93.5 89.6 87.0
Specificity (%) 98.4 95.3 91.1 100 94.4 91.7
Precision (%) 97.4 92.1 75.0 100 89.7 80.0
Fallout (%) 2.6 7.9 25.0 0 10.3 20.0
F1 score 0.948 0.909 0.792 0.967 0.896 0.833

Mesangial: irregular granular mesangial deposition; GBM: fine granular deposition along the GBM.

a0ther hospitals: First Hospital Affiliated to Chinese Medical University, Shengjing Hospital of Chinese Medical University, Beijing Anzhen Hospital, Capital Medical

University, and Qilu Hospital, Shandong University.

b All the images of mesangial deposition and GBM deposition used for validation were from Beijing Anzhen Hospital, Capital Medical University.

¢The images of ‘other deposition pattern’ used for validation were from First Hospital Affiliated to Chinese Medical University, Shengjing Hospital of Chinese Medical

University, Beijing Anzhen Hospital, Capital Medical University, and Qilu Hospital, Shandong University.
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Figure 4: The D-CNN showed good performance in IF deposition location and appearance classification. (a) The confusion matrix of the D-CNN when tested with the
dataset from PUMCH. The sensitivity of recognizing mesangial deposition, GBM deposition and other deposition patterns was 92.5%, 89.7% and 84.0%, respectively. (b)
ROC curve of D-CNN when tested with datasets from PUMCH. The AUC for the corresponding three deposition classifications was 0.994, 0.904 and 0.856, respectively.
(c) The confusion matrix of the D-CNN when tested with datasets from other hospitals. The sensitivity of recognizing mesangial deposition, GBM deposition and other
deposition patterns was 93.5%, 89.6% and 87.0%, respectively. (d) The ROC curve of D-CNN when tested with datasets from other hospitals. The AUC for the corre-
sponding three deposition classifications was 0.995, 0.923 and 0.819, respectively. Other hospitals: First Hospitals Affiliated to Chinese Medical University, Shengjing
Hospital of Chinese Medical University, Beijing Anzhen Hospital, Capital Medical University and Qilu Hospital, Shandong University.

Table 4: The proposed diagnostic program showed good performance in diagnosing IF images from IgAN and IMN

Test dataset from PUMCH Test dataset from Beijing Anzhen Hospital
Undetermined Undetermined
IgAN IMN glomerular IgAN IMN glomerular

Test (n = 144) (n=190) diseases (n = 104) (n=25) (n=28) diseases (n = 35)
Accuracy (%) 97.6 91.7 89.3 96.6 95.4 92.0
Sensitivity (%) 94.4 88.9 82.7 88.0 9.4 91.4
Specificity (%) 96.0 95.8 92.3 95.4 98.3 94.2
Precision (%) 100 81.6 82.7 100 90.0 88.9
Fallout (%) 0 18.4 17.3 0 10.0 111

F1 score 0.971 0.851 0.827 0.936 0.931 0.901

Table 5: The performance of the diagnostic program was better than junior nephropathologists

Junior nephropathologist 1 Junior nephropathologist 2
Accuracy  Sensitivity Specificity Accuracy  Sensitivity = Specificity Cohen’s
Diagnosis (%) (%) (%) F1 score (%) (%) (%) F1 score Kappa
Suspected IgAN 97.0 93.8 97.5 0.993 88.8 73.6 83.6 0.848 0.809
(n = 144)
Suspected IMN (n = 90) 87.3 77.8 91.8 0.765 85.8 61.1 87.0 0.696 0.782
Undetermined 86.7 80.8 91.7 0.789 74.6 87.5 92.5 0.679 0.671

glomerular diseases
(n=104)
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Figure 5: The performance of the diagnostic program in identification of suspected IgAN and IMN. (a) The confusion matrix of the diagnostic program when tested
with datasets from PUMCH. The sensitivity of diagnosing IgAN, IMN and undetermined glomerular diseases was 88.0%, 96.4% and 91.4%, respectively. (b) The ROC
curve of the diagnostic program when tested with datasets from PUMCH. The AUC for diagnosing IgAN, IMN and undetermined glomerular diseases was 0.983, 0.935
and 0.914, respectively. (c) The confusion matrix of the diagnostic program when tested with a dataset from Beijing Anzhen Hospital. The sensitivity of diagnosing
IgAN, IMN and undetermined glomerular diseases was 94.4%, 88.9% and 82.7%, respectively. (d) The ROC curve of the diagnostic program when tested with datasets
from Beijing Anzhen Hospital. The AUC for diagnosing IgAN, IMN and undetermined glomerular diseases was 0.972, 0.948 and 0. 930, respectively.

institutions are not the same, a trained CNN for the intensity
evaluation might not deliver satisfactory generalizability. There-
fore we adopted a simple strategy to calculate the grey value of
IF images.

The third task was to classify the IF images into different ap-
pearances and deposition patterns. We noticed that experienced
nephropathologists can accurately recognize different classifi-
cations based on the observation of the overall IF images and the
minor local regions. It was like fine-grained image categoriza-
tion, such as bird species classification according to the beaks
and feet [33]. We proposed a D-CNN model based on global and
local feature fusion. The test results indicated that it could rec-
ognize irregular granular mesangial-dominant deposition and
fine granular deposition along the GBM very well.

Our final post-processing module was designed to combine
the information on deposition patterns with deposition cate-
gories to generate the suggested diagnosis.

The proposed diagnostic program showed better diagnostic
performance for IgAN than IMN and undetermined glomerular
diseases. This was because IgAN had a quite distinct IF deposi-
tion pattern compared with the other two groups. For IMN pa-
tients, PLA2R antigen staining in biopsy samples is of diagnostic
value for PLA2R-related MN [33]. However, PLA2R antigen might
also be detected in hepatitis B virus-associated MN in Chinese
patients [34]. The IgG subtype might be useful in differentiating
SMN from IMN since 1gG4 is the prevailing subclass associated
with IMN [33]. We believe that the combination of test results
of PLA2R antigen staining and IgG subtype might have the po-

tential to improve the diagnostic accuracy of IMN for difficult IF
images.

The core of this program is to identify typical IF deposition
patterns of IgAN and IMN. Although we tried to train the pro-
gram to differentiate IF images with only GBM deposition from IF
images with GBM and mesangial deposition, 11.1% (10/90) of the
tested IMN patients were still misdiagnosed as undetermined
glomerular diseases. More training data containing other types
of glomerular diseases such as diabetic nephropathy (DN), mem-
branoproliferative GN (MPGN) and anti-GBM disease should be
able to improve the CNN performance in the future.

Artificial intelligence has been explored for its potential ap-
plications in manipulating data of huge sizes and various forms
in the medical area [35]. Different groups have used deep learn-
ing networks to locate glomeruli in histopathological images
[20, 21]. Kannan et al. [15] and Kolachalama et al. [19] used CNN
to discriminate glomerular sclerosed glomeruli from normal or
partially sclerosed glomeruli and tested the relevance between
CNN classifications of kidney fibrosis and different degrees of
proteinuria, eGFR and CKD stages. Another study showed that
CNNss are capable of glomerular segmentation and classification
of DN [18].

For IF images, early attempts were to detect glomeruli on
IF images of renal tissues [36]. An Italian group trained CNN
to identify the appearance, distribution, location and intensity
of glomerular IF images [23]. However, their reported CNN was
not able to differentiate IF images with both mesangial and
GBM deposition. Zhang et al. [24] used multiple CNNs to identify
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the IF deposition appearance and location based on segmented
glomerular IF images. In their study, the deposition appearance
and location seemed to be considered as two independent char-
acteristics. Pan et al. [25] attempted to use CNN to identify IF im-
ages from several glomerular diseases, including IgAN, IMN, LN
and DN. For DN and LN, the IF deposition could be highly variable
and should be interpreted in combination with light microscopic
studies [37]. Sometimes, linear deposition along the GBM may
be seen in DN, which could be quite similar to anti-GBM disease
[37]. Compared with these reported CNNs, our final proposed di-
agnostic program demonstrated several potential advantages: it
could process IF images containing multiple glomeruli, the IF
images photographed could be used without any pre-processing
and human knowledge of renal pathology was incorporated into
the development of the CNN.

A major problem of applying a CNN in clinical use is the
lack of interpretability. It is almost impossible to precisely under-
stand how a network approximates a particular function [14]. A
very small variation in the image might affect the output of the
CNN, making it a poor generalizer [38]. The most complicated
module in our diagnostic program is the D-CNN. To enhance
the robustness of this model, a candidate regions localization
module was used to extract both global features and local fine-
grained features, which could avoid focusing too much on non-
discriminative or low-discriminative regions. When tested with
images from different hospitals, our diagnostic program demon-
strated comparable performance (Tables 3 and 4 and Figs. 4 and
5), suggesting its great potential to generalize.

So far, the reported CNNs in the field of kidney pathology
have demonstrated comparable performance, if not superior,
to that of nephropathologists [13, 17-19, 23]. Our diagnos-
tic program outperformed two inexperienced nephropatholo-
gists in accuracy and time. Given the scarcity of experienced
nephropathologists working in remote Chinese hospitals, the
test results indicated that this program could enhance the triage
of IF images, liberating nephropathologists from repetitive work
requiring great attention [13].

Our study has several limitations. The sample size was lim-
ited. The program could not identify images with blurry parts,
dye contamination and deposits fusion very well. Only part of
the included IMN patients had PLA2R antigen staining and IgG
subtype data available. At this stage, the program is not fully
ready for clinical use because of the limited sample size and
the focused disease categories (IgAN and MN). It is necessary
to expand the diagnosing ability to more complex IF deposition
patterns and constellations, such as MPGN, LN with class V and
other types of GN. And it is important to say that IF images alone
are not enough for a complete diagnosis. The development of
a CNN-assisted program combining the data of IF images, light
microscopic images and electron microscopic images should be
the future direction.

In conclusion, we developed an automated diagnostic pro-
gram for IF diagnosis screening of IgAN and IMN that showed the
potential for triage of glomerular IF images from GN patients. It
consisted of different modules, including the glomeruli location
module, IF intensity comparator, IF deposition appearance and
location classifier and post-processing module. This program
showed stable performance when tested by datasets from dif-
ferent hospitals. It also demonstrated better performance than
junior nephropathologists.

SUPPLEMENTARY DATA

Supplementary data are available at ckj online.
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