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Capsule summary

AICEP is the first use of deep learning in comhboratwith WSI in nasal polyp
diagnosis andreatment. It can improve the diagnosis and manageérof nasal
polyps more quickly and accurately.
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To the Editor:

Chronic rhinosinusitis (CRS) is defined as a chzanflammation of the nose and
paranasal sinuses. It is estimated that CRS affect® than 100 million patients
worldwide and it involves high management costs pool quality of life (QOL) in
affected subjects The presence of eosinophils in nasal polypsnikelil to higher
postoperative visual analogue pain scores (VASpained QOL and high recurrence
raté. A better understanding of the ratio of eosinaph{RE) to infiltrating
inflammatory cells in tissue is needed to improwegdostic and treatment strategies

for affected patienfs

Thus far, there are no uniform standards or rudgsnding diagnosis of eosinophilic
chronic rhinosinusitis with nasal polyps (eCRSwN#¢ a variety of problems exist
in practice. Some researchers recommend that tleairgts of eosinophils per high
power field (HPF) should be more than 15 or “@0Most researchers support the
assessment of RE in several random HPFs, with e@GR®Sdiagnosed when RE
is >1096' © The traditional method (Rfe.t) dictates that the pathologist assesses the
ratio of eosinophils to infiltrating inflammatoryells (which include eosinophils,

neutrophils, lymphocytes, plasma cells, etc.) irdifdom HPFs for the tissue

However, RE obviously differs between various HPPgeliminary studies have
shown sampling errors among the estimates basetDaandom HPFs and in the
overall eosinophil counts in the total sample. Efmre, we considered the RE of

whole-slide imaging (WSI) as the gold standard {REctw,) for assessing eCRSwWNP
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for its lack of sampling error. However, it is dffilt in practice because it is both

time-consuming and subjective.

Artificial intelligence (Al), especially deep leang algorithms, has made great
progress and is similar to or even better than msnmaterms of visual perception and
speech recognition. Therefore, we aimed to estabda artificial intelligence

evaluation platform (AICEP, Rfeprdid t0 diagnose eCRSwWNP rapidly and

accurately via deep learning and WSI.

A total of 195 nasal polyp specimens were obtaiineah three affiliated hospitals of
Sun Yat-sen University (The Third Hospital=179, Thiest Hospital=9, The Fifth
Hospital=7). After WSI, we automatically extract@8589 patches in the lamina
propria of mucosa and marked the RE in each p&&ath-acua S€€ theMethods
section in this article’s Online Repository at wyagionline.org). The patches were
classified as the training dataset, the interndidsgon dataset and independent

external test dataset (Fig. E1).

In this study, our AICEP compared three commonitgctures (Resnet50, Xception,
and Inception V3) for application of a transferrtéag algorithm to assess their
performance in the classification and regressiopatthes extracted from WSIs (Fig.
1). Within 100 epochs (iterations through the entimning dataset), the retrained
weights were saved due to the absence of furthgromement in the mean absolute

error (MAE) (Fig. E2, A) and mean square error Igsg. E2, B).

First, we completed the qualitative classificatioh both internal validation and



103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

external test datasets using Resnet50, Xceptiah|reoeptionV3 models. WSI results
were classified as eosinophilic when JEexceeded 10% (see tMethods section
in this article’s Online Repository at www.jaciamd.org).The respective sensitivities
for the internal and external datasets were 97.08698.5% for Resnet50, 90.1% and
84.2% for Xception, and 93.9% and 90.3% for Incapi3 model, respectively. The
corresponding specificities were 86.0% and 84.68®% and 88.4%, and 88.2% and
86.4%, individually. Our study showed that interaathentication was far superior to
external authentication (Fig. E3). The AUCs frorternal validation and external test
datasets of Inception V3 were 0.974 and 0.957 ectgely, which indicated that this

was the best model (Fig. 2, A and B).

Second, the convolutional neural network was vigadl to identify the region of
eosinophils, which confirmed that the model wasdbllearn from the characteristics

of eosinophils only (Fig. 2, C and D).

In addition, for the quantitative analysis of AICEWRe found that the MAEs of
REpatch-actual@Nd  RBatch-predict I bOth internal validation dataset and exterrest t
dataset were 4.3% and 5.8%. Meanwhile, both thesistamcy of intraclass
correlation coefficientand theagreement of Rfich-predicc@Nd REatch-acwalin the

internal validation dataset and external test @atagre greater than 0.95, indicating

high consistency from AICEP analysis (Table E1).

When compared with Rfge-predgicffom AICEP, pathologist simulation and R-actual

from the internal validation dataset of 12 patie®8CEP can diagnose all the 12
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patients correctly, while the traditional methodlyomade 10 correct diagnoses,
unfortunately, with two misdiagnosed patients (NDand 5; Fig. 2, E). Similarly,
when we compared Rfge-predict from AICEP with pathologist simulation and
REsige-actuaifrom the external test dataset of 16 patients,ERQorrectly diagnosed
all 16 patients, while the traditional method maigaiagnosed 4 patients (NO. 6, 7, 8,

and 10; Fig. 2, F).

Finally, we compared the diagnostic time betweeGE® and pathologist judgement.
The result showed that AICEP (5.4 + 0.87 ntaok less time than Rge.m (12.7

2.78 min) and REge-actua(148.6 £ 34.36 minP < 0.0001, Table E2).

In our study, we advocated WSI assessment instéad@EgQigetm While WSI is
undoubtedly more accurate, it costs an immense anafutime. What's worse, in
China, the medical resources in the Midwest arsifsigntly worse than those in the
eastern coastal areas, and pathologists are inatdegespecially in some primary
hospitals. To some extent, AICEP can well solves fnoblem, as it can diagnose

nasal polyp pathological types by WSI and Al mdfeiently.

Al-facilitated diagnosis can alleviate doctors' Woad and contribute to high-quality
medical care provision to patients in néé&dlt is well known that the diagnosis of
disease depends on the intuition and experiencpatfologists. Moreover, large
workload can lead to pathologists’ working ineféioty and increasing the chance of
making mistakes. Our results showed that;RE, may result in wrong diagnosis,

especially when the proportion of tissue eosingphwas approximately 10%.
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However, this problem can be resolved by our AICEMBjch can diagnose all

patients accurately.

Although Al has already shown great potentialsa®sisting doctors idiagnosis and
decision making, there are still some limitatiodr instance, the real-world
diagnostic accuracy of Al was lower than that réubrin their previous study
conducted with screening dataSe®ur study showed the similar result that AICEP
performed better in the internal validation datakan in the external test dataset. In
our study, the internal validation dataset andning dataset came from a similar
process regarding slicing, staining, and WSI saajnwhereas these aspects may
differ in the external test dataset. Thus, it ipamant to optimize AICEP with data

from multiple centers.

Overall, AICEP is the first use of deep learningcombination with WSI in nasal
polyp diagnosis. It can evaluate the pathologitalracterizations of nasal polyps in a
faster and more accurate way. We believe that AIGERP be used widely in

particular in primary hospitals, even all around torld through the cloud platform.
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Figure Legend

Figure 1. Schematic of processes. A, nasal endoscopic exdonnd, samples of

nasal polyps obtained by functional endoscopic sisurgery (FESS). C, made HE
slides. D, digitized the slides into the whole slionages (WSI) by scanner. E,
delineated the lamina propria to obtain regionmérest (ROI). F, patches extracted
from ROI of WSI and corresponding RE tags. G, editransfer learning models that
can be deployed to diagnose eCRSWNP. HsiREedicOf patients according to the

model. I, chose the appropriate treatment strategy.

Figure 2. Performance of AICEP. A and B, the receiver opegattharacteristic
curves (ROC) and the area under ROC (AUC) for dieteof patches with RE10%
from patches with RE<10%. A, comparison of AUC/R{@€CResnet50, Xception and
Inception V3 models using internal test dataseé Meeption V3 model had an AUC
(0.974) significantly greater than the other twodels. B, comparison of AUC/ROC
for Resnet50, Xception and Inception V3 modelstependent external test dataset.
The Inception V3 model also provided the best AW®%7) compared to the other
ones. C and D, visualization and explainabilityGMN models using Grad-CAM to
classify patches with Rfg:=10% from patches with RE&:<10%. C,
REpac=86.66%, eosinophils were marked by red arrows. dorresponding
Grad-CAM images, the highlighted areas were diso@tive features of eosinophils.
E and F, diagnostic efficiency comparison of AIC&RI current method. Black dot
represented current method result, and 50 timetstsap were performed to evaluate

its random error, blue line was the actual valueAl and yellow line was the
14
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AICEP predicted value of WSI, red dashed line iesdiagnostic boundary of 10%.
E, internal validation dataset: all patients werteusately diagnosed by AICEP while
current method may make wrong diagnosis in patdt 4 and 5. F, external test
dataset: all patients were accurately diagnoseAIB¥EP while current method may

make wrong diagnosis in patient NO. 6, 7, 8 and 10.



Table E1. Consistency assessment for AICEP in internal a#ibth dataset and

external test dataset according to the RfacuaANd REide-actual.

Internal Validation Dataset External Test Dataset
Level
ICC Consistency ICC Agreement ICC Consistency |IGfee&ment
0.981 0.981 0.977 0.976
I:eEpatch
(0.979,0.983 (0.979,0.982 (0.975,0.979 (0.970,0.980
0.999 0.999 0.995 0.993
REside
(0.997,1.000 (0.998,1.000 (0.985,0.998 (0.973,0.998

RE, the ratio of eosinophils; ICC, intraclass clatien coefficient.



Table E2. Comparison of time-consuming between AICEP andgiatfists.

Method Mean time = SD (min) 95% CI
RE5|ide-predict 54i 087 [528, 552]
REsiige-tm 12.7+2.78 [12.31, 13.09]

REsiide-actual 148.6+34.36 [143.78, 153.42]
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METHODS
Training and internal validation datasets

Biopsies of patients with CRSwWNP (n =11465) werdaoted from the Department of
Otolaryngology in the Third Affiliated Hospital ddun Yat-sen University (SYSU) in China
from January 2008 torDecember:2018. Following suregfor staining, size, and quality of
specimensyl79 patients were used in this analykis patients were randomly divided into two
groups: 167 patients in the training dataset angatnts in the internal validation dataset. After
all slides were scanned through an automatic digiide scanner (Panoramic 250 FLASH,
3DHISTECH Ltd., Budapest, Hungary), we obtained:di¢ftalwhole sliderimages (WSis). The
lamina propria of mucosa were sketched, excludargd glands, through an automated slide
analysis platform (ASAP) (Radboud University Mediczenter, The Netherlands) to yield
regions of interest (ROI). Patches in ROI were @anatiically extracted under 400X high-power
field using Openslide (version 3.4.1, UniversityRoftsburgh, Pittsburgh, PA, USA). There were
167 WSiIs containing 23048 patches for the traindagaset and 12 WSIs containing 1577

patches for the internal validation dataset (Fi). E
External test dataset

Sixteen patients (16 WSIs) with nasal polyps werdomly selected from the First Affiliated
Hospital of SYSU (n=9) and the Fifth Affiliated Hagal of SYSU (n=7) from January 2017 to
December 2018. Independent preparations by eagditalosere used for hematoxylin and eosin
staining as well as WSI scanning. In total, 196&Ipas were obtained using the same method

mentioned above.
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Labeling

In total, 26,589 patches were independently desdrénd labeled by a committee comprising
two competent pathologistgith more than 10 years of experience, and an éxpahologist
with more than 30 years of experience who was dtewsun case of disagreement. The two
competent pathologists identified and counted thenlver of eosinophils (nl1), number of
lymphocytes (n2), number of neutrophils (n3), amenber of plasma cells (n4) in each patch.
The number of infiltrating inflammatory cells wasgarded as the sum (t), and the ratio of
eosinophils (REach-acuat Was nl/t. When the two pathologists’ assessment ofpRactual
differed by<5%, the average value was used. If the differenage greater than 5%, the patch
was rechecked by the expert pathologist, and tHeevevas corrected as necessary. These
assessments yielded the average of all patches \W&h designated as Rke-actuat CRSWNP
patients were classified as eosinophilic when tlopgrtion of tissue eosinophils exceeded 10%
of total infiltrating inflammatory cells as previsly reported otherwise, they were regarded as

non-eosinophilic CRSwNP.
Deep learning and transfer learning methods

In this study, our artificial intelligence chronihinosinusitis evaluation platform (AICEP)
compared three commonly used architectures (Re3netbeption, and Inception V3) for
application of a transfer learning algorithm toessstheir performance in the classification and
regression of patches extracted from WSIs. Eacheinlodded the weightsipre=trained-on the
ImageNetdataset, then removed their top layert,Nexdistinguish patches with Rfnvalues
greater or less than the truncated value usingssification algorithm, a full-connection layer
with two neurons was added and each neuron codtameehts and an activation function, so it

can map input value to output value nonlinearly pfedict exact RfchVvalues with a regression
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algorithm, werchose the-modelwith the greatest areer the curve (AUC) and added a full-
connection layer containing only one neuron. Imgaity, no activation function was used at this
time to ensure that the model exhibited a broadéput value. Within 100 epochs (iterations
through the entire training dataset), the retraimezights were saved due to the absence of
further improvement in the mean absolute error (NMIAEg. E2, A) and the mean square error
loss (MSEL) (Fig. E2, B). Finally, the parameterk all layers of quantitative regression
architecture were fine-tuned in accordance withitipeit images and corresponding labels (Fig.

1),

To train and evaluate our models, we adopted theaKéversion 2.2) framework using
Tensorflow (version 1.8) backend within Python éren 3.6) programming language, including
libraries such as numpy, matplotlib, and ScikitieaComputing power was provided by one
Tesla V100 GPU with 32GB memory on a Nvidia DGXtvee, which had eight Tesla V100

GPUs, 512 GB DDR4 memory, and 7 TB SSD.

Model and algorithm performance evaluation

Qualitative classification

For the internal validation dataset and external tataset using Resnet50, Xception, and
InceptionV3 for data training, AICEP provided anfeetive approach for qualitative
classification. WSI results were classified as mogshilic when REjg exceeded 10%, as
previously mentioned. The sensitivity (true pogtrate) and specificity (false positive rate) of
the confusion matrices of these three models weateulated, as were the areas under the
receiver operating characteristic curve (AUC). Thedel with the highest AUC value was

selected for subsequent quantitative analyses.dtitian, to verify whether the model was
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trained correctly based on the characteristicsosir®phils, we used visual gradient-weighted

class activation mapping (Grad-CAM).
Quantitative analysis
Evaluation of REparch in internal validation and external test datasetof AICEP

All patches in both internal validation and extértest datasets were input into the AICEP
model for simulation, which produced REh-predict IN addition, the MAE of REch-predictand
REpatch-actuavas calculated. The concordance betweegBREredicANd REatch-acuaVas evaluated

using the intraclass correlation coefficient.
REsige cOMparison between internal validation and externatest datasets

For the internal validation and external test dattgswe compared Rfge-predictaNd REjide-actual
separately. The concordance betweenREedctand REjde-acuaiWas evaluated via intraclass
correlation coefficient. In addition, we randomblected 10 REycnvalues of each WSI analysis
by a bootstrap method and calculated the averdge bdotstrap process was repeated 50 times
for each WSI analysis to evaluate and compare ihgndstic effect of the traditional method

and of AICEP.

Diagnostic time comparison between AICEP and pathobists
Times for REjige-predict REslide-tm @NJREsjide-actualvere calculated.
Statistical analysis

Using a bootstrap simulation of 10 random fieldsdimgnosis, each WSI was repeated 50 times
and compared with REeacuar The intraclass correlation coefficient was used assess

agreement between REic: With REcwar Receiver operating characteristic curves (ROQewe



89 adopted to evaluate the diagnostic results of AIGERCRSwWNP. All tests were two-sided, and

90 P < 0.05 was considered statistically significant.
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Figure E1. Workflow diagram. It illustrated the overall expeental design, and the flow of
whole slide images through extraction and labelangcess, the training of transfer learning
models using internal dataset, and the evaluatitbeomodels with internal validation dataset

and independent external test dataset.

Figure E2. Plot showed the performance in the training andrivdl validation datasets. Mean

absolute error was plotted against the trainingckg@) and mean square error loss was plotted
against the training epoch (B) during training theantitative regression architecture over the
course of 100 epochs. The mean absolute errorcmsdolf validation showed great performance

with little overfitting due to the diversity of tHeaining dataset.

Figure E3. Confusion matrix of models’ classification of patefth RE>10% from patch with
RE<10%. A, B, C, Confusion matrix of internal vaitbn dataset for models of Resnet50,
Xception and Inception V3, respectively. D, E, Bnflision matrix of independent external test

dataset for models of Resnet50, Xception and Inamept3, respectively.
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Table E1. Consistency assessment for AICEP in internal a#ibth dataset and external test

dataset according to the REn-actuafNd REiige-actual.

Table E2.Comparison of time-consuming between AICEP andgagists.



