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Abstract

Tracheal collapse is a chronic and progressively worsening disease; the severity of clin-

ical symptoms experienced by affected individuals depends on the degree of airway

collapse. Cutting-edge automated tools are necessary to modernize disease screening

using radiographs across various veterinary settings, such as animal clinics and hos-

pitals. This is primarily due to the inherent challenges associated with interpreting

uncertainties among veterinarians. In this study, an artificial intelligence model was

developed to screen canine tracheal collapse using archived lateral cervicothoracic

radiographs. This model can differentiate between a normal and collapsed trachea,

ranging from early to severe degrees. The you-only-look-once (YOLO) models, includ-

ing YOLO v3, YOLO v4, and YOLO v4 tiny, were used to train and test data sets under

the in-house XXX platform. The results showed that the YOLO v4 tiny-416 model had

satisfactory performance in screening among the normal trachea, grade 1–2 tracheal

collapse, and grade 3–4 tracheal collapse with 98.30% sensitivity, 99.20% specificity,

and 98.90% accuracy. The area under the curve of the precision–recall curvewas>0.8,

which demonstrated high diagnostic accuracy. The intraobserver agreement between

deep learning and radiologistswas κ= 0.975 (P< .001), with all observers having excel-

lent agreement (κ = 1.00, P < .001). The intraclass correlation coefficient between

observers was >0.90, which represented excellent consistency. Therefore, the deep

learning model can be a useful and reliable method for effective screening and clas-

sification of the degree of tracheal collapse based on routine lateral cervicothoracic

radiographs.
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1 INTRODUCTION

Canine tracheal collapse is a chronic, progressive, and irreversible dis-

ease of the trachea that commonly occurs in middle-aged, small-breed

dogs, including Yorkshire terriers, Miniature poodles, Pug, Maltese,

Chihuahuas, and Pomeranians.1 The prevalence of tracheal collapse in

normal and underweight dogs was approximately 0.1%2 with no sex

predisposing.3 The prevalence was reported to increase to 0.2%−0.4%
in overweight and obese dogs.2 Several factors have been reported

to be the causes of tracheal collapse; however, most of the cases have

unknown etiology. The common clinical symptoms of canine tracheal

collapse include persistent dry, harsh cough or goose-honking, and
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respiratory distress.3,4 The severity of clinical symptoms depends

on the degree of collapsed airway, which can lead to life-threatening

severe respiratory distress.5

Radiography is a popular clinical diagnostic imaging test used for

screening tracheal collapse in dogs by comparing the tracheal luminal

height (TH) with the thoracic inlet height (TI) on the lateral view of

a cervicothoracic radiograph.6,7 The TH is measured from the lesser

dorsoventral diameter of the trachea at the level of TI as it is the area

with the smallest diameter.8 The TI is measured from the cranioventral

aspect of the first thoracic vertebrae (T1) to the highest point of the

craniodorsal manubrium.5 In normal dogs, the TH/TI ratio should be

greater than 0.2:1.9 However, it has been reported that brachycephalic

breeds and English bulldogs normally have lower ratios than others,

which are 0.16:19,10 and 0.11:1,11 respectively. In dogs with tracheal

collapse, the TH is decreased, resulting in a decreased ratio.

Although advanced imaging modalities, such as fluoroscopy and

computed tomography, can precisely detect tracheal collapse, plain

cervicothoracic radiography is preferable in clinical practice12 because

it has wide availability and is easy to use and inexpensive. Addition-

ally, only lateral thoracic radiography is required for differentiating

between a normal trachea and a collapsed trachea and for classifying

the degree of tracheal collapse. The severity of tracheal collapse is clas-

sified into four grades13: grade 1 (mild condition; the TH is reduced

by approximately 25%), grade 2 (mild to moderate condition; the TH

is reduced by approximately 50%), grade 3 (moderate to severe con-

dition; the TH is reduced by approximately 75%), and grade 4 (severe

condition; the TH is reduced by >75%). In dogs, grade 1 tracheal col-

lapse can be an accidental finding without any symptoms, whereas

grade 3 and 4 tracheal collapse requires appropriate treatment.

An error in the interpretation of plain radiographs commonly occurs

in both human medicine and veterinary medicine. The misinterpreta-

tion errors and misdiagnosis can significantly impact the treatment

planning and overall quality of life of patients.14 In human medicine,

the error in interpretation has been reported to be 10%−15% for gen-

eral radiographs15 and increased up to 26% for thoracic radiographs.16

In veterinary medicine, unlike human medicine, the reported data on

this issue are limited. The accuracyof radiographic interpretation relies

heavily on the expertise of radiologists,17 and the variation in size and

body conformation of dogs because of breed differences can lead to

diverse radiographic appearances.18 This variability can, in turn, affect

the accuracy of radiographic interpretation. Given the scarcity of well-

trained radiologists in veterinary medicine, general practitioners usu-

ally playamajor responsibility in interpreting radiographs.19 Moreover,

the increasing workload can leave radiologists exhausted, fatigued,

and stressed, potentially resulting in more mistakes and errors dur-

ing radiographic interpretation.20 Therefore, it becomes imperative to

develop advanced alternatives that canminimize interpretation errors

and enhance diagnostic accuracy in veterinarymedicine.21

Deep learning algorithms, including convolutional neural networks

(CNNs), have been effectively applied in several object detections and

image recognitions in many medical applications.22–24 Growing and

rapidly evolving interest in deep learning algorithms has been seen in

the field of veterinary radiology. These algorithms are gaining signifi-

cant traction and attention because of their potentially revolutionizing

approach to analyzing and interpreting radiographic images. CNNs

have been used for automatic radiographic interpretation in screening

lesions in veterinarymedicine, such as the detection of cardiomegaly19

and left atrial enlargement on canine thoracic radiographs,25 classifi-

cation of thoracic radiographs in cats,26 comparison of the error rates

between the CNNs and 13 board-certified veterinary radiologists on

canine thoracic radiographs,27 comparison of artificial intelligence (AI)

with the veterinary radiologist’s diagnosis on the detection of canine

cardiogenic pulmonary edema,28 and detection of confirmed pleural

effusion in thoracic radiographs in dogs.29 The you-only-look-once

(YOLO) model, introduced by Redmon and Farhadi,30 is recognized

for its ability to perform object detection with remarkable speed and

efficiency, utilizing just a single CNN. The YOLO v3 model has been

reported to simultaneously classify and localize the images to iden-

tify the species and sex of mosquitoes with a mean average precision

and sensitivity of 99% and 92.4%, respectively.31 Additionally, several

studies in human medicine have employed the YOLO network model.

These studies have reported successful applications of this model

in detecting and classifying abnormalities in radiographs, including

evaluating C-spine injuries from lateral neck radiographs,32 detecting

hip fractures,33 and classifying knee osteoarthritis and assessing its

severity based on radiographic images.34

To the best of our knowledge, there has not been any information

on the screening and staging of tracheal collapse in dogs using deep

learning techniques. This highlights an opportunity for novel research

and the application of deep learning algorithms to improve the diag-

nosis and management of tracheal collapse in veterinary medicine.

Therefore, this study aimed to (1) develop a platform involving a deep

learning approach to screen tracheal collapse in dogs and evaluate and

stage the severity of tracheal collapse based on lateral cervicothoracic

radiographs and (2) evaluate an agreement between deep learning and

radiologists in detecting and staging the severity of tracheal collapse.

Themodelwas trained and tested using a processed sort of image qual-

ity corresponding to the radiographic images, which were verified by

experienced radiologists. The model may serve as a promising deep-

learning prototype for the screening and staging tracheal collapse in

dogs to diagnose this condition with enhanced accuracy and efficiency.

Nevertheless, further research is required to ensure the effectiveness

of themodel in real-world veterinary practice.

2 MATERIALS AND METHODS

2.1 Ethics statement

All data information including clinical demographic data and all radio-

graphic images were allowed to be used by the committee of the Small

Animal Hospital, Faculty of Veterinary Science, Chulalongkorn Uni-

versity (approval no. 252/2565). This study utilized cervicothoracic

radiographs of dogs that were presented to the Diagnostic Imaging

Unit, the Small Animal Hospital, Faculty of Veterinary Science, Chula-

longkorn University from January 2011 to July 2021. The data were
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TABLE 1 Clinical demographic data of all included dogs in this study.

Parameters Overall (n= 600) Normal (n= 200) Grade 1–2 (n= 200) Grade 3–4 (n= 200)

Age (years) 10.26± 3.98 11.05± 3.72a 9.52± 4.21 10.17± 3.87

BW (kg) 8.09± 8.47 9.47± 8.89b 9.95± 10.09b 3.93± 1.96

Female 288 (48.00%) 93 (46.50%) 102 (51.00%) 93 (46.50%)

Intact 136 (22.67%) 41 (20.50%) 52 (26.00%) 43 (21.50%)

Sterile 152 (25.33%) 52 (26.00%) 50 (25.00%) 50 (25.00%)

Male 312 (52.00%) 107 (53.50%) 98 (49.00%) 107 (53.50%)

Intact 216 (36.00%) 74 (37.00%) 59 (29.50%) 83 (41.50%)

Castrated 96 (16.00%) 33 (16.50%) 39 (19.50%) 24 (12.00%)

Note: Statistically significant difference between groups was made using the Kruskal–Wallis test followed by Dunn’s multiple comparisons test. Data are

presented asmean± SD for age and BWand number of dogs (percent) for sex.
aSignificant difference at P< .001 comparedwith grade 1–2 of tracheal collapse dog.
bSignificant difference at P< .0001 comparedwith grade 3–4 of tracheal collapse dog.

retrieved from the Hospital Information System and Picture Archiving

and Communication System.

2.2 Data set collection and preparation

This study was designed as a retrospective study. The included radio-

graphs were obtained from both the conventional radiograph using a

high-detail film (T-MAT S/RA Film; Kodak) between 2011 and 2013

and digital radiograph (ETL; GE HealthCare) between 2013 and 2021.

The inclusion criteria of radiographs were good positioning of the right

lateral cervicothoracic radiographs in which the field of view covered

the thoracic inlet to the last rib, no mass or tumor that could affect

either the tracheal diameter or alignment and no abnormality of the

first thoracic vertebra (T1) and manubrium. All included radiographs

were collected as theDigital Imaging andCommunications inMedicine

(DICOM) file for theevaluationof the ratios of theTHandTI byDICOM

viewer software (OSIRIX). The data set consisted of 600 cervicotho-

racic radiographs, which were classified into the (1) normal tracheal

dog group (no previous history of respiratory problem; n = 200) and

(2) tracheal collapse dog group (had previous history of respiratory

problems; n = 400), which was subdivided according to the severity

grades—grade 1 and 2 tracheal collapse group (n = 200) and grade

3 and 4 tracheal collapse group (n = 200). The ratios of the TH/TI

of grade 1−2 tracheal collapse and grade 3−4 tracheal collapse were

between 0.10 and 0.15 and ≤0.10, respectively.35 All included radio-

graphs in each group were divided into those for training-integrated

validations (90%) and those for testing image sets (10%). All included

cervicothoracic radiographs of each group in this study are summa-

rized in Tables 1 and 2. All images were individually evaluated by

three observers with different levels of experience, two of whomwere

well-trained veterinary radiologists experienced in radiographic inter-

pretation for>20 (N.C.) and8 (C.T.) years andamaster’s degree student

(H.S.). All observers were blinded to the dog’s history, signalment, and

clinical signs to eliminate an analysis error from clinical bias.

2.3 Deep learning model configuration, model
training, and model testing

In this study, the YOLO v3, YOLO v4, and YOLO v4 tiny models were

used to perform the object detection algorithm. A total of 540 labeled

images were used as training and integrated validation sets consist-

ing of the normal tracheal set (n = 180), grade 1−2 tracheal collapse

set (n = 180), and grade 3−4 tracheal collapse set (n = 180). All

images in the training sets were labeled by the same professional

radiologist using the in-house deep learning software (CiRA CORE,

https://www.facebook.com/groups/cira.core.comm/) to develop mod-

els for the screening and classification of the degree of collapsed

trachea. The bounding boxes represented a potential region of inter-

est that contained the tracheal location at the thoracic inlet area for

object detection. The labels corresponding to the normal trachea and

degree of tracheal collapse of each image were used to train themodel

(Figure 1).

Overall, 190,116 augmented images based on an eight-step rota-

tion and nine brightness/darkness steps were used to train the model

to improve its performance. The general setting of the data augmenta-

tionwas performed to increase the number of data sets before training

themodel. Multiple data augmentation techniques were applied in this

study to increase the variations of the data set, including image rota-

tion and adjustment. First, the rotation of the images in different angles

was set with the value ranging from −180◦ to 180◦, varying at every

step of 90◦. Second, the adjustment of the brightness and contrast of

the images was set by one step ranging from 0.2 to 1.2.

Moreover, this study included the cervicothoracic radiographs

obtained from two radiographic machines that provided different

image qualities. The data augmentation technique used in this study is

one of the important parts that help to imitate the real-life scenario,

increase more training sets, and alleviate overfitting problems.36 This

technique could increase the variety of radiographic images, including

overexposure, underexposure, and oblique images. Adding different

levels of noise and blur in this augmentation was not performed

https://www.facebook.com/groups/cira.core.comm/


4 SUKSANGVORAVONG ET AL.

TABLE 2 Breeds of included dog in this study.

Breeds Data set (n= 600) Normal (n= 200) Grade 1–2 (n= 200) Grade 3–4 (n= 200)

Pomeranian 194 (32.33%) 20 (10.00%) 74 (37.00%) 100 (50.00%)

Mixed breed 138 (23.00%) 50 (25.00%) 54 (27.00%) 34 (17.00%)

Chihuahua 72 (12.00%) 39 (19.50%) 18 (9.00%) 15 (7.50%)

Poodle 70 (11.67%) 35 (17.50%) 18 (9.00%) 17 (8.50%)

Yorkshire Terrier 40 (6.67%) 2 (10.00%) 12 (6.00%) 26 (13.00%)

Beagle 13 (2.17%) 9 (4.50%) 4 (2.00%) 0 (0.00%)

Miniature Pinscher 9 (1.5%) 5 (2.50%) 2 (1.00%) 2 (1.00%)

Siberian Husky 9 (1.50%) 6 (3.00%) 3 (1.50%) 0 (0.00%)

Dachshund 8 (1.33%) 8 (4.00%) 0 (0.00%) 0 (0.00%)

Golden Retriever 8 (1.33%) 3 (1.50%) 5 (2.50%) 0 (0.00%)

Labrador Retriever 7 (1.17%) 5 (2.50%) 2 (1.00%) 0 (0.00%)

Jack Russel Terrier 5 (0.83%) 3 (1.50%) 2 (1.00%) 0 (0.00%)

German Shepherd 4 (0.67%) 4 (2.00%) 0 (0.00%) 0 (0.00%)

Maltese 4 (0.67%) 1 (0.05%) 0 (0.00%) 3 (1.50%)

Cocker Spaniel 3 (0.50%) 2 (1.00%) 0 (0.00%) 1 (0.05%)

Bang Kaew 2 (0.33%) 1 (0.05%) 1 (0.05%) 0 (0.00%)

Schnauzer 2 (0.33%) 0 (0.00%) 2 (1.00%) 0 (0.00%)

Scottish Terrier 2 (0.33%) 2 (1.00%) 0 (0.00%) 0 (0.00%)

American Pitbull 1 (0.17%) 1 (0.05%) 0 (0.00%) 0 (0.00%)

BerneseMountain dog 1 (0.17%) 1 (0.05%) 0 (0.00%) 0 (0.00%)

Chinese crested dog 1 (0.17%) 1 (0.05%) 0 (0.00%) 0 (0.00%)

Corgi 1 (0.17%) 1 (0.05%) 0 (0.00%) 0 (0.00%)

Dalmatian 1 (0.17%) 0 (0.00%) 1 (0.05%) 0 (0.00%)

Italian Greyhound 1 (0.17%) 0 (0.00%) 1 (0.05%) 0 (0.00%)

Japanese Spitz 1 (0.17%) 1 (0.05%) 0 (0.00%) 0 (0.00%)

Samoyed 1 (0.17%) 0 (0.00%) 1 (0.05%) 0 (0.00%)

Silky Terrier 1 (0.17%) 0 (0.00%) 0 (0.00%) 1 (0.05%)

Shetland Sheepdog 1 (0.17%) 0 (0.00%) 0 (0.00%) 1 (0.05%)

Note: Data are presented as number of dogs (percent).

because these variations already existed in normal clinical radiographic

images.

All images included in the testing sets were transferred to a dedi-

cated deep-learning server to establish ground truth labels and model

training. This process is essential to ensure that the model can learn

from accurately annotated data and subsequently make accurate

predictions when presented with unseen images. The labeling tool

available in the CiRA CORE platform was employed for this purpose.

All images in the testing set were subjected to testing and validation

using themodel. Themodel automatically identified the location of the

trachea lesions and classified them into distinct groups, which included

normal trachea, grade 1 and 2 tracheal collapse, and grade 3 and 4 tra-

cheal collapse, based on their respective probability percentages. This

automated classification process can greatly expedite the evaluation

of tracheal collapse in dogs. The models were evaluated by assessing

their performance in detecting tracheal collapse and accurately classi-

fying its degree. Such evaluations are crucial to determine howwell the

deep learningmodel can reliably identify and categorize the severity of

tracheal collapse in dogs. The workflow and model architecture of the

methodology are shown in Figure 2.

2.4 Statistical analysis and performance
evaluation

Theperformance assessment of the deep learning networkmodelswas

carried out using a confusion matrix table. Several statistical metrics

from these models were compared, including precision, recall (sensi-

tivity), accuracy, F1 score, misclassification rate, and specificity. These

metrics are commonly used to evaluate the performance of deep

learning models and provide a comprehensive understanding of the

performance of the model in terms of identifying and classifying tra-
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F IGURE 1 The labeling of trainingmethodology. Normal tracheal (A and B), grade 1–2 tracheal collapse (C andD), and grade 3–4 tracheal
collapse (E and F).

cheal collapse in this context. The formulas for these parameters are as

follows:

Sensitivity∕ Recall = TP
TP + FN

(1)

False negative rate = FN
FN + TP

(2)

Specificity = TN
TN + FP

(3)

False positive rate = FP
TP + FP

(4)

Precision = TP
TP + FP

(5)

Accuracy = TP + TN
TP + TN + FP + FN

(6)

Misclassification rate = FP + FN
TP + TN + FP + FN

(7)

Negative predictive value = TN
TN + FN

(8)

F1 score = 2 × (precision × recall)

(precision + recall)
(9)

where, TP, TN, FP, andFN refer to thenumber of true positive, true neg-

ative, false positive, and false negative, respectively. The testing sets

were used to evaluate the performance of the models using a confu-

sion matrix to analyze the sensitivity (true-positive rate and recall),

false-negative rate, specificity (true-negative rate), false-positive rate,

precision (positive predictive value), accuracy, misclassification rate,

and negative predictive value (NPV). In addition, the precision–recall

curve (PRC) was a graphical representation used to evaluate the

object detection model. It displayed the trade-off between preci-

sion and recall at different thresholds used for generalized accuracy.

The area under the curve (AUC) of 1 indicates perfect prediction,

whereas that of 0.5 suggests random prediction. The performance

of the model was summarized in terms of the area under the PRC
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F IGURE 2 The dataset consisted of right lateral cervicothoracic radiographs that were labeled with a bounding box. These images were used
to train the YOLO algorithm. After training, the YOLOmodel was tested and validated using images from the test set. The output of themodel was
presented as a predicted bounding box that outlined the regions of interest. Additionally, themodel assigned a class “grade 1–2 tracheal collapse”
through CiRACORE software.

(AUC). The mean average precision (mAP), a widely used metric, was

applied to evaluate the performance of the object detection mod-

els, particularly in computer vision as image recognition. A higher

mAP indicated better object detection performance across all classes.

The performance of the proposed models in screening tracheal col-

lapse and grading its degree was compared with the radiologists’

report.

3 RESULTS

The performance and robustness of the proposed models were tested

using the in-house deep learning software (CiRA CORE). In the ini-

tial and modified learning processes of the YOLOmodels, radiographic

images verified by experienced radiologists were used in the train-

ing and testing sets, and the different network architectures of the

models were assessed considering the same assignments. The statis-

tical results indicated that the accuracy of the YOLO v4 tiny-416#3

model was 98.3%, which was higher than that of the other mod-

els, as shown in Table 3. In addition, all of the performance was

satisfactory, with 98.3% sensitivity, 99.2% specificity, a 98.3% F1

score, and a 1.10% misclassification rate. The results indicated the

high-level precision when the recall increases represents the sat-

isfactoriness of performance. The PRC showed that the YOLO v4

tiny-416#3 model had the best result, which could classify normal

trachea, grade 1 and 2 tracheal collapse, and grade 3 and 4 tracheal

collapse with AUC values of 0.950, 0.841, and 0.934, respectively.

All three curves were close to the top right of the graph, indicat-

ing very good performance. Moreover, the average precision (AP) of

the YOLO v4 tiny-416#3 model exhibited the best performance in

screening among normal trachea, grade 1 and 2 tracheal collapse,

and grade 3 and 4 tracheal collapse with AP values of 0.99, 0.94,

and 0.84, respectively, and the results showed satisfactory mAP at

0.92.

For the YOLO v4 tiny-416#3 model, the results showed that

the model could automatically locate the tracheal location on all
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TABLE 3 Model comparison.

AP value

Model mAP Normal trachea Grade 1–2 tracheal collapse Grade 3–4 tracheal collapse

YOLO v3 0.917± 0.046 0.942± 0.003 0.951± 0.090 0.857± 0.000

YOLO v4-64 0.386± 0.081 0.647± 0.032 0.209± 0.097 0.302± 0.114

YOLO v4-128 0.655± 0.091 0.825± 0.094 0.680± 0.089 0.459± 0.089

YOLO v4-256 0.863± 0.027 0.940± 0.021 0.934± 0.022 0.714± 0.037

YOLO v4-608 0.751± 0.041 0.821± 0.001 0.831± 0.062 0.600± 0.059

YOLO v4 tiny-416#1 0.876± 0.019 0.871± 0.014 0.980± 0.033 0.777± 0.011

YOLO v4 tiny-416#2 0.611± 0.037 0.871± 0.014 0.735± 0.062 0.280± 0.026

YOLO v4 tiny-416#3 0.923± 0.038 0.990± 0.057 0.943± 0.033 0.835± 0.023

YOLO v4 tiny-416#4 0.652± 0.018 0.937± 0.008 0.740± 0.021 0.279± 0.024

Note: AP value was represented as value and its 95% confidence interval.

TABLE 4 The results of YOLO v4 tiny-416#3model.

Parameters Normal trachea Grade 1–2 Tracheal collapse Grade 3–4 Tracheal collapse Average

Sensitivity 1.000 0.950 1.000 0.983± 0.008

False Negative Rate 0.000 0.050 0.000 0.017± 0.008

Specificity 1.000 1.000 0.975 0.992± 0.004

False Positive Rate 0.000 0.000 0.025 0.008± 0.004

Precision 1.000 1.000 0.952 0.984± 0.007

Accuracy 1.000 0.983 0.983 0.989± 0.003

Misclassification rate 0.000 0.017 0.017 0.011± 0.003

F1 score 1.000 0.974 0.976 0.983± 0.004

Negative predictive value 1.000 0.976 1.000 0.992± 0.004

Performancemetrics analyzedwere represented as value and 95% confidence interval.

radiographs in the testing sets and could well differentiate among

a normal trachea (60/60, 100%), grade 1 and 2 tracheal collapse

(59/60, 95%), and grade 3 and 4 tracheal collapse (60/60, 100%)

with the highest sensitivity (98.30%), specificity (99.20%), precision

(98.40%), NPV (99.20%), and accuracy (98.90%) compared the oth-

ers for the screening and classification of the degree of canine

tracheal collapse in this study. The results indicated that low mis-

classification rates and a high F1 score were obtained. The over-

all results indicated that the YOLO v4 tiny-416#3 model outper-

formed all other models in the screening and classification of the

degree of canine tracheal collapse on radiographic images. The

performance of the YOLO v4 tiny-416#3 model is summarized in

Table 4.

Furthermore, Cohen’s kappa was used to evaluate an agreement

between the deep learning model and radiologists in detecting and

staging the severity of tracheal collapse. The interobserver agreement

between the AI model and radiologist for each observer was κ = 0.975

(P < .001) with excellent agreement, κ = 1.00 (P < .001), which repre-

sented almost perfect consistency and satisfactory results of overall

accuracy.

4 DISCUSSION

The proposedmodel in this study demonstrated excellent performance

with high precision and recall/sensitivity levels of > 98.3% in screen-

ing canine tracheal collapse and classifying its severity. The results

showed that the same model as the YOLO v4 tiny model had different

and varied performance. This may be due to the overfitting and under-

fitting of the data in each model. This study demonstrated that the

well-trained YOLO v4 tiny-416#3 model has an excellent potential to

screen and identify between a normal trachea and an abnormal trachea

based on cervicothoracic radiographs with a satisfactory performance

of 98.30% sensitivity and 99.20% specificity. Additionally, this model

could clearly classify between a normal and collapsed trachea with

100.00% precision and accuracy of normal trachea detection.

As the nature of a retrospective study, although this study included

radiographs obtained from two radiographic machines that provided

different image qualities, the YOLO network models can correctly

detect the tracheal location on all radiographs. In addition, the data

augmentation technique was applied in this study to imitate the

real-life scenario; increase more training sets and the variety of
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radiographic images, including overexposure, underexposure, and

oblique images; and alleviate the overfitting problem.36 Adding dif-

ferent levels of noise and blur in the augmentation process was not

performed because these variations already existed in normal clinical

radiographic images. Our study demonstrated that although there are

several variations in the included radiographic images, such as different

image qualities and different image acquisition from various thoracic

conformations, the YOLO network models can accurately identify and

classify the normal trachea and collapsed trachea of untrained radio-

graphs because the model learns idiosyncratic characteristics or an

individual characteristic from the training sets.37 This aspect could be

attributed to the proposed models being well-trained using a data set

from the selected radiographic images. Consequently, the proposed

model can be used in a real clinical practice setting to screen canine

tracheal collapse and classify its severity.

In this study, all classification groups in the YOLO v4 tiny-416#3

model had high accuracy, sensitivity, specificity, and congruency with

the veterinary radiologists. The grade 1 and 2 tracheal collapse group

had a lower sensitivity (95.00%) than the normal trachea (100.00%)

and grade 3 and 4 tracheal collapse (100.00%) groups. The lower sen-

sitivity in the grade 1 and 2 tracheal collapse group may be because

of the fact that in clinical situations, the TH/TI ratios are close to nor-

mal, which may be difficult to clearly classify. All groups had a high

specificity which was normal trachea (100.00%), grade 1 and 2 tra-

cheal collapse (100.00%), and grade 3 and 4 tracheal collapse (97.50%).

Nonetheless, minimal information is available regarding the role of

deep learning in thediagnosis of collapsed tracheaon radiographs. Cur-

rently, only one study has reported the use of CNN in the detection of

tracheal collapse.38 However, that study has described only the error

rates in detecting collapsed trachea on radiographic images in a small

population of dogs and cats, which was approximately 6%−7%,38 and
themisclassification rate was satisfactory at only 1.1%.

Currently, the deep learning model has gained increasing attention

in several diagnostic fields because of its certainty predictions39 with-

out the factors of exhaustion different from humans. In addition, this

model can immediately detect lesions in a few seconds and assist in

screening abnormalities in an extremely short time. Some cases of

tracheal collapse are missed and underestimated in routine clinical

practice, especially those in the early stage.40 The proposed YOLO

v4 tiny-416#3 model will assist veterinarians in screening canine tra-

cheal collapse and classifying its severity. Additionally, it can reduce the

workload of veterinarians and the error rate in tracheal collapse inter-

pretation. Furthermore, the YOLO network models have no bias based

on the history, signalment, and clinical signs of the animal patients.38

CiRA CORE works on the Robot Operating System that breaks the

complex software into a smaller piece, which consequently eases its

use and creates the framework, trains the model, and understands the

software.41 In addition, it is an open source that can work with sev-

eral tools and software, which can develop and propagate worldwide.

To efficiently train the models, the more data assembled can lead to

the improvement of themodel’s performance.42 In our study, the CiRA

CORE platform using the YOLO v4 tiny-416#3 model provided high

accuracy and satisfactory precision for the screening and classifica-

tion among normal trachea, grade 1 and 2 tracheal collapse, and grade

3 and 4 tracheal collapse on plain lateral cervicothoracic radiographs.

To the best of our knowledge, this is the first study to investigate the

usefulness of deep learning in screening and classifying the degrees

of tracheal collapse in dogs. In the future, deep learning models may

play an important role in assisting radiologists and related specialists,

along with general practitioners, in interpreting radiographic findings

and diagnosing tracheal collapse in clinical practice in a short timewith

high accuracy and precision.

This study has several limitations. First, the number of radiographs

included was limited, which were relatively few. To enhance the reli-

ability of our findings and support the training of our model, a more

extensive data set can be employed in future studies. This step is cru-

cial for overall model performance enhancement, particularly in terms

of sensitivity and mAP. Second, due to the retrospective nature of the

study, we encountered a challenge in ensuring the selection of solely

fully inspired thoracic radiographs. This inherent limitation stems from

the unalterable nature of past data collection. Third, since all images

in both the training and validation data sets were labeled by the same

professional radiologist, the inherent bias in the data sets and accuracy

measurements may occur.

In conclusion, the proposed YOLO network model in this study

exhibited outstanding performance by achieving high levels of sensitiv-

ity, specificity, accuracy, andmAP for screening and classifying tracheal

conditions—normal trachea, grade 1 and 2 tracheal collapse, and grade

3 and 4 tracheal collapse—on plain lateral cervicothoracic radiographs.

The performance of the model was excellent, showing accuracy com-

parable to that of veterinary radiologists. Furthermore, a high level of

agreement was revealed between the assessments of the deep learn-

ing model and veterinary radiologists, indicating a strong congruence

between the two. The findings demonstrate the effectiveness of the

proposed model in screening for tracheal collapse in dogs and aid in

the classification of the degree of tracheal collapse. This, in turn, can

provide valuable guidance for further selection of the most suitable

treatment options in routine clinical practice. Additionally, the integra-

tion of thismay enhance the overall quality of care and reduce the time

required for radiographic interpretation in clinical settings.
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