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Abstract

Medical imaging procedures are difficult to analyze even for experienced specialists, partly
due to the structures that are difficult to detect with the naked eye, and partly due to a large

number of not very specific, very similar details.

In human medicine, artificial intelligence (AI) has been used in thorax radiographs in
multiple conditions, although Al used in veterinary radiology sprang up a little later than in
human medicine, it still has fast development in different aspects, pulmonary detection is

one of the common cases.

Early detection of lung nodules is important for early intervention and increasing the survival
rate. Although computed tomography (CT) has better accuracy in pulmonary detection,

accuracy variation can still occur due to different clinicians’ experiences.

In human medicine, Al has shown variable success and variable sensitivity in pulmonary
detection and classification by radiographs and CT scanning. However, studies testing for

Al used in veterinary radiology pulmonary nodule detection are limited.

The aim of this study is to test and compare the accuracy, sensitivity, and specificity between
an Al software and a clinician for detecting canine pulmonary nodules from thoracic CT
images, using a university teaching hospital radiologist’s interpretation as the reference

standard.

The Al software only reaches 50.0% sensitivity, 75.0% specificity, and 62.5% accuracy,
which didn’t overperform the result of the clinician. Findings suggest that, although Al tools
can possibly assist veterinarians in daily radiography reading and improve the quality of care,

they should be validated before their application to daily clinical work.
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1. Introduction

In human and veterinary medicine, lung nodules could serve as a potential indicator of lung

cancer and metastasis, "’

and the size of pulmonary nodules is also related to the prevalence
of malignancy from 0-82%.> This emphasizes the importance of pulmonary nodule detection
in staging cancer and evaluating the success of therapy both in human and veterinary
medicine. Most pulmonary metastatic lesions rarely produce clinical signs even with
advanced metastasis, and dogs having thyroid carcinomas, urinary bladder transitional cell
carcinomas, and osteosarcoma are prone to have metastasis, thus, thoracic radiography
should be considered on all dogs with confirmed or suspected primary neoplasms.*!8 A few
studies may hint ata potential correlation between pulmonary metastasis and tumor
malignancy, staging, and prognosis in veterinary medicine. In one study about appendicular
osteosarcoma in dogs, the presence of nodules in thoracic computed tomography (CT) scan
did not influence the overall survival, but after surgery, those dogs with more nodules had a

shorter survival time.> In another study about feline oral squamous cell carcinoma, the

possibility of thoracic metastasis was about 10%.°

Diagnostic imaging plays an essential role in the diagnosis and staging of cancer in small
animal patients. Conventional radiography is still the first choice for imaging the thorax in
most clinics, to detect masses, nodules, and abnormalities in the thorax. However, it may
have limitations in differentiating lesions or nodules from the mediastinum, lung lobes, and
thoracic wall. One study shows that the mean sensitivity of pulmonary nodule detection of
both digital radiographs and screen-film radiographs is only approximately 65%.?° CT has
better contrast resolution and less overlying anatomic noise, which makes it more sensitive
and accurate in pulmonary nodule detection, recommended in every patient with neoplasm

and risk in metastasis, for example on female dogs with malignant mammary tumors.’

Due to the expansion of telemedicine, the fast growth of radiography cases, and
the increasing workloads of radiologists, the interest in artificial intelligence (AIl) in
veterinary diagnostic imaging nowadays is growing. It can be a screening tool, driving to
assist veterinarians in interpreting radiographs, in emergencies, and in multiple patient
caring, which can decrease diagnosis errors and enhance working efficiency.'* Al already
has considerable potential in radiographs in human medicine. To date, in companion animals,
the focus is primarily on thorax image interpretation, however, studies testing the use of Al
applications in veterinary diagnostic imaging especially in pulmonary nodule detection are

limited and have yet to be assessed.



2. Literature review

2.1. Al used in human medicine

In human medicine, Al has been used in thorax radiographs in multiple conditions, such as
pneumothorax detection in emergency scans, with high specificity, to reduce the time to
treatment.”® Moreover, different algorithms have been developed, for the detection of
traumatic vertebrae fractures, pneumonia, tuberculosis, and bone age assessment,??30-32:35
Some of the Al programs on the market have also been tested, with a high accuracy when
distinguishing normal and abnormal chest radiographs.** Not just in thorax radiographs, Al

has also been used in hip fracture detections from pelvic radiographs in humans, with

equivalent performance to radiologists.>*
2.2. Al used in veterinary medicine

One study shows an Al algorithm was able to detect canine pleural effusion with almost 90%
accuracy.*® Another study testing Al in the diagnosis of canine pulmonary edema shows high
accuracy, sensitivity, and specificity.** Cardiopathy is also a new field of vision in which
Al can be used in thoracic radiographs, such as left atrial enlargement, right ventricular

14.38.3940.41.92 Moreover, some of the Al programs are able

enlargement, and VHS calculation.
to identify and classify different findings in thoracic radiographs, with acceptable accuracy
and low overall error rate, including alveolar pattern, interstitial pattern, bronchial pattern,
pneumothorax, pleural effusion, tracheal collapse, pulmonary mass, megaoesophagus, and
no findings.>’*%%43 However, one study showed, that in the identification of 15 labels in
canine thoracic radiographs, the error rate of 13 board-certified radiologists is lower than
four pre-trained Al programs.*® Except for the use in thorax radiographs, one study also
shows Al can be used for measuring femoral angles from three-dimensional CT
reconstructions, reducing the time of evaluation.*> There are also two studies show Al used
in oncology, one delineating, and segmenting the retropharyngeal lymph nodes from
surrounding tissues in dogs CT studies, contribute to radiation therapy planning,*® another

one as a non-invasive method to predict hepatic malignancy by analyzing CT heterogeneity

in canine liver masses.*’



2.3. Variation of the accuracy of radiographs and CT in pulmonary

nodules detection

In dogs, compared to CT, the lower cost and higher availability make a 3-view thoracic
radiography a conventional evaluation for pulmonary metastatic disease. However, there is
a quite high missing rate of pulmonary nodule detection in radiography, and sensitivity could
also be affected by the position and increased lung opacity caused by concurrent
problems.”* One study indicates 90% of pulmonary nodules detected on CT were failed to
reveal on thoracic radiography, while all pulmonary nodules detected on thoracic
radiography were seen on CT.* Common misdiagnosis of pulmonary nodules in radiographs
including end-on vessels, bone, skin nodules, and nipples. Besides, radiography has a limit
in pinpointing whether the lesion is from the lung, the pleural cavity, or the mediastinum,
which underscores the need for a more accurate approach. Surprisingly, there are studies
showing lung ultrasonography may have a similar sensitivity to radiography, and MRI has
acceptable sensitivity for pulmonary nodules detection only if the lesions are larger than 4
mm, but caution should be raised due to the low specificity, CT confirmation is suggested

before conclusion.'??!

Pulmonary nodules have several varieties, including but not limited to, the size, shape and
opacity, and overlapping with other tissue. Nodules should reach a certain size to be
recognized on a radiograph, the lowest size of pulmonary nodules to be detected on CT in
dogs is approximately 1 mm compared to 5-9 mm on radiographs.*> The principles of image
formation of a CT scanner are similar to a conventional X-ray machine, but with cross-
sectional images of the body. There have been plenty of studies have agreed that CT has
superior contrast resolution, fast image acquisition, and lack of overlying noise, thus has a
higher accuracy and sensitivity, and greater diagnostic confidence in small pulmonary

nodule detection,>*%°

and by combined with survey thoracic radiographs, it can provide
additional information that could impact management, therapy plans, and prognosis.'® Poor
aeration of the lung as a result of anesthesia during the CT scanning may decrease nodules’
legibility, but standardized breath-hold techniques can increase lung inflation and the
difference between nodules and lung, thereby improving the detection possibility.* However,
with the higher cost and need for sedation even anesthesia, CT is unlikely to completely

replace thoracic radiography.



2.4. Variation of the accuracy of manual pulmonary nodules detection

The accuracy of pulmonary nodule detection and interpretation may vary based on the
training level and experience of practitioners.!!!>!¢ In one study about student radiographic
interpretation quizzes, the median score was only 49%.!> Another study shows pitch and
reconstruction interval, also nodule size did not significantly influence nodule detection,
interobserver and intraobserver variations may have more influences.!” In both human
medicine and veterinary medicine, overdiagnosis is also a major concern in lung scanning,
which may result in unnecessary treatment.'!® Thus, the interpretation of radiographs can be
challenging for clinicians not trained well and even for experienced clinicians. However,
organized and standard training and certification examinations are lacking in most countries

except in the United States and Europe.



3. Objectives

The first aim of this study is to test and compare the accuracy, sensitivity, and specificity
between an Al software and a clinician for detecting canine pulmonary nodules from thoracic
CT images, using a university teaching hospital radiologist’s interpretation as the reference
standards, the second aim is to reveal publications related to artificial intelligence in

veterinary radiology.

4. Materials and Methods

The Al software is created and trained by a mechatronic engineering student using machine
learning, as part of the collaboration between the University of Veterinary Medicine
Budapest and the Technical University (Master’s degree in health engineering, as a diploma
project, aiming to correctly estimate whether a nodular lesion is found on a given patient's
CT scan. The cases used for training were from human CT scans available online. The
training set is a total of more than 120 GB of CT recordings, and in order to increase the
amount of samples, the images were mirrored and rotated. Then the training set is split into

teaching, validation, and test sets, in a ratio of 70/15/15.

Totally 40 canine cases were collected from a teaching hospital of a veterinary university,
and all had a CT contrast examination of the entire thorax. All images were selected and
evaluated by a radiologist in the teaching hospital with 25 years of experience as a standard
reference. All cases were placed randomly for Al and clinician interpretation. The Al and

clinician were not aware of the cases’ clinical information and the results of examinations.

All images were received by the Al software and clinician in standard DICOM format, and

the clinician viewed images on a dedicated station (RadiAnt DICOM viewer).

All results were collected and arranged in an Excel file (Figure 1), separated into two

possible categories: pulmonary nodules positive (PN+) or pulmonary negative (PN-).



Radiologist Al Clinician
Positive Negative Positive Negative Positive Negative

Casel . . .

Case 2 0 0 .

Case 2 . 0 .

Case 4 0 o 0
Case S . . .

Case 8 . 0
Case 7 0 o 0
Case 8 . o .

Case @ 0 . 0
Case 10 0 0 0
Case 11 . . .

Casa 12 0 0

Casa 12 . 0 .

Case 14 0 0 0
Cass 15 0 . ™

Cass 16 0 0
Case 17 0 0 0
Cass 18 0 0 0
Casa 19 0 0 0
Case 20 0 . .

Case 21 . . .

Case 22 0 o a
Case 22 0 0 0
Case 24 . o .

Case 25 . . .

Case 26 . 0 .

Case 27 0 0 0
Case 28 . . .

Case 20 . o 0
Case 20 0 o 0
Case 21 . . .

Case 32 . . .

Case 22 . 0 .

Case 24 0 0 0
Case 35 0 . .

Case 36 . 0 .

Case 37 . . .

Case 28 0 o 0
Case 20 o . 0
Case 40 . o .

Figure 1.

Interpretation results of the radiologist, Al and clinician.



For cases diagnosed by a radiologist as PN+, positive Al and clinician diagnoses were
classified as True Positives (TP), while negative Al and clinician diagnoses were classified
as False Negatives (FN). For cases diagnosed by a radiologist as PN-, negative Al and
clinician diagnoses were classified as True Negative (TN), while positive Al and clinician
diagnoses were classified as False Positive (FP) (Table 1). The sensitivity was calculated as
TP/(TP+FN). The specificity was calculated as TN/(TN+FP). Overall accuracy was
calculated as (TP+TN)/(TP+TN+FP+FN). The positive predictive value (PPV) was
calculated as TP/(TP+FP), and the negative predictive value was calculated as TN/(TN+FN).

The Youden’s index was calculated as sensitivity+Specificity-1.

Table 1.
The basis for sensitivity and specificity calculations displaying which studies were considered true positives,

true negatives, false positives, and false negatives

Radiologist PN+ Radiologist PN-
Al/Clinician PN+ True Positive (TP) False Positive (FP)
Al/Clinician PN- False Negative (FN) True Negative (TN)
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5. Results

A total of 40 cases were included in the study, images evaluated by the radiologist reported
19/40 PN+ and 21/40 PN-. The Al software reported 15/40 PN+ and 25/40 PN-, while the
clinician reported 22/40 PN+ and 18/40 PN- (Table 2).

Of the 19 PN+ diagnosed by the radiologist, the Al software agreed on 10 (52.6%) of the
cases, while the clinician agreed on 17 (89.5%) of the cases. Of the 21 PN- diagnosed by the
radiologist, the Al software agreed on 15 (71.4%) of the cases, while the clinician agreed on
16 (76.2%) of the cases. The Al software reported a true diagnosis in all 25/40 cases and, a
false diagnosis in 15/40 cases, while the clinician reported a true diagnosis in all 33/40 cases,
a false diagnosis in 7/40 cases (Table 3). The sensitivity, specificity, overall accuracy,
positive predictive, negative predictive, and Youden’s index are calculated and compared

between the Al software and the clinician (Table 4).

Examples of pulmonary nodules correctly and incorrectly identified by the Al software are

reported in Figures 2 and 3, respectively.

Examples of pulmonary nodules missing by the Al software and clinician are shown in

Figures 4 and 5, respectively.
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Table 2.

Comparison of PN diagnosis of the radiologist, the Al software, and the clinician

Radiologist Al Clinician
PN+ 19 15 22
PN- 21 25 18
Total 40 40 40

Table 3.

Comparison of PN diagnosis agreement of the radiologist, the Al software, and the clinician

True Positive | False Positive | True Negative | False Negative
Al 10 5 15 10
Clinician 17 5 16 2
Table 4.

Comparison of sensitivity, specificity overall accuracy, positive predictive, negative predictive, and

Youden’s index between the Al software and the clinician

Sensitivity | Specificity | Overall Positive | Negative | Youden’s
accuracy | predictive | predictive index
Al 50.0% 75.0% 62.5% 66.7% 60% 0.25
Clinician 89.5% 76.2% 82.5% 77.2% 88.9% 0.66

12




Figure 2.
Example of a pulmonary nodule correctly identified by the Al software, the arrow shows a significantly
identifiable radiopaque nodule.
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Figure 3.
Example of image falsely identified by the Al software as having pulmonary nodule. The arrow shows a
small round radiopaque tissue which is the cross section of a vessel.
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Figure 4.
Example of pulmonary nodule missing by the Al software, the arrow shows a small radiopaque nodule.
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Figure 5.
Example of pulmonary nodule missing by the Al software, the arrow shows a small radiopaque nodule.
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6. Discussion

To date, diagnostic imaging is still a basis of clinical evaluation, a quick and reliable
interpretation is essential in daily practice, especially in a busy clinic. Imaging procedures
are difficult to analyze even for experienced specialists, partly due to the structures that are
difficult to detect with the naked eye, and partly due to a large number of not very specific,
very similar details. Hence, the need for a tool to assist the daily routine diagnosis is
increasing, and artificial intelligence is a branch of computer science designed to perform

tasks that simulate human intelligence.

There are two types of Al methods that are widely used today. The first one is machine
learning algorithms based on predefined engineered features, with clear parameters based on
expert knowledge. The other one is a deep learning algorithm that does not require explicit

feature definition and can automatically learn feature representations from data.

A suitable optimized Al or other program should be:

easy to install and use

- able to scan CT images taken of the patient in seconds automatically

- after processing, could select the details it finds suspicious, drawing the doctor's attention
- able to help standardize image interpretation for different radiologists’ experience,

providing a second opinion for clinicians

Of course, even with high accuracy, a competent doctor is still needed to check and double-
read the results of the program, it can significantly speed up the entire diagnosis process and

reduce the false results.

Although Al used in veterinary radiology sprang up a little later than human medicine, it still
has fast development in different aspects, particularly in thorax radiographs, and pulmonary

detection 1s one of the common conditions.

Pulmonary nodules are often linked to lung cancers or metastasis.!?’ Early detection of lung

nodules is important for early intervention and increasing the survival rate.

Although CT shows better nodule detection performance, most of the small nodules are
uncertain and need further evaluation. When searching for a tumor, a doctor often has to
look through hundreds of CT (computed tomography) images, which is burdensome for the
doctor and can take a long time, in addition, there are often not one, but several smaller

tumors. This results in anincreased workload, which could severely disturb the
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communication between physicians and radiologists' interpretation and be time-consuming.
In places or rural areas where radiology examinations or radiologists can not be provided,
direct care providers highly rely on teleradiology, and increasing workload could bring in
sub-standard reports and misdiagnosis, this could severely impact patients’ care and
consequences. Thus, with the help of Al, radiologists can pay more attention to those cases
with higher risk, can help correct potential misdiagnoses, and can provide immediate
information to primary care providers in order to process more diagnostic tests and treatment
without delay. Multiple studies in human medicine have shown variable success and variable
sensitivity of Al in pulmonary detection and classification, by radiographs and CT scanning,
to enhance physicians’ performance.*®*~%°12 However, studies testing for Al used in
veterinary radiology pulmonary nodule detection are limited. One human medicine study
uses a deep learning system to classify the malignant and benign nature of lung nodules.’!
One study from the USA assessed a commercially available Al product for detecting
pulmonary nodules in canine thoracic radiography, result supports that Al would have a high
positive predictive value but a lower negative predictive value.”® Another study from
Germany showed although the sensitivity of computer-assisted detection (CAD) of
pulmonary nodules detections is lower than examiners, the sensitivity of examiners can be

increased with the help of CAD.>*

In order to develop accurate Al software, a training set must have adequate and appropriate
dataset size, high-quality images, case varieties, accurate findings, and diagnosis on each
training case. Overfitting is a common problem when the training set size is small. If the
network receives the given patterns too many times during network learning, after a while it
will not learn the patterns, but practically memorize the images. Moreover, providing at least
more even number of cases of both nodules (<3 cm) and masses (>3 cm) will be better for
the training of Al software. If there is not enough data available, a half-solution can be

performed, for example, mirrored and 90° rotated images.

All the radiographs used for testing in this study came from the same institution, this could
potentially lead to interpretation errors when using lower-quality radiographs. For example,
the density of the slices has a lot of influence, the nodule appears elongated on a high-
resolution image (it can look like a blood vessel), while on a low-resolution image, the blood
vessel is compressed along its length (it can look like a nodule). If the background (the lung

and surrounding tissues) changes significantly, it can make the work of the neural network

18



not be able to estimate accurately. This suggests when validating a new Al software, it would

be better to use datasets from different equipment of different operators.

One of the limitations of this study is there is no gold standard for example histopathology
results were available to determine the true nature of the nodules, and further investigation
will be necessary. Although catching sight of pulmonary nodule in a dog with malignant
neoplasm may suggest metastasis, due to unspecific CT features, it is possible that some of
the lesions resulted from benign or others, such as hematoma, hemangiosarcoma,
osteosarcoma, lipoma, granulomas, fungi, abscess, septic embolus, parasites, immune-
mediated diseases, congenital abnormalities, among others.?>**»?*26 When developing an Al
in the veterinary radiology field, providing a golden standard to optimally train an Al is
questionable, to date the radiologist’s reports have been mostly used as a golden standard.
Although a histopathology report can be an alternative, not all cases have a final

histopathologic diagnosis.

In human medicine, in North America, there are strict guidelines that Al algorithms must
follow to gain approval, but there are no equivalent regulations in veterinary medicine. This
could leave the veterinary profession vulnerable to misleading and potentially harmful
diagnostic claims. Although most Al software is trained by a large and independent data set,
it is still believed that the new technology should undergo an extensive validation process
before its application to daily clinical work. In the meantime, practitioners need to
understand both the value and pitfalls, as well as the potential errors that an Al product may
cause. They are powerful but may give inappropriate answers. One study shows that non-
radiologist clinicians have more trust in Al-issued reports confirmed by radiologists, but do
not feel comfortable with reports produced by Al independently.!” This raised the attention
that radiologists should take over the responsibility before introducing Al into the practice
and be actively involved in the interpretation, if any abnormality is detected, a veterinarian

or radiologist should further double-check the images.

Ethical consideration of Al is one of the issues in human medicine, for example, a misuse of
data has the potential to cause harm. This could possibly apply to veterinary medicine since
we have the ability to perform euthanasia and the lack of regulatory validation for the new
technologies to market. Thus, veterinarians and radiologists shall get involved when
developing and using an Al, the products shall be transparent and provide information
relating to data use, training, and validation. Besides, veterinarians shall be influenced only

by the welfare and needs of the animals, safeguard medical information and records also the
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privacy of clients, and keep studying, applying, and advancing scientific knowledge. When

errors occur, an analysis should be carried out to find out what is faulty.

In the future, Al may not only assist image interpretation, but it could also identify and filter
those off-grade radiographs caused by, for example, improper positioning, the technicians

would repeat the exam, increasing the efficiency of the clinical workflow.

20



10.

References

Fischbach F, Knollmann F, Griesshaber V, Freund T, Akkol E, Felix R. Detection of
pulmonary nodules by multislice computed tomography: improved detection rate with
reduced slice thickness. Eur Radiol. 2003 Oct;13(10):2378-83. doi: 10.1007/s00330-
003-1915-7. Epub 2003 May 13. PMID: 12743736.

Wahidi MM, Govert JA, Goudar RK, Gould MK, McCrory DC; American College of
Chest Physicians. Evidence for the treatment of patients with pulmonary nodules: when
is it lung cancer?: ACCP evidence-based clinical practice guidelines (2nd edition). Chest.
2007;132(3 Suppl):94S-107S. doi:10.1378/chest.07-1352

Eberle N, Fork M, von Babo V, Nolte I, Simon D. Comparison of examination of
thoracic radiographs and thoracic computed tomography in dogs with appendicular
osteosarcoma. Vet Comp Oncol. 2011 Jun;9(2):131-40. doi: 10.1111/5.1476-
5829.2010.00241.x. Epub 2010 Aug 30. PMID: 21569198.

Nemanic S, London CA, Wisner ER. Comparison of thoracic radiographs and single
breath-hold helical CT for detection of pulmonary nodules in dogs with metastatic
neoplasia. J Vet Intern Med. 2006 May-Jun;20(3):508-15. doi: 10.1892/0891-
6640(2006)20[508:cotras]2.0.co;2. PMID: 16734082.

Armbrust LJ, Biller DS, Bamford A, Chun R, Garrett LD, Sanderson MW. Comparison
of three-view thoracic radiography and computed tomography for detection of

pulmonary nodules in dogs with neoplasia. J Am Vet Med Assoc. 2012 May
1;240(9):1088-94. doi: 10.2460/javma.240.9.1088. PMID: 22515629.

Soltero-Rivera MM, Krick EL, Reiter AM, Brown DC, Lewis JR. Prevalence of regional
and distant metastasis in cats with advanced oral squamous cell carcinoma: 49 cases
(2005-2011). J Feline Med Surg. 2014;16(2):164-169. doi:10.1177/1098612X13502975

Niesterok C, Kohler C, Ludewig E, Alef M, Oechtering G, Kiefer 1. Vergleich von
Projektionsradiographie und Computertomographie zur Detektion pulmonaler
Rundherde bei Hund und Katze [Comparison of projection radiography and computed

tomography for the detection of pulmonary nodules in the dog and cat]. Tierarztl Prax
Ausg K Kleintiere Heimtiere. 2013;41(3):155-162.

Alexander K, Joly H, Blond L, D'Anjou MA, Nadeau ME, Olive J, Beauchamp G. A
comparison of computed tomography, computed radiography, and film-screen
radiography for the detection of canine pulmonary nodules. Vet Radiol Ultrasound. 2012
May-Jun;53(3):258-65. doi: 10.1111/5.1740-8261.2012.01924.x. Epub 2012 Mar 14.
PMID: 22413954.

Otoni CC, Rahal SC, Vulcano LC, Ribeiro SM, Hette K, Giordano T, Doiche DP,
Amorim RL. Survey radiography and computerized tomography imaging of the thorax
in female dogs with mammary tumors. Acta Vet Scand. 2010 Mar 9;52(1):20. doi:
10.1186/1751-0147-52-20. PMID: 20214816; PMCID: PM(C2843686.

Prather AB, Berry CR, Thrall DE. Use of radiography in combination with computed

tomography for the assessment of noncardiac thoracic disease in the dog and cat. Vet
Radiol Ultrasound. 2005;46(2):114-121. doi:10.1111/§.1740-8261.2005.00023.x

21



11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Froes, Tilde & Zwingenberger, Allison & Sato, Amy & Garcia, Daniela & Souza,
Andressa & Lemos, Raquel de Souza & Mai, Wilfried. (2014). Interobserver agreement
in interpretation of radiographic pulmonary changes in dogs in relation to radiology
training. Semina: Ciéncias Agrarias. 35. 2513. 10.5433/1679-0359.2014v35n5p2513.

Reese DJ, Green EM, Zekas LJ, Flores JE, Hill LN, Winter MD, Berry CR, Ackerman
N. Intra- and interobserver variability of board-certified veterinary radiologists and
veterinary general practitioners for pulmonary nodule detection in standard and inverted

display mode images of digital thoracic radiographs of dogs. ] Am Vet Med Assoc. 2011
Apr 15;238(8):998-1003. doi: 10.2460/javma.238.8.998. PMID: 21492042.

Pacholec C, Lisciandro GR, Masseau I, Donnelly L, DeClue A, Reinero CR. Lung
ultrasound nodule sign for detection of pulmonary nodule lesions in dogs: Comparison
to thoracic radiography using computed tomography as the criterion standard [published
correction appears in Vet J. 2022 Jul;285:105855. doi: 10.1016/j.tvj1.2022.105855]. Vet
J.2021;275:105727. doi:10.1016/5.tvj1.2021.105727

Burti S, Longhin Osti V, Zotti A, Banzato T. Use of deep learning to detect cardiomegaly
on thoracic radiographs in dogs. Vet J. 2020 Aug;262:105505. doi:
10.1016/j.tvj1.2020.105505. Epub 2020 Jul 7. PMID: 32792095.

Lamb CR, Pfeiffer DU, Mantis P. Errors in radiographic interpretation made by
veterinary students. J Vet Med Educ. 2007;34(2):157-159. doi:10.3138/jvme.34.2.157

Froes, Tilde & Zwingenberger, Allison & Sato, Amy & Garcia, Daniela & Souza,
Andressa & Lemos, Raquel de Souza & Mai, Wilfried. (2014). Interobserver agreement
in interpretation of radiographic pulmonary changes in dogs in relation to radiology
training. Semina: Ciéncias Agrarias. 35. 2513. 10.5433/1679-0359.2014v35n5p2513.

Lim SS, Phan TD, Law M, Goh GS, Moriarty HK, Lukies MW, Joseph T, Clements W.
Non-radiologist perception of the use of artificial intelligence (Al) in diagnostic medical
imaging reports. J Med Imaging Radiat Oncol. 2022 Dec;66(8):1029-1034. doi:
10.1111/1754-9485.13388. Epub 2022 Feb 21. PMID: 35191186; PMCID:
PMC10078783.

MS, Jimmy & DVM, Albert & PhD, Gary. (2005). A retrospective evaluation of the
radiographic evidence of pulmonary metastatic disease on initial presentation in the dog.
Veterinary Radiology. 31. 79 - 82. 10.1111/j.1740-8261.1990.tb00787 .x.

Joly H, d'Anjou MA, Alexander K, Beauchamp G. Comparison of single-slice computed
tomography protocols for detection of pulmonary nodules in dogs. Vet Radiol
Ultrasound. 2009 May-Jun;50(3):279-84. doi: 10.1111/5.1740-8261.2009.01534 x.
PMID: 19507391.

Woodard PK, Slone RM, Sagel SS, et al. Detection of CT-proved pulmonary nodules:
comparison of selenium-based digital and conventional screen-film chest radiographs.
Radiology. 1998;209(3):705-709. doi:10.1148/radiology.209.3.9844662

Schaefer, Juergen & Vollmar, J & Schick, F & Seemann, M & Kamm, P & Erdtmann,
B & Claussen, Claus. (2005). Detektion von Lungenrundherden mit der
Magnetresonanztomographie in Atemanhaltetechnik im Vergleich zur Spiral-
Computertomographie. Rofo-fortschritte Auf Dem Gebiet Der Rontgenstrahlen Und Der

22



22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Bildgebenden Verfahren - ROFO-FORTSCHR RONTGENSTRAHL. 177. 41-49.
10.1055/s-2004-813857.

Loverdos K, Fotiadis A, Kontogianni C, Iliopoulou M, Gaga M. Lung nodules: A
comprehensive review on current approach and management. Ann Thorac Med.
2019;14(4):226-238. doi:10.4103/atm. ATM_110 19

Truong MT, Sabloff BS, Ko JP. Multidetector CT of solitary pulmonary nodules. Radiol
Clin North Am. 2010;48(1):141-155. doi:10.1016/.rc1.2009.09.005

Lamb CR, Whitlock J, Foster-Yeow ATL. Prevalence of pulmonary nodules in dogs with
malignant neoplasia as determined by CT. Vet Radiol Ultrasound. 2019 May;60(3):300-
305. doi: 10.1111/vru.12723. Epub 2019 Feb 19. Erratum in: Vet Radiol Ultrasound.
2019 Sep;60(5):606. PMID: 30784158.

Lang, Johann & Wortman, Jeffrey & Glickman, Larry & BIERY, DARRYL & RHODES,
W.. (2005). Sensitivity of radiographic detection of lung metastasis in the dog.
Veterinary Radiology. 27. 74 - 78. 10.1111/j.1740-8261.1986.tb00006.x.

Chalmers N, Best JJ. The significance of pulmonary nodules detected by CT but not by
chest radiography in tumour staging. Clin Radiol. 1991;44(6):410-412.
doi:10.1016/s0009-9260(05)80661-0

Lekshmi, S.L., Sudheesh, S. N., Sajitha, I.S., Soumya, R., Narayanan, M.K. and John
Martin, K.D. 2021. Radiographic assessment of pulmonary metastatic lesions in

superficial cutaneous and mammary neoplasms in dogs. J. Vet. Anim. Sci. 52(4):393-
398.

Taylor AG, Mielke C, Mongan J. Automated detection of moderate and large
pneumothorax on frontal chest X-rays using deep convolutional neural networks: A
retrospective  study. PLoS Med. 2018 Nov 20;15(11):e1002697.  doi:
10.1371/journal.pmed.1002697. PMID: 30457991; PMCID: PMC6245672.

Burns JE, Yao J, Muinoz H, Summers RM. Automated Detection, Localization, and
Classification of Traumatic Vertebral Body Fractures in the Thoracic and Lumbar Spine
at CT. Radiology. 2016 Jan;278(1):64-73. doi: 10.1148/radiol.2015142346. Epub 2015
Jul 14. PMID: 26172532; PMCID: PMC4699497.

Rajpurkar, Pranav & Irvin, Jeremy & Zhu, Kaylie & Yang, Brandon & Mehta, Hershel
& Duan, Tony & Ding, Daisy & Bagul, Aarti & Langlotz, Curtis & Shpanskaya, Katie
& Lungren, Matthew & Ng, Andrew. (2017). CheXNet: Radiologist-Level Pneumonia
Detection on Chest X-Rays with Deep Learning.

Hua KL, Hsu CH, Hidayati SC, Cheng WH, Chen YJ. Computer-aided classification of
lung nodules on computed tomography images via deep learning technique. Onco
Targets Ther. 2015 Aug 4;8:2015-22. doi: 10.2147/OTT.S80733. PMID: 26346558;
PMCID: PMC4531007.

Lakhani P, Sundaram B. Deep Learning at Chest Radiography: Automated Classification

of Pulmonary Tuberculosis by Using Convolutional Neural Networks. Radiology.
2017;284(2):574-582. doi:10.1148/radiol.2017162326

23



33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Tataru, Christine A.. “Deep Learning for abnormality detection in Chest X-ray images.”
(2017).

Gale, William & Oakden-Rayner, Luke & Carneiro, Gustavo & Bradley, Andrew &
Palmer, Lyle. (2017). Detecting hip fractures with radiologist-level performance using
deep neural networks.

Lee H, Tajmir S, Lee J, et al. Fully Automated Deep Learning System for Bone Age
Assessment. J Digit Imaging. 2017;30(4):427-441. doi:10.1007/s10278-017-9955-8

Miiller TR, Solano M, Tsunemi MH. Accuracy of artificial intelligence software for the
detection of confirmed pleural effusion in thoracic radiographs in dogs. Vet Radiol
Ultrasound. 2022 Sep;63(5):573-579. doi: 10.1111/vru.13089. Epub 2022 Apr 22.
Erratum in: Vet Radiol Ultrasound. 2023 Jan;64(1):155. PMID: 35452142.

Banzato T, Wodzinski M, Tauceri F, Dona C, Scavazza F, Miiller H, Zotti A. An Al-
Based Algorithm for the Automatic Classification of Thoracic Radiographs in Cats.
Front Vet Sci. 2021 Oct 15;8:731936. doi: 10.3389/fvets.2021.731936. PMID:
34722699; PMCID: PMC8554083.

Boissady E, de La Comble A, Zhu X, Hespel AM. Artificial intelligence evaluating
primary thoracic lesions has an overall lower error rate compared to veterinarians or

veterinarians in conjunction with the artificial intelligence. Vet Radiol Ultrasound. 2020
Nov;61(6):619-627. doi: 10.1111/vru.12912. Epub 2020 Sep 29. PMID: 32996208.

Banzato, T., Wodzinski, M., Burti, S. et al. chexne thoracic radiographs using deep
learning. Sci Rep 11, 3964 (2021). https://doi.org/10.1038/s41598-021-83515-3

Adrien-Maxence H, Emilie B, Alois C, Michelle A, Kate A, Mylene A, David B, Marie
S, Jason F, Eric G, Séamus H, Kevin K, Alison L, Megan M, Hester M, Jaime RJ, Zhu
X, Micaela Z, Federica M. Comparison of error rates between four pretrained DenseNet
convolutional neural network models and 13 board-certified veterinary radiologists

when evaluating 15 labels of canine thoracic radiographs. Vet Radiol Ultrasound. 2022
Jul;63(4):456-468. doi: 10.1111/vru.13069. Epub 2022 Feb 8. PMID: 35137490.

Boissady E, De La Comble A, Zhu X, Abbott J, Adrien-Maxence H. Comparison of a
Deep Learning Algorithm vs. Humans for Vertebral Heart Scale Measurements in Cats

and Dogs Shows a High Degree of Agreement Among Readers. Front Vet Sci. 2021 Dec
9;8:764570. doi: 10.3389/fvets.2021.764570. PMID: 34957280; PMCID: PMC8695672.

Li S, Wang Z, Visser LC, Wisner ER, Cheng H. Pilot study: Application of artificial
intelligence for detecting left atrial enlargement on canine thoracic radiographs. Vet
Radiol Ultrasound. 2020 Nov;61(6):611-618. doi: 10.1111/vru.12901. Epub 2020 Aug
11. PMID: 32783354; PMCID: PMC7689842.

Yoon Y, Hwang T, Lee H. Prediction of radiographic abnormalities by the use of bag-
of-features and convolutional neural networks. Vet J. 2018 Jul;237:43-48. doi:
10.1016/}.tvjl.2018.05.009. Epub 2018 May 29. PMID: 30089544.

Kim E, Fischetti AJ, Sreetharan P, Weltman JG, Fox PR. Comparison of artificial
intelligence to the veterinary radiologist's diagnosis of canine cardiogenic pulmonary

24



45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

edema. Vet Radiol Ultrasound. 2022 May;63(3):292-297. doi: 10.1111/vru.13062. Epub
2022 Jan 19. PMID: 35048445.

Longo F, Nicetto T, Banzato T, Savio G, Drigo M, Meneghello R, Concheri G, Isola M.
Automated computation of femoral angles in dogs from three-dimensional computed

tomography reconstructions: Comparison with manual techniques. Vet J. 2018
Feb;232:6-12. doi: 10.1016/j.tvjl.2017.11.014. Epub 2017 Dec 5. PMID: 29428094.

Schmid D, Scholz VB, Kircher PR, Lautenschlaeger IE. Employing deep convolutional
neural networks for segmenting the medial retropharyngeal lymph nodes in CT studies
of dogs. Vet Radiol Ultrasound. 2022 Nov;63(6):763-770. doi: 10.1111/vru.13132.
Epub 2022 Jul 25. PMID: 35877815; PMCID: PMC9796347.

Shaker R, Wilke C, Ober C, Lawrence J. Machine learning model development for
quantitative analysis of CT heterogeneity in canine hepatic masses may predict
histologic malignancy. Vet Radiol Ultrasound. 2021 Nov;62(6):711-719. doi:
10.1111/vru.13012. Epub 2021 Aug 26. PMID: 34448312.

Nam JG, Park S, Hwang EJ, Lee JH, Jin KN, Lim KY, Vu TH, Sohn JH, Hwang S, Goo
JM, Park CM. Development and Validation of Deep Learning-based Automatic
Detection Algorithm for Malignant Pulmonary Nodules on Chest Radiographs.
Radiology. 2019 Jan;290(1):218-228. doi: 10.1148/radiol.2018180237. Epub 2018 Sep
25. PMID: 30251934.

Pesce E, Joseph Withey S, Ypsilantis PP, Bakewell R, Goh V, Montana G. Learning to
detect chest radiographs containing pulmonary lesions using visual attention networks.
Med Image Anal. 2019;53:26-38. doi:10.1016/j.media.2018.12.007

Rubin GD. Lung nodule and cancer detection in computed tomography screening. J
Thorac Imaging. 2015;30(2):130-138. doi:10.1097/RT1.0000000000000140

Rubin GD, Roos JE, Tall M, et al. Characterizing search, recognition, and decision in
the detection of lung nodules on CT scans: elucidation with eye tracking. Radiology.
2015;274(1):276-286. doi:10.1148/radiol. 14132918

Pinsky PF, Gierada DS, Nath PH, Kazerooni E, Amorosa J. National lung screening trial:
variability in nodule detection rates in chest CT studies. Radiology. 2013
Sep;268(3):865-73. doi: 10.1148/radiol.13121530. Epub 2013 Apr 16. PMID: 23592767,
PMCID: PMC3750416.

Pomerantz LK, Solano M, Kalosa-Kenyon E. Performance of a commercially available
artificial intelligence software for the detection of confirmed pulmonary nodules and
masses in canine thoracic radiography. Vet Radiol Ultrasound. 2023 Sep;64(5):881-889.
doi: 10.1111/vru.13287. Epub 2023 Aug 7. PMID: 37549965.

Niesterok C, Piesnack S, Kohler C, Ludewig E, Alef M, Kiefer L
Computertomographische Untersuchungen mit computerassistierter Detektion von
pulmonalen Rundherden bei Hund und Katze [Computed tomography with computer-

assisted detection of pulmonary nodules in dogs and cats]. Tierarztl Prax Ausg K
Kleintiere Heimtiere. 2015;43(6):381-388. doi:10.15654/TPK-150048

25



8.  Acknowledgements

I would like to express my deepest gratitude to my supervisor, Dr. Arany-Toth Attila, for his
invaluable guidance, support, and encouragement throughout my research journey. His
expertise and insights have been instrumental in shaping this thesis, and his patience and
dedication made this challenging process a rewarding experience. I am deeply appreciative

of the time and effort he has invested in my work, as well as his belief in my potential.

Thank you for being a mentor, a motivator, and an inspiration. This thesis would not have

been possible without your support

26



S

UNIVERSITY OF VETERINARY MEDICINE, BUDAPEST

founded in 1787, EU-accredited since 1995

INTERNATIONAL STUDY PROGRAMS

secretary, student@univet.hu

Thesis progress report for veterinary students

Name of student: ............ Guo Jiaen

Neptun code of the student:

Name and title of the supervisor:

....................................

........................

...........................................

dr. Arany-Toth Attila, PhD, associate professor

W3l2’

Department: Department of Surgery
Thesis title: The use of artificial intelligence in CT diagnostics of
pulmonary nodules in canine patients
Consultation — 1st semester
Timing
- Topic / Remarks of the supervisor | Signature of the supervisor
year | month | day
1| 2023. 09. 18. Topic selection //é 2 //%z\
2023, 10. 01. Source of literature, keywords for T e
2. searching, research plan S 5/\/// 2N
3 | 2023. 10. 22. Evaluation of the available //ﬁ VAN
literature data
. | 223 | 1L | oz Getting familiar with the Al DL
! AN
software AN
2023. i B 16. First experience with data o 8 2 /
){ w M ]
> collection )/ \/\d\,{} g )
~— Grade achieved at the end of the first semester: ......5........... \Q ] /\ P
UDApL>”
Consultation — 2nd semester
Timing
Topic / Remarks of the supervisor | Signature of the supervisor
year | month | day
2024. 02. 02. First impressions about data oz A
L analysis % P éf
2. 2024. 03. 03, Conclusion of data analysis 7
2L L
2024. 03. 20. Preliminary evaluation of the W &
= written thesis 1. /@ ' /é 7 Z

N



NIVERSITY OF VETERINARY MEDICINE, BUDAPEST

INTERNATIONAL STUDY PROGRAMS

founded in 1787, EU-accredited since 1995

secretary, student@univet.hu

4 | 2024 Preliminary evaluation of the 4 %
written thesis II. =
P ,‘\)D - MA"/},
5. | 2024. RS \\ \
Grade achieved at the end of the second semester: \\4 .;,.\..'.' ; V) =/

/

~SUpapL

The thesis meets the requirements of the Study and Examination Rules of the University and

the Guide to Thesis Writing.

I accept the thesis and found suitable to defense,




