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Artificial Intelligence at Antech Imaging Services
by Diane U. Wilson, DVM, DACVR

»  Artificial Intelligence (Al) is undeniably a part of our everyday lives. As veterinarians, we have a responsibility to
educate ourselves about Al and the impact it will have on our practices and our patients’ care.

»  This article explains machine learning in the context of veterinary imaging diagnostics and reviews how AIS is
uniquely positioned to develop a strong and accurate Al product.

We think we know about artificial intelligence (Al) and machine learning (ML). After all, we encounter
it every day in our activities of daily living. Artificial intelligence can be convenient when it targets news topics
tailored to our interests on our electronic devices. We might find it annoying, or even an invasion of privacy,
when it targets marketing ads to our most common internet searches. We are fascinated when our Alexa,
Cortana or Google device can seemingly hold a conversation with us. We can be excited at the prospect of
how Al might improve our quality of life and, at the same time, feel concerned that Al may someday achieve
consciousness and begin making decisions that can be catastrophic like some Hollywood movie scenario. In
preparing to further interact with Al in veterinary medicine, we need to resolve this conflict between opti-
mism and pessimism. To do that, we must first understand the difference between generative and discrimina-
tive machine learning.

MACHINE LEARNING

In generative machine learning models (or algorithms), the machine can create
solutions not previously programmed. One example is the chatbot, ChatGPT,
which can learn, create and evolve conversations as it is being used. Whereas,
in discriminative machine learning models, the machine resolves informa-
tion only into classifications for which it is programmed. That is, it only
identifies and categorizes whatever it was initially trained to identify and
categorize. A discriminative learning model cannot evolve to something
more. Currently, AIS uses only discriminative models for machine learn-
ing techniques. (Figure 1)

Regardless of whether you are optimistic or pessimistic, there is
already significant use of Al in veterinary medicine. As in other areas
of everyday living, the use of artificial intelligence can be transparent to
the user. Whether the end user is a general practitioner, veterinary technician,
or specialist, it may not be evident that artificial intelligence was employed,

wholly or in part, to reach an objective. Sometimes, Al is used to assist another
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Figure 1. Types of Machine Learning
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As with any new technology, Al must be respected for the
infant technology that it is. As developers and users, we are respon-
sible to educate ourselves on the capabilities and limitations of the
machine. End users must understand the differences between any
new tools and traditional tools on which we currently rely. Developers
must fully think through and map out the implications of the new tool.
This means not only focusing on the benefits it brings, but fully weighing the
harm it might do and taking responsible steps to mitigate it.

There are three major components necessary to create a strong and accu-
rate Al tool. Building Al models requires massive amounts of data, domain spe-
cialists and data scientists. Antech Imaging Services (AlIS) and Mars are uniquely
poised to bring all the necessary components together to build Al diagnostic tools
to better patient throughput, speed information to point of care, and better vet-
erinary medicine for pets, clients, veterinarians, and technicians.

Artificial Intelligence
is Already Present

in Veterinary Medicine

Workflows are enhanced with Al every day. Artificial intelligence is tackling mundane tasks such as in-
stantaneous measurements for vertebral heart size, linear and volumetric measurements, orienting images for
viewing, and identifying and mechanically counting cells on a slide. This allows specialists, veterinarians, and
technicians to focus human attention where it is needed most—on the patient.

Reports are created in seconds and sent to practitioners from several specialties allowing next steps in
patient care to occur sooner. Machine generated reports save practitioners time in writing the medical record
and further allow their attention to be on patients and clients.

In pathology, Al recognizes and counts mitotic figures and can differentiate tissue types to assist pa-
thologists in their workflow. In cardiology, machine learning is used to read electrocardiograms and provide
information back to the practitioner in a matter of minutes. This is valuable for pre-anesthetic workups where
timely information helps practitioners make decisions regarding whether to proceed with elective surgeries
and whether special pre-cautions are necessary in urgent surgeries. In human medicine, Al is used to monitor
patients during anesthesia. There has been interest expressed among veterinary anesthesiologists to have Al

monitor our veterinary patients.
Continued on next page 2
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Machine Learning
Must be Carried

Out Responsibly

As stated previously, it is crucial for end users and developers alike to become educated and understand both
the positive and negative implications of a given Al tool. There are three main requirements to developing
strong and accurate models. These are massive amounts of data, data scientists, and domain experts.

We will discuss these from the point of view of diagnostic imaging.

Massive amounts of data are needed to train a model on each finding. Without data, we can-
not reliably assert claims of accuracy, sensitivity, and specificity. In people, we say one is an
expert at a particular imaging finding when there is experience of at least 500 cases of that
finding. Unfortunately, it is not so for a machine to learn. At AlS, we have determined that
we can be confident of the measured level of accuracy, sensitivity, and specificity of a model
for a particular finding, when the model has encountered four to five thousand instances of
that finding. For common findings, like a pulmonary bronchial pattern, the necessary number
of cases to ensure accuracy can be easy to acquire. For less common findings such as disko-
spondylitis, it can take longer and require collaboration between multiple groups to gain the
necessary number of cases to confidently train the model.

In addition to many cases needed to train the model, many more cases of a particu-
lar finding are necessary to test the model. After a model is deemed accurate on a particular
finding and so, can be released for use as a diagnostic tool to hospitals, the model must be
periodically tested to ensure continued accuracy and that no drift has occurred. Drift occurs
when there are subtle changes to the environment such as changes/improvements in equip-
ment over time, changes in the electronic space, changes/advances in technique, etc. Each
time a model for a given finding is tested, many more cases with that finding are needed to
confidently assess the accuracy, sensitivity, and specificity and make any necessary adjust-
ments. If adjustments are made, more data is needed to test those adjustments.

Domain experts (board certified specialists) are needed to train and measure the accuracy

of each model. Radiologists (pathologists, cardiologists, dentists, etc.) spend hours labeling

Domain images and offering corrected data to be used to train, assess, and retrain the machine.

Experts Moreover, it is necessary to include a team of domain experts so that consensus can be
reached, and the machine is not trained on the opinion of one individual. Third party inves-

tigations should be used to validate accuracy against known cases.

Data scientists are the basis of the programming team required to develop model algorithms.
The best teams include data scientists with vision for the product, strong collaboration with
domain experts, and knowledge of end user needs. A diverse team with unique subspe-
cialties (segmentation, regression, data analysis, various software) as well as a solid under-
standing of all aspects of data science make for a most robust team able to tackle obstacles
with creative solutions.

Continued on next page 3
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Al at AIS
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AIS and Mars are uniquely positioned with in-house access to all three major requirements for devel-
oping a strong, accurate Al product. AIS has been offering teleradiology services since 1999. With 24 years of
board-certified radiologist reports and approximately 8 billion stored images, massive amounts of data are
readily available. Many of the cases have follow-up from hospitals and pathology reports with definitive diag-

nosis.

Fifteen board certified radiologists on the AIS Al team work tirelessly to label images, provide feedback
on Al evaluations and maintain quality control on pilot study reports to ensure patient care remains para-
mount. The Mars Science and Diagnostics Next Generation Technologies Team includes the AlS-funded team of
ten data scientists, each with extensive experience, a unique set of qualifications and a broad understanding of

machine learning.

The result is AIS’ RapidRead Radiology which has been in pilot studies for nearly two years in the US
and Europe. With the help of both Mars family and non-Mars family hospitals who participate in the pilot stud-
ies, RapidRead Radiology has developed into a robust diagnostic tool providing expert-level consultation for
many findings in a matter of minutes. During the pilot studies, RapidRead has proven useful to general prac-
titioners, specialists and overnight and emergency care doctors. RapidRead Radiology currently evaluates for
50+ findings in the thorax, abdomen and limbs of dogs and cats (Figure 2) with no finding being released unless
it is proven to be at least 95% as accurate as the consensus of our team of board-certified radiologists.

Figure 2. List of findings available for evaluation with RapidRead Radiology

Cardiovascular
Cardiomegaly

Left Atrial Enlargement

Left Ventricular Enlargement
Right Atrial Enlargement
Right Ventricular Enlargement
Main Pulmonary Artery
Enlargement

Aortic Arch Enlargement
Heart Base Mass Effect
Microcardia

Vertebral Heart Score

Pleural Space
Pleural Mass Effect

Pneumothorax
Sign(s) of Pleural Effusion
Thin Pleural Fissure Line(s)

Pulmonary Structures

Pulmonary Interstitial - Nodule(s)

Tracheal Narrowing or Opacity
Alveolar Pattern

Bronchial Pattern

Pulmonary Interstitial -
Unstructured

Pulmonary Vascular

Mediastinum

Mediastinal Widening/Opacity
Sternal Lymph Node
Enlargement

Gastrointestinal

Gastric Dilatation Volvulus
Small Intestinal Obstruction
Small Intestinal Foreign Body

Gastric Distention
Foreign Material (debris)
Esophageal Dilation
Gastric Distention

Hepatobiliary
Hepatomegaly

Hepatic Mineralization

Other Abdominal
Cranial Abdominal Mass
Mid Abdominal Mass
Caudal Abdominal Mass
Decreased Serosal Detail
Splenomegaly

Skeletal
Aggressive Bone Lesion

Limb Fracture

Stifle Effusion

Sign(s) of IVDD
Degenerative Joint Disease
Spondylosis

Soft Tissue

Subcutaneous Mass
Subcutaneous Nodule

Fat Opacity Mass (e.g., Lipoma)

Urogenital
Urinary Bladder calculus/calculi

Misshapen Kidney(s)
Small Kidney(s)

Renal Mineralization
Uterine Enlargement
Prostatic Enlargement
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Figure 3. Pie chart showing quality control statistics for the percent of RapidRead reports that contribute useful information to
a given case without radiologist oversight. With radiologist oversight, accuracy and contribution of information to a given case
approaches 100%.

Quality Control Statistics

B Al alone answers clinical question

Radiologist oversight adds significant information

Inappropriate case (Al not trained in submitted body part,
species, modality)

Clinical application of a list of findings means several different findings can be present in any given
report. Each individual finding may have an accuracy of at least 95%; however, consideration must be given to
the report’s overall contribution of information to the case.

AlS’ current quality control statistics demonstrate that the RapidRead tool adequately answers the
clinical question associated with any given case 82% of the time when used alone and without radiologist over-
sight. When radiologist oversight is employed with RapidRead review, the number of reports that contribute
significant information to a case increases to 92%. The remaining 8% of cases that are submitted are inappro-
priate for RapidRead review because Al is not trained for the body part, species, or modality in the submitted
images. (Figure 3)

Radiologist accuracy has been reported at roughly 96% (only 4% error rate). For this reason, AlS imple-
ments a strong system of quality control with board certified radiologists readily in the loop through daily qual-
ity review of submitted cases, auto-routing of emergent findings for radiologist review, and one-click submis-
sion to request a radiologist review. When the RapidRead tool is used properly, and in conjunction with robust
radiologist oversight, contribution of useful information for the case and accuracy approach 100%.

Despite the high level of agreement between RapidRead and radiologist read reports, understanding
proper use of Al for generating radiology reports remains the driving factor for how useful such a tool can be
for an individual clinic. Given the similarity in appearance and ‘feel’ of the RapidRead report (Figure 4) and
a report from a radiologist, it’s easy to fall into the belief that RapidRead is the equivalent of a ‘mechanical

Figure 4. Example of AIS traditional radiology vs. AIS RapidRead Radiology reports

Continued on next page 5§
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radiologist’ evaluating for all possible abnormalities just like a radiologist. However, this is far from the case. An
artificial intelligence model will only evaluate for those findings for which is has been trained. For example, in
looking at the list of findings for RapidRead (Figure 2), it’s evident that pregnancy check (puppy count) is not on
the list. To submit a consult to RapidRead expecting to learn if the patient is pregnant or how many puppies are
present would not yield useful information. Consider the analogy of a complete blood count (CBC) vs. a chem-
istry panel. We wouldn’t submit a CBC expecting to receive liver enzyme information since we understand that
liver enzyme levels are not part of the CBC testing tool. Approximately 8% of the cases submitted to RapidRead
are inappropriate for evaluation by the machine. That is, a body part, species, or modality is included for which
the machine is not yet trained.

It’s also important to remember the difference between discriminative and generative Al models
described earlier in this article and that RapidRead is built with discriminative Al programming models, not
generative models. It is not programmed for independent learning. Therefore, to submit images of a body part
or species currently not evaluated by RapidRead and expecting it to ‘learn’ from those images would also not
be useful.

On the other hand, RapidRead is extensively trained in the findings listed in Figure 2. For example, if we
are looking to learn if a patient has cardiac or lung changes that might contraindicate anesthesia or looking to
determine if a patient with gastrointestinal signs is obstructed, then RapidRead is a very useful tool to speed
expert level information to point of care in a matter of minutes (vs. hours to days for traditional radiologist
reads).

RapidRead Dental & RapidRead ECG

In addition to Expanding findings and further refining RapidRead Radiology, RapidRead Dental and
RapidRead ECG will be available soon.

RapidRead Dental pilot studies are already underway. RapidRead Dental will be a game changer. Cur-
rently, a clinic may receive a patient for COHAT (Comprehensive Oral Health Assessment and Treatment), place
the patient under anesthesia, obtain radiographs, send the radiographs off for consultation, finish scaling the
patient’s teeth and then make on-the-spot calls for whether to remove certain grossly abnormal teeth which
can sometimes be a difficult decision. Oftentimes, the protocol is ‘when in doubt, take it out’ and the tooth
is removed. With RapidRead Dental, the expert level dental report can be back to the veterinarian before the
scaling is complete (vs. hours to days as is currently the case). With the dental report in hand, the veterinarian
can make a more informed decision as to next steps.

RapidRead ECG will be available later in 2023 and will offer expert level ECG reads within minutes. This
will raise the level of pre-anesthetic evaluation by allowing veterinarians to make better informed decisions
regarding elective surgeries and precautionary measures for urgent surgeries.

RapidRead Dental
RapidRead ECG
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Conclusion

Artificial intelligence has entered our daily lives at an exciting--some might even say alarming--rate. As
with all new technology there is a period of learning and adjustment. With knowledge can come understand-
ing often followed by assimilation. The use of Al in veterinary medicine already exists in many areas including
workflow, measurement, and segmentation, and as a diagnostic tool in some specialties like pathology, cardiol-
ogy and diagnostic imaging.

Understanding the basics behind machine learning is the key to helping each of us best understand its
use in diagnostic imaging. Developers must understand that large amounts of data, data scientists and domain
experts are required to build a responsible and accurate Al product. End-users must understand the proper use
of Al tools to best benefit the patient. It is only when these factors come together that we can reach our end
goal of bettering the lives of pets and clients with artificial intelligence.
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