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ABSTRACT 

This lecture provides a non-technical introduction to the popular methodology of transfer learning. 

In this approach, a predictive model can be trained to perform a task using non-veterinary data 

and then adapted to a similar task relevant for non-human species. When transfer learning is 

successful, the resulting predictive models may outperform similar models trained only on 

veterinary data, and the demand for annotated veterinary data can be significantly reduced. 

Transfer learning thus may leverage the power of non-veterinary data sets, which are often larger 

and more readily accessible than comparable veterinary data, to build smarter veterinary AI 

applications. 

The basics of machine learning and transfer learning are discussed. We outline the advantages and 

important limitations of this technology, referring to examples of veterinary clinical and research 

applications throughout the scientific literature.  

We hope that by explaining transfer learning and exploring the types of veterinary applications 

that use this methodology, members across the veterinary profession will acquire foundational 

knowledge to support ongoing advocacy for veterinary informatics. 

 

Learning Objectives 

1. Define machine learning and transfer learning in non-technical language. 

2. Explain why transfer learning can be used to leverage knowledge from non-veterinary data sets and why 

this is useful for veterinary medicine. 

3. Identify the strengths and limitations of transfer learning as a method for building predictive models. 

4. Recognize a range of veterinary clinical and scientific prediction tasks that are supported by transfer 

learning. 

5. Explain how animals and people can benefit from predictive modeling and models developed using 

transfer learning.  



Introduction to Machine Learning 

A machine learning model is a mathematical function that maps some input A to some output B. 
An example is a model that accepts a histological photomicrograph of canine mammary tissue and 
predicts whether it is benign or malignant [1]. The key to machine learning is that instead of trying to tell 
the computer exactly what constitutes an image of a malignant tumor, the model is learned by being 
presented with a training set consisting of many examples of inputs and outputs. Once the model is 
trained, it can be used to classify images that it has not seen in its training set. In general, a model is 
designed to carry out a well-defined task, and its possible inputs and outputs are well defined. 

Computer vision is a broad area of computer science related to the analysis of visual input, and 
includes popular predictive tasks like image classification (assigning a label), object detection (placing a 
bounding box around detected objects), and segmentation (tracing the shape of objects). Vision models 
are important for veterinary clinical informatics because a variety of clinically significant data are images 
– ultrasound, MRI, radiographs, photographs, photomicrographs, etc. There are also machine learning 
predictive models designed to operate on text, audio, genomic sequences, ECG signals, and other 
diagnostic data. 

We will focus on a particular class of machine learning models called neural networks. Neural 
networks work by passing data through a sequence of data transformations called layers. The data 
transformation performed by a given layer can be completely determined by a set of numbers called 
weights, and the goal of learning is to find the optimal values for these weights for all layers in the 
network. The best weights are those that enable the network to most accurately map inputs to their 
corresponding outputs. 

Since the goal of learning is to make the output of the network close to the true label found in a 
training set, it is important to measure the distance between the current output and the expected output. 
For a given input, a loss function provides this measurement. It provides a loss score by comparing the 
prediction of the network with the true output. The fundamental idea behind neural network learning is 
that the loss score is used as a feedback signal to adjust the weights, in order to subsequently reduce the 
loss score on a particular input. This uses a mathematical process carried out by a module called an 
optimizer. Figure 1 represents these components of a neural network. 
 
Figure 1. Components of a neural network. Reprinted with permission from [2]. 

 



 The goal of training a network is to iteratively update network weights until we have found a set 
of weights that minimize the loss function for the images in the training set. The process involves the 
following steps. First, we start by initializing the network weights randomly. Then we select an image and 
run it through the network to get a prediction. Let’s say that this is an image of a malignant tumor, but 
the network predicts that it is benign. This results in a higher loss score, because the current prediction is 
far away from the truth. The optimizer notices that the loss score is high, and compensates by making the 
appropriate adjustment to the weights for each of the layers in the network. At this point, we are ready 
to start over by selecting a different image in the training set and repeating this procedure. 

The takeaway here is that network training is an iterative process that involves looping over a 
training data. 

 

Transfer Learning Fundamentals 

In transfer learning, knowledge acquired by one model is transferred and used to support the 
development of another model. There is a source task, and there is data available to train a model to 
perform this source task. The source model is used to influence training of a target model. The key idea 
behind transfer learning is that if the source and target tasks are sufficiently related, then the source 
model might provide some useful information to help improve the target model relative to a model 
trained from scratch on target data. This is especially important when the target data is scarce and unlikely 
to be sufficient on its own for training a model. 
 A basic two-step approach to transfer learning is: (1) Select a source model, and (2) Use the source 
model (with or without modifications) to continue training on some of the target data. Note that a source 
model can be developed by training a model on source data, or it can be selected from an assortment of 
pre-trained models that are publicly available. 
 In computer vision applications, it is common to use models pretrained on ImageNet, a dataset of 
14 million images of everyday objects like animals, plants, cars, and food [3]. Models such as AlexNet, 
GoogLeNet, ResNet, DenseNet, Inception, and VGG are some of the publicly available choices. One 
approach to transfer learning involves passing images through some of the initial layers of one such 
pretrained model, in order to obtain some intermediate data which is then used to train a separate target 
model. In this context, the intermediate data derived from an image is called a feature vector and the 
process of using part of the source model to convert the image into a feature vector is called feature 
extraction. Even though ImageNet may not contain many clinical images, this approach can be 
appropriate for clinical tasks because there are visual similarities (edges, shapes, and texture) in the 
ImageNet data that may be relevant to a specialized target task [4]. 
  

Applications of Transfer Learning in Veterinary Medicine 

Transfer learning has been applied across a range of tasks and specialty areas in veterinary medicine. 
Some examples were presented. 
 
Computer Vision 

• Radiology 

o Ultrasound 

▪ Detecting degenerative hepatic disease in canine liver US images [5] 

o MRI 

▪ Predicting grade of meningioma from canine MRI [6] 

▪ Distinguishing meningiomas and glioma in canine MRI [7] 



o X-ray 

▪ Interpreting canine thoracic radiographs [8] 

▪ Interpreting canine and feline thoracic radiographs [9] 

▪ Detecting hip joints and hip dysplasia from VD pelvic radiographs [10] 

• Animal phenotyping 

o Dog breed classification [11,12] 

o Dog identification [12] 

o Sheep facial expression (pain vs. no pain) classification [13] 

o Estimating BCS in dairy cows [14] 

• Ophthalmology 

o Classifying severity of canine ulcerative keratitis [15] 

• Histopathology 

o Malignancy classification of canine mammary tumor [1] 

o Detecting neutrophil clusters in mouse lung [16] 

o Classifying normal vs. grade 1 canine soft tissue sarcoma [17] 

• Pose estimation 

o Pose estimation in horses [18] 

• Conservation medicine 

o Classifying marine animals from underwater images [19] 

o Unique animal identification [20] 

o Aquatic animal image classification [21] 

Non-visual tasks 

• Audio 

o Bird species classification from song [22] 

o Cat sound classification [23] 

• Bioinformatics 

o Predicting antibiotic class to which a gene might confer resistance [24] 

o Predicting deleterious mutations in coding regions of mouse, dog, and cattle [25] 

o Pretrained “Evolutionary Scale Model” [26] 

• Text 

o Assigning diagnosis codes to free-text clinical notes [27] 

o Determining indications for antibiotic administration from clinical note text [28] 

• Electrocardiogram analysis 

o ECG beat classification in horses [29] 

Discussion 

Transfer learning has been used to solve a diverse set of problems in veterinary medicine. In the 
domain of computer vision, many studies leverage neural network models pretrained on ImageNet, but 
note that such studies may not actually use the words “transfer learning” and they are not always explicit 
about how the source models were pretrained. It is also not unusual for studies to apply transfer learning 
without assessing an alternative methodology that does not involve transfer learning [1,5,7,8,10–
13,15,16,19–21,23]. This seems to indicate that the described methods are widely accepted in vision 
applications. 



In some domains (e.g. outside of computer vision), it is more typical for a study to compare a 
transfer learning-based approach to an alternative method such as a model trained from scratch on the 
dataset of interest [6,9,14,17,18,22,24,25,27–29]. These studies show that sometimes transfer learning is 
the most effective approach, but occasionally a model trained from scratch is most appropriate [6,14]. 
The latter may be true when there is insufficient target data to train a larger model typical in some transfer 
learning scenarios, or when the source data is insufficiently similar to the target data with respect to the 
desired prediction task. In particular, pretraining on human data can improve learning on veterinary tasks 
[24,25], or it may bias the model and cause decreased performance on veterinary data [9]. This suggests 
that transfer learning is an exciting and powerful tool, but that its utility needs to be confirmed on any 
particular task of interest. 

 

Conclusion 

 This presentation illustrated how human data can be leveraged to build smarter veterinary AI. 
However, depending on the task, human clinical data might be too specialized and may reduce the 
effectiveness of a model intended to be trained on veterinary data. Alternatively, there are large amounts 
of generic human-generated data or unlabeled veterinary clinical data that may provide utility in these 
cases. 
 Because transfer learning is a method for leveraging the power of larger datasets, it can be a 
powerful tool in veterinary medicine. It should be considered wherever feasible, but it will not be the best 
approach in every situation. Results should always be subjected to a fair evaluation to determine if 
transfer learning is beneficial for a particular task. 
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