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Efficient Transfer Learning using Pre-trained
Models on CT/MRI

Abstract—The medical imaging field has unique obstacles to
face when performing computer vision classification tasks. The
retrieval of the data, be it CT scans or MRI, is not only
expensive but also limited due to the lack of publicly available
labeled data. In spite of this, clinicians often need this medical
imaging data to perform diagnosis and recommendations for
treatment. This motivates the use of efficient transfer learning
techniques to not only condense the complexity of the data as
it is often volumetric, but also to achieve better results faster
through the use of established machine learning techniques
like transfer learning, fine-tuning, and shallow deep learning.
In this paper, we introduce a three-step process to perform
classification using CT scans and MRI data. The process makes
use of fine-tuning to align the pretrained model with the target
class, feature extraction to preserve learned information for
downstream classification tasks, and shallow deep learning to
perform subsequent training. Experiments are done to compare
the performance of the proposed methodology as well as the
time cost trade offs for using our technique compared to other
baseline methods. Through these experiments we find that our
proposed method outperforms all other baselines while achieving
a substantial speed up in overall training time.

Index Terms—CT Scans, MRI, Transfer learning, Fine-tuning,
Feature Extraction

I. INTRODUCTION

Computer vision within the medical field suffers from a
variety of issues, namely the lack of labelled medical imaging
data, inherent imbalances regarding distribution, and a lack
of resources (financial, computational, expertise, etc.) to label
what little imaging data already exists. Within the medical
imaging domain there is a substantial cost in terms of training
time and resources as the data often involves height, width,
and an additional dimension: depth [11]. A lack of imaging
data is commonly alleviated with the use of transfer learning
and data augmentation as demonstrated through [17]. Through
this and other works like [13] and [24], common valuable
features can be shared across multiple imaging domains, even
from unrelated areas like ImageNet [6] to the medical imaging
domain. This allows a network to be trained on an abundance
of data with the weights being transferred into the relevant
domain to be further fine-tuned.

Imaging data is represented using a complex data structure,
often represented as H × W where H is the height of the image
and W is the width of the image. This gives the data by itself
a space complexity of O (H × W). Within the medical imaging
domain, it is even higher as there is an additional dimension:
depth. This leads to a space complexity of O (H × W × D),
where D is the depth. Due to this, the time and space needed to
train a model for medical imaging classification tasks is much

higher than other similar image classification tasks in different
domains [11]. Transfer learning is a technique that has arisen
to tackle this exact problem. Transfer learning involves taking
the weights of a deep learning model architecture already
trained for a specific classification task and applying those
weights to another deep learning model upon initialization.
The importance of transfer learning comes from the fact that
in most real-world problems, we do not have millions of
labeled data often needed to train these complex deep learning
architectures [3]. Therefore, using transfer learning allows us
to train the deep learning model much faster while achieving
higher results [3]. Despite this, there is still an issue where we
must train the newly initialized deep learning model using 3D
data. This means there is still a resource issue involving space
and hardware. This is because we still must load the data and
train the model while storing and updating weights during the
process [19].

A subset of transfer learning is feature extraction; in which
image data are passed through a pretrained model, and then fed
into a traditional machine learning architecture for classifica-
tion tasks. This technique helps circumvent the cost of training
and resources as it is far less computationally intensive [11].
There is, however, a notable tradeoff between using transfer
learning versus feature extraction: performance. Traditional
machine learning models are routinely surpassed by their
deep learning model counterpart [11]. Despite this, feature
extraction is still a viable approach, especially when combined
with shallow deep learning, as it still allows for generalization
due to the natural limitations of traditional machine learning
methods being less complex.

To solve these issues, we propose an efficient transfer learn-
ing pipeline that leverages knowledge learned from pretrained
models, performs light fine-tuning to allow the model to align
with the classification task, extracts the learned features after
fine-tuning, and trains a subsequent multi-layer perceptron
(MLP) for downstream classification tasks. This process solves
the issue of highly complex data structures, as the three-
dimensional input becomes one dimension through the process
of feature extraction. Likewise, the training of the MLP
through shallow deep learning is far less resource intensive
in regard to the time taken to complete training, allowing
for faster subsequent training for downstream classification
tasks while achieving strong performance. We measure this
by conducting experiments to evaluate the performance and
time cost of the proposed method compared to established
techniques like transfer learning and linear probing. Through
these experiments, we find that our proposed method outper-



Fig. 1. Overview of methodology using sample Walch CT scan as input. Output is classification of A1 or nonA1.

forms these baselines, while reducing training speeds by 40%
when compared to the transfer learning model. Subsequent
training using the shallow deep learning component compared
to the transfer learning model yields an even higher reduction
of 99%.

II. RELATED WORK

In this section, we will review works related to our proposed
methodology.

A. Transfer learning

In the past, traditional machine learning techniques relied on
handcrafted features to derive predictive characteristics from
imaging data. This has been surpassed by the use of deep
learning as seen in previous works like [12]. Transfer learn-
ing has drastically improved the time and space complexity
of medical imaging classification tasks as many pretrained
networks are available online to the research community [3].
Due to this, handcrafted features have been replaced by these
pretrained networks and is the standard approach for many
medical imaging classification and segmentation tasks [11].

Traditional fine-tuning using the pretrained model itself is
similarly popular and has been quite fruitful. Works like [8],
[4], and [18] have used pretrained networks like [21] and
[9] for medical imaging classification tasks and demonstrate
a clear improvement in performance when compared to its
feature extraction counterpart. While using transfer learning
and fine-tuning techniques have shown promising results,
the training of these models only slightly aids in the time
and space constraints that are often faced in these kinds of
classification tasks.

B. Feature extraction

An alternative to transfer learning is feature extraction,
where a pretrained deep learning model is used to extract fea-
tures, and those features are then fed into a traditional machine
learning model for training. This technique has been used
within the medical imaging domain to identify deformities and

anomalies. Previous works like [2], [13], and [24], have shown
that features extracted from pretrained networks without fine-
tuning using both 2D and 3D CNNs achieve high ranks in
medical imaging benchmarking competitions like SLIVER07
[20] and PROMISE12 [10].

Transfer learning and feature extraction are key elements to
our proposed method, as we leverage the pretrained weights
via transfer learning and employ additional fine-tuning to help
align the model with our classification task. This additionally
aids in the feature extraction process, as those features will
now be better fit for the given classification task at hand,
resulting in better performance.

III. METHODOLOGY

Our proposed methodology consists of three distinct steps:
fine-tuning, feature extraction, and shallow deep learning.
Figure 1 shows an overview of the proposed methodology.
Medical images are fed into the fine-tuning component, which
consists of a pretrained SwinViT model and a multi-layer
perceptron. The medical imaging data is input to the pretrained
model. This output is then pooled and flattened. This flattened
output is then the input to the MLP. This model is then
fine-tuned to align with the classification task. In the feature
extraction component, feature embeddings are extracted from
either of the two fully connected layers of the MLP using
an identity matrix followed by a flattening layer. This is
performed on every patient in the dataset, constructing a new
lightweight dataset consisting of extracted features fine-tuned
for the classification task at hand. In the shallow deep learning
component, the extracted feature dataset is then used to train
another smaller MLP for subsequent classification tasks in the
shallow deep learning process. In the following sections, we
will explore each component in more detail.

A. Fine-tuning

Swin UNETR [5] is a model created for segmentation of
brain tumors using CT scans. The encoder is a volumetric
Swin transformer [14] pretrained on 5,050 publicly available



Fig. 2. Pretrained Swin-UNETR model architecture [23].

CT scans from various body organs covering the head, neck,
chest, abdomen, and pelvis [23]. We will refer to this pre-
trained model as SwinViT. Let xi be a medical image from
dataset XS×H×W×D, where H is height, W is width, D is
depth, and S is the number of samples within the dataset.
Using the output of the Stage 4 of the SwinViT model
[23] ((H32 × W

32 × D
32 ) × 768), we perform a max pooling

and subsequent flattening operation to prepare for input into
the multi-layer perceptron for classification. The process is
summarized in equation 1.

SwinV iT (xi) =
H

32
× W

32
× D

32
× 768,

zi = Flatten(MaxPool3d(SwinV iT (xi))).
(1)

The multi-layer perceptron consists of two fully connected
layers followed by a classification layer. The process is sum-
marized in equation 2.

ŷi = MLP (zi) (2)

B. Feature extraction

For feature extraction, one of the fully connected layers
is taken from the fine-tuned model and an identity matrix
is applied so the shape and weights are preserved. For each
patient p in the dataset X , their medical imaging data xp

is passed through this feature embedding extraction module.
Each feature embedding e is flattened and then saved in a flat
file format, along with a primary key, resulting in the extracted
feature dataset LS×F , where F is the number of out features
of the selected fully connected layer in the MLP. The process
is summarized in equation 3.

ei = Identity(MLP (xi)),

li = Flatten(ei).
(3)

C. Shallow deep learning

For shallow deep learning, a patient pi’s extracted features
li is fed into a multi-layer perceptron. This multi-layer per-
ceptron consists of two fully connected layers followed by a
classification layer. This process is summarized in equation 4.

ŷ′ = MLP ′(li). (4)

IV. EXPERIMENTS

To demonstrate the proposed method in terms of both
efficiency and effectiveness, we conduct experiments on two
different kinds of downstream tasks, that is, classifications on
MRI and CT scans as follows.

A. Datasets

1) Cancer-Net BCa-S: The Breast Cancer Grade Prediction
dataset uses Synthetic Correlated Diffusion Imaging MRI
sequencing to perform pathological complete response (pCR)
prediction [22] [15]. There are a total of 253 patients, 82
have pCR and 171 have no pCR. This dataset highlights a
common issue seen within the medical imaging computer
vision research community as there is a limited number of
samples in this dataset, along with a severe class imbalance
of about 1:3.

2) Walch dataset (CT scans): Walch classification is the
primary method to describe glenoid morphology and pathol-
ogy in patients with glenohumeral osteoarthritis, as an at-
tempt to standardize the categorization of shoulder arthroplasty
for pathologic glenoid types for diagnostics and treatment
purposes [1]. There are a total of 7 classes, but this is
broken down into two meta classes for this experiment: A1
(centered humeral head, concentric wear, no fatty infiltration
of the humeral head), and nonA1 (some kind of erosion or
misalignment of the glenoid and scapula) [1]. For this dataset,
there are a total of 1,815 patients. 775 are classified as A1 and
1,040 are classified as nonA1.



B. Evaluation Setup

Each data is split using an 80/10/10 train/validation/test
ratio. Oversampling and data augmentation techniques are
used on the train split only. For evaluation, common classifi-
cation metrics are used such as accuracy (TP+TN)

(TP+TN+FP+FN) ,
precision TP

(TP+FP ) , recall TP
(TP+FN) , and F1-score (2 ×

( precision×recall
(precision+recall) ). Due to some imbalance in the datasets,

the area under the curve (AUC) is also reported as accuracy
will not be sufficient for model evaluation. Additionally,
providing the precision allows us to measure the accuracy
of the true positives, while reporting the recall gives insight
to the completeness of the true positives. Often, maximizing
precision and recall may not be possible as there is a natural
trade off that occurs between the two, and thus measuring the
F1-score will allow for a more holistic interpretation of the
two. For time cost measurement, hours, minutes, and seconds
are used where appropriate.

C. Baselines

To verify the effectiveness of each component, a total of
three baselines are created: pretrained SwinViT with linear
probing, fine-tuning with linear probing, and transfer learning.
The pretrained SwinViT with linear probing model simply
loads the pretrained weights from [5], performs feature ex-
traction, and then classification using one fully connected
layer. This isolates the feature extraction component to see
the importance of the fine-tuning process. Fine-tuning with
linear probing performs “light” fine-tuning (less than 1,000
epochs), uses the best performing model based on accuracy,
performs feature extraction, and then classification using one
fully connected layer. This isolates the shallow deep learning
component, allowing us to see if simpler models can be
used rather than a multi-layer perceptron. Lastly, the transfer
learning model simply uses the fine-tuned model as the end-to-
end classifier itself. This model is trained using the full 1,000
epochs. This baseline will aid in evaluating the time cost trade-
offs, as we expected this model to have higher performance
than our proposed method, but also to take the longest amount
of time to train. Our proposed method acts similarly to fine-
tuning with linear probing, however rather than performing
shallow deep learning using the linear probe, we use a multi-
layer perceptron.

To show the effectiveness on either modality, extensive
tests are run only on the MRI dataset, while the training
process for the CT scan dataset is far less expensive. This
is done due to computational constraints, however it also aids
in demonstrating the effectiveness of our pipeline in a real
world scenario given the resource limitations and positive
performance. Additional hyper-parameters can be found in
Table I.

Additionally, for the Cancer-Net BCa dataset [22], a base-
line is provided with accuracy reported. This architecture is a
Volumetric ResNet-34 [7] and follows a similar pooling and
flattening process as discussed in section III-A.

D. Results

1) Performance comparisons: Table II shows the evaluation
metric results. Using this, it is clear that the proposed method
outperforms all other baseline methods. The proposed method
benefits from additional hidden layers being added to the
model as seen from the increase in performance compared
to the proposed method with linear probing. Fine-tuning with
linear probing performs worse than the baseline from paper. It
should be noted that the volumetric ResNet-34 model from
[22] uses the same multi-layer perceptron architecture as
our proposed method, adding credence to our linear probing
observation. Using the AUC value for the pretrained SwinViT
results, we see that the linear probe is not able to learn from the
extracted features without additional fine-tuning. This further
confirms the need of small amount fine-tuning in our proposal,
since the pre-trained model can be trained with a very different
task.

The transfer learning model was not able to generalize
well and quickly overfits to the data as seen in Figure 3.
We theorize that this likely occurs due to the small amount
of data paired with the complexity of the SwinViT model.
Despite employing additional regularization techniques like
dropout and data augmentation, the results were never able to
compete with the level of the results seen from the proposed
methodology’s results.

The results for Walch classification are seen in Table III.
Here, we see a similar phenomenon as we did with the
results for the MRI dataset. It is noteworthy, however, that the
performance of the transfer learning model does surpass the
pretrained SwinViT model when comparing AUC. We theorize
that this is due to there being more data available within this
dataset, which emphasizes the importance of the amount of
diverse data. Despite this, our proposed method with a multi-
layer perception still outperforms all other baselines.

2) Time cost comparisons: Table II additionally displays
the execution time for each step of the proposed method pro-
cess. Note that the costs for fine-tuning and feature extraction
are amortized, as this only needs to occur once when preparing
for downstream tasks. The costs for the proposed methods are
calculated by taking the timestamp of the checkpoint used for
feature extraction and subtracting the timestamp at the initial
time of training.

While the pretrained SwinViT linear probing has the fastest
training time as there is no fine-tuning time cost, it has
the second worst performance. The transfer learning fairs
worse with not only the worst performance but also the
longest training time. When comparing the proposed method
variations however, there is only a minor difference between
the total time taken to train (3 seconds). This, compared to
the AUC performance trade-off of the MLP variant versus the
linear probing variant would suggest that the former to be
the superior model when evaluated in a holistic manner. This
further demonstrates both the efficency and effectiveness of
our proposed method.



TABLE I
HYPERPARAMETERS

Model architecture batch size epochs lr FC1(in,out) Dropout(p) FC2(in,out)
MRI Hyperparameters

Transfer learning 1 1000 1e−6 (768,256) (0.5) (256,128)
MLP 64 100 0.0001 (256,128) (0.5) (128,2)

Linear probe 64 100 0.0001 (256,2) - -
CT scan Hyperparameters

Transfer learning 1 100 1e−5 (768,64) (0.8) (64,2)
MLP 256 400 0.0001 (256,128) (0.5) (128,2)

Linear probe 256 400 0.0001 (256,2) - -

TABLE II
PERFORMANCE METRIC COMPARISONS FOR CANCERNET-BCA DATASET

Evaluation metrics Execution time
Model name Accuracy AUC Precision Recall F1-score Fine-tuning Feature extraction Shallow deep learning Total
Volumetric
ResNet34

0.8775 - - - - - - - -

Pretrained
SwinViT
(w/linear
probing)

0.6923 0.5000 0.4793 0.6923 0.5664 0s 41s 1m 58s 2m 39s

Transfer learn-
ing model

0.6154 0.4444 0.4615 0.6154 0.5275 5h 4m 1s 0s 0s 5h 4m 1s

Proposed
method
(w/linear
probing)

0.8616 0.8028 0.8667 0.8612 0.8552 2h 58m 40s 50s 1m 39s 3h 1m 9s

Proposed
method
(w/MLP)

0.9231 0.9028 0.9269 0.9231 0.9222 2h 58m 40s 50s 1m 42s 3h 1m 12s

Fig. 3. Transfer learning model training and validation accuracy over 100 epochs.

V. CONCLUSION

Following the design of our methodology and experiments
we conclude the following:

• The proposed method is effective on both MRI and CT
scan modalities.

• Directly using pretrained models without fine-tuning is
ineffective.

• When comparing the transfer learning fine-tuning training

speed with the proposed method’s fine-tuning training
speed, we see a training speed decrease in 40%.

• By using our methodology, subsequent training using
extracted features is lightweight, and further decreases
training by 99%.

There is future work we would like to focus on. A major
contribution of the paper is the reduction of training time for
subsequent classification tasks using the extracted features,
and thus performing additional classification tasks using those



TABLE III
PERFORMANCE METRIC COMPARISONS FOR WALCH DATASET

Evaluation metrics
Model name Accuracy AUC Precision Recall F1-score
Pretrained
SwinViT
(w/linear
probing)

0.5934 0.5593 0.5817 0.5934 0.5680

Transfer learn-
ing model

0.5934 0.5881 0.5962 0.5934 0.5945

Proposed
method
(w/linear
probing)

0.8022 0.7933 0.8016 0.8022 0.8010

Proposed
method (w/
MLP)

0.8571 0.8558 0.8600 0.8600 0.8600

extracted features could further demonstrate their usefulness.
Additionally, condensing the methodology into an end-to-end
pipeline process is imperative, as there are currently three
distinct steps in the process. Creating a streamlined process
will additionally aid in efficient training, the key goal of our
paper.
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