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ABSTRACT

Large-scale neuroimaging datasets present unique challenges for automated processing pipelines. Motivated
by a large clinical trials dataset with over 235,000 MRI scans, we consider the challenge of defacing —
anonymisation to remove identifying facial features. The defacing process must undergo quality control (QC)
checks to ensure that the facial features have been removed and that the brain tissue is left intact. Visual QC
checks are time-consuming and can cause delays in preparing data. We have developed a convolutional neural
network (CNN) that can assist with the QC of the application of MRI defacing; our CNN is able to distinguish
between scans that are correctly defaced and can classify defacing failures into three sub-types to facilitate
parameter tuning during remedial re-defacing. Since integrating the CNN into our anonymisation pipeline,
over 75,000 scans have been processed. Strict thresholds have been applied so that ambiguous classifications
are referred for visual QC checks, however all scans still undergo an efficient verification check before being
marked as passed. After applying the thresholds, our network is 92% accurate and can classify nearly half
of the scans without the need for protracted manual checks. Our model can generalise across MRI modalities
and has comparable performance when tested on an independent dataset. Even with the introduction of the
verification checks, incorporation of the CNN has reduced the time spent undertaking QC checks by 42% during
initial defacing, and by 35% overall. With the help of the CNN, we have been able to successfully deface 96%
of the scans in the project whilst maintaining high QC standards. In a similarly sized new project, we would
expect the model to reduce the time spent on manual QC checks by 125 h. Our approach is applicable to other
projects with the potential to greatly improve the efficiency of imaging anonymisation pipelines.

1. Introduction

treated with the interleukin (IL)-17 A antibody secukinumab (IL17).
Data from over 50,000 patients is available across both projects, and

A collaboration between Novartis and the University of Oxford’s Big
Data Institute (BDI) has been established to improve drug development
and healthcare through the application of artificial intelligence and
advanced analytics. Large, multidimensional datasets — consisting of
clinical, imaging and omics data — are integrated and analysed to
improve patient prognoses and identify early predictors of disease.
A dedicated research informatics framework has been developed that
allows this data to be captured, anonymised, explored and integrated
into databases [1]. Currently, the collaboration focuses on two main
therapeutic areas: Multiple Sclerosis (MS), and autoimmune diseases

the MS project will utilise both clinical and brain magnetic resonance
imaging (MRI) data. The MRI scans are a key data source for the MS
project, with over 235,000 scans from over 12,000 unique subjects.
Many of the subjects have longitudinal MRI data over several years and
corresponding clinical information, enabling the progression of disease
to be studied [2].

Before the MRI data can be used for research purposes it is necessary
to homogenise the data to a single format, and to anonymise all
identifying patient data, including metadata and any facial features
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that are present in the image data. While MRI metadata (which is
stored in DICOM tags in raw MRI data) can be readily anonymised,
through deletion or modification of selected tags, the anonymisation of
the image data itself is more complex. Two commonly used approaches
are skull stripping and defacing. Skull stripping involves removing all
non-brain tissue from a scan, and can be implemented using a number
of methods [e.g. 3-5]. However, skull-stripping methods often require
considerable fine-tuning when applied to large datasets containing
scans of variable image quality [6], and additionally, skull-stripped
images can sometimes be unsuitable when similar algorithms are re-
quired for processing images downstream of de-identification work [7].
Defacing techniques retain non-brain tissue and can be implemented
through shearing off parts of the face [e.g. 81, blurring the outer surface
of the face [9] and selectively removing areas of the face that contain
identifiable facial features [e.g. 10-12].

Quality control (QC) processes are commonly employed when work-
ing with MRI data to ensure that the data is suitable for downstream
analysis, and that artefacts in the data will not introduce bias into
analyses [13]. Furthermore, the quality of defacing may also need to be
QC checked [e.g. 14] to ensure that not only are any identifying facial
features correctly removed from the scan, but also to ensure that the
brain anatomy has not been damaged. The choice of defacing method is
important as the performance of the software can vary between scans,
particularly when the data has been acquired at different sites, and
with different acquisition parameters [15]. Additionally, the choice
of software can impact the results of downstream analyses [16,17].
If high standards of QC checks are not employed, then there is a
possibility that patients could be identified through photographic visual
comparisons [18], facial recognition software [17,19,20], and the facial
reconstruction of inadequately defaced MRI scans [17,21]. Many defac-
ing methods have been developed on high resolution, research quality
scans. In this collaboration, which utilises MRI scans from global clini-
cal trials, the scans are typically lower resolution, were captured from
a large number of sites, and due to the longitudinal nature of the
data, some scans were acquired over 15 years ago. Therefore, due
to the potentially high levels of variation in the quality of the data,
there is greater potential for variation in the successful application of
defacing to these scans. As a consequence of this, thorough QC checks
are necessary to ensure that data is correctly anonymised.

While visual QC checks are commonly employed to assess the
quality of MRI scans, when undertaking projects containing tens of
thousands, or in the case of this project hundreds of thousands of scans,
these manual checks become impractical. The time-consuming nature
of the checks can cause considerable delays between receiving data and
having the data research-ready. Furthermore, those undertaking the QC
may become fatigued and more likely to make errors. Citizen scientists
can be used to assist with visually QC checking MRI data [e.g. 22],
but this is not suitable when anonymisation checks are being under-
taken. Automated methods have been developed to assist with the QC
of MRI data, utilising methods including univariate classifiers [23],
support vector machines (SVMs) [24], random forests [25], neural
networks [26], or a combination of classifiers [11,27]. Automated
QC methods may not perform adequately on all data — meaning
that it may still be necessary to conduct some manual QC checks.
However, allowing automated methods to handle the clear-cut cases
allows for manual QC to be focused on data that is more difficult
to classify. Additionally, automated methods must be generalisable so
that they can process heterogeneous data. Despite the prevalence of
automated models used to QC MRI data, these are typically focused
on QC checking image quality or analysis output. The QC of MRI
defacing normally requires visual human checks to ensure that the
facial features have been fully removed. With the exception of one
recent binary classifier [28], there is a complete lack of automated
methods to assist with defacing QC checks. However, as deep learning
approaches are now widely applied to other MRI QC tasks, there are
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substantial opportunities to also improve the efficiency of defacing QC
checks by applying similar approaches.

In this work, we developed a convolutional neural network (CNN)
to assist with the QC checking of defaced MRI images from a large
dataset containing images from numerous sources and of variable
quality. Our network was developed using 24,000 pre-classified renders
of defaced scans. Following development of the CNN, we evaluate
model performance to select strict probability thresholds that convey
high levels of accuracy, allowing for reliable automatic classification
and for manual QC checks to be targeted towards problematic scans.
We also describe the integration of the CNN into a pre-existing image
anonymisation pipeline, complementing our existing manual QC pro-
cesses, and including the adoption of time-efficient verification checks
to protect patient anonymity. Furthermore, we evaluate the implica-
tions of implementing the CNN with regard to the time that is saved
in comparison to fully manual QC checks, and discuss the potential for
the adoption of machine learning approaches to improve the efficiency
of MRI anonymisation pipelines.

2. Material and methods
2.1. MRI data

MRI data was available from 24 Novartis clinical studies, with the
entire dataset containing over 235,000 MRI scans from over 12,000
subjects. A detailed overview of the dataset has been reported by
Dahlke et al. [2]. The majority of scan sessions contained T1-weighted
(T1lw; with and without gadolinium contrast enhancement), T2-
weighted (T2w) and proton density (PD) modalities. Some subjects
also had T1-weighted (T1w) 3D acquisitions, diffusion-weighted (DWI),
fluid-attenuated inversion recovery (FLAIR), and magnetisation transfer
(MT) scans. MRI scans were of variable quality as they were captured
from over 1000 unique MRI scanners, with some scans captured over
15 years prior to the start of the collaboration. The majority of scans
had a 256 x 256 or 192 x 256 acquisition matrix, with 46 or 60 slices.
Prior to anonymisation, facial features are readily discernible in these
scans, with the exception of the DWI scans in which facial features are
not visible. It was a requirement for our project that MRI scans had to
be de-identified before they could be made available to analysts.

2.2. MRI defacing pipeline prior to CNN development

MRI data was initially transferred to a dedicated, secure anonymisa-
tion environment for defacing and the anonymisation of any remaining
confidential patient data. The anonymisation environment was only
accessible to a very small team of dedicated scientists not otherwise
involved in the research. A bespoke pipeline (Fig. 1) was built to
handle the processing of this data into a consistent format, ready for
downstream research. Data was initially converted to the Neuroimag-
ing Informatics Technology Initiative (NIfTI) format using the DICOM
conversion software HeuDiConv [29], and structured using the Brain
Imaging Data Structure standard (BIDS) [30] - a standard for brain
MRI datasets, that is widely used within the neuroimaging research
community. Anonymised metadata was preserved in a JSON file that
accompanied each NIfTI file.

During the conversion process, a select number of DICOM tags are
extracted and added to the JSON files by the converter; these tags
provide metadata that may be required for downstream analysis. The
conversion software has a preset list of tags to extract, which includes
tags recommended for inclusion by the BIDS specification. Some tags
that were included by HeuDiConv were completely removed from all
JSON files; this included some free-text fields (e.g. ‘Image Comments’)
and details that could identify institutions. Unique values for JSON tags
were reviewed to ensure that no un-anonymised data had inadvertently
been included in the JSON files.
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Fig. 1. Flowchart showing the anonymisation pipeline for MRI data.
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Fig. 2. Usage of the html page when undertaking manual QC checks. Note that the renders in this figure are generated from a publicly-available sample scan from [31].

After conversion to NIfTI format, each scan was defaced. During this
process, identifying facial features, specifically the ears, eyes, nose and
mouth, are removed from each scan. Defacing was implemented using
the fsl deface software [11], which is known to perform well at pre-
venting re-identification and minimise interference with downstream
analysis methods when compared to other defacing software [17].
Unlike many of the other available defacing methods, fsl deface removes
the ears as well as other facial features. Following being defaced, all
scans were QC checked to ensure that the defacing had been applied
correctly. Scans were classified as one of four categories: ‘pass’ (scan
defaced correctly), ‘deep’ (defacing went too deep and encroached
on the brain), ‘shallow’ (defacing did not go deep enough and facial
features were still visible), ‘failure’ (broad category for complete regis-
tration failures and scans containing unfixable errors; defacing failures
that do not fit into the ‘deep’ and ‘shallow’ categories). Prior to the
development of the neural network, all QC checks were carried out
manually, using a HTML page generated by a Python script. Each of
the scans were visualised as two PNG images of 3D renders of the scan
(left and right oblique views) which were generated using the fsl_ gen 3D
software [11,32]. Using the HTML page, each scan was classified by
clicking the button that corresponds to one of the above categories
(Fig. 2). After a batch of QC had been completed, CSV files recording
the classifications were saved.

After the initial QC checks were completed, remedial defacing was
undertaken on scans which did not pass, a process that we called
re-defacing. During re-defacing, custom parameters were selected by
considering the type of scan and the previous QC classification(s). All
the custom parameter combinations were configurable with the options
available in fsl deface. When defacing was classified as too deep or
too shallow, the defacing mask was nudged anteriorly or posteriorly
respectively during the re-defacing. The application of bias correction
and/or reducing the fractional intensity was used when a defacing
attempt had been classified in the ‘failure’ category. The re-defacing
was also applied in an additive manner. For example, if a scan had been
classified as ‘shallow’ during initial QC checks, and was still classified
as ‘shallow’ after the first round of re-defacing, then the mask would be
nudged even more posteriorly during the second round of re-defacing.
Following each round of the re-defacing, scans were once again QC
checked using the same protocol as with the initial defacing. Up to
two rounds of re-defacing were undertaken to ensure that as many
scans as possible passed the defacing stage. On average, after initial
defacing 69% of scans had passed QC checks, but 96% of scans were
successfully defaced after two rounds of re-defacing. All anonymised
NIfTI scans, and accompanying JSON metadata files, that passed the
QC checks were then prepared for export to a separate, analysis-focused
environment at the BDI and also back to Novartis, ready to be included
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in downstream research and analysis. Any scans that did not pass the
QC checks did not leave the anonymisation environment and were not
included in any downstream analysis.

2.3. CNN: Data selection and pre-processing

As over 100,000 scans had been put through our anonymisation
pipeline and manually QC checked prior to the development of the
neural network, a large quantity of labelled scan data was available
for use in developing the CNN. However, not all of this data could be
used in network development for two reasons. Firstly, as the majority
of prior manual QC classifications were for scans classified as ‘pass’
(75%) and to a lesser extent ‘shallow’ (15%), there was considerably
less ‘deep’ (6%) and ‘failure’ (4%) classification data, so in order to
keep the proportion of data from each class balanced (at least initially;
see below) a smaller subset of the available scans were used. Secondly,
as most subjects usually have multiple scans (usually >8, but up to 60)
and some of these scans had been re-defaced and therefore QC checked
multiple times, it was preferable not to use all available scans to reduce
the chance of the CNN overfitting to the anatomy of subjects appearing
in the dataset multiple times.

Initially, 16,000 scans were used to develop the model, with 4000
scans per class, which were split 60:20:20 between training, validation
and test sets. Due to the initial models performing better on the ‘deep’
and ‘failure’ classes, the proportion of ‘shallow’ and ‘pass’ scans in the
dataset was increased to 8000 scans per class, giving 24,000 scans
in total. Scans from each class were randomly selected from those
available to represent the variability found in the entire dataset. This
included scans of varying image quality, which were selected from
multiple clinical studies and the available modalities.

A single 2D image was used as the input for the CNN. Each image
was a horizontal concatenation of the two renders used in the manual
QC checks, which were cropped to remove parts of the background that
did not contain parts of the anatomy in any scans. The rationale for
using the 2D renders over the 3D scans was as follows: the average
NIfTI scan in this project contains over 3 million voxels, most of
which is not data that is applicable to assessing the quality of the
defacing and would be computationally expensive to process in its
entirety. Training needed to be computationally efficient as GPUs were
not available within the anonymisation environment, and it was not
possible to move the data externally for this purpose. In addition, while
image registration could be used to extract the head/face region (and
downsample the 3D data), defacing failures are often the result of poor
image registration. Therefore, by using 2D images of the renders, visual
information that is pertinent to the effectiveness of the defacing is
retained in a more compact format, and the style of the renders is
consistent regardless of image quality. The renders were input into the
CNN as RGB data for the following reasons. Firstly, the renders are
generated with a coloured background for the manual QC checks; not
having to convert these renders to greyscale streamlines the integration
of the CNN into the defacing pipeline. Secondly, it is possible that the
CNN could use the coloured background to detect edges of the render,
including cases where the defacing mask has been applied incorrectly
leaving large holes in the scan. Thirdly, the impact of using three
channels was minimal on performance, with only a moderate increase
in training time (~10%).

2.4. CNN: Network development

Utilisation of computational resources for the development of the
neural network within the anonymisation environment had to be bal-
anced with the requirements for concurrently running the existing
defacing pipeline; the conversion and defacing steps are particularly
computationally demanding. Additionally, only having CPUs available
for training placed some limitations on network design. All CNN de-
velopment was undertaken using the keras library [33] for R [34]. A
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transfer learning approach was initially used, where the convolutional
base of a pre-trained VGG-16 model [35] was left frozen, and the
densely-connected classifier was unfrozen. As the performance of the
transfer learning model was sub-optimal (see Results), a simplified
version of the Alexnet CNN [36] was also used. Like the VGG model,
Alexnet has also previously won the high-profile ImageNet classifica-
tion challenge [37], which contains over 1.2 million training images
split into 1000 classes. As we had a much smaller number of classes,
and less training images, we used a simplified version of the model
to account for the reduction in the complexity of the task, to aid
generalisability, and for compatibility with computational resources. A
number of initial models were run to help define the upper and lower
bounds of the parameter space that would be used for tuning the model,
and this also ensured that the architecture was sufficient for classifying
the data. The images were input as 165 x 270 x 3 (height x width x
depth) tensors with values scaled between 0-1. After the initial runs
showed that the models were overfitting, image augmentation (zoom,
horizontal flipping) and dropout layers were used in all subsequent
model development; augmentation was not applied to validation or
test data. The training data was also shuffled. The parameter space
included the number of convolutional layers (3, 4, 5), the number
of nodes per layer (starting at 32 or 64 in the first convolutional
layer), learning rate (0.00001, 0.0001, 0.001), and dropout rate (0.2,
0.5). A grid search approach was used to tune the parameters; models
were generated in an iterative manner from the combinations in the
parameter space. The final parameter set was selected by comparing the
validation performance of all of the possible models from the parameter
space and selecting the combination with the best performance.

The final model (Fig. 3) contained four convolutional layers, each
using a rectified linear unit (ReLU) activation function and a kernel
size of 3 x 3. Each convolutional layer was followed by a max pooling
layer to downsample the data. After flattening, two dropout and three
densely connected layers were interspersed. Both dropout layers had a
dropout rate of 0.2. The first two dense layers used ReLU activation,
with the final dense layer using softmax activation with an output size
of four — one for each of the four classes. The network was optimised
using a root mean square optimiser (RMS) with the learning rate set
to 0.00008; 0.0001 was selected during tuning, but this was manually
reduced to further optimise performance. Categorical cross-entropy was
used as the loss function. The network was trained for 100 epochs,
with 576 steps and a batch size of 25, so that each epoch contained all
14,400 training images. During each epoch the model was evaluated
on the validation set, with 192 steps and a batch size of 25 used. A
callback was used during training so that at the end of each epoch
the model would be saved if its validation performance was superior
to the previously saved best performing model; minimised validation
loss was used as the criterion. After the training had been completed,
the best performing model was run on the test dataset to evaluate its
performance and calculate metrics.

The assignment of classifications was visualised using Gradient-
weighted Class Activation Mapping (Grad-CAM) [38]. This approach
allowed for the activation of a class for an input image to be visualised,
which shows what features of the MRI renders the CNN is using to
assign classifications. The Grad-CAM method was implemented in R
using the approach of Chollet et al. [39], where a semi-transparent
heatmap of the predicted class activations from the final convolutional
layer is superimposed on top of the input image. For illustrative pur-
poses, a publicly-available sample T2w MRI dataset [31] was used for
the images included here; the parameters of the defacing script were
modified to produce an example of each of the four classes.

Multi-class receiver operating characteristic (ROC) curves and the
corresponding area under the curves (AUC) were calculated using
the method of Hand and Till [40], as implemented in the pROC R
package [41].

As well as evaluating the performance of the model at predicting the
four classes, we also evaluated the binary performance of the model at
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Fig. 3. Network diagram of the CNN.

identifying ‘pass’ scans versus all defacing errors combined. To do this,
the ‘deep’, ‘shallow’ and ‘failure’ classifications were combined into
one ‘non-pass’ class. This allowed us to investigate the CNN’s ability
to identify correctly defaced scans compared to those with any sort of
defacing error. We used the ‘non-pass’ category as the positive class
when evaluating the binary performance.

2.5. Probability threshold selection

Before the network was incorporated into the defacing pipeline,
cut-off probability thresholds were selected so that only classifications
with high confidence would be accepted. The adoption of strict cut-
off thresholds was necessary to ensure that inadequately defaced scans
were not marked as ‘pass’, and that incorrectly defaced scans were
allocated to the correct class to allow for the appropriate parameters
to be applied during remedial re-defacing work. Performance across
classes was evaluated using the test dataset to select thresholds that will
deliver acceptable performance upon implementation into the defacing
pipeline. Cut-off probability thresholds were evaluated using metrics
including sensitivity, specificity, and volume of data that would be clas-
sified at different thresholds (between 0.25-1.00 at 0.05 increments)
for each class. Classifications were assigned based on the class with
the highest probability. During the implementation phase (see below),
classifications which did not surpass the threshold were discarded and
these scans were QC checked manually instead. Therefore, the metrics
used to assess the impact of applying different thresholds only include
scans with accepted classifications. For example, if at threshold x
classifications for 600 (out of 1000) scans reached the threshold, the
sensitivity and specificity would be calculated for only those 600 scans
that would be classified, and not the entire set of 1000 as we know that
the remaining 400 scans will be manually QC checked.

2.6. Model evaluation on a dissimilar dataset

The publicly available IXI MRI dataset [42] was used to evaluate
the performance of the CNN on a dissimilar dataset to the one on
which it was developed on. The IXI dataset contains MRI scans from
582 subjects across five modalities and have not been defaced. The IXI
scans have been used in other defacing studies [e.g. 21]. We used 200
randomly selected scans from each of the T1w, T2w and PD modalities
to evaluate the model’s performance. The scans were defaced using the
fsl deface software, initially using the default parameters. As there was
a poor distribution between the classes, the IXI scans were also defaced
using a refined parameter set (fractional intensity = 0.4, mask nudged
posteriorly 5 mm). This provided a better distribution of scans between
the four classes, allowing for a more representative comparison be-
tween the performance of the CNN on the IXI data to that of the study
data. The 2D images of the renders were generated in the same way as
described above. Each scan was manually QC checked prior to running
the CNN. The model’s performance was evaluated by comparing the
manual QC classifications with those generated by the CNN (both pre
and post application of the thresholds).

2.7. Integrating the CNN into the defacing pipeline

The CNN was integrated into the defacing pipeline (Fig. 4), and was
used at the initial defacing and the two re-defacing stages. Following
the defacing of all the scans in a study, a concatenated image of the two
renders was generated to match the format of the images that were
used in training the network. Classifications for the three non-‘pass’
categories were accepted when they exceeded the cut-off probability
threshold for a class. Pass classifications that surpassed the ‘pass’ cut-
off threshold were preliminarily accepted, pending a visual verification
check before being fully accepted. The visual verification check is a
quicker version of the full manual QC check, where the images are
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displayed in a gallery view that can be swiftly browsed and only those
images where the ‘pass’ classification is not agreed with are flagged.
Any scans that were flagged during the verification check, and the
remainder of the scans that did not reach any of the cut-off thresholds,
were then QC checked using the original manual method.

Integration of the CNN into the pipeline required no additional
computational resources. Running the CNN is easily initiated by run-
ning a wrapper script. The wrapper script firstly calls an R script that
prepares the data, runs the model, restructures the data based on the
assigned classifications, and produces CSV files recording the assigned
classifications and probabilities. The wrapper then runs a Python script
to generate a HTML page for the visual verification checks. After the
verification checks have been completed, another wrapper script is used
to amend the classification for any scans that were flagged, and then

generate HTML pages for any scans that still required the manual QC
checks.

After the CNN was incorporated into the pipeline, its impact was
assessed relative to the baseline manual QC process that was used prior
to development of the CNN. The change in the efficiency of the QC
process from using the CNN was determined by calculating the time
that would be saved for a hypothetical study containing 10,000 scans.
The performance of the CNN (e.g. the proportions of scans classified
in each of the four classes, the proportion of CNN assigned passes
accepted during verification checks) was ascertained by evaluating its
performance following integration into the pipeline. The time taken
to perform the manual and verification checks was determined by
calculating the average time it takes to check a single scan in a batch
of 250 scans.
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Fig. 6. Multi-class ROC curves when (a) all classifications are accepted, and (b) when the thresholds are applied. Each curve represents one pair-wise comparison. The AUC is

shown in the legend for each comparison.

3. Results
3.1. Network performance

During model training, both the training and validation loss steadily
decreased over 60 epochs, after which the loss decreased more incre-
mentally, before plateauing after around 90 training epochs (Fig. 5).
Overall, the training and validation loss were very similar throughout
training, although the training loss was slightly higher due to the
addition of dropout regularisation to the model. The training loss was
lowest at epoch 89, where it reached 0.61, while the validation loss
went down to 0.56 at epoch 87. Training and validation accuracy
steadily increased until around epoch 60 before slowing and plateauing.
Training accuracy reached 0.74 at epoch 76, and validation accuracy
was highest at epoch 89, reaching 0.77. The loss and accuracy were
very consistent during training, with only three epochs producing no-
ticeable outliers in the training metrics. As the best performing network
on the validation set, the model from epoch 89 was retained. For
comparison, during model tuning other iterations of the model had
validation accuracy ranging between 0.64 to 0.75. The best transfer
learning model had a validation accuracy of 0.71.

When the test set was evaluated using the CNN (Table 1), accuracy
of 0.76 with a 0.56 loss was achieved; this is similar to the values
obtained during training on the validation set (0.77 accuracy and 0.56
loss). The sensitivity varied between the classes, ranging from 0.66 for
the ‘failure’ class up to 0.82 for the ‘shallow’ class. The specificity is
relatively high for all four classes (>0.87). The model performs very
well when distinguishing between ‘deep’ and ‘shallow’ classes (AUC =
0.97; Fig. 6a), and performs reasonably well distinguishing between
‘failure’ and ‘shallow’ classes (AUC = 0.90), and between ‘deep’ and
‘pass’ classifications (AUC = 0.87). The CNN performs poorest when
distinguishing between ‘failure’ and ‘pass’ data (AUC = 0.77) .

When the CNN’s binary performance at identifying ‘pass’ versus
‘non-pass’ (‘deep’, ‘failure’ and ‘shallow’ combined) classifications is
evaluated (Table 2), the CNN’s accuracy is greater (0.82) than when
it is used for multi-class classification. The sensitivity is 0.87 and the
specificity is 0.73.

When the test set is broken down by modality (Table 3), the
performance of the CNN is generally consistent although there are some
noticeable differences. Accuracy ranges between 0.71 in the T2w scans

Table 1
Confusion matrix showing the CNN’s test set performance.
Actual
Deep Failure Pass Shallow
Deep 639 99 161 5
Failure 26 527 5 39
Predi
redicted Pass 126 57 1175 238
Shallow 9 117 259 1318
Table 2
Confusion matrix showing the CNN’s test set performance at binary classification.
Actual
Non-pass Pass
. Non-pass 2779 425
Predicted Pass 421 1175

up to 0.80 in the T1lw gadolinium scans. In most cases the sensitivity
is >0.70, but it is very low for the T1lw ‘failure’ class (0.50) and the
T2w ‘pass’ class (0.54), but was highest for the T2w ‘shallow’ class
(0.88). The specificity is generally high across the modalities (>0.85),
especially in the ‘deep’ and ‘failure’ classes across all of the modalities
(>0.90) but is lowest with the ‘shallow’ class for the T2w scans.

The features that the CNN uses to assign the classes can be visualised
using the Grad-CAM heatmaps (Fig. 7). For the ‘pass’ scan (Fig. 7a)
activation is highest just below one of the eyes, but there are also
high levels of activation above the forehead. With a complete defacing
failure, where behind the face has been defaced and the defacing has
gone quite deep into the sides of the head (Fig. 7b), there is very strong
activation around a hole in the forehead. Other areas of the head where
the defacing has not been adequately applied are also activated. In a
scan where the defacing has gone very deep and intersected the brain
(Fig. 7c¢), there is strong activation at the front of the brain and around
the strong angular lines where the mask has cut through the sides of the
front of the head. Interestingly, only one render shows any activation.
The ‘shallow’ scan, in which the eyes are still visible (Fig. 7d), has
very strong activation around the orbits, and high levels around the
whole face. In particular the ‘L’-shaped cuts where the defacing mask
has started to cut into the area of the brows, and below the eyes show
strong activation.



D.J. Delbarre et al.

Computers in Biology and Medicine 151 (2022) 106211

Table 3
CNN performance on the test set, shown for all scans in the set and when subset by modality. Acc = accuracy, Sens = sensitivity, Spec =
specificity.
Modality Images Acc Deep Failure Pass Shallow

Sens Spec Sens Spec Sens Spec Sens Spec
All 4800 0.762 0.799 0.934 0.659 0.983 0.734 0.868 0.824 0.980
Tlw 1013 0.762 0.857 0.913 0.494 0.985 0.762 0.844 0.751 0.906
T2w 1256 0.713 0.643 0.921 0.589 0.975 0.535 0.884 0.880 0.808
Tlw (gadolinium) 683 0.804 0.861 0.919 0.810 0.977 0.789 0.888 0.717 0.946
PD 981 0.790 0.714 0.988 0.609 0.988 0.817 0.859 0.842 0.832
MT 373 0.753 0.656 0.947 0.824 1.000 0.680 0.809 0.807 0.848
FLAIR 494 0.781 0.854 0.895 0.756 0.973 0.774 0.870 0.759 0.945

(a) Pass - 0.9497

(d) Shallow - 0.9690

(b) Failure - 0.9999

Strong activation

Fig. 7. Grad-CAM heatmaps for representative scans of each of the four classifications, (a) pass, (b) registration failure, (c) deep, and (d) shallow. The CNN probability that each
image belongs to the class is shown above each image. Each image was produced from a publicly-available sample scan from [31] with the defacing parameters modified to

produce different outcomes.

The CNN is able to classify 1000 images in 51 s (0.051 s per image),
including the production of CSV files recording the classifications, and
moving images to sub-directories based on assigned classes. When the
number of images is increased to 10,000 the processing time decreases
to 0.048 s per image (475 s in total).

3.2. Probability threshold selection

As the probability thresholds become less strict, the sensitivity and
specificity decline in a similar pattern for the ‘pass’, ‘deep’ and ‘shallow’
classes, although the specificity remains more consistent for the ‘deep’
class (Fig. 8). While there is a much greater decline in the sensitivity
for the ‘failure’ class compared to the other three classes, the specificity
remains very high (>0.97) regardless of the threshold. When strict
thresholds (0.95) are applied, the proportion of data which surpasses
the selected thresholds is low for all classes (<13%) except the ‘failure’
class where it is 46%. After examining the overall performance of
the network, a global probability threshold of 0.8 was selected for
all classes, with the exception of the ‘pass’ class. As scans assigned
the ‘pass’ classification would undergo a visual verification check a
slightly lower threshold of 0.75 was selected. The overall performance
of the CNN is greatly improved after applying the thresholds (Table 4).
The accuracy has increased to 0.92 (from 0.76 before applying the
thresholds), with the sensitivity between 0.91-0.93, and the specificity
ranging between 0.94-0.99 across the four classes. Using multi-class
ROC curves (Fig. 6b), the AUCs from all comparisons are >0.91, with
most comparisons having AUCs > 0.93. With the selected thresholds
applied, 45% of data in the test set would be classified by the CNN.

Table 4
Confusion matrix showing the CNN’s test set performance with the thresholds
applied.

Actual
Deep Failure Pass Shallow
Deep 302 12 21 0
. Failure 2 388 0 9
Predicted Pass 20 9 682 51
Shallow 1 18 35 606
Table 5

Confusion matrix showing the CNN’s performance at binary classification once the
thresholds have been applied.

Actual
Non-pass Pass
. Non-pass 1338 56
P
redicted Pass 80 682

The CNN with the thresholds applied performs well at identifying
‘pass’ versus ‘non-pass’ classifications (Table 5). The accuracy has im-
proved to 0.94, and the sensitivity and specificity have increased to
0.94 and 0.92 respectively, when only the classifications reaching the
thresholds are used.

If the thresholded data is broken down by MRI modality (Table 6),
the performance is generally consistent between modalities with a small
number of exceptions. Accuracy ranges from 0.91 in the T2w and T1lw
gadolinium scans to 0.96 in the MT scans. The sensitivity is >0.90
for most classes across the modalities, but it still remains low in some
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Fig. 8. Plots showing how model performance on the test set varies when the probability threshold of accepted classifications is modified. Each class is shown separately: (a) pass,
(b) registration failure, (c) deep, and (d) shallow. Sensitivity, specificity and the proportion of classifications that would be accepted are shown for each class (i.e. scans whose
classifications would be discarded at each threshold are not included in the metrics). Vertical dashed lines show the thresholds that were used in the final model.

Table 6

CNN performance on the test set with the thresholds applied. Data is shown for all modalities combined and when subset by modality. Acc =

accuracy, Sens = sensitivity, Spec = specificity.

Modality Images Acc Deep Failure Pass Shallow
Sens Spec Sens Spec Sens Spec Sens Spec

All 2156 0.917 0.929 0.982 0.909 0.994 0.924 0.944 0.910 0.964
Tiw 505 0.905 0.944 0.950 0.763 0.994 0.941 0.907 0.809 0.978
T2w 455 0.914 0.789 0.991 0.923 0.985 0.754 0.972 0.963 0.911
T1lw (gadolinium) 399 0.915 0.950 0.954 0.924 0.989 0.916 0.955 0.719 0.984
PD 448 0.922 0.864 0.995 0.880 1.000 0.945 0.926 0.911 0.945
MT 155 0.955 0.600 1.000 1.000 1.000 0.973 0.949 0.960 0.982
FLAIR 194 0.923 1.000 0.983 0.936 1.000 0.961 0.937 0.830 0.980

cases despite the application of the thresholds. In some cases these low
values are partially the result of the small number of scans in those
classes (e.g. only 5 MT scans are classified as ‘deep’ after applying the
thresholds). Specificity is very high in some cases — reaching 1 in the
‘failure’ class for the three of the modalities. Specificity is lowest (0.91)
in the ‘pass’ class for the T1w modality.

3.3. Model evaluation on a dissimilar dataset

After defacing the IXI MRI scans with the default fsl deface parame-
ters, the manual QC checks showed that the majority of scans had been
defaced too ‘shallow’ (61%), with 36% ‘pass’ and <2% for each of the
‘deep’ and ‘failure’ classes. Of the scans that were defaced using the

refined parameter set, 44% of scans were manually classified as ‘pass’,
34% as ‘shallow’, 19% as ‘deep’ and 3% as ‘failure’. The CNN achieved
79% accuracy (474 correct) and 77% accuracy (459 correct) for the
datasets with the default and refined defacing parameters respectively
(Table 7), which is slightly better than the performance of the CNN on
the test dataset.

When the selected thresholds were applied, only 212 of the 600
classifications (35%) surpassed the thresholds, of which 191 (90%) of
classifications were correct for the scans with the default defacing.
Fewer classifications met the thresholds (154; 26%) in the dataset
with the refined defacing, and 141/154 (92%) of the classifications
matched the manually assigned ones. Whilst the accuracy was similar
to that of the test set, the proportion of data that was classified was
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CNN performance on the IXI dataset for scans defaced using the default and refined parameters. N = number of manually classified scans in

the class, Acc = accuracy, Sens = sensitivity, Spec = specificity.

Thresholds applied  Defacing  Acc Deep Failure Pass Shallow
N Sens Spec N Sens Spec N Sens Spec N Sens Spec
No Default 0.790 9 0444 0966 10 0.500 0.966 213 0.671 0915 368 0.875 0.772
No Refined 0.765 114 0.658 0957 19 0579 0972 265 0.774 0.827 202 0.832 0.884
Yes Default 0.901 3 0.333 0.995 4 1.000 0.976 68 0.897 0938 137 0912 0.920
Yes Refined 0.916 23 0.826 0.977 8 1.000 0.966 79 0.962 0.933 44  0.864 1.000
Preliminary pass: 23,254 Pass: 21,126
Initial: 40,268 Deep: 1,239
Failure: 986

All scans: 76,253

Re-defacing: 35,985

"

}Shallow: 8,894

Manual QC: 44,008

Fig. 9. Sankey diagram showing scans that have been QC checked with the CNN incorporated into the anonymisation pipeline. Scans are split into those from initial defacing

and re-defacing QC.

considerably lower. For all classes, across both versions of the IXI data,
the specificity was high (>0.92). In both of the defaced versions of the
IXI dataset, some classes only had small numbers of scans (<10) so the
specificity and sensitivity are not reliable performance metrics in these
cases. Excluding these cases, the sensitivity was typically >0.86 which
is noticeably lower than in the study test dataset.

3.4. Integrating the CNN into the defacing pipeline

Since integrating the CNN into the defacing pipeline, over 76,000
scans have been processed (Fig. 9), of which nearly 53% were from
scans that had been through initial defacing, and the remaining 47%
had been through re-defacing. The CNN classified 30% of scans as
passed, 12% as shallow, 2% as deep, and 1% as registration failures;
the remaining scans were flagged for manual QC checks as they did not
surpass the applied probability thresholds. Of the scans assigned ‘pass’,
91% and 90% of these classifications were accepted following the visual
verification checks in the initial and re-defacing stages respectively.
Overall, 45% of the classifications generated by the CNN were accepted,
however a larger proportion of the classifications (51%) were accepted
for scans that were QC checked following initial defacing, and a much
smaller proportion of classifications (39%) were accepted for scans
that had been through re-defacing. Of the scans classified by the CNN
(i.e. those that did not get flagged for manual QC checks), 60% of these
scans were classified as ‘pass’ during initial defacing, but this was much
greater during re-defacing, where 78% of scans were classified as ‘pass’.
This seems to be the result of a considerably smaller proportion of scans
being assigned ‘shallow’ during re-defacing, due to the success of the
revised defacing parameters that are applied during this stage.

Incorporation of the CNN into the pipeline has allowed for a reduc-
tion in the amount of time spent on manual QC checks. Using summary
data on scans that have been processed so far, it is possible to compute
the time that is saved on an average study containing 10,000 scans
(Fig. 10). Typically, 31% of scans in a study will need re-defacing, and
12% of the original scans will need a second round of re-defacing. On
average, it takes a human scorer 3.8 s to visually QC check a scan,
which includes time spent waiting for the image to load on the HTML
page, looking at the image, and marking the classification. The visual
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verification checks are much quicker, taking 0.8 s per scan on average.
Therefore, an average study with 10,000 scans would take 15.1 h to
manually QC check. With the addition of the CNN to the pipeline the
time needed for manual and verification checks during initial defacing
would be nearly halved to 6.1 h (from 10.6 h). During re-defacing, the
time savings are less due to the CNN not performing as well on re-
defaced scans (i.e. these scans are more commonly borderline between
classes, or the subject’s anatomy or the scan quality makes defacing
difficult). Verification and manual QC checks combined would take
2.5 h during the first round and 1.2 h during the second round of re-
defacing when using the CNN. Prior to incorporation of the CNN, the
manual checks would have taken 3.3 and 1.3 h during the first and
second rounds respectively.

In total, QC checks with the CNN incorporated into the pipeline
would have taken 9.8 h, instead of 15.1 h prior to incorporation of
the CNN into the pipeline, which is a 35% reduction in the time spent
performing the checks. Additionally, with the CNN pipeline the entire
QC process can be completed in less time than it takes to complete
just the initial defacing QC using the original manual pipeline. During
just the initial defacing — the most time-consuming part of QC checks
— the time spent undertaking QC checks is reduced by 42% using the
CNN pipeline. However, the benefits of the CNN are not as substantial
during the re-defacing rounds where there is a 23% reduction during
the first round, and only a 7% reduction during the second round. If the
CNN pipeline were applied to a brand new project of the same size as
this one (235,000 scans), the time spent undertaking QC checks could
be reduced by approximately 125 h.

4. Discussion
4.1. CNN performance

Prior to applying probability thresholds to the final CNN, the net-
work delivers test accuracy (0.76) which is similar to the performance
of models applied to perform other forms of QC on large, multi-site MRI
datasets [e.g. 24,27]. However, as the CNN is used to QC check de-
identification, higher levels of accuracy were required. The application
of the strict probability thresholds conferred much higher test accuracy
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Fig. 10. Stacked bar plot comparing the amount of time spent performing QC checks for an example study containing 10,000 scans, using the original fully manual pipeline and

the pipeline with the CNN included.

(0.92) but still allowed for nearly half of the MRI scans to be QC
checked without the need for time-consuming manual checks. Our CNN
is also able to generalise well across MRI modalities and when applied
to externally sourced MRI datasets. Although there was some minor
variation, the CNN’s performance was relatively consistent across all of
the modalities we evaluated it on. This pattern was found both before
and after applying the thresholds. Additionally, the CNN performed
well on a publicly available dataset, indicating that our model could
be applied more widely with comparable results to those demonstrated
here.

Choosing appropriate thresholds was key to the successful inte-
gration of the CNN into the defacing pipeline. The trade-off between
the volume of data processed and classification accuracy had to be
considered with relation to the impact of the integration of the CNN
into the pipeline. If less strict thresholds were applied, a greater volume
of scans could be classified. However, even with the strict thresholds
we applied here, up to 10% of assigned ‘pass’ classifications were
not agreed with during verification checks. Further relaxing of the
thresholds would most likely lead to a greater proportion of ‘pass’
assigned scans needing to be flagged for manual checks, increasing
the average time to verify each scan, while making the verification
checks less efficient and potentially eroding the time savings that the
CNN provides. Furthermore, if the probability thresholds for the ‘deep’,
‘failure’, and ‘shallow’ categories were lowered then the quality of re-
defacing attempts could be reduced. During the re-defacing, the custom
parameters that are applied are highly dependent on the previous QC
classifications. Inaccurate ‘failure’, ‘deep’ and ‘shallow’ classifications
would lead to incorrectly applied re-defacing parameters, and a greater
proportion of scans not passing the re-defacing, and consequently less
data would be available for downstream analysis.

To protect patient identities, image anonymisation must remove
all identifiable features as the presence of isolated facial features can
compromise the anonymisation of image data. For example, a variety
of machine learning approaches have been used to develop ear recog-
nition tools, allowing ears to be used for biometric identification [43].
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With the application of visualisation methods like Grad-CAM we are
able to show that our CNN has been trained to rely on the same
anatomical features that human scorers use when deciding whether a
scan has been defaced correctly. More precisely, we can verify that the
network focuses on the eyes, ears, nose and to a lesser extent the mouth
regions (defacing issues around the mouth region are less common). In
particular, there was strong activation around the eyes for all classes,
which is consistent with observations during the manual QC checks —
that the eyes are one of the most common areas to exhibit problems.
Also, there are rarely issues with the removal of the ears during the
defacing, but it is reassuring that the CNN utilises features around this
area of the head. Additionally, the CNN is able to correctly classify
scans in the registration failure category despite the appearance of
scans in this category being quite variable.

4.2. Comparisons to existing methods

There is no existing comparable baseline automated or machine
learning based method for conducting QC checks on the application
of defacing, which means that the current gold standard is manual
QC checks. In this paper we have extensively evaluated our model
against manual checks to validate its performance. Recently, and since
developing our own CNN, Bansal et al. [28] have released their nonde-
faced detector, a binary classifier that they developed to identify when
T1lw scans have (or have not) been defaced with pydeface [12]. Bansal
et al. [28] report impressive accuracy and sensitivity for their model.
In our own supplementary analysis (Supplementary material) using
the nondefaced detector in similar circumstances to our own model,
we found that their model classified 86% of scans that had defacing
errors (where the eyes and/or nose had not been successfully removed)
as ‘defaced’. For comparison, our CNN classified 13% of scans with
defacing errors as ‘pass’ prior to applying the thresholds, and 6%
after applying them. If we had included the nondefaced detector in our
pipeline, a large number of scans would have been marked as correctly
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defaced when they actually retained facial features. It should be noted
that the model of Bansal et al. [28] is currently published as a preprint
and the authors indicate they are continuing to work on developing
their model, so it is possible that the future performance of their model
will improve in this regard.

It seems probable that the nondefaced detector is trained to recognise
whether the defacing mask has been applied, rather than the features
of the face. For the QC of defacing, being able to specify whether a
defacing mask has been applied is not sufficient for guaranteeing de-
identification of imaging data. It is important that automated defacing
QC models utilise facial features, or the interaction between the de-
facing mask and those features, as we have been able to show our
model is capable of by using Grad-CAM and by validating our model’s
performance against gold standard manual QC checks. Our choice to
use the 3D renders rather than the MRI scans as the input data is a
possible reason for the strong performance of our model in this regard.
This is because the renders only show the interaction between the
defacing mask and the face, and the mask itself is not captured in the
render. An additional feature of our model is that it is able to detect
when defacing has encroached on the brain. If defacing inadvertently
erases parts of the anatomical area of interest, then the data will not be
useable by researchers. The major disadvantage of our model compared
to the nondefaced detector, is that we are not able to publicly share our
model as it has been developed using patient data. However, to our
knowledge, our CNN is the only model that can detect not just when a
defacing mask has been applied to a scan, but it can also identify when
its application is incorrect and compromises the de-identification of the
scan or impinges on the brain. Furthermore, our model can generalise
well across datasets, and is able to handle a number of MRI modalities,
not just T1w scans.

4.3. Applicability to other projects

For projects like the Novartis-Oxford collaboration, that utilise hun-
dreds of thousands of MRI scans acquired from sites around the world,
one of the main challenges is being able to process the large volumes
of data in a timely manner without compromising on the quality of
the processing. While machine learning approaches, such as SVMs and
CNNs, are regularly used when performing QC checks on MRI data,
they are typically used to identify scans that are likely to be problematic
when analysed (e.g. poor image quality, identification of artefacts). Our
innovative approach of applying a CNN to assist with QC checking the
anonymisation of image data highlights that there is potential for ap-
plying machine learning approaches to other stages of MRI processing
pipelines. The aim of this paper was to develop a model that would
assist with the QC of the defacing, and complement, but not replace
visual QC checks, while maintaining high QC standards. This goal has
been achieved with a reduction in the time spent undertaking manual
checks by approximately 35% while maintaining the quality of the
images that are passed through to the analytical pipelines. On a project
of this scale the time savings are considerable and greatly improve the
efficiency of the MRI anonymisation process. Therefore, other projects
or platforms dealing with the challenges of anonymising large quanti-
ties of MRI data could also find that applying similar approaches as the
one detailed in this paper can lead to substantial reductions in the time
spent on manual QC processes. Additionally, different defacing methods
will likely require bespoke models to capture the relevant features.
However, if projects and platforms have existing QC classification data
available, then impactful QC models - that are applicable to existing
processing pipelines — can be developed even when using relatively
simple deep learning architectures. Manual QC checks can be time-
consuming bottlenecks, but with the application of approaches such as
CNNs, this can be alleviated, expediting the availability of anonymised
MRI data to researchers.
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4.4. Limitations and future work

Whilst the inclusion of the CNN has made our defacing pipeline
more efficient, there is still a continued requirement for manual QC
checks. With continued development it may be possible to have a
pipeline with minimal or no QC checks. This ambitious goal would
require a model with extremely high performance, and there are a
number of additional steps which could bring the model closer to
performing at this level. While training the model we needed to balance
the computational needs for developing the CNN against continuing to
run our existing defacing pipeline. If the model was re-developed using
more computational resources, then more exhaustive parameter tuning
and a more complex network architecture could yield performance
improvements. Breaking down the model into two or more separate
networks could also be beneficial. For example having an initial model
focusing on identifying scans that have passed defacing and an ad-
ditional network to identify the type of defacing error. Alternatively,
using the CNN at different stages of the pipeline could improve effi-
ciency. For example, using the CNN prior to the QC stage of the pipeline
to perform automated parameter selection instead of using the default
defacing parameters. This could increase the proportion of scans that
are defaced correctly during initial defacing, and reduce the number of
scans that need re-defacing.

Having our CNN undertake QC using the four different classes was
crucial for our pipeline, but presented some challenges. Classifying
scans into the four discrete categories is not always straightforward,
both for humans and the CNN, as scans often exhibit features charac-
teristic of multiple classifications. For example, the front of the brain
is often visible through the forehead in correctly defaced scans, or
subjects with deeply-set eyes may show features of ‘deep’ and ‘shallow’
classifications. Furthermore, scans are often borderline between two
categories (typically ‘pass’/‘deep’ or ‘pass’/‘shallow’). In these cases, the
CNN can be ambiguous with regard to assigning two (or more) classes.
A more complex model architecture where the model is split into sub-
models with one for each facial feature could improve performance, as
each scan could then be classified for the presence of each feature inde-
pendently. This approach would require a more extensive QC process
to develop a training dataset where each scan would be classified for
each facial feature.

A limitation of our approach is that as our model has been devel-
oped using patient data, we are unable to make it publicly available.
Unfortunately, sharing models used for QC checking anonymisation
can be problematic when they are developed using patient data, due
to the potential for un-anonymised data to be retained in these mod-
els [e.g. 44]. Therefore, it is necessary to restrict the storage and
usage of these models to a secure environment to protect them from
model inversion attacks. Future work could involve re-developing our
model using publicly available data, and/or using machine learning
approaches such as general adversarial networks (GANs) to create ad-
ditional MRI training data [e.g. 45] as the volume of publicly available
MRI data without defacing already applied is understandably limited.

Our CNN was trained exclusively on scans that had been defaced
using fsl deface, and because of this the model is trained to recognise
the way that this specific defacing mask interacts with the face. For
example, our Grad-CAM analysis showed that there is strong activation
around the angular cut marks where the face and the defacing mask
interact, and these marks would not be present when defacing masks
from other defacing software are used. Therefore, the performance of
our model would be sub-optimal for other defacing methods, and it is
likely that this pattern would hold true for other automated defacing
QC methods if they were developed using only one defacing method.
Future defacing QC models could generalise across scans processed by
a variety of defacing software by using diverse input data that has been
defaced using multiple approaches.
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5. Conclusions

In this paper we have developed a CNN that can perform QC checks
on the application of MRI defacing. Our model performs well at classi-
fying scans into four classes — one for scans that are correctly defaced
and three groups of defacing errors — with 76% accuracy. Furthermore,
our model is reliable (82% accuracy) at identifying scans that have
been defaced correctly compared to all defacing errors combined as one
class. Before integrating our CNN into our pre-existing defacing pipeline
we added strict thresholds so ensure that only classifications with high
confidence would be accepted. With the addition of these thresholds,
the model’s accuracy increased to 92% and allowed for around half of
the scans to be classified without time-consuming manual checks. With
these thresholds, our model was 94% accurate at identifying correctly
defaced scans versus scans with erroneous defacing. Our CNN is able
to generalise well across MRI modalities, both pre and post application
of the thresholds. Additionally we have been able to show that our
model can perform well on defaced scans from a publicly available
dataset. Implementation of the CNN into the pipeline has lead to a
considerable reduction (35%) in the amount of time spent performing
manual QC checks, and with future development it is likely that this
can be improved further. While we are unable to publicly share our
model, our approach is applicable to other similar projects, and has
the potential to greatly reduce the burden that manual QC checks can
have when verifying the correct de-identification of imaging data.
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