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ABSTRACT COVID-19 is a newly identified disease, which is very contagious and has been rapidly
spreading across different countries around the world, calling for rapid and accurate diagnosis tools. Chest
CT imaging has been widely used in clinical practice for disease diagnosis, but image reading is still a
time-consuming work. We aim to integrate an image preprocessing technology for anomaly detection with
supervised deep learning for chest CT imaging-based COVID-19 diagnosis. In this study, a matrix profile
technique was introduced to CT image anomaly detection in two levels. At one-dimensional level, CT images
were simply flatted and transformed to a one-dimensional vector so that the matrix profile algorithm could be
implemented for them directly. At two-dimensional level,a matrix profile was calculated in a sliding window
way for every segment in the image. An anomaly severity score (CT-SS) was calculated, and the difference
of the CT-SS between the COVID-19 CT images and Non-COVID-19 CT images was tested. A sparse
anomaly mask was calculated and applied to penalize the pixel values of each image. The anomaly weighted
images were then used to train standard DenseNet deep learning models to distinguish the COVID-19 CT
from Non-COVID-19 CT images. A VGG19 model was used as a baseline model for comparison. Although
extra finetuning needs to be done manually, the one-dimensional matrix profile method could identify the
anomalies successfully. Using the two-dimensional matrix profiling method, CT-SS and anomaly weighted
image can be successfully generated for each image. The CT-SS significantly differed among the COVID-19
CT images and Non-COVID-19 CT images (p − value < 0.05). Furthermore, we identified a potential
causal association between the number of underlying diseases of a COVID-19 patient and the severity
of the disease through statistical mediation analysis. Compared to the raw images, the anomaly weighted
images showed generally better performance in training the DenseNet models with different architectures for
diagnosing COVID-19, which was validated using two publicly available COVID-19 lung CT image datasets.
The metric Area Under the Curve(AUC) on one dataset were 0.7799(weighted)vs. 0.7391(unweighted),
0.7812(weighted) vs. 0.7410(unweighted), 0.7780(weighted) vs. 0.7399(unweighted), 0.7045(weighted)
vs. 0.6910(unweighted) for DenseNet121, DenseNet169, DenseNet201, and the baseline model VGG19,
respectively. The same trend was observed using another independent dataset. The significant results revealed
the critical value of using this existing state-of-the-art algorithm for image anomaly detection. Furthermore,
the end-to-end model structure has the potential to work as a rapid tool for clinical imaging-based diagnosis.
INDEX TERMS Rare pattern mining, matrix profile, COVID-19 CT images, risk score, DenseNet, mediation
analysis.
I. INTRODUCTION

Unsupervised anomaly detection using rare pattern mining
is one of the most intuitive medical imaging–based disease
The associate editor coordinating the review of this manuscript and
approving it for publication was Yudong Zhang
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.

diagnosis methods [1]. People without medical expertise
could find an obvious lesion in a medical image if the lesion
is extremely different from other parts in the image. Actually,
even radiologists also read the images in that way. As the
most obvious lesion is so conspicuous that it can be noticed
immediately by radiologists at their first glance of the image.
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This step is unsupervised, and it depends only on the intrinsic
information in the image itself. Then using the normal human
sectional anatomy knowledge, radiologists could further tell
whether this lesion is critical or not [2].
COVID-19 is a newly identified disease that is very
contagious and has been rapidly spreading across different
countries around the world [3]. Common symptoms from
COVID-19 are fever, dry cough, but in more serious cases,
patients can experience difficulty in breathing [4]. At present,
the NA-PCR (Nucleic Acid Polymerase Chain Reaction)
testing is considered as the most effective, cheap and rapid
detection method of COVID-19. However, a bottleneck to use
this technique is that there are a short of supplies of NA-PCR
in some countries [5]. Several alternative methods have been
considered for individuals to test positive for COVID-19,
including CT (computed tomography) scans of the lungs.
Lung CT scanning is fast and easy to detect COVID-19.
As the number of infected patients increases exponentially,
it can be hard to provide testing scans for patients because of
the limited number of doctors. It is recommended that artificial intelligence (AI) systems can be developed to analyse the
lung CT scans of patients to determine COVID-19 status [6].
To build the AI system, we used a two-step strategy: detection and enhancement of CT image anomaly and modelling
of the anomaly enhanced CT images. For the first step,
we used a naïve two-dimensional sliding window approach
to calculate the matrix profile of the image. Summing up
this matrix profile could make an image-specific severity
score (SS) indicating the severity of the image anomalous.
This CT-SS can be computed automatically as compared to
the manually calculated CT-SS [7], [8], and it has the potential
to rapidly identify COVID-19 patients. At the same time,
the matrix profile could be easily used to generate a salience
map [9] for each CT image to detect lung anomaly. A saliency
map is a topographic map that represents visual saliency of
an image [10]. Overlapping the image and its salience map
could further give us a weighted CT image to enhance the
anomaly; For the second step, the weighted CT images could
be input into a deep convolutional neural network for further
classification or regression tasks. This naïve two-dimensional
method is easy to apply, but the benefits of those ultra-fast
Fourier algorithms developed by Keogh et al. [11] are lost
in this situation. To speed up the calculation, raw images
were pooled to a lower resolution and the stride of the sliding
window was set to the same as the length of the image
segment. In this way, the nearest neighbour, matrix profile,
and deep learning technologies were effectively integrated
together. The proposed algorithm was tested using two publicly available COVID-19/Non-COVID-19 lung CT image
sets [12], [13], respectively. Please be noted that the NonCOVID-19 group contains the images from both healthy
controls and other types of lung disease cases.
The main contribution of this study could be divided into
two parts. The first one is the innovative application of a
classic low-dimensional time-series rare pattern mining technique to unsupervised high-dimensional medical imaging
VOLUME 8, 2020

anomaly detection. Another contribution is the application of
dense deep learning networks for COVID-19 diagnosis using
the anomaly enhanced CT images.
II. RELATED WORK

Unsupervised rare pattern mining in medical imaging has
been proved to be beneficial [14], but most of the classic rare pattern mining techniques (Apriori [15], [16] based
and FP-Growth [17] based) cannot be directly applied to
image data as it is two dimensional with space-related
information [18]. There are several methods developed
for unsupervised image anomaly detection. According to
Ehret et al., these unsupervised methods could be classified
as nearest neighbour-based anomaly detection, clusteringbased anomaly detection, statistical anomaly detection, spectral anomaly detection, and information theoretic anomaly
detection [19]. In fact, if applied in a static image situation,
they all belong to the first category to some extent [1],
since they all measure certain distances and try to identify
the discord distances of data instances. The assumption of
the nearest neighbour-based anomaly detection in a static
image is that normal pixel segments are always similar to
each other. Therefore they have a close distance with their
nearest neighbours, while anomalies are dislike their closest
neighbours [20].
If the aforementioned assumption of the nearest neighbourbased anomaly detection holds, then the problem of image
anomaly detection can be transformed as a problem of scanning of a given segment (or window) of images and the
retrieval of the nearest neighbours of the scanned segments.
This is exactly the same as the definition of a similarity
join problem defined by Yeh et al. [11]: given a collection
of data objects, retrieve the nearest neighbours for every
object. To solve the problem, Keogh et al. proposed a new
data structure called matrix profile and developed a series of
matrix profile based algorithms to solve the similarity join
problem for time series data [11], [21]–[24]. A matrix profile
consists of two components: a distance profile and a profile
index. The distance profile is a vector of minimum Euclidean
distances among the subsequences within the time-series. The
profile index contains the index of subsequences’ first nearest
neighbours. In other words, the profile index is the location
of a subsequence’s most similar subsequence. In order to
apply the matrix profile technique to large databases, Fast
Fourier transform was introduced to make the matrix profile
algorithm ultra-fast, therefore it can be applied to big timeseries data without sacrificing the time efficacy [11], [25].
These algorithms were proved to be efficient for onedimensional time series data. However, matrix profile technique has not been introduced to high dimensional data, such
as two-dimensional image data.
Besides the limitation of matrix profile in highdimensional data, there are also lack of studies exploring
its integration with advanced machine learning techniques.
Although nearest neighbour is a successful long-standing
technique, and the matrix profile provides us a strategy using
213719
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FIGURE 1. Workflow of the proposed study. CT-SS refers to CT-severity score.

nearest neighbour technique for the anomaly detection, it has
not been well integrated with current advanced deep learning
techniques. A recent work designed a model to use nearest
neighbour for identifying anomaly at the image set level [26].
In their model, a set of normal images were input into a deep
learning-based feature extractor for building a feature library.
Once a new image is arrived, it would undergo the same
feature extractor. Then the nearest distances of these features
extracted from the new image with those features stored in the
feature library will be computed. By verifying if the distance
is larger than a predefined threshold, they could determine if
the new image is normal or anomalous [26], [27]. However,
as we mentioned, this design is at image set level which
could not detect the segment level anomalies. Moreover, it is
actually a semi-supervised approach as it needs the label
information to build the feature library.
CT-severity score(CT-SS) was proposed by a study for
COVID-19 rapid diagnosis [7]. In order to obtain the CT-SS,
the authors need to manually measure and access the groundglass opacity, interstitial opacity, and air trapping ratio of
the lungs in the CT images. These three features are typical pneumonia symptoms, and different doctors may obtain
different values of them even using the same image. Therefore, although the CT-SS has been proved to be significantly associated with the COVID-19 severity, the extra
manual measurement burden added to the radiologists and
213720

the potential bias of their expertise limits its application in
clinic practice. Another consideration is the lack of theoretical analysis of why CT-SS is associated with COVID-19
severity. It was reported that medical image phenotypes,
such as CT-SS, could work as the mediators of genetic
variations or other basic clinical characteristics’ effects on
disease outcomes [28], [29]. Therefore, mediation analysis
could be used to test the significance of the indirect causal
relationship among patient’s clinical characteristics, CT-SS,
and COVID-19 severity.
Although there are no many studies on deep learning nearest neighbour-based image anomaly detection, supervised
deep learning has been widely involved in COVID-19 diagnosis. There were a lot of deep convolutional neural networks
(CNN) proposed by different studies on COVID-19 diagnosis [12], [13], [30]–[33]. In this study, we propose a stateof-the-art end-to-end matrix profile - based DenseNet [34]
model for COVID-19 diagnosis. We also compare the performance of different DenseNet architectures and the basic convolutional architecture called VGG (Visual geometry Group
Network) [35].
III. DATA AND METHODS

The whole workflow is summarized in Fig. 1. The proposed
anomaly detection algorithm first preprocesses the raw CT
images using the matrix profile technique, the CT-SS and the
VOLUME 8, 2020
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anomaly weighted images are then calculated. For the CT-SS,
differential analysis and mediation analysis are performed to
explore its potential application to diagnosis for COVID-19
and its clinical interpretability. The anomaly weighted images
are finally applied to build DenseNet-based deep learning
models for COVID-19 diagnosis.
A. ANOMALY DETECTION

Assume a chest CT image can be defined as a matrix P of
pixel values pij ,
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where m is the width of P, and n is the height of P. i ranges
from 1 to m, and j ranges from 1 to n. In principle, there are
two approaches to detect anomalies in the chest CT image.
The first method is to flatten the image matrix P into a long
vector. The vector could be treated as a time series, thus those
well-developed algorithms for the time series analysis could
be applied easily. The flattened operation could be done along
the row Prow as shown in Equation (2) or the column Pcol as
shown in Equation (3) of the P.
Prow = p11 , p12 , · · · , p1m , · · · , pn1 , pn2 , · · · , pnm (2)
Pcol = p11 , p21 , · · · , pn1 , · · · , p1m , p2m , · · · , pnm (3)
For the flat image Pflat (Prow or Pcol ), we can apply the
ultra-fast Fourier transform algorithms to speed up the calculation of the matrix profile to detect anomalies. The detailed
description of the algorithms can be found in the original
papers [11], [21]–[24]. After the anomalies are detected,
we could trace the anomalies back to the position in the matrix
P by joining them across the rows and columns. In this way,
the two-dimensional anomaly detection problem is transferred into two one-dimensional anomaly detection problems.
We could think of this as scanning the image along two
directions in a greedy snake way [36]. Then we can find the
overlapped anomalies detected by these two greedy snakes.
This is the proposed one-dimensional method to calculate the
matrix profile for a image.
The second method is to find the local anomaly
regions or two-dimensional segments of the image P directly.
We define a segment Pij,wh of P as a matrix, which has a size
of w × h and starts from Pij as shown in Equation (4).


Pij,wh = 

pij
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.
···
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(4)

p(i+h−1)(j+w−1)

We define a sparse segment set S as shown in Equation (5)
of the P as an ordered set of sparsely selected segments of the
P obtained by a sliding window of size w × h and a stride s
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across P. Where Sij could be used to denote Pij,wh .
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.
.
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p(n−h+1)1,wh p(n−h+1)(1+s),wh · · · p(n−h+1)(m−w+1),wh
(5)
We define a sparse two-dimensional matrix profile (2DM )
as a matrix of the Euclidean distances between each segment
Pij,wh in the sparse segments set S and its nearest neighbours
in S. The 2DM has the same size as S, but the elements
in S are matrices while the elements in 2DM are numbers.
To calculate 2DM , the pairwise Euclidean distance between
one element in S with every other element in S will be
calculated. The minimum of these distances will be stored
in the same position of 2DM as the element in S. According to the assumption of nearest neighbour-based anomaly
detection in a static image, a segment that has the smaller
nearest distance will probably be a normal segment,while a
segment that has the larger nearest distance will probably be
an anomaly. Therefore, the value of 2DM could represent the
anomaly level of the segments in S. The algorithm of building
the 2DM is shown in Algorithm 1.
Algorithm 1 Calculate 2DM
Input: an image P, window size w × h,stride s
Output: a matrix profile 2DM
1: 2DM ← inf
2: for Sij in SlidingWindow(P, s, w): do
3:
for Si0 j0 in SlidingWindow(P, s, w): do
4:
distance ← EuclideanDistance(Sij , Si0 j0 )
5:
if distance < 2DMij then
6:
2DMij ← distance
7:
else
8:
PASS
9:
end if
10:
end for
11: end for
After 2DM is calculated, the values in the 2DM matrix
are summed [8] and scaled to a range of 0 to 100 as CT-SS
of the image. The difference of the CT-SS between the
patient groups are tested using student t-test. And a statistic
mediation analysis [37] is performed to identify the indirect
effects of age, gender, and underlying diseases on COVID-19
severity through the two-dimensional matrix profile based
CT-SS using the R package ‘‘mediation’’. In the mediation
analysis model, the COVID-19 severity and CT-SS are treated
as dependent variable and mediator,separately. While the
age, gender, and the number of underlying diseases(how
many underlying diseases the patient has) are treated as
independent variable, separately. There are three steps for
conducting the mediation analysis. The first step is three
simple regression analyses with the dependent variable of
COVID-19 severity and the independent variable of the age,
213721
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TABLE 1. VGG and DenseNet architectures ∗ used in this study.

gender and the underlying diseases, respectively. The second
step is also three simple regression analyses predicting the
mediator, which is the two-dimensional matrix profile based
CT-SS, from the age, gender and the underlying diseases,
respectively. The third step is three multiple regression analyses predicting the dependent variable of COVID-19 severity
from the CT-SS and age, CT-SS and gender, CT-SS and the
underlying diseases, respectively.
An up-sampling step is performed to impute 2DM to the
same size of the image P. In this way, an anomaly mask is
made for P. This map is actually a salience map if we plot
it on top of the raw image P. The anomaly map is then used
as a weight matrix to be fed into a simple linear model for
making a weighted image Pw , which can potentially enhance
the anomaly in the raw CT image P.
Pw = P + 2DM · P

(6)

Here, the 2DM is a matrix with the same dimension of
the raw image P. We calculate the dot product of these two
matrices (2DM and P). Then we add P with the product. Pw is
then passed to a classification-based deep learning model for
model training and testing.

Recognition Challenge. It is a CNN model with a deeper
architecture by increasing the number of convolutional layers
and reducing the size of convolutional layers [35].
DenseNet is a relatively new framework of convolutional
deep learning. The idea of DenseNet is to build a deeper architecture which has connections between each convolutional
layer to every other layer within the same dense block in a
feed-forward fashion. Unlike the ResNet [38], the connections of DenseNet are in feature-level instead of weight-level.
The parameters of each layer will be trained only once, and
the resulted feature-maps will be concatenated together as the
input of the layer they connect to. In this way, the weights
could be more efficient, and the gradients would not be
vanished. The performance of DenseNet has been estimated
on several benchmark datasets [34]. With different number
of convolutional layers in each dense block, DenseNet could
have different settings. The three architectures of DenseNet
(DenseNet121, DenseNet169, and DenseNet201) used in this
study are listed in Table 1.
The anomaly weighted images Pw are then used in the
training, validation and testing of the above mentioned VGG
and DenseNet models.

B. VGG AND DenseNet

C. CHEST CT DATASETS

We treat the lung CT imaging-based diagnosis of COVID-19
as a binary classification problem (e.g. COVID-19 or NonCOVID-19). VGG and DenseNet model are applied to perform the classification. VGG has 16 convolutional layers and
3 fully connected layers and won the 2014 Large Scale Visual

This proposed workflow of the deep learning models were
applied to analyse the weighted (Pw ) and unweighted (P) raw
lung CT images, respectively. The raw data used in this study
came from two publicly available datasets. One was downloaded from a GitHub repository published by The University

213722
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TABLE 2. Data splits used in this study.

observations to the total observations), Precision (a ratio of
correctly predicted positive observations to the total predicted
positive observations), Recall (also called sensitivity, the ratio
of correctly predicted positive observations to the all observations in actual class), AUC (Area Under the Curve) and
F1 (a weighted average of Precision and Recall). All
performance metrics of anomaly weighted images were
stored in a vector, while all performance metrices of
raw images were stored in another vector. Then a ttest was done to test the significance between these two
vectors.
E. IMPLEMENTATION OF THE ALGORITHM

of California San Diego [12]. It contains 275 COVID-19 lung
CT images and 195 Non-COVID-19 lung CT images. This
dataset was built by reading the captions of the published
papers about COVID-19. The author of the dataset manually searched for quite a number of COVID-19 CT imaging
papers, and copied the CT images contained in those papers
as figures. The label information of these CT images, such as
whether they were obtained from COVID-19 patients or NonCOVID-19 patients, was collected by reading the captions of
the figures in those papers. The split of the training, testing,
and validation of this dataset followed the authors’ suggestion
(Table 2).
We did not borrow the data augmentation and transfer
learning steps as done by the authors of the dataset and our
training strategy is relatively simple in terms of the training
epochs and model structure because the goal of this work
is to test the effect of the anomaly detection-based image
preprocessing. The other dataset was published by Wuhan
Huazhong University of Science and Technology [13]. This
one has 4,001 COVID-19 lung CT images and 9,979 NonCOVID-19 lung CT images. The quality of this dataset is
better than the first one since it was directly obtained from
Wuhan’s hospitals. The images are all in DICOM (Digital
Imaging and Communications in Medicine) format with the
similar FOV (Field of View) and resolution (200K). We borrowed the lung parenchyma splitting algorithm from the
author of the dataset to split the lung regions from the other
body parts [13]. After this, we randomly selected 80% of
the images as a train set, 10% as a validation set, and 10%
as a test set. The detailed number of images are listed in
Table 2. We choose this data split strategy to be consistent
with the split strategy of the first data set. Images from both
datasets are resized to a uniform resolution of 224 × 224.
Training parameters are kept the same in both the anomaly
detection-based framework and anomaly detection-removed
framework.
D. PERFORMANCE EVALUATION

To evaluate our model performance, we used below performance measures: Accuracy (a ratio of correctly predicted
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We made the data splits with our code publicly available
for reproducing our results (https://github.com/qianliu1219/
iMP). The raw data used in this study could be downloaded
from UCSD (https://github.com/UCSD-AI4H/COVID-CT)
and ICTCF (http://ictcf.biocuckoo.cn/index.php). The proposed two-dimensional matrix profile algorithm and the training of the VGG model and the three DenseNet models on the
two datasets took around 80 hours for a Nvidia GeForce GTX
1080 GPU machine.
IV. RESULTS
A. THE SPARSE MATRIX PROFILE AND CT-SS

After applying the ultra-fast matrix profile algorithm to the
one-dimensional flattened images, we could obtain meaningful patches, which indicate the potential anomaly pixels in the chest CT images. Fig. 2 showed one of the
examples.

FIGURE 2. Examples of sparse matrix profile. The row flattened image
(A) and the column flattened image (B). The one-dimensional matrix
profiles of A and B were plotted as black lines (C, D). The meaningful rare
patterns were highlighted using the red colours. Their overlap was traced
back to the raw image. A meaningful anomaly patch was observed (E).

However, the top discords (top smallest distances) require
to be carefully defined in order to find a meaningful patch
using the one-dimensional matrix profile algorithm. If we

213723
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FIGURE 3. The results of CT-SS differential analysis and mediation
analysis. Top panel (A) is the density distributions of the two-dimensional
matrix profile algorithm-based CT severity scores (CT-SS) for COVID-19
and Non-COVID-19 groups, respectively. Bottom panel (B) is the causal
association analysis among the underlying diseases, CT-SS, and COVID-19
diagnosis. The total effect and its significance of underlying diseases on
COVID-19 diagnosis, the direct component of the total effect and indirect
effect through the CT-SS are showing on the paths.

select the top 1 discord, the highlighted patch sometimes
would present in the corner or along the edge of the
image or body parts in the image. Those meaningless
discords need to be manually filtered out, which is inconvenient. Therefore, the approach is not practical in clinical
reality.
Using the two-dimensional matrix profile algorithm,
we got an anomaly severity score (CT-SS) for each image.
The density distribution of the CT-SS is shown in Fig. 3A.
These CT-SS were significantly different between the
COVID-19 group and Non-COVID-19 group (p − value <
0.05).
The mediation analysis identified a significant causal relationship among the number of underlying diseases, CT-SS,
and COVID-19 severity as shown in Fig. 3B. The number of
underlying diseases has a total effect of 0.42 (p − value <
0.05) on COVID-19 severity. Five percentage of this effect,
which is 0.02 (0.02 ÷ 0.42 = 5%), could be explained by
the two-dimensional matrix profile based CT-SS. The rest
95% is the direct effect that needs to be explained by other
mechanisms.
Based on the two-dimensional matrix profile, we could get
a salience map pasted on the top of the raw image to suppress the meaningless pixel values without losing information
in meaningful regions such as the lung region and lesion
region (Fig. 4).
213724

FIGURE 4. Examples of generation of salience maps. The raw image (A),
the lung regions (B), identified two-dimensional matrix profile
heatmap (C,D), and anomaly weighted image (E,F). In the weighted image,
valuable pixels in the lung regions and lesion regions were highlighted,
while meaningless regions were suppressed.

B. THE ANOMALY WEIGHTED LUNG CT IMAGES
IMPROVED THE COVID-19 DIAGNOSIS

We trained the VGG and DensNet models (Table 1) using
both the training sets of raw CT images and the anomaly
weighted CT images for the Datasets 1 and 2 (Table 2),
respectively, which were evaluated using their validation sets
(Table 2). As shown in Fig. 5 (Top), due to the small sample
size in Dataset 1, the performance of DenseNet121 on the raw
images and the anomaly weighted images is inconsistent for
different performance measures. Also due to the poor quality
(in terms of both the format (Normal image format, not medical image format) and the various of image resolutions(from
9K to 1.6M)) and small sample size, models trained on
Dataset 1 need more training epochs to converge than models
trained on Dataset 2. Except accuracy, the anomaly weighted
images have better performance than the raw images for
all other four performance measures in DenseNet121. For
Dataset 2, the anomaly weighted images have shown better
performance than the raw images for all the five performance
measures in Fig. 5 (Bottom). Other DenseNet architectures
as well as the VGG network as shown in Table 1 also showed
the similar trend (results were not shown). The overall performance winner was always the model trained with the anomaly
VOLUME 8, 2020

Q. Liu et al.: Two-Dimensional Sparse Matrix Profile DenseNet for COVID-19 Diagnosis Using Chest CT Images

TABLE 3. Classification performance on testing sets.

set (Table 3) in the Dataset 1, which means there is a
potential over-fitting no matter whether we used the raw
data or the anomaly weighted data. This is not surprising
since the sample size is very small and the image quality in
the Dataset 1 is various. We were expecting that the sparsity
introduced by the anomaly mask could help avoiding overfitting [39]. However, it turns out that the anomaly mask has
limited effect on preventing over-fitting. This might because
the main content of the weighted images is still from the
raw images, and only a small proportion comes from the
anomaly mask. The sparsity introduced by the mask might be
not enough for avoiding over-fitting. For the second dataset,
over-fitting was not observed as the performance was stable
during validation and testing. As shown in Table 3, we also
observed that the DenseNet models under different network
architectures (Table 1) have better performance than the VGG
model (Table 1). Generally speaking, The DenseNet and the
VGG models also showed the improved performance using
the anomaly weighted images than raw images using the
testing sets in both Datasets 1 and 2 (Table 3).
V. DISCUSSION

FIGURE 5. The validation performances of the DenseNet121 models on
the Datasets 1 and 2.

weighted images instead of the model trained with the raw
images (p − value < 0.05) as shown in Table 3.
The trained DenseNet models and the VGG model were
applied to the testing sets of the Datasets 1 and 2, respectively.
We showed the model performance on the testing sets in
Table 3. We also showed the performance of DenseNet121 on
the validation set as example Fig. 5. The performance on
validation set is relatively higher than that of the testing
VOLUME 8, 2020

Matrix profile is a successful technique in unsupervised
rare pattern-based time-series anomaly detection [40]. It was
developed based on the nearest neighbour algorithm. In this
study, matrix profile was introduced to static image anomaly
detection at one-dimensional level and two-dimensional
level, separately. At one-dimensional level, image matrix
was flattened to a long vector which could be considered
as a time-series. With this transformation, the set of entire
subsequences could be scanned efficiently using fast Fourier
algorithms. This method works fine in identifying anomalies
within an image. However, extra manual operations need to be
done for choosing a suitable discord. And it is unnecessary to
visit an image pixel by pixel for anomaly detection. Instead,
213725
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it is more reasonable to directly calculate the image matrix
profile at the two-dimensional level. In our two-dimensional
matrix profile method, a predefined size of sub-segment
is scanned and its nearest distance with other sub-segments is
calculated. The combination of all these nearest distances is
mapped to the same coordinates of the corresponding subsegments in the original images. The generated anomaly
mask has the ability to indicate the meaningful lesion pixels
in the original images. We further transformed each of the
images into a severity score as a fast tool to indicate the
normality of the images. This severity score showed significant difference between COVID-19 group and Non-COVID19 group, which means it could work as an automatic and
easy-calculated clinical tool to support COVID-19 diagnosis.
To understand the potential causal effect of the severity score
on COVID-19 diagnosis, we performed a statistical mediation analysis to examine the association between COVID-19
diagnosis and the number of underlying diseases through the
score. We identified the significant indirect effect of the number of underlying diseases on COVID-19 severity through this
severity score.
The anomaly mask can also be used to weight the original
image for completing further tasks. In this study, we evaluated
the performance of the anomaly weighted images to classify
the COVID-19 and Non-COVID-19 lung CT images using
a deep learning model. The anomaly weighted images were
shown to be better in training the deep classification model
than the raw images. This is likely due to the enhanced information introduced by the preprocessing. We made the whole
working flow connected so that it could be implemented
easily [41]. What’s more, unsupervised anomaly detection
and supervised deep convolutional neural network could be
combined together in an end-to-end manner.
To control the runtime of the algorithm, we downsized the
raw images to a smaller resolution. Although to obtain the
best classification performance of the deep learning model is
not the main task of this study, we realized the degradation
in resolution might decrease the performance of the deep
convolutional neural network based image classifier used in
this study [42]. It might be better to keep the original resolution if the runtime is not a consideration or the computer
configuration could be improved. Another potential future
direction of this study is to develop ultra-fast algorithms
for two-dimensional matrix profile calculation using a twodimensional fast Fourier transformation [43]. Also, for the
one-dimensional method, currently the one-dimensional fast
Fourier transformation (FFT) [44] involved in the core algorithm does not consider the sparsity of medical image data.
We could introduce sparse Fourier transform (SFT) [45] into
the core calculation of one-dimensional matrix profile algorithm. At the application level, this technique is not limited
to analysis of COVID-19 CT images, it could be extended
to other diseases and other image types. Although this study
focuses on the two-dimensional image anomaly detection
problem, the matrix profile technique could be potentially
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further extended to analyze three-dimensional volume rendered CT scans which are more commonly used in medical
practice. The potential application of CT-SS could also be
explored if more clinical information are provided. For example, if the clinical outcomes (prognosis, treatment response,
etc.) of the patients are available, the associations of CT-SS
with these clinical outcomes could be further analysed [8].
Although this study is not intended to compete with the most
state-of-art work in completing a classification task, we could
integrate our sparse matrix profile method for enhancing
anomalies in images with other advanced deep learning models [46], [47] and some data augmentation techniques to
achieve the best classification performance.
VI. CONCLUSION

Inspired by the success of matrix profile in time-series data
anomaly detection, we attempted to extent its application
to image anomaly detection. Two possible clinical utilities
have been tested, which are the CT-SS and the anomaly
weighted images. The CT-SS could significantly distinguish
the COVID-19 and Non-COVID-19 patients. This ability
might come from the mechanism of its mediation effect on the
number of underlying diseases’ association with COVID-19
severity. The anomaly weighted images performed better in
training different settings of DensNet models than the raw
images. These significant results revealed its potential use for
the lung CT imaging-based COVID-19 rapid diagnosis. This
work has opened a window for raising the one-dimensional
rare pattern mining algorithm to solve two-dimensional rare
pattern detection problem. Unsupervised anomaly detection and advanced deep convolutional neural network were
utilized in an unbroken and connected manner. The proposed algorithm is also dimension-extendible and explainable, in terms of its nearest neighbour theory. Furthermore,
the implemented algorithm package might become a clinical
tool for COVID-19 rapid diagnosis and assessment.
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