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State of the art – “Big data” challenge

Many available public data (BIG, i.e. at least Tb-sized):

Heterogeneous types of information
(imaging, omics, clinical)

Databases connect and integrate different data types
(genic & metabolic networks, clinical trials, in vitro experiments, 
catalogues of drug effects and targets)

Increased computing and storage power (HPC, GPU , Cloud)

Rapid availability and management of data



Transcriptome,	Epigenomics,	Drugs,	Clinical trials,	protein structure,	…

Allow in	silico meta-analyses and	studies
Provide preliminary information	before new	experiments

Public databases and repositories



Big Data for biomedical studies

TCIA – the cancer imaging archive
TC, PET, NMR data

TCGA – The Cancer Genetic Atlas
Omics (GEP, NGS, SNP, MET)



TCIA-TCGA integrated imaging/omics databases

Collection Cancer	type Modalities #
TCGA-BLCA Bladder	Endothelial	Carcinoma CT,	CR,	MR,	PT 106
TCGA-BRCA Breast	Cancer MR,	MG 139
TCGA-CESC Cervical	Squamous	Cell	Carcinoma	and	Endocervical	Adenocarcinoma MR 54
TCGA-COAD Colon	Adenocarcinoma CT 25
TCGA-ESCA Esophageal	Carcinoma CT 16
TCGA-GBM Glioblastoma	Multiforme MR,	CT,	DX 262
TCGA-HNSC Head	and	Neck	Squamous	Cell	Carcinoma CT,	MR,	PT,	RTSTRUCT,	RTPLAN,	RTDOSE 227
TCGA-KICH Kidney	Chromophobe CT,	MR 15
TCGA-KIRC Kidney	Renal	Clear	Cell	Carcinoma CT,	MR,	CR 267
TCGA-KIRP Kidney Renal Papillary Cell	Carcinoma CT,	MR,	PT 33
TCGA-LGG Low	Grade	Glioma MR,	CT 199
TCGA-LIHC Liver	Hepatocellular	Carcinoma MR,	CT,	PT 97
TCGA-LUAD Lung	Adenocarcinoma CT,	PT,	NM 69
TCGA-LUSC Lung	Squamous	Cell	Carcinoma CT,	NM,	PT 37
TCGA-OV Ovarian	Serous	Cystadenocarcinoma CT,	MR 143
TCGA-PRAD Prostate	Cancer CT,	PT,	MR 14
TCGA-READ Rectum	Adenocarcinoma CT,	MR 3
TCGA-SARC Sarcomas CT,	MR 5
TCGA-STAD Stomach	Adenocarcinoma CT 46
TCGA-THCA Thyroid	Cancer CT,	PT 6
TCGA-UCEC Uterine	Corpus	Endometrial	Carcinoma CT,	CR,	MR,	PT 58

TCIA	– public	database	of	biomedical imaging for	many tumours
For	21	tumours also omics data	are	available in	TCGA	(same samples)



Big Data for clinical studies

ADNI – Alzheimer Disease Neuroimaging Initiative
(imaging, omics, clinical, biospecimens)

ABIDE – Autism Brain Imaging Data Exchange
(imaging data on control and autistic samples)

IXI – Information eXtraction from Images
(600 normal healthy subjects MRI)



Omics multivariate analysis: examples
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Network integration of multi-tumour omics data
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We characterize different tumour types in search for multi-tumour drug targets, in particular

aiming for drug repurposing and novel drug combinations. Starting from 11 tumour types from

The Cancer Genome Atlas, we obtain three clusters based on transcriptomic correlation

profiles. A network-based analysis, integrating gene expression profiles and protein inter-

actions of cancer-related genes, allows us to define three cluster-specific signatures, with

genes belonging to NF-κB signaling, chromosomal instability, ubiquitin-proteasome system,

DNA metabolism, and apoptosis biological processes. These signatures have been char-

acterized by different approaches based on mutational, pharmacological and clinical evi-

dences, demonstrating the validity of our selection. Moreover, we define new

pharmacological strategies validated by in vitro experiments that show inhibition of cell

growth in two tumour cell lines, with significant synergistic effect. Our study thus provides a

list of genes and pathways that could possibly be used, singularly or in combination, for the

design of novel treatment strategies.
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for the validation dataset obtained from the twin couple splitting, as described in Methods Section) to be com-
pared with the results obtained in21 for a signature based on 71 methylation markers: R = 0.96 in the test dataset, 
and R = 0.91 in the validation set. As a first test for the goodness of our signature, we extracted from the Twins 
dataset 100,000 randomly chosen signatures of 125 probes, and applied the same procedure of estimating ridge 
regression parameters on one split dataset and validating it on the other. We obtained a distribution of 100,000 
Pearson’s R values, with an average of 0.75 and a SD of 0.09. Remarkably, only 21 random signatures were outper-
forming the optimal signature (corresponding to 0.02% of the random signature sample space) confirming the 
high regression performance of the optimal age signature. Concerning possible gender differences in the expres-
sion values of these 125 genes, we did not observe any significant difference when comparing male to female twin 
samples, after correcting for multiple test analysis (data not shown). This suggests that such age signature is largely 
independent from sex differences, as evidenced also by the results for a dataset of male samples only (as shown 
in next section).

Validation on a time series dataset of the same cell type. In order to test the robustness of our sig-
nature, we applied it to two different datasets. The first one (“Agegroup1” dataset, described in Remondini et al.9) 
consisted of T cells collected from peripheral blood of 25 male donors (age in the range 25–97 Y), analysed with 
the microarray platform HUMLIB384 Human OligoLibrary Release 1.0). The second dataset (“Agegroup2” data-
set, GSE6233124), consisted of CD4+ T cells obtained from peripheral blood of 31 subjects (age in range 25–81 
years; 17 males and 14 females), analysed with the microarray platform Illumina humanRef-8 v2.0.

Since different platforms have different probes, we considered the genes with the same “gene symbol” anno-
tation as those of our signature. When more probes were associated with the same “gene symbol” we kept the 
one with the highest average expression value. This resulted in a reduced signature of 59 and 82 genes for the two 
datasets, respectively. The performance of these reduced signatures applied to the validation split dataset of MZ 
twins (with the same parameters of the 125-gene signature ridge regression) in terms of Pearson’s correlation 
coefficient, were R = 0.90 and R = 0.92, respectively.

In both datasets, a ridge regression was applied to the relative signature, in order to tune the signature to the 
different platform features. Applying the procedure without cross-validation, Pearson’s R = 0.95 and R = 0.99 
were respectively obtained. More robust estimations were obtained by 10-fold crossvalidation, resampling 10,000 
times the training and validation set: for the AgeGroup1 dataset, we obtained an average value R = 0.93 and a 
SD = 0.06 (see Fig. 3a), that is very similar to the performance obtained on the Twins dataset; for the Agegroup2 
dataset, instead, we obtained an average value R = 0.69 and a SD = 0.04 (see Fig. 3b). Also for the two validation 
datasets, 10,000 randomly chosen signatures of appropriate length were extracted, a ridge regression procedure 
with 10-fold crossvalidation was applied, and the Pearson’s R was calculated for each random signature: in the 
AgeGroup1 dataset we obtained an average value R = 0.92 and a SD = 0.07, while in the Agegroup2 dataset we 
obtained an average value R = 0.41 and a SD = 0.14. In both cases, the distribution of the R values resulted lower 
for the random signature with respect to the reduced signature obtained from the Twins dataset. The average 
R value obtained using the Twins signature, in fact, was significantly higher than the random signatures in the 
Agegroup1 dataset (P = 10−70, Student’s T test, corresponding to the 60th percentile of the distribution of R for 
random signatures) and to the 98th percentile in the Agegroup2 dataset, suggesting that the lower average R 
obtained in the GSE62331 dataset is due to the data variability rather than to the signature.

Since the signature is applied on two datasets hybridized over two different microarray platforms with a 
reduced number of probes, the good performances obtained, as compared to random signatures, supports our 
approach for optimal signature selection based on the available twin experimental design.

Validation on a time series of a different cell type. We extracted, from GEO expression omnibus pub-
lic repository for transcriptomic data, a dataset of skeletal muscle specimens extracted from healthy samples with 

Figure 2. Plot of MZ couple age vs. age estimated by ridge regression with the optimal signature. The plot 
shows the estimation obtained for the validation set (i.e. all the twins from the 27 couples not used for signature 
training).
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Identification of a T cell gene 
expression clock obtained by 
exploiting a MZ twin design
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Many studies investigated age-related changes in gene expression of different tissues, with scarce 
agreement due to the high number of affecting factors. Similarly, no consensus has been reached 
on which genes change expression as a function of age and not because of environment. In this 
study we analysed gene expression of T lymphocytes from 27 healthy monozygotic twin couples, 
with ages ranging over whole adult lifespan (22 to 98 years). This unique experimental design 
allowed us to identify genes involved in normative aging, which expression changes independently 
from environmental factors. We obtained a transcriptomic signature with 125 genes, from which 
chronological age can be estimated. This signature has been tested in two datasets of same cell type 
hybridized over two different platforms, showing a significantly better performance compared to 
random signatures. Moreover, the same signature was applied on a dataset from a different cell type 
(human muscle). A lower performance was obtained, indicating the possibility that the signature is T 
cell-specific. As a whole our results suggest that this approach can be useful to identify age-modulated 
genes.

Aging is a complex phenomenon characterised by decreased fitness and increased risk of diseases, disability and 
death. All these features are sustained by changes in gene expression, as a response of the cells to the environmen-
tal stimuli. Whether this response is programmed and stereotyped or totally random has been (and still is) a puz-
zling question for gerontologists. This question stems from the old theoretical dichotomy which has dominated 
the field of aging studies, that can be summarized in two conflicting positions: “aging is programmed” vs “aging is 
a random process”1–3. The fact that no gerontogenes (that is, genes whose expression actively induces aging of the 
organism without any other apparent benefit) have been found so far does not exclude that other (possibly epige-
netic) types of control exist, so the question is still open. A third possibility also exists, that, according to the con-
ceptualization of Blagosklonny and Hall4, aging is quasi-programmed, and should be interpreted as a continuation 
of developmental programs which, in the post-reproductive period of life, loose their strict and finely tuned mod-
ulation. A possible useful model to understand, at least in part, the presence of genetic (or epigenetic) control over 
age-related gene expression changes is that of twins5. Indeed, monozygotic (MZ) twins share the same genome 
and they can be therefore considered a powerful model to identify genes whose expression is independent from 
environmental perturbations, with the further possibility to cross-validate the data obtained in a member of the 
pair with those obtained in the other. Therefore, as MZ twins grow old, it should be possible to observe whether 
some of their genes change expression accordingly, indicating the presence of some kind of genetic control over 
this phenomenon, or rather if changes are totally private (not shared by the two members of the twin couple). Until 
today, a plethora of studies analyzed gene expression time series in different tissues (including brain areas, adipose 
tissue and skeletal muscle) from subjects of different age6–14, but not in twins. On the other side, gene expression 
studies on twin pairs have been performed so far in limited number of old subjects15, or in case-control studies16, 17.  
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We characterize different tumour types in search for multi-tumour drug targets, in particular

aiming for drug repurposing and novel drug combinations. Starting from 11 tumour types from

The Cancer Genome Atlas, we obtain three clusters based on transcriptomic correlation

profiles. A network-based analysis, integrating gene expression profiles and protein inter-

actions of cancer-related genes, allows us to define three cluster-specific signatures, with

genes belonging to NF-κB signaling, chromosomal instability, ubiquitin-proteasome system,

DNA metabolism, and apoptosis biological processes. These signatures have been char-

acterized by different approaches based on mutational, pharmacological and clinical evi-

dences, demonstrating the validity of our selection. Moreover, we define new

pharmacological strategies validated by in vitro experiments that show inhibition of cell

growth in two tumour cell lines, with significant synergistic effect. Our study thus provides a

list of genes and pathways that could possibly be used, singularly or in combination, for the

design of novel treatment strategies.
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Machine Learning

Huge amount of data: data-driven approaches

Machine Learning: usage of advanced algorithms for data 
analysis (e.g. image analysis)

1) Unsupervised methods: 
a) data clustering (e.g. ROI segmentation)
b) feature extraction (e.g. texture features)

2) Supervised methods: the algorithm uses known information 
(e.g. reference samples, standards) for

a) sample classification
b) parameter regression (e.g. risk score, age)



Artificial Intelligence and Deep Learning

Some machine learning techniques take inspiration from anatomical and 
functional structures of the brain (i.e. visual cortex, known since the ’60s)

Hubel &	Wiesel J Physiol 160,	1962

Layered (modular,	organized)
Hierarchical (from	contours to	shapes)
Somatotopic (organization)



Artificial Intelligence and Deep Learning

The functional units of Neural Networks take inspiration from 
neurons (since 1957 Rosenblatt’s perceptron) 



Deep Neural Network for Machine Learning - supervised

Supervised methods (classification, regression): 
Feedforward Deep Networks FDN
FDN is trained with examples, and generalizes to unseen data

My	thesis (1996):	4	neurons,	386	Intel	CPU,	20	Mb	HD
Actual FDN:	105-106 neurons,	multi-core	CPU	&	GPU,	Tb HD	(&	RAM)



Deep Neural Network for Machine Learning - unsupervised

Unsupervised feature extraction: Convolutional Neural Networks CNN
CNN layers extract a hierarchy of features (from contours to shapes)



Deep Neural Network for Machine Learning

Typical DNN architecture: encoding (CNN) + task (FDN)



Machine Learning for NMR data: examples

Data processing:

1) NMR fingerprinting

2) QSM processing

Image analysis:

1) Automated segmentation

2) Quantification (feature & texture analysis)

3) Image quality enhancement (super-resolution)



Fingerprinting
Associate vectors of features for each MRI ”pixel” (training set) with 
specific values (B, T1, T2, …)

Original strategy [Ma et al, Nature 495, 2013]: define a ”dictionary” of 
feature/value associations
Our strategy: train a DL network to discriminate the feature vectors and 
reliably associate the physical NMR parameters

T1

Off

T2
D

B1

Barbieri,	…	Remondini	arXiv:1811.11477



Quantitative Susceptibility Mapping

Transform Phase data into Magnetic susceptibility data c
Analytical function has singularities (”magic angle”)

Deep Learning can learn the transform from ”good”examples (our case, 
reconstructions obtained with other approaches) and overcome singularities

Cristiana Fiscone’s
Tomorrow C15 talk

In	collaboration with	Prof.	R.	Bowtell
Sir	Peter	Mansfield	Institute,	Nottingham	UK



Feature extraction & analysis

Many observables can be extracted from single pixels (or larger patches) of 
MRI images
- Graylevel histogram
- Texture features (based on spatial and intensity proximity)
- Segmented region parameters (eccentricity, complexity, fractal dim, …)

Each sample is mapped into a high-dimensional feature space

N = 102-103

Feature vectors can be used for
- low-dimensional visualization
- Supervised and unsupervised

machine learning



Visualization

Several tecniques can be used for low-dimensional reduction and 
visualization (in 2-3 dim)
- PCA/SVD ”family” of methods
- ISOMAP (network-geodetics)
- SNE (Stochastic Neighbor Embedding)

VAN DER MAATEN AND HINTON
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(a) Visualization by t-SNE.

 

 

(b) Visualization by Sammon mapping.

Figure 2: Visualizations of 6,000 handwritten digits from the MNIST data set.
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tion to geodesic distance. For faraway points,
geodesic distance can be approximated by
adding up a sequence of “short hops” be-
tween neighboring points. These approxima-
tions are computed efficiently by finding
shortest paths in a graph with edges connect-
ing neighboring data points.

The complete isometric feature mapping,
or Isomap, algorithm has three steps, which
are detailed in Table 1. The first step deter-
mines which points are neighbors on the
manifold M, based on the distances dX (i, j)
between pairs of points i, j in the input space

X. Two simple methods are to connect each
point to all points within some fixed radius !,
or to all of its K nearest neighbors (15). These
neighborhood relations are represented as a
weighted graph G over the data points, with
edges of weight dX(i, j) between neighboring
points (Fig. 3B).

In its second step, Isomap estimates the
geodesic distances dM (i, j) between all pairs
of points on the manifold M by computing
their shortest path distances dG(i, j) in the
graph G. One simple algorithm (16) for find-
ing shortest paths is given in Table 1.

The final step applies classical MDS to
the matrix of graph distances DG " {dG(i, j)},
constructing an embedding of the data in a
d-dimensional Euclidean space Y that best
preserves the manifold’s estimated intrinsic
geometry (Fig. 3C). The coordinate vectors yi

for points in Y are chosen to minimize the
cost function

E ! !#$DG% " #$DY%!L2 (1)

where DY denotes the matrix of Euclidean
distances {dY(i, j) " !yi & yj!} and !A!L2

the L2 matrix norm '(i, j Ai j
2 . The # operator

Fig. 1. (A) A canonical dimensionality reduction
problem from visual perception. The input consists
of a sequence of 4096-dimensional vectors, rep-
resenting the brightness values of 64 pixel by 64
pixel images of a face rendered with different
poses and lighting directions. Applied to N " 698
raw images, Isomap (K" 6) learns a three-dimen-
sional embedding of the data’s intrinsic geometric
structure. A two-dimensional projection is shown,
with a sample of the original input images (red
circles) superimposed on all the data points (blue)
and horizontal sliders (under the images) repre-
senting the third dimension. Each coordinate axis
of the embedding correlates highly with one de-
gree of freedom underlying the original data: left-
right pose (x axis, R " 0.99), up-down pose ( y
axis, R " 0.90), and lighting direction (slider posi-
tion, R " 0.92). The input-space distances dX(i, j )
given to Isomap were Euclidean distances be-
tween the 4096-dimensional image vectors. (B)
Isomap applied to N " 1000 handwritten “2”s
from the MNIST database (40). The two most
significant dimensions in the Isomap embedding,
shown here, articulate the major features of the
“2”: bottom loop (x axis) and top arch ( y axis).
Input-space distances dX(i, j ) were measured by
tangent distance, a metric designed to capture the
invariances relevant in handwriting recognition
(41). Here we used !-Isomap (with ! " 4.2) be-
cause we did not expect a constant dimensionality
to hold over the whole data set; consistent with
this, Isomap finds several tendrils projecting from
the higher dimensional mass of data and repre-
senting successive exaggerations of an extra
stroke or ornament in the digit.

R E P O R T S
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Super resolution

A DNN can learn to ”improve” image quality (resolution) 
from an adequate training set
Results of a DNN trained on natural images
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Fig. 1. The proposed Super-Resolution Convolutional
Neural Network (SRCNN) surpasses the bicubic baseline
with just a few training iterations, and outperforms the
sparse-coding-based method (SC) [50] with moderate
training. The performance may be further improved with
more training iterations. More details are provided in
Section 4.4.1 (the Set5 dataset with an upscaling factor
3). The proposed method provides visually appealing
reconstructed image.

numbers of filters and layers, our method achieves
fast speed for practical on-line usage even on a CPU.
Our method is faster than a number of example-based
methods, because it is fully feed-forward and does
not need to solve any optimization problem on usage.
Third, experiments show that the restoration quality of
the network can be further improved when (i) larger
and more diverse datasets are available, and/or (ii)
a larger and deeper model is used. On the contrary,
larger datasets/models can present challenges for exist-
ing example-based methods. Furthermore, the proposed
network can cope with three channels of color images
simultaneously to achieve improved super-resolution
performance.

Overall, the contributions of this study are mainly in
three aspects:

1) We present a fully convolutional neural net-
work for image super-resolution. The network di-
rectly learns an end-to-end mapping between low-
and high-resolution images, with little pre/post-
processing beyond the optimization.

2) We establish a relationship between our deep-

learning-based SR method and the traditional
sparse-coding-based SR methods. This relationship
provides a guidance for the design of the network
structure.

3) We demonstrate that deep learning is useful in
the classical computer vision problem of super-
resolution, and can achieve good quality and
speed.

A preliminary version of this work was presented
earlier [11]. The present work adds to the initial version
in significant ways. Firstly, we improve the SRCNN by
introducing larger filter size in the non-linear mapping
layer, and explore deeper structures by adding non-
linear mapping layers. Secondly, we extend the SRCNN
to process three color channels (either in YCbCr or RGB
color space) simultaneously. Experimentally, we demon-
strate that performance can be improved in comparison
to the single-channel network. Thirdly, considerable new
analyses and intuitive explanations are added to the
initial results. We also extend the original experiments
from Set5 [2] and Set14 [51] test images to BSD200 [32]
(200 test images). In addition, we compare with a num-
ber of recently published methods and confirm that
our model still outperforms existing approaches using
different evaluation metrics.

2 RELATED WORK
2.1 Image Super-Resolution
According to the image priors, single-image super res-
olution algorithms can be categorized into four types –
prediction models, edge based methods, image statistical
methods and patch based (or example-based) methods.
These methods have been thoroughly investigated and
evaluated in Yang et al.’s work [46]. Among them, the
example-based methods [16], [25], [41], [47] achieve the
state-of-the-art performance.

The internal example-based methods exploit the self-
similarity property and generate exemplar patches from
the input image. It is first proposed in Glasner’s
work [16], and several improved variants [13], [45] are
proposed to accelerate the implementation. The exter-
nal example-based methods [2], [4], [6], [15], [37], [41],
[48], [49], [50], [51] learn a mapping between low/high-
resolution patches from external datasets. These studies
vary on how to learn a compact dictionary or manifold
space to relate low/high-resolution patches, and on how
representation schemes can be conducted in such spaces.
In the pioneer work of Freeman et al. [14], the dic-
tionaries are directly presented as low/high-resolution
patch pairs, and the nearest neighbour (NN) of the input
patch is found in the low-resolution space, with its corre-
sponding high-resolution patch used for reconstruction.
Chang et al. [4] introduce a manifold embedding tech-
nique as an alternative to the NN strategy. In Yang et al.’s
work [49], [50], the above NN correspondence advances
to a more sophisticated sparse coding formulation. Other
mapping functions such as kernel regression [25], simple
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feature maps

 Patch extraction 
and representation

Non-linear mapping Reconstruction 

Low-resolution
image (input)

High-resolution
image (output)

of low-resolution image of high-resolution image 
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Fig. 2. Given a low-resolution image Y, the first convolutional layer of the SRCNN extracts a set of feature maps. The
second layer maps these feature maps nonlinearly to high-resolution patch representations. The last layer combines
the predictions within a spatial neighbourhood to produce the final high-resolution image F (Y).

a kernel size c ⇥ f1 ⇥ f1. The output is composed of
n1 feature maps. B1 is an n1-dimensional vector, whose
each element is associated with a filter. We apply the
Rectified Linear Unit (ReLU, max(0, x)) [33] on the filter
responses4.

3.1.2 Non-linear mapping

The first layer extracts an n1-dimensional feature for
each patch. In the second operation, we map each of
these n1-dimensional vectors into an n2-dimensional
one. This is equivalent to applying n2 filters which have
a trivial spatial support 1⇥ 1. This interpretation is only
valid for 1⇥1 filters. But it is easy to generalize to larger
filters like 3 ⇥ 3 or 5 ⇥ 5. In that case, the non-linear
mapping is not on a patch of the input image; instead,
it is on a 3⇥ 3 or 5⇥ 5 “patch” of the feature map. The
operation of the second layer is:

F2(Y) = max (0,W2 ⇤ F1(Y) +B2) . (2)

Here W2 contains n2 filters of size n1⇥f2⇥f2, and B2 is
n2-dimensional. Each of the output n2-dimensional vec-
tors is conceptually a representation of a high-resolution
patch that will be used for reconstruction.

It is possible to add more convolutional layers to
increase the non-linearity. But this can increase the com-
plexity of the model (n2 ⇥ f2 ⇥ f2 ⇥ n2 parameters for
one layer), and thus demands more training time. We
will explore deeper structures by introducing additional
non-linear mapping layers in Section 4.3.3.

3.1.3 Reconstruction

In the traditional methods, the predicted overlapping
high-resolution patches are often averaged to produce
the final full image. The averaging can be considered
as a pre-defined filter on a set of feature maps (where
each position is the “flattened” vector form of a high-
resolution patch). Motivated by this, we define a convo-
lutional layer to produce the final high-resolution image:

F (Y) = W3 ⇤ F2(Y) +B3. (3)

4. The ReLU can be equivalently considered as a part of the second
operation (Non-linear mapping), and the first operation (Patch extrac-
tion and representation) becomes purely linear convolution.

Here W3 corresponds to c filters of a size n2 ⇥ f3 ⇥ f3,
and B3 is a c-dimensional vector.

If the representations of the high-resolution patches
are in the image domain (i.e.,we can simply reshape each
representation to form the patch), we expect that the
filters act like an averaging filter; if the representations
of the high-resolution patches are in some other domains
(e.g.,coefficients in terms of some bases), we expect that
W3 behaves like first projecting the coefficients onto the
image domain and then averaging. In either way, W3 is
a set of linear filters.

Interestingly, although the above three operations are
motivated by different intuitions, they all lead to the
same form as a convolutional layer. We put all three
operations together and form a convolutional neural
network (Figure 2). In this model, all the filtering weights
and biases are to be optimized. Despite the succinctness
of the overall structure, our SRCNN model is carefully
developed by drawing extensive experience resulted
from significant progresses in super-resolution [49], [50].
We detail the relationship in the next section.

3.2 Relationship to Sparse-Coding-Based Methods
We show that the sparse-coding-based SR methods [49],
[50] can be viewed as a convolutional neural network.
Figure 3 shows an illustration.

In the sparse-coding-based methods, let us consider
that an f1 ⇥ f1 low-resolution patch is extracted from
the input image. Then the sparse coding solver, like
Feature-Sign [29], will first project the patch onto a (low-
resolution) dictionary. If the dictionary size is n1, this
is equivalent to applying n1 linear filters (f1 ⇥ f1) on
the input image (the mean subtraction is also a linear
operation so can be absorbed). This is illustrated as the
left part of Figure 3.

The sparse coding solver will then iteratively process
the n1 coefficients. The outputs of this solver are n2

coefficients, and usually n2 = n1 in the case of sparse
coding. These n2 coefficients are the representation of
the high-resolution patch. In this sense, the sparse coding

Dong et	al.,	arXiv:1501.00092v3



Classification & regression

Machine learning techniques (including DL) can 
be used to classify samples or to regress
parameters (e.g. tumour grade, age):

- Partial Least Squares
- Support Vector Machine
- Discriminant Analysis
- K-Nearest Neighbour
- Ridge regression
- LASSO
- …
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