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ABSTRACT

This paper aims to explore the factor analysis when 
applied to a dynamic sequence of medical images 
obtained using nuclear imaging modality, Positron 
Emission Tomography (PET). This latter modality allows 
obtaining information on physiological phenomena, 
through the examination of radiotracer evolution during 
time. Factor analysis of dynamic medical images 
sequence (FADMIS) estimates the underlying 
fundamental spatial distributions by factor images and the 
associated so-called fundamental functions (describing 
the signal variations) by factors. This method is based on 
an orthogonal analysis followed by an oblique analysis. 
The results of the FADMIS are physiological curves 
showing the evolution during time of radiotracer within 
homogeneous tissues distributions. This functional 
analysis of dynamic nuclear medical images is considered 
to be very efficient for cancer diagnostics. In fact, it could 
be applied for cancer characterization, vascularization as 
well as possible evaluation of response to therapy. 

Key Words— factor analysis, Positron Emission 
Tomography (PET), factor images, factor, orthogonal 
analysis, oblique analysis, cancer diagnostic.

1. INTRODUCTION

Today, medical imaging domain knows considerable 
evolutions in medicine. It has an essential role in 
diagnosis and therapeutic follow-up of multiple 
pathologies. Using anatomic imaging modalities, such as 
MRI, ultrasound, allow visualizing anatomy of the human 
body. It can also provide functional, metabolic and 
quantitative information by using dynamic methods, such 
as fMRI, Scintigraphy or PET. 

Anatomic imaging modalities cannot detect tumors 
having size overtaking the cm3. Frequently, it cannot 

distinguish a necrosed tumor and a residual active 
disease. That’s why, nuclear medicine is essential to 
provide complementary information in oncology research. 

Using radiopharmaceuticals or radiotracers being 
accumulated in the tumoral cells, it allows the early 
detection of cancer before reaching adverse pathological 
stages. An example of tracer, glucose settles immediately 
on tumoral cells considered as glucose consumer. The use 
of tracer in medical imaging favors the determination of 
organ morphology and follow-up of radio-isotope along 
blood vessels or lymphatic ways.

In nuclear medicine, PET is considered as the most 
sophisticated, the most expensive and the most effective 
in oncology. Sequences of PET images are very important 
for therapy and patient monitoring during and after 
treatment.

Region of interest (ROI), parametric imaging, 
compartmental analysis and factor analysis are analysis 
tools that process functional images for extracting 
efficiently relevant information from theses sequences.

In this paper, we focus on factor analysis for PET 
imaging. It aims to diagnose breast cancer being the most 
damaging, the most common and holding the interest of 
the majority of research in medicine.

2. FACTOR ANALYSIS PRINCIPLE

Factor analysis (FA) of dynamic images sequences is a 
method of analysis that processes simultaneously curves 
representing the temporal variation of the signal in each 
pixel. It summarizes the information underlying theses 
curves into a small number of images visualizing the 
different compartments of the study area and the 
associated kinetics.

FA uses the assumption that each curve is a linear 
combination of a few kinetics called factors. Moreover, 
some a priori information are used such as the
approximate number of physiological compartments and 
the positivity of the signal on each compartment. [1]
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3. FACTOR ANALYSIS MODEL

The model solved by FA is a linear superposition model 
described by following Equation:
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With:
i (i=1,…,N): index of a pixel
xi: curve recorded for a pixel
k (k=1,...,K) : index of a factor
fk: fundamental kinetic
ak: coefficient of the kth physiological compartment 
(i): noise recorded for the ith pixel

Curves recorded for each pixel are linear 
combination of a small number of fundamental kinetics 
having a physiological interpretation. For each pixel, the 
coefficient associated to each fundamental kinetic is the 
proportion of the signal in that pixel following the 
fundamental kinetic. The coefficients give the kth 
physiological compartment associated to the kth 
fundamental kinetic. [2]

Fundamental kinetics are called "factors", while the 
associated images are called "factor images".

4. FACTOR ANALYSIS MODEL SOLUTION

In factor analysis, only kinetics are considered to be 
known. The physiological compartments and associated 
kinetics must be estimated. Moreover, noise recorded for 
each pixel had to be considered. To estimate all these 
unknown functions, the resolution method may use three 
types of prior knowledge: noise properties for estimating 
, information related to the shape of the fundamental 
kinetics and spatial distribution of physiological 
compartments.

The resolution of the FA model proceeds in two 
steps. The first one is an orthogonal analysis to estimate 
noise-free data. The second one is an oblique analysis to 
determine physiological functions and associated 
compartments. [2]

4.1. Orthogonal analysis

We consider a sequence of P functional images of N 
pixels taken at instants (t1, t2... tP). We denote X (of size 
NxP) as the original data matrix. The original data xi(t) 
belongs to a P dimensional space, and noise-free data 
xi(t)-εi(t) belongs to a Q (Q<P) dimensional space ‘S’. 

Orthogonal analysis aims to estimate the space ‘S’. It 
is based on singular value decomposition (SVD) of data 
that diagonalizes the covariance matrix of X. This matrix 
involves two metrics ‘W and M’. [3]
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The SVD of data expresses each noise-free kinetic as 
a linear combination of P vectors associated with P 
singular values. S is the space spanned by the Q 
eigenvectors associated with the Q largest eigenvalues.

4.1.1. Principal Component Analysis (PCA)
The PCA considers kinetics as N individuals and their 
values over time as P variables. It reduces the number of 
variables by projecting individuals onto Q orthogonal 
vectors UQ (t). PCA can be described through the 
following steps: [4]

A P dimensional mean vector is calculated from the N 
kinetics according to following relation:

.
1

.)()(
1 N

txtx
N

i
imoy 



 (3)

A centered matrix XS (N,P) is computed where the 
rows are vectors difference associated with kinetics:
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The covariance matrix R is constructed as follows:
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The eigenvalues ( 1..P)(iλ i  ) associated with 

eigenvectors (Ui, i=1...P) of the matrix R are computed. 
The new coordinates of individuals are their projections 
onto the new orthogonal basis according to following 
relation:
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The centred matrix Xs can be then expressed as:
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where ΛP is the diagonal matrix (λ1, λ2... λP). Hence, we 
can express the matrix X as:
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where 1N is a (N,1) matrix of ones. By retaining only the 
Q first principal components, we obtain: 
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which yields to:
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Each noise-free kinetic may be expressed then as [4]
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4.1.2. Correspondance Analysis (CA)  
The CA is based on an optimal normalization using 
statistical properties of signal and noise. It is described by 
the following procedure [5]:

We calculate the following variables:
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We define the matrix Y (N,P) issued from the 
optimal normalization of the data matrix X [5] :
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We calculate the following variables:
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The mean vector is defined as follow:
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We calculate the covariance matrix
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With
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We compute the Q eigenvectors UQ associated with 
the Q largest eigenvalues λq of the matrix C. [5]

We calculate VQ according to the following equation:
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Hence, each free-noise kinetic may be expressed as:
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4.1.3. Oblique analysis
The oblique analysis aims to identify physiological 
functions and associated compartments in noise-free data 
space. It is based on constraints and uses an iterative 
approach to obtain the basis having physiological 
meaning. [1]

The goal of this iterative algorithm is to perform a 
linear transformation of the noise-free data space basis to 
express new components having physiological sense. The 
constraint used is the positivity of physiological functions 
and associated compartments. [6]

It aims to transform the orthogonal basis (Eq. (23)) to 
perform a decomposition of the sequence into factors and 
factorials images.
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Orthogonal analysis gives a noise-free data matrix 
described by the following equation [6]: 
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Oblique analysis aims to represent it as a 
combination of factors (matrix F) and factorial images 
(matrix A) with respect to the constraints (A>0 and F>0).
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The algorithm focuses on finding the transformation 
matrix T that resolves the following equation [6]:
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The matrix T is defined as (27)
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Where TQ is the (K,Q) matrix of tkq coefficients.
First, constraints are applied to images. Then, the 

associated curves are deduced by projection. This 
procedure is repeated until the convergence of the 
algorithm to a stable solution. [6]

The steps of the iterative algorithm are as follows:
1. Initialization of the matrix T
2. Computation of the factorial images A using the 

following relation:
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3. Update the values ak(i) using positivity and 
normalization constraints  [6].

4. Computation of T using the relation (29)
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5. Determination of F using Eq.(26)
6. Update the values fk (t) using positivity and 

normalization constraints.
7. Computation of T using the relation:
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8. Test of the stopping condition and return to the first 
step if not verified

5. FACTOR ANALYSIS VALIDATION USING 
SYNTHETIC IMAGES

5.1. Description of the sequence

The sequence contains 30 grayscale synthetic images 
affected by Poisson noise. Each image is a mixing of 
different compartments. We anticipate that there are 3 
compartments associated with different temporal 
behaviors: the disc, the square and the triangle. The 
intensity of the disc increases progressively during the 
sequence. The intensity of the triangle decreases until it 
becomes zero during the last 17 images. The square 
almost keeps the same intensity during the sequence 
(Figure 1).

5.2. Pretreatment

5.2.1. Aggregation
This step aims to improve the signal to noise ratio for 
each kinetic and reduce the dimension of factorial space. 
Taking into account topographical considerations that 
consist on merging adjacent pixels, we group together 

neighboring pixels. The intensity of an aggregate of pixels 
is the sum of pixels intensities.

5.2.2. Thresholding
In order to eliminate aggregates that could provide 
noising information, a thresholding step is required.

Figure 1. Sequence of synthetic images

5.3. Orthogonal analysis

Figure 2.  The mean vector (first curve in the upper left) and
the 30 eigenvectors issued from the PCA computing

Figure 3.  The mean image (first image in the upper left) and
the 30 eigenimages issued from the PCA computing

Figure 2 and 3 show the results of PCA procedure 
generating 30 eigenvectors displayed in order of 
decreasing eigenvalues (Figure 2). We can see that from 
the fourth component, curves and associated images have 
no significant contents and then could be considered as 
noisy (Figure 3).



Hence, we can deduce that the number of 
physiological components is equal to 3. These will be 
determined in the 2-dimensional space containing noise-
free data. It is generated by the two first eigenvectors. 
And, its origin is the mean vector. 

5.4. Oblique analysis

To identify the physiological functions and the associated 
images, this step is based on an iterative algorithm that 
uses constraints related to factors and factorial images.  

The noise-free space is a 2-dimensional space. 
Hence, the number of factors K could be fixed to 3. 
Moreover, the functions and compartments must be 
positive and the number of iterations should be fixed.

5.5. Results of factor analysis

Figure 4 shows the results of factor analysis applied on 
the synthetic images. One could see there are three   
compartments: the disk, the triangle and the square.                 
Each compartment is associated with a physiological 
function. The curve associated with the disc intensity is 
growing while the intensity of the triangle decreases until 
it becomes zero.

Figure 4.  Results of factor analysis using PCA 

6. COMPARTMENTAL ANALYSIS AND 
TRACER KINETICS EVALUATION USING 

PET IMAGING

6.1. Description of the sequence of PET images

For experimental tests, a sequence of FDG-PET images, 
provided by ‘LECLERC Center fight against tumor’ 
(FRANCE), is used. This sequence represents a breast 
tumor tissue exam. It contains a set of 540 DICOM files 
including 12 data volumes, each of 45 slices.

In order to select the most informative images 
sequences characterising the breast cancer, we used the 
Image-J software. To improve the quality of PET images 
and reduce signal-to-noise ratio, we propose to sum these
sequences to obtain a new sequence of PET images as 
shown in Figure 5.

Figure 5. Sequence of FDG-PET images of a breast cancer
tissue

6.2. Application of the factor analysis

6.2.1. Pretreatment
In order to reduce the amount of information processing 
and increase the signal-to-noise ratio, we grouped 
together 2x2 neighborhoods of pixels. 

Concerning the threshold step, we decide to not apply 
this step since all aggregates present important 
information (the minimum and maximum value of the 
data matrix are equals to 1048576 and 
1309101respectively).

6.2.2. Orthogonal analysis using the CA

Figure 6.  The mean vector (first curve in the upper left) and
the eigenvectors issued from the CA computing

Only the CA procedure is applied to perform the factor 
analysis. In fact, compared to the PCA, this statistical 
approach gave better results when applied on 
scintigraphic images having practically the same 
characteristics as PET images.

The CA procedure decomposes the images sequence 
into eigenimages and their associated curves as shown in 
figures 6 and 7. We estimate that the noise-free data space 
is generated by the two first eigenvectors and had the 
mean vector as origin. This space represents 91.351% of 
data variance. 



Figure 7.  The mean image (first image in the upper left) and
the eigenimages issued from the CA computing

6.2.3. Oblique analysis
We fixed the number of factors to 3. The constraint used 
is the positivity of compartments and related functions. A 
number of iterations equal to 100 was considered to be 
sufficient for the convergence of the algorithm.

7. RESULTS 

Figure 8 presents the results of factor analysis. One could 
see that three different compartments are obtained: 
1. Compartment of the right ventricle: the associated 

physiological curve is decreasing over time, which 
means that the radiotracer being accumulated on first 
time in the right ventricle migrates to the left cavity.

2. Compartment of the left ventricle: Its physiological 
curve is delayed and decreasing over time. This is due 
to the arrival of the radiotracer to the left cavity after a 
while, its accumulation and its migration to the extra-
cardiac compartment.

3. The extra-cardiac compartment: Its physiological 
curve increases over time before being stabilized. This 
is mainly due to the accumulation of the radiotracer in 
this compartment.

Figure 8.  Results of factor analysis applied to a sequence of 
FDG-PET images

8. DISCUSSION

The figure presenting the right ventricle shows that there 
are two parts of the image on weak signal. The first part is 
the left ventricle and the second is the breast tumor. Thus, 
we conclude that the tumor behaves in part as the left 

ventricle. On the other hand, the figure representing the 
extra heart shows that the tumor is on hyper signal. So we 
deduce that it behaves in part like the extra cardiac.

In order to give better interpretation of these results, 
we selected manually, a region of interest around the 
breast tumor using the software 'Image J' and then plotted 
the average curve related to the tumor. The obtained 
tumor’s curve was similar to the physiological function 
associated with the extra-cardiac compartment obtained 
by the factor analysis. Hence, we could conclude that the 
behavior of the breast cancer is closer to that of the extra 
cardiac.

9. CONCLUSION

Factor analysis exploration applied to PET functional 
imaging could provide additional and important 
information concerning breast cancer characterization, the 
most frequent pathology for women tumors.

Our first experience with factor analysis was certainly
advantageous because it was the real access to distinguish 
clear compartments in this biological tissue analysis. We 
think, indeed, that improving temporal resolution of PET 
images and applying factor analysis on a region of 
interest, presenting approximately the real breast cancer, 
will certainly improve the results. 

Finally, we found that these first results were relevant 
and could be concrete for our research work that should 
be pursued in order to conceive a useful clinical aided 
diagnosis tool.
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