
Combining Static and Dynamic Features to Improve 
Longitudinal Image Retrieval for Alzheimer's Disease 

Katarina Trojachanec Dineva1[0000-0002-7050-4947], Ivan Kitanovski1, Ivica Dimitrovski1, 
Suzana Loshkovska1, for the Alzheimer’s Disease Neuroimaging Initiative* 

1 Ss. Cyril and Methodius University 
Faculty of Computer Science and Engineering, Skopje 
Rugjer Boshkovik 16, PO Box 393, Skopje, Macedonia 

{katarina.trojacanec, ivan.kitanovski,ivica.dimitrovski, 
suzana.loshkovska}@finki.ukim.mk 

Abstract. The aim of this paper is to enhance medical case retrieval for Alz-
heimer’s disease on the basis of the domain knowledge. We approached the prob-
lem in a longitudinal manner, and we represented the medical cases by using 
different kind of information extracted from Magnetic Resonance Images (MRI) 
aiming to improve the semantic relevance, precision and efficiency of the re-
trieval. More particularly, we evaluated the combination of the static, dynamic 
features and the index reflecting the spatial pattern of abnormality (SPARE-AD) 
for representing the longitudinal images. According to the obtained results, the 
combination of the static features representing the volumetric measures along 
with the cortical thickness measures of the brain structures at the later time point/s 
together with the dynamic features such as percent change with respect to the 
value obtained from the linear fit at baseline and symmetrized percent change of 
the volumetric measures, as well as the index of abnormality provided the best 
overall retrieval results. The dimensionality of the feature vector was 31-33 fea-
tures in most of the cases which is significantly lower than in the case of the 
traditional approach (thousands features in the cases when the whole brain is con-
sidered). The approach based on a combination of different kinds of features ex-
tracted from the longitudinal data, suggested in this paper, corresponds directly 
to the nature of the application domain and provides powerful results, yet effec-
tive and efficient way for MRI retrieval for AD. 

Keywords: Medical Cases, Medical Images, MRI, Image Retrieval, Longitudi-
nal Data, Static Features, Dynamic Features, SPARE-AD, Alzheimer’s Disease. 
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1 Introduction 

Alzheimer’s Disease (AD) accounts for estimated 60-80% of dementia cases [1]. There-
fore, it is considered as one of the most common forms of dementia in older adults 
nowadays [2-3]. It is a progressive, irreversible, neurodegenerative disease that usually 
starts as a long asymptomatic stage, called preclinical AD. Then, a symptomatic stage 
called appears, known as mild cognitive impairment (MCI). This stage may be followed 
by the third possible phase, dementia, which may vary from mild to severe [2, 4-6]. 

The early and accurate detection of AD, monitoring the progression of the disease 
and the condition of the patient in general, finding powerful diagnostic or prognosis 
biomarkers, detecting patients who are most likely to develop AD, as well as reaction 
to the therapy, are still open questions. Our research is part of AD-related data organi-
zation and usage [7-19]. It provides a good basis for the other research directions related 
to AD, including (1) defining risk factors and the information usage to develop recom-
mendations for prevention [20-21], (2) diagnosis and prognosis - finding diagnostic 
biomarkers and biomarkers for prognosis (biomarkers from cerebrospinal fluid and 
blood, as well as imaging markers) [10, 20, 22-26], treatment reaction analysis [20, 27-
28]. It should be noted that there is no sharp border between the aforementioned re-
search directions, and they are not mutually exclusive.  

In fact, due to the rapid development of the technology and medicine, large amount 
of data is continuously and rapidly generated as part of the medical cases related to AD. 
In this regard, blood and cerebrospinal fluid biomarkers, genetic markers, neuroimages, 
and cognitive tests results, are produced and commonly examined and analysed by the 
physicians in the process of diagnosis or, slightly wider, in the period of monitoring the 
patient’s condition. Then, they usually remain unused in the clinical databases until the 
need for their removal. Hence, it is essential to provide a way for efficient storage, 
organization and representation of these data in an appropriate manner that will enable 
quick and easy access to the medical cases, as well as clinically relevant, but also, pre-
cise and efficient retrieval, providing a way for powerful knowledge discovery from 
these continuously growing data. The computer science development undoubtedly fa-
cilitates and enables information extraction from this kind of data, their analysis, visu-
alization and knowledge discovery. Longitudinal images (images acquired at multiple 
consecutive time points) play crucial role in this domain and reflect the disease pro-
gression. Thus, taking into consideration the progressive nature of the disease, the lon-
gitudinal approach to the problem of brain image retrieval for AD is essential to make 
the retrieval more accurate and clinically relevant. 

Several studies focus on brain MRI retrieval for AD. Some of them use the tradi-
tional approach for feature extraction and base the descriptors directly on the visual 
image content. For instance, general-purpose image feature algorithms are evaluated 
for the purpose of a similar retrieval process in [14]. The main idea is that they might 
be beneficial because of their simplicity (they consider only one 2D slice). This makes 
their approach appropriate for large scale systems. Authors in [15] proposed a hybrid 
features extraction technique. They extracted contrast feature, morphological operated 
features, and texture-based features from brain MRI. Those features are then hybridized 
by applying fusion technique. The research in [16] is based on evaluation of texture 
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features extracted by using Gray Level Co-occurrence Matrix algorithm, Law Texture 
Energy Measure and a combination of the features extracted with these two methods. 
Gray-level cooccurrence matrix is also evaluated in [17], together with local binary 
pattern and colour cooccurrence matrix. On the other hand, authors in [18] used esti-
mated volumes of the brain structures, and cortical thickness measures to generate im-
age descriptors for patients' representation in the multistage classifier. In fact, they in-
corporate this classifier in the process of AD prediction and retrieval. Finally, with the 
aim to increase the early detection performance for AD, authors in [19] used pre-trained 
3D-autoencoder, 3D Capsule Network, and 3D-Convolutional Neural Network.  

Several challenges can be identified considering the existing research related to im-
age retrieval for AD. One important challenge is gaining the semantically relevant re-
trieval results. Another critical part might be the size of the feature vector, tending to 
be high dimensional. Despite the power and accuracy, the deep neural networks bring, 
the difficulty to understand and interpret their way of decision making makes them 
challenge to be adapted for medical applications [29]. The main challenge that should 
also be mentioned is whether the problem is approached cross-sectionally or longitudi-
nally. Common limitation in the existing studies is that images are processed and in-
cluded in the research cross-sectionally, thus loosing potentially crucial information.   

Taking this into consideration, our research is aimed to provide better longitudinal 
image representation that will reflect the early stage of the disease, the patient’s condi-
tion at one moment (static state of the brain / current brain degeneration) but will also 
represent the brain changes caused by the disease over time (dynamic aspect / disease 
progression). For that purpose, this research aims to evaluate a representation contain-
ing a combination of static and dynamic features, together with the SPARE-AD index, 
namely the Spatial Pattern of Abnormality for Recognition of Early Alzheimer’s dis-
ease. In fact, we suggest using a combination of the best descriptors, investigated and 
evaluated in the previous research, namely static [11] and dynamic features [12] along 
with the value of SPARE-AD [13]. Therefore, the different type of information that 
each of them separately carries, will be utilized and incorporated into one feature vec-
tor. For this purpose, we identified four scenarios and then and then we evaluated them 
to find out if they are complementary and will contribute to better retrieval results.   

Providing efficient and precise medical case retrieval based on MRI for Alzheimer’s 
disease may have multiple benefits from different perspective. One is in the direction 
of decision support in a way of providing clinicians with powerful and relevant infor-
mation at the right moment by giving the medical cases of other examined patients that 
are the most similar to the query patient. This is valuable assistance in the clinical en-
vironment. The knowledge that can be discovered from the retrieved medical cases, 
enables a deeper understanding of the disease in general, as well as, specifically, of the 
condition of the query patient, thus contributing to the completion of the clinical picture 
of the query patient. This way, the knowledge gained from the retrieval result supports 
the decision-making process and determination of an adequate treatment/therapy. Pat-
tern discovery and understanding is another important benefit. Retrieved images and 
cases they belong to, contain valuable information. This information can provide new 
insights about the disease, biomarkers identification, and exploration of the disease pro-
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gression. Assessing response to a treatment is another, very important benefit. The in-
formation gathered from the other relevant cases, especially if they are treated in a lon-
gitudinal manner provide information about the brain changes due to disease. They give 
insight of the disease progress that might be used to analyze and assess the reaction to 
a given treatment. Finally, providing a reliable retrieval system is very beneficial for 
educational purposes. The possibility of searching through the large medical databases 
is crucial for educational and research purposes. Medical cases of patients with similar 
structural brain characteristics, anatomical changes or treatment reaction to the query, 
provide valuable knowledge for students and scientists. 

The paper is organized as follows. The materials and methods are covered in Section 
2. Here we present data used in our study as well as the general approach and evaluation 
methodology. The experimental results and discussion are presented in Section 3. Sec-
tion 4 contains the concluding remarks.  

2 Materials and Methods 

2.1 Participants and Inclusion Criteria 

Our research is based on the scans and data provided by ADNI (Alzheimer’s Disease 
Neuroimaging Initiative) database [30]. The aim of ADNI is to enable research that will 
provide an answer to the question whether imaging techniques such as MRI and posi-
tron emission tomography (PET), other biological markers, including APOE status, 
cerebrospinal fluid (CSF) markers, and full-genome genotyping, along with neuro-psy-
chological and clinical assessments, may indicate the presence and allow assessment of 
the progression of MCI and AD.  

For this research, we used the standardized list from ADNI-1, containing images 
acquired at multiple time points. We selected the subjects that have available scans at 
four time points (TP 1-4), namely, at baseline, and the 6-, 12-, and 24-month follow-
ups and belong to AD or normal control (NL) group. Thus, we obtained a total of 267 
patients from the standardized list, 168 in AD group, and 99 in NL group. Patients’ 
demographics information and the timing of scans by clinical group for each time point 
can be found in [12].  

We used this selection criteria because of the following reasons: (1) more time points 
(ex. 36-month follow-up) is not available for the AD group of patients and, additionally, 
the total number of patients for whom all the scans are available is reduced by more 
than 12%; (2) a smaller number of time points would not give enough space for inves-
tigation and an opportunity to have a good insight into the problem (3) with the selected 
time points, we have an opportunity to analyze the problem in the case of equally and 
unequally spaced available time pointes (depending of which time point is missing). 

2.2 Longitudinal Image Retrieval for AD 

The image retrieval process consists of generating a representation of the query image 
and all the images previously stored in the database using the same feature extraction 
technique. After that, the feature vector (descriptor/representation) of the query image 



5 

is compared to the feature vector of all other images. All the images in the database are 
then sorted by similarity to the query image, so that the most similar one is at the top. 
This sorted list of the database images is the result of the retrieval process. In this re-
search, for a given medical case of a patient for whom MRI was acquired at multiple 
consecutive time points, the set of images (longitudinal images) is given as a query to 
the system. The retrieval system provides a sorted list of all other patients in the medical 
database according to their similarity to the query. 

To evaluate the proposed scenarios in this research, we used the standard evaluation 
metric MAP (Mean Average Precision) for quantitative measurement of the retrieval 
performance. We also calculated precision at first (top) x returned cases (Px), where 
xÎ{1, 5, 10, 20, 30}, and the precision at first (top) R returned case (RP). In this case, 
R is the total number of relevant images/cases.  

In our research, the retrieved case is considered as relevant if the clinical group 
(AD/NL) of that patient is the same with the clinical group of the query patient. The 
precision value is the higher the relevant cases are located higher in the result list. Ad-
ditionally, we used leave-one-out strategy because of the small number of patients used 
in the evaluation. This means that the descriptor of each patient was used as a query 
against all other patients' descriptors stored in the database. 

2.3 MRI Processing 

MRI processing is a critical and very complex task due to the specific characteristics of 
neurological images. For this research, we used the fully automated software pipelines 
from the package FreeSurfer [31]. We selected this software package because it has 
been shown that its processing and morphometric techniques are robust and stable re-
gardless of the manufacturer of the scanner and the strength of the magnetic field [32-
33]. We approached the problem longitudinally, considering that AD tends to progress 
over time, and applied the fully automated longitudinal pipeline provided by Free-
Surfer. Fig. 1 depicts the main steps of the processing flow [33] that we applied to all 
images in the dataset.     

2.4 Representation of longitudinal images 

After the fully automated longitudinal processing with FreeSurfer, several types of 
measurements can be calculated for the brain regions and used for analysis. These in-
clude volume of the cortical and subcortical regions, cortical thickness, calculated for 
parts of the cerebral cortex, surface area, etc. (static features). Considering these fea-
tures, research has shown that the quantitative measurements like volume or cortical 
thickness are more reliable and superior imaging markers related to AD in comparison 
with surface area [34-36]. Additionally, longitudinal changes of the volume of the cor-
tical and sub-cortical regions as well as longitudinal change of the cortical thickness 
can be estimated as a single statistic (e.g. annualized atrophy rate or percent change) 
for each subject (dynamic features). 
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Fig. 1. Main step of the processing flow using the longitudinal stream in FreeSurfer 

Both types of features were part of our previous research for image retrieval for AD 
[11-12].  For completeness, we provide a short description for them in the following 
subsections. Considering that they bring different kind of information related to the 
disease, we propose to use the advantage of all of them, combine the information they 
carry into a single descriptor for each patient and evaluate whether they are comple-
mentary and lead to better retrieval performance. Additionally, according to our previ-
ous research [13], the SPARE-AD index provides very powerful image representation 
and is very successful in capturing and representing the atrophy caused by AD. We 
included the SPARE-AD index in this research as part of the combined descriptor. 

Static Features. Static features are related to the volumetric measures of the brain re-
gions and cortical thickness of the cerebral cortex regions, calculated at different time 
points [11]. They represent the current state of the patient’s brain at a given moment of 
time, in fact, when the scan is acquired, so they are called static features. On the basis 
of this kind of features, we have identified the following scenarios: 

1. A representation composed of volumetric measures, cortical thickness measures or 
a combination of volumes and cortical thickness extracted from the scan at each time 
point TP_Y, Y Î{1, 2, …, N} separately, where Y is the total number of the available 
time points for a patient, and in this research is 4. In this respect, a total of Y scenar-
ios is possible. 

2. A representation containing a combination of the representations extracted from the 
scans of the available time points (a combination of the representations obtained 
according to the strategy descripted in 1).  

Considering this, we defined 15 scenarios with static features: 

Step 1: Cross-sectional processing - All the available time 
points for all patients are indepentently processed cross-
sectionally

Step 2: Template Generation - Unbiased within-subject 
template space and image with respect to any time point 
are generated for all previously independently processed 
time points for each subject.

Step 3: Longitudinal Pprocessing - For each time point on 
the basis of the template and the independent runs
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1. L-TP_1 (volume, cortical thickness and a combination of them at time point TP_1) 
2. L-TP_2 (volume, cortical thickness and a combination of them at time point TP_2) 
3. L-TP_3 (volume, cortical thickness and a combination of them at time point TP_3) 
4. L-TP_4 (volume, cortical thickness and a combination of them at time point TP_4) 
5. L-TP_1 + TP_2 (concatenated descriptors of TP_1 and TP_2), 
6. L-TP_1 + TP_3 (concatenated descriptors of TP_1 and TP_3), 
7. L-TP_1 + TP_4 (concatenated descriptors of TP_1 and TP_4), 
8. L-TP_2 + TP_3 (concatenated descriptors of TP_2 and TP_3), 
9. L-TP_2 + TP_4 (concatenated descriptors of TP_2 and TP_4), 

10. L-TP_3 + TP_4 (concatenated descriptors of TP_3 and TP_4) 
11. L-TP_1 + TP_2 + TP_3 (concatenated descriptors of TP_1, TP_2 and TP_3), 
12. L-TP_1 + TP_2 + TP_4 (concatenated descriptors of TP_1, TP_2 and TP_4), 
13. L-TP_1 + TP_3 + TP_4 (concatenated descriptors of TP_1, TP_3 and TP_4), 
14. L-TP_2 + TP_3 + TP_4 (concatenated descriptors of TP_2, TP_3 and TP_4), 
15. L-TP_1 + TP_2 + TP_3 + TP_4 (concatenated descriptors of TP_1, TP_2, TP_3 

and TP_4). 

Regarding the volumetric measures, there are 123 measures in total, while in terms of 
cortical thickness, we used 70 features in total. Ten of these scenarios were evaluated 
and the results reported in [11]. For completeness, here we provide results of the eval-
uation of all 15 scenarios (Table 1). Moreover, according to [37], the quality control 
(QC) of the processed data might influence the performance of the retrieval process, 
thus it is recommended to be applied. After the automated processing of the images, we 
detected failures in in at least one time point for some of the cases. In order to ensure a 
complete automatic processing and taking into account that in our research we did not 
have the possibility to involve a medical expert, we considered only the cases without 
global or regional failures in all time points (153 patients in total, 41 AD and 112 NL). 
In [37], the QC is not applied. Hence, for the evaluation of the scenarios for this re-
search, we also included this step. Moreover, we applied Correlation-based Feature Se-
lection (CFS) algorithm [38] to be able to select the most relevant features and, in the 
same time, to reduce the dimension of the descriptor. 

Considering the separate descriptors in Table 1, volume measurements at all time 
points generally led to better retrieval precision. Regarding the combined descriptors, 
concatenation of the descriptors of the volume and cortical thickness resulted in im-
proved results in comparison with the separate descriptors. We obtained the best results 
with a concatenation of volume and cortical thickness measures in the third and fourth 
time points. The MAP value in this case is 0.864. These results are very reasonable 
from clinical perspective. In fact, Anatomical changes in the relevant brain structures 
become more prominent in AD patients as the disease progresses. Hence, the static 
features extracted from scans acquired at later time points are more powerful. 

Considering the dimension of the feature vector, when the information from the spe-
cific time point is used separately, the descriptor usually has between 16 and 21 features 
of the volume measures, from 6 to 13 for the descriptors containing cortical thickness 
measures, 22-25 characteristics in the concatenated vector in most cases after the ap-
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plication of the feature selection. Considering the combined vectors, the descriptor di-
mension is reduced to 27-30 features, when the information from the volumes and cor-
tical thickness measures from two time points are used, 31-33 considering the infor-
mation from three time points, and usually 33 characteristics when combining de-
scriptors from all time points. As a result, it should be noted that a significant reduction 
in descriptor length is actually achieved. 

Table 1. Evaluation of static features obtained by longitudinal processing. 

Scenario 
MAP 

Volumes Cortical  
thickness 

Volumes + Cortical 
thickness 

L-TP_1 0.798 0.771 0.811 
L-TP_2 0.819 0.801 0.830 
L-TP_1+TP_2 0.818 0.799 0.823 
L-TP_3 0.830 0.812 0.836 
L-TP_1+TP_3 0.834 0.807 0.834 
L-TP_2+TP_2 0.834 0.806 0.837 
L-TP_1+TP_2+TP_3 0.830 0.806 0.838 
L-TP_4 0.854 0.826 0.862 
L-TP_1+TP_4 0.849 0.824 0.863 
L-TP_2+TP_4 0.855 0.827 0.861 
L-TP_3+TP_4 0.855 0.826 0.864 
L-TP_1+TP_2+TP_4 0.846 0.827 0.861 
L-TP_1+TP_3+TP_4 0.854 0.824 0.863 
L-TP_2+TP_3+TP_4 0.853 0.823 0.862 
L-TP_1+TP_2+TP_3+TP_4 0.849 0.822 0.862 

 
Dynamic Features. Unlike static features, the dynamic features are aimed to reflect the 
disease progression, in fact, the speed and severity of degeneration. The dynamic fea-
tures are calculated as a single statistic reduced from the temporal data for a particular 
measure (volume or cortical thickness of each region) taking into account all the avail-
able scans for each patient. Based on the dynamic features, the research in [12] evalu-
ates descriptors comprised of the following statistics: rate of change (RC), percent 
change with respect to the value obtained from the linear fit at baseline (PC1/fit), and 
symmetrized percent change (SPC). Moreover, the statistics were derived from the tem-
plates generated on the bases of different number and differently spaced time points 
[12], as follows: 

• T_123 – template based on baseline scan and the 6- and 12-month follow-ups 
• T_134 – template based on baseline scan and the 12- and 24-month follow-ups 
• T_234 – template based on 6-, 12- and 24-month follow-ups 
• T_1234 – template based on baseline scan and the 6-, 12 and 24-month follow-ups. 

According to the results reported in [12], the best value of MAP was 0.84. This value 
was gained in two cases, based on T1234_VolumesPCfit (descriptor comprised of PCfit 
changes of the volumetric measures estimated on the bases of the template generated 
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when considering all the available scans) and T1234_VolumesSPC (descriptor com-
prised of SPC changes of the volumetric measures estimated on the bases of the tem-
plate generated from all four time points). In this evaluation, the QC phase was also 
included. Regarding the feature vector dimension, in most of the cases, 19–21 features 
were selected.    

SPARE-AD index. The SPARE-AD index [39-41] tends to reflect the extent to which 
atrophy occurred in specific brain regions. It is calculated and publicly available in 
ADNI database. 

According to our previous work and the evaluation performed in [13], the best re-
trieval results from the evaluated scenarios were achieved when the descriptor was 
composed only of the SPARE-AD. The MAP in this case was 0.81. 

Combination of static, dynamic features and SPARE-AD index. Static and dynamic 
features carry different kinds of information extracted from the brain images. While 
static features represent the patient's condition at a given moment, the dynamic reflect 
the progress of the disease. However, none of these aspects should be overlooked. In 
order to determine whether they complement each other, we propose to evaluate com-
bination of the most powerful and efficient descriptors from the scenarios based on the 
static and dynamic features separately. Therefore, we concatenated the appropriate fea-
ture vectors from those scenarios that led to the best retrieval results in the experiments 
that are based only on the static or dynamic features separately. Additionally, taking 
into consideration the powerful information that the SPARE-AD index carries, we also 
evaluated scenarios in which this index is included in the descriptor. Thus, we propose 
4 scenarios based on the combination of static and dynamic features as well as SPARE-
AD index: 

1. SD1-Vol34 + CT34 + VolPC - concatenated measures of volume and cortical thick-
ness of the third and fourth time point (best static features) and volume percent 
change (best dynamic features); 

2. SD2-Vol34 + CT34 + VolSPC - concatenated measures of volume and cortical 
thickness from the third and fourth time point ((best static features)) and volume 
symmetrized percent change (best dynamic features); 

3. SD3-Vol34 + CT34 + VolPC + SPARE-AD - concatenated measures of volume 
and cortical thickness from the third and fourth time point, the volume percent 
change and the SPARE-AD index; 

4. SD4-Vol34 + CT34 + VolsSPC + SPARE-AD - concatenated measures of volume 
and cortical thickness from the third and fourth time point, volume symmetrized 
percent change and the SPARE-AD index; 

3 Experimental Results and Discussion 

Results of the retrieval based on the combined descriptors of static, dynamic measures 
and the SPARE-AD index are given in Table 2. This table contains the MAP value, 
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whereas the detailed results for R-precision and precision at the fixed level are pre-
sented in Table 3. According to the results obtained from the evaluation, it can be con-
cluded that the combination led to improvement in all cases. The best precision was 
obtained in the case of a combination of static measures of volume and cortical thick-
ness from the last two time points (third and fourth), percent change or symmetrized 
percent change of the volume and the SPARE-AD index. The MAP in this case is 0.88 
(scenario 3 and 4). Hence, the proposed scenarios outperform the scenarios based solely 
on static, dynamic features and SPARE-AD index. Due to the diversity of the datasets 
or the inclusion criteria of the subjects, we cannot perform an objective comparison 
with other research [14-18] focused on brain MRI retrieval for AD, although the re-
trieval performance improvement based on our strategy is evident. 

Table 2. Evaluation of the combined descriptors. 

Descriptor МАР 
SD1-Vol34 + CT34 + VolPC 0.87 
SD2-Vol34 + CT34 + VolSPC 0.87 
SD3-Vol34 + CT34 + VolPC + SPARE-AD 0.88 
SD4-Vol34 + CT34 + VolsSPC + SPARE-AD 0.88 

Table 3. Evaluation of the combined descriptors – detailed results. 

Descriptor RP P1 P5 P10 P15 P20 P25 P30 

SD1-Vol34 + CT34 + VolPC 0.83 0.90 0.91 0.90 0.89 0.89 0.88 0.87 

SD2-Vol34 + CT34 + VolSPC 0.83 0.90 0.90 0.90 0.89 0.88 0.88 0.87 
SD3-Vol34 + CT34 + VolPC + 
SPARE-AD 0.83 0.90 0.91 0.91 0.90 0.90 0.89 0.88 

SD4-Vol34 + CT34 + VolsSPC 
+ SPARE-AD 0.83 0.91 0.91 0.90 0.90 0.89 0.89 0.88 

 
Additionally, we calculated the frequency of the selection of the features in the best two 
scenarios SD3 and SD4. The graphical representation of the features selected more than 
50% for the retrieval based on the descriptor SD3-Vol34 + CT34 + VolPC + SPARE-
AD is given in fig. 2. Regarding the case of descriptor SD4-Vol34 + CT34 + VolsSPC 
+ SPARE-AD, the most frequently selected measures are shown in fig. 3. It is interest-
ing to note that besides the known AD markers, the SPARE-AD is selected in all cases 
in both scenarios. In addition, most of the static and dynamic characteristics with the 
highest frequency of selection are from the left hemisphere. The dimension of the de-
scriptors in most of the cases was 31-33 in both scenarios. 

We believe that the improvement in longitudinal image retrieval obtained by the 
combination of the static and dynamic features and the SPARE-AD index occurs as a 
result of the different types of information these features carry. Namely, the SPARE-
AD index efficiently and accurately describes the structural change in the patient's brain 
caused by the disease obtained on the basis of the first scan acquired for the patient. In 
fact, this index reflects the early stage of the disease. Then, the combination of static 
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volumetric and cortical thickness measurements of the brain structures (which we 
showed to be complementary) extracted from the scans at the third and fourth time 
points describe the changes in the brain at fixed time points (static state) when AD is in 
an advanced stage. Finally, the complete progression of the disease and the degree to 
which it has developed (dynamic aspect) is described by the percentage change (or 
symmetrical percent change) of the volume of the brain structures that have been 
proven to be superior dynamic indicators during the retrieval. 

 
Fig. 2. The most frequently selected features (more than 50% of the cases) during the retrieval 
on the bases of the descriptor SD3-Vol34 + CT34 + VolPC + SPARE-AD. 

 
Fig. 3. The most frequently selected features (more than 50% of the cases) during the retrieval 
on the bases of the descriptor SD3-Vol34 + CT34 + VolPC + SPARE-AD. 

Combining all these aspects into one descriptor makes it comprehensive and powerful 
in describing the medical case based on MR images and thus leads to the best retrieval 
results. Such a descriptor actually allows the retrieval to be reduced to retrieve cases 
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that have the most similar pattern of atrophy of structures affected by the disease in its 
early stage, the most similar anatomical condition of the brain during the development 
of the disease (at later time points) and the most similar dynamics of disease progression 
(change in brain structure / disease severity) with the case being given as a query. This 
is very beneficial from the medical perspective because the retrieved top similar cases 
bring rich clinical information to the physicians regarding the patient's current condi-
tions, disease progression and prognosis, and/or response to the therapy. 

4 Conclusion 

We focused our research on improvement of the representation of longitudinal MRI for 
Alzheimer's disease that will properly reflect the current state and the severity of the 
disease and will provide semantically relevant retrieval results. For that purpose, we 
proposed and evaluate four scenarios based on the combination of the most powerful 
static and dynamic features from the previous research together with the SPARE-AD 
index. In fact, with the combination of the volume of cortical and subcortical regions 
and cortical thickness of the regions in the cerebral cortex at the later time points to-
gether with the volume percent change or symmetrized percent change, along with 
SPARE-AD score we superior, outperforming the scenarios based solely on static, dy-
namic features or the SPARE-AD index. In this case, the value of the MAP was 0.88. 
The number of features in the descriptor in this case was 31-33 features in most of the 
cases which is significantly lower than in the case of the traditional approach. 

Our future work is directed towards dealing with converters, i.e., patients who con-
verted the diagnosis during the period of examination.        
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