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Abstract 
The development of a child can be monitored by studying the changes in physical appearance or the 

development of capabilities e.g. walking and talking. But is it possible to find a quantitative measure 

for brain development? The aim of this thesis work is to investigate that possibility using quantitative 

magnetic resonance imaging (qMRI) images by answering the following questions: 

 Can brain development be determined using qMRI?  

o If so, what properties of the brain can be used? 

 Can the age of a child be automatically detected with an algorithm?  

o If so, how can this algorithm function? With what accuracy? 

Previous studies have shown that it is possible to detect properties in the brain changing with age, 

based on MRI images. These properties have e.g. been changes in T1 and T2 relaxation time, i.e. 

properties in water signal behavior that can be measured using multiple MR acquisitions. In the 

literature this was linked to a rapid myelination process that occurs after birth. Furthermore the 

organization and growth of the brain is a property that can be measured and monitored.  

This thesis have investigated several different properties in the brain based on qMRI images in order 

to identify those who have a strong correlation with age in the range 0-20 years. The properties that 

were found to have a high correlation were: 

 Position of the first histogram peak in T1 weighted qMRI images, 𝜌 = −0.8943 

 Fraction of white matter in the brain, 𝜌 = 0.8182 

 Mean pixel value of PD weighted qMRI images, 𝜌 = −0.7675 

 Volume of white matter in the brain, 𝜌 = 0.7605 

Curves on the form 𝑦 = 𝑎𝑒−𝑏𝑥 + 𝑐 are fitted to the data sets and confidence intervals are calculated 

to frame the statistical insecurity of the curve. The mean error in percent for the different properties 

can be seen in Table 1 below. 

Table 1: Average error of the curve fitting in percent 

Property Peak position Fraction of WM Mean pixel value Volume of WM 

Mean error [%] 
0-20 years 

53.84 118.97 200.89 241.72 

Mean error [%] 
o-3 years 

98.17 71.67 126.28 72.58 

 

The conclusions drawn based on the presented results are that there are properties in the brain that 

correlates well to aging, but the error is too large for making a valid prediction of age over the entire 

range of 0-20 years. When decreasing the age range to 0-3 years the mean error becomes smaller, but 

it is still too large. More data is needed to evaluate and improve this result. 
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1 Introduction 
Several different processes occur in the human body after birth. The child grows from an infant, 

incapable of doing much more than eat, sleep, scream and poop to a child with the ability to 

walk and talk. This child is then developed further into an adolescent and a fully grown human 

being. The different processes occurring is e.g. physical, with the skeleton hardening, the body 

increasing in size and an increasing amount of body control. Also, the ability to understand, 

interpret and communicate with the surroundings is developed. 

Tracking this progress can be done using several different methods. The physical attributes such 

as height and weight can easily be measured and controlled against default values in a table. 

Language development, both speech and understanding, can be tracked using e.g. Reynell 

Developmental Language Scales (1) and the development of the brain can be studied by 

observing how these and other attributes evolve (2). But is it possible to measure the brain 

development in a more quantitative manner? Are there properties in the brain that can be used 

to determine the age of the brain? Such a technique can be used to e.g. investigate differences 

in brain development between prematurely born children and children born at term and to 

evaluate differences between brain age and physical age. 

Using magnetic resonance imaging (MRI) to study brain development has been done previously 

by e.g. Knaap and Valk(3). They studied the myelination process using MRI and states that T1 

and T2 change considerably during the first year of life. Autti et.al. (4) have studied the changes 

in signal intensity in T2 images and found a relationship between the signal intensity and the 

age. Franke et.al. (5) have used kernel regression methods on MRI images and found a curve 

that allows prediction of structural brain maturation with clinically relevant accuracy.  

This thesis will investigate if it is possible to estimate the age of a child based on quantitative 

magnetic resonance imaging (qMRI) data of the brain. The possibility for basing an algorithm 

that can estimate age on this data will also be evaluated. 

1.1 Purpose and aim 

The aim of this thesis work is to examine the possibilities to create an algorithm that can 

determine the child’s development age using quantitative MRI of the brain. This will be done by 

answering the following questions: 

 Can brain development be determined using qMRI?  

o If so, what properties of the brain can be used? 

 Can the age of a child be automatically detected with an algorithm?  

o If so, how can this algorithm function? With what accuracy? 
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1.2 Abbreviations 
In this section abbreviations used in the report are tabulated in alphabetical order. 

Abbreviation Meaning 

CSF Cerebrospinal fluid 

GI Gyrification index 

GM Gray brain matter 

ICV Intracranial volume 

MRI Magnetic resonance imaging 

NMV Net magnetization vector 

PD Proton density 

qMRI Quantitative MRI 

R1 R1 relaxation rate, R1 = T1-1 

R2 R2 relaxation rate, R2 = T2-1 

RF-pulse Radiofrequency pulse 

T1 Longitudinal T1 relaxation time 

T2 Transverse T2 relaxation time 

TE Echo time 

TR Repetition time 

WM White brain matter 
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2 Theoretical background 
In this part of the report the theory used throughout the thesis work is presented. It begins with 

a description of the basic principles of MRI and continues with a description of brain properties 

and brain development in healthy children. Then, the statistical measures used are presented 

followed by a section on histograms. 

2.1 Magnetic resonance imaging 

In this section the basic principle behind MRI is presented along with a description of 

quantitative- and synthetic MRI. 

2.1.1 Spin of nuclei 

One of the intrinsic properties of an atom nucleus is a spin around its own axis. The nucleus spins 

at a constant rate creating a small magnetic field, a magnetic moment, around itself. If the spins 

are not affected by an external field they are randomly oriented giving no net magnetization. 

When placed in a strong magnetic field the spins line up with the magnetic field lines and starts 

to rotate around them. The angular frequency, ω, of this precession is described by the Larmor 

frequency: 

 𝜔 =  𝛾 ∙ 𝐵0 (1) 

 

where B0 is the magnitude of the magnetic field and γ is the gyromagnetic ratio. (6,7) 

In MRI, the most common nucleus studied is an isotope of hydrogen consisting of only one 

proton, 1H. This isotope is abundant in human tissue due to its presence in fat and water, and it 

gives a strong response to an applied magnetic field. When placed in a magnetic field, 1H spins 

are oriented in either parallel or anti-parallel to the field direction 𝐵0̂ and the orientation is 

dependent on the energy state of the nucleus. During equilibrium the number of spins oriented 

in the parallel direction is larger than the amount in the anti-parallel, resulting in a net 

magnetization effect in the ẑ-direction aligned with the magnetic field. This can be illustrated 

with a net magnetization vector, NMV, pointing in the 𝐵0̂-direction giving the fully relaxed 

magnetization M0, see Figure 1 below. (6,7) 

 

Figure 1: Showing the orientation of the net magnetization vector (NMV) in relation to the direction of the magnetic 

field,𝐵0̂, and the XY-plane. 
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The registered signal in MRI is generated using a radio frequency pulse, an RF-pulse. The RF-

pulse is applied to the object perpendicular to the magnetic field direction and has the same 

frequency as the precessing hydrogen nuclei. The RF-pulse causes the nucleus to rotate in the 

XY-plane and all nuclei starts precessing in phase with each other. This causes the NMV to move 

into the XY-plane plane, perpendicular to the external field direction. The fluctuations in this 

plane can be detected by receiver coils, providing an MRI signal. (6) 

After the excitation with the RF pulse the system will return to its initial state of equilibrium, M0 

and this recovery can be described either by T1 or T2 relaxation. 

2.1.1.1 T1 relaxation 

The longitudinal T1 relaxation is due to an energy exchange between the nuclei and the 

surrounding environment. The interaction results in the nuclei dissipating their energy, causing 

relaxation of the magnetic moments and leading to the regaining of their longitudinal 

magnetization. The T1 relaxation time is defined as the time it takes for 63% of the longitudinal 

relaxation to recover. The repetition time (TR), the time in between RF-pulses, determines the 

amount of T1 recovery that occurs in a particular tissue before the signal is read. (6) 

Longitudinal T1 relaxation is an intrinsic property that depends on tissue properties. Fat has a 

strong energy exchange with the surroundings and therefore it takes a short time for the nuclei 

to regain its longitudinal magnetization giving a short T1 recovery time. Water is less efficient at 

absorbing energy, making the T1 recovery time longer. (6) 

2.1.1.2 T2 relaxation 

The T2 relaxation is an interaction between neighboring spins. This interaction causes a loss of 

phase coherence and the NMV decays in the XY-plane causing T2 relaxation. T2 decay time is 

defined as the time it takes for 63% of the transverse magnetization to be lost due to dephasing. 

The echo time (TE), the time between the RF-pulse and the reading of the signal, controls the 

amount of dephasing that occurs before the signal is read. (6) 

The T2 relaxation at different rates in different tissues due to a variation in properties. Fat 

molecules are more densely packed than water molecules creating a more efficient energy 

exchange and therefore fat has a very short T2 decay time compared to water. (6) 

2.1.2 Weighted images 

MRI images can be T1-, T2-, or PD weighted depending on the amount of T1 recovery and T2 

decay that occurs. The weighted images are created using different setting of TR and TE giving 

different tissue types high contrast. In T1 weighted images the difference in T1 relaxation in the 

tissue determines the contrast. This is accomplished by choosing a short TR for exaggerating 

differences in T1 relaxation and a short TE for avoiding the effects of T2 relaxation. These 

settings gives an image where water has a low intensity and fat has a high. For a T2 weighted 

image the effects from T1 relaxation are limited using a long TR and differences in T2 relaxation 

are amplified using a long TE. This choice of settings gives an image where water has a higher 

signal intensity and fat has a lower. The third weighting option is proton density weighting. In 

this method the effects from both T1 relaxation and T2 relaxation are limited using a long TR to 

diminish T1 effects and a short TE to reduce the effects of T2 relaxation. The contrast in this 

image depends mainly on the density of protons in the tissue. (6) An image showing these 

differences in the brain can be seen in Figure 4 on page 6. 
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2.1.3 Quantitative MRI  
Quantitative MRI is a technique measuring the absolute quantitative values of different MR 

properties. These physical properties are independent of scanner settings and imperfections and 

can be e.g. R1 relaxation rate, R2 relaxation rate and proton density (8). The values measured 

can be visualized using qMRI maps, seen in Figure 2 where the brain of a 20 year old female is 

shown as, starting from the left, T1 map, T2 map and PD map. The color in the map represents 

the measured absolute values for T1 and T2 times and proton density and the bar above the 

brains shows the spectrum containing the coloring depending on the values in the brain map. 

Since the quantitative values shown are tissue dependent, differences in the values can be seen 

when looking at different types of brain tissue (compare to Figure 3). 

 

Figure 2: qMRI map of adult brain, 20 year old female. The brains are T1 map (left), T2 map (middle) and PD map 

(right). The bar above the brain shows the spectrum of the images. 

2.1.3.1 Synthetic MRI 

Synthetic MRI is a method using the quantification of physical properties of tissue to calculate 

pixel intensities using a free choice of TR and TE. Thereby T1-, T2- and PD weighted images can 

be acquired as well as T1-, T2- and PD maps. Using quantitative MRI creates images without the 

variation in signal intensity that occurs when using conventional MRI acquisition where the 

contrast is dependent on the other pixel values in the image, making it possible to directly 

compare images between different examinations and different patients. (8) 

2.2 The human brain 
In this section the properties of the human brain will be described. This is followed by a 

description of the developmental process of the brain after birth. 

2.2.1 Properties of the human brain 

The brain is an important part of the central nervous system that works as the command central 

of the human body. The brain tissue is divided into three different types: white matter (WM), 

gray matter (GM) and cerebrospinal fluid (CSF). These three are composed of different 

components and therefore have different properties. The white brain matter primarily consists 

of myelinated axons where the myelin sheets, made up of lipids and protons, are wrapped 

around axons enabling faster nerve signal propagation. The white matter can be found in the 

central part of the brain. Gray matter is composed of unmyelinated axons, neuronal cell bodies, 

dendrites, axon terminals and neuroglia. (9) The gray matter makes up the outer surface of the 

brain, the cortex, and can also be found in more central parts of the brain and in the brain stem. 
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Gray matter found in the central parts of the brain is also called deep gray matter. CSF is a clear 

liquid composed mostly of water, which protects the brain and spinal cord from both physical 

and chemical injuries (10). It can be found in the vesicles in the central part of the brain as well 

as between the brain tissue and the skull.  

The division between the different brain components in an adult brain (20 years old) can be seen 

in the T2 weighted image below where the CSF is colored purple, the GM is green and the WM 

is a cyan color.  

 

Figure 3: T2 weighted images from a 20 year old patient showing the division between CSF, white- and gray brain 

matter. The brains illustrate, from left to right, CSF in purple, GM in green and WM in cyan. 

Due to the variations in properties, the signal intensity of brain matter varies in MRI images and 

different tissues get high contrast depending on the type of weighting done. This can be seen in 

Figure 4, showing a brain weighted in three different ways. The brain furthest to the left is T1 

weighted with the fatty white matter having a higher signal intensity than CSF, appearing dark. 

The middle brain is T2 weighted. There, the CSF gets a high value and the brain matter appears 

darker. In the image farthest to the right, the brain is PD weighted, showing the distribution of 

protons in the brain. 

 

Figure 4: Showing how the signal intensity varies for different components in the brain with different weighted images. 

The brains are from a 20 year old patient and they are, starting from the left, T1 weighted, T2 weighted and PD 

weighted. In the T1 weighted brain the fatty white matter has a higher intensity value than the CSF, in the T2 weighted 

the CSF has the highest signal intensity and the PD weighted illustrates the distribution of protons in the brain. 
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2.2.2 Development of the brain 

At birth, most of the basic structures of the brain are in place but not fully developed or matured 

(11). The tissue consists mostly of gray brain matter and unmyelinated white matter and the 

cortex is fairly smooth. The development processes are most rapid during the fetus period and 

the early years of life with the brain doubling in size during the first year (11). During brain 

growth, two main processes occurs: creation of synapses and the myelination of axons (2). The 

myelination process continues until the frontal lobe is fully developed, probably in the late 

twenties (2). 

Directly after birth, the developmental process is primarily the creation of synapses (12). This 

creation explodes at the age of ten to twelve months when approximately one million synapses 

are created each second (2). At the age of two the first phase has subsided and the redundant 

and ineffective synapses are removed in a process called pruning (12). Now, the organization of 

the brain begins (2) and at the age of five the left side of the brain becomes more dominant. 

When the child reaches the age of seven the growing of the brain subsides and finally stops (2). 

The myelination process is an important part of development (12).  This process is most rapid 

during the first two years after birth but continues throughout childhood and adolescence (12). 

Creation of myelin increases the amount of white matter in the brain and the decreases the 

amount of gray matter. The gray matter in the brain is thickest at approximately 11-12 years of 

age and after this age, the relationship becomes reversed.(2)  

The shape of the cortex changes during development. Until gestational week 18 the surface of 

the brain is smooth and as the brain grows, convolutions become apparent on the surface.  The 

amount of folding can be measured using the Gyrification Index (GI). GI is the ratio between the 

length of the outer brain contour and the contour of the cortex. A GI of one indicates a 

completely smooth surface and the average adult ratio is 2.57. (13) 

The development process can be seen on a time-axis in Figure 5 below where the fiber growth, 

fiber pruning and myelination is marked. The design of the figure is inspired by an image found 

in an article by Dubois et.al. (14).  

 

Figure 5: Showing the basic developmental process on a time axis. The approximate weeks when the three processes 

occur are marked.  

The development can also be seen in qMRI images, containing clearly visible differences with 

age. In Figure 6 - Figure 8 brains in different stages of development can be seen, both as a 

weighted images and quantitative maps. The youngest brain, 27 days old, is at the top followed 

by a 3 year old and finally a 14 year old brain. Figure 6 shows T1 weighted brains and T1 maps, 

Figure 7 shows T2 weighted brains and T2 maps and in Figure 8 the brains are displayed as PD 

weighed and PD maps.  
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Figure 6: T1 weighted images (left column) and T1 maps (right column) of different aged brains. The patients are 27 

days (top), 3 years (middle) and 14 years old (bottom). The changes in appearance with age can be seen as the brain 

becomes more complex and the brain tissues develop and differentiate. 
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Figure 7: T2 weighted images (left column) and T2 maps (right column) of different aged brains. The patients are 27 

days (top), 3 years (middle) and 14 years old (bottom). The changes in appearance with age can be seen as the brain 

becomes more complex and the brain tissues develop and differentiate 
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Figure 8: PD weighted images (left column) and PD maps (right column) of different aged brains. The patients are 27 

days (top), 3 years (middle) and 14 years old (bottom). The changes in appearance with age can be seen as the brain 

becomes more complex and the different brain tissues develop and differentiate. 
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2.3 Statistical measures 

In this section the statistical measures used are presented. These are correlation, least-square-

error method and confidence interval. 

2.3.1 Correlation coefficient 

The correlation coefficient is used to determine the strength of the relationship between sets of 

data points e.g. the intracranial volume of the brain and the age of the patient and it takes values 

in the range [-1, 1]. A correlation coefficient of one represents a perfect positive correlation 

where the two variables change together. A value of negative one represents a perfect negative 

correlation, when one value increases the other value decreases. With a correlation of zero, 

there is no link between the two sets of data. (15) These relationships are illustrated using 

scatter plots in Figure 9. 

 

Figure 9: Appearance of scatter plot with differently correlated data. From left to right: uncorrelated data, positively 

correlated data and negatively correlated data. 

2.3.1.1 Linear correlation 

The Pearson linear correlation coefficient is widely used for calculating correlation. It assumes a 

linear relationship between the datasets and data from normally distributed variables. The 

coefficient is calculated according to the equation 2 below. 

 
𝑟𝑥,𝑦 =

∑(𝑥 − 𝑚𝑥)(𝑦 −  𝑚𝑦)

(𝑛 − 1) ∙ 𝑠𝑥 ∙ 𝑠𝑦
  

(2) 

where 𝑚𝑥 and 𝑚𝑦 are the mean values of the two sets of data, n is the number of values and 

𝑠𝑥, 𝑠𝑦 are the standard deviation for x and y respectively. (15)  

2.3.1.2 Spearman rank correlation 

The Spearman rank correlation coefficient is calculated in the same manner as for the Pearson 

linear correlation but it is done on ranks instead of measured values. This can give a high 

correlation coefficient for datasets that are non-linear as well as for linear data sets. The values 

are converted to ranks and then the correlation coefficient is calculated according to equation 

3 below.(16) 

 
𝜌 =  

∑ (𝑥𝑖 − 𝑥�̅�)(𝑦 −  𝑦�̅�)𝑖

√∑ (𝑥𝑖 − 𝑥�̅�)
2

𝑖 ∑ (𝑦𝑖 − 𝑦�̅�)
2

𝑖

 
(3) 

 

where (𝑥𝑖 −  𝑥�̅�) and (𝑦 −  𝑦�̅�) are differences in rank. 



2015-06-17 

12 
 

2.3.2 Least square error method 

The least square error method is used to estimate unknown parameters given a set of data. It 

can e.g. be used to find the optimal fit of a curve to given data points, minimizing the calculated 

error. The method minimizes the sum of the calculated error seen in equation 4 where 𝑥𝑖 is the 

true vale and 𝜇𝑖(𝜃) is the estimate. (17) 

 
𝑄(𝜃) = ∑[𝑥𝑖 −  𝜇𝑖(𝜃)]2

𝑛

𝑖=1

  
(4) 

The data points can be weighted with a weighting function 𝑤, giving them different importance. 

The weights are multiplied with the calculated error according to equation 5.  (17) 

 
𝑄(𝜃) = ∑ 𝑤[𝑥𝑖 − 𝜇𝑖(𝜃)]2

𝑛

𝑖=1

  
(5) 

 

2.3.3 Confidence intervals 

The statistic insecurity of an estimation can be framed with a confidence interval. The interval 

can have different confidence levels depending on the certainty needed. A confidence level of 

95% indicates that the true value of the observed variable is found within the interval with 95% 

certainty.  The confidence interval can be calculated in different ways, two of them shown 

below, depending on the size of the data set used and the distribution of the variables.  

The basic form of the first type of confidence interval can be seen in equation 6. This form 

requires normally distributed variables or a data set that is big enough and a known standard 

deviation. In the equation, 𝜆𝛼 /  2 is a tabulated value based on the normal distribution giving 

different confidence levels, α.  D is a variable depending on the known standard deviation, σ, 

and the size of the data set, n, according to: 𝐷 =  𝜎 / √𝑛. (17) 

 𝐼𝜃 = (𝑥 − 𝜆𝛼/ 2 𝐷, 𝑥 +  𝜆𝛼/ 2 𝐷) (6) 

 

If the data set is too small, the distribution of the data and/or the standard deviation is unknown, 

a t-test is used to form the confidence interval. If the standard deviation is unknown, it is 

approximated according to equation 7 where x is the data points and �̅� is the mean value of x. 

The approximation for D, d, is calculated as 𝑑 =  𝑠 / √𝑛 giving the basic form of the confidence 

interval according to equation 8.  In the equation, the variable 𝑡𝛼/2(𝑓) determines the 

confidence level and is a tabulated value dependent on the size of the data set. Using the 

significance level α and the degrees of freedom, 𝑓 = 𝑛 − 1, the value can be found in a table in 

e.g. the book Sannolikhetsteori och statistikteori med tillämpingar on page 398. (17) 

 𝐼𝜃 = (𝑥 − 𝑡𝛼/2(𝑓) 𝑑, 𝑥 + 𝑡𝛼/2(𝑓) 𝑑) (8) 

 

 

𝑠 =  √
∑(𝑥 −  �̅�)2

𝑛 − 1
 

 

(7) 
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2.4 Histogram of image  

A histogram of an image shows the distribution of pixel values found in the image using a bar 

graph. The distribution of pixel values also shows the tissue variations in the brain since the 

signal intensity varies with tissue properties.  

The development of brain tissue can be seen in histograms of T1 weighted qMRI images. The 

CSF is always present in the form of a narrow peak placed to the far right in the histogram. Figure 

9 shows the histograms of three brains in different phases of development. The histogram 

placed to the left in Figure 10 shows a 16 days old brain with small differentiation between the 

different tissue types and a small amount of myelinated white matter. In the second histogram 

the patient is one year old and a separation between white- and gray brain matter can be seen. 

White brain matter is represented by the smaller peak to the left and the peak to the right is the 

gray brain matter. In the third histogram the patient is 14 years old and tissues are even further 

differentiated showing a pointy peak representing the deep gray brain matter in the brain in 

addition to the peaks for gray- and white brain matter.  

 

Figure 10: Histogram of brain matter using T1 weighted qMRI images. The peak positioned furthest to the right in all 

of the histograms represents the CSF present in the brain. From left to right: 16 days old brain with small differentiation 

between tissues. Middle histogram is an older brain, one year old, where a difference between gray- and white brain 

matter can be seen. WM has emerged as a peak placed to the left of the peak with highest amplitude. The histogram 

positioned to the left is of a fourteen year old that has a more developed brain where deep gray brain matter also can 

be differentiated. Here, the peak for WM is positioned furthest to the left followed by the pointy peak for deep gray 

brain matter, gray brain matter and finally CSF. 
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3 Material 
In this section the material used is described. First a description of the quantitative MRI data 

and then of the software used. 

3.1 Quantitative MRI data 
This thesis work is based on qMRI data from 36 children and adolescents. The images are 

acquired using a 3T MRI (750 system, GE healthcare) at two hospitals: Drottning Silvia hospital 

in Gothenburg and Cincinnati Children’s Hospital in USA. All data sets are from sick patients so 

they either have or have had anomalies in the brain. This pathology can be e.g. a tumor or 

hydrocephalus.  All young children have been sedated during the examination to avoid motion 

artifacts.  

The age of the patients range from 0 to 20 years with 61% under the age of four with a mean 

age of 6.1 years. Eight of the data sets are female and 25 are male. 

3.2 Software 
Images with different weights (T1, T2 and PD), quantitative maps and intracranial masks are 

calculated using software provided by SyntheticMR called SyMRI® NEURO.   

All data analysis is done using MALAB® R2014b. 
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4 Method 
In this part of the report the methods used are described. It is divided into different sections 

where each section describes the method for investigating one property in the brain. Then 

follows a description of the second part, where curves are adapted to the data points and the 

possibility for using these data sets to estimate the age of a child is evaluated. 

The goal with the investigations is to find measures that have a high correlation with age and a 

small variation within the dataset, creating a good fit to an adapted curve and a narrow 

confidence interval. All measures are evaluated using the Spearman rank correlation since non-

linear relationships occur. For all investigations the middle part of the brain is used, to ensure 

that the same anatomical parts in the brain are included in all sets of qMRI data. The middle part 

is found by locating the pixel in the center of the brain volume and the total number of slices. 

Then, based on these values, all but the middle 50% of the brain is removed. This is to ensure 

that the same anatomical parts in the brain are included in all sets of qMRI data. Also, all analysis 

is done on data where the only the intracranial volume of the brain is kept. The skull and other 

surrounding tissue is removed using an intracranial mask calculated by the syMRI® NEURO 

software. 

4.1 Peak detection in histogram 

The number of peaks and their position in the histogram varies with age, as can be seen in 

section 2.4 on page 13. Therefore, the histograms of T1 weighted images are studied. A discrete 

curve is fitted to the histogram by counting the number of pixels that fall into each bin with a 

binsize of 200. This curve will be called “histogram curve”. For finding the position of the peaks 

representing brain matter, two methods are evaluated: one derivative based solution and one 

least-square-error based approach using Gaussian shaped curves. In both cases the peak 

representing CSF is excluded from the curve since it is always present and placed at the same 

position.  

4.1.1 Derivative based method 

In the derivative based approach the maximum values in the signal are located using that the 

derivative is zero at extreme points.  

The adapted curve is filtered with a low pass FIR-filter created using fir1 in MATLAB®. The filter 

utilizes a Hamming window with a width of 4 and is of the third order with a cut-off frequency 

of 10-6.  A FIR-filter was chosen due to its finite filter response and the constants used in the 

filter design was found using trial and error. Several cut-off frequencies, window designs and 

orders of the filter was tried. The filtering removes some of the noise and smooth the 

appearance of the curve. Then, the maximum points in the filtered signal are found by 

differentiating the curve and locating where the derivative changes sign from positive to 

negative. To remove extra maximum points detected in the still noisy parts of the signal, only 

points bigger than 41% of the signal mean is kept. The percentage value is set using trial and 

error. In order to ensure that the maximum points have the same position as in the unfiltered 

signal, the detected positions are compared to maximum points in the unfiltered signal. These 

positions are pinpointed using the same method as for the filtered signal. Finally, the previously 

detected maximum positions can be moved to the correct maximum position, if needed. 
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4.1.2 Optimizing Gaussian shaped curves 

The second approach used to find the positions of the peaks is solving a least-square-error 

problem using fminsearch in MATLAB®. The goal is to identify the peaks for white- and gray brain 

matter by adding and fitting two Gaussian shaped curves to the histogram vector. The Gauss 

shape is chosen since the two main peaks have a Gaussian appearance. This can be seen in Figure 

11 where the histogram can be seen in blue and the adapted Gauss shaped curves are drawn in 

red. The general equation for a Gaussian shaped curve can be seen in equation 9 where α is the 

amplitude of the curve, µ is the mean and σ is the standard deviation. 

 

 

Figure 11: Histogram curve (blue) with adapted Gauss shaped curves (red).  

First, an initial estimate of the two Gaussian curves are calculated using the histogram curve 

with an applied threshold. The threshold divides the curve between the two peaks positioned 

furthest to the left and these positions are found using the derivative based approach. The 

values are then calculated as the standard deviation, mean and amplitude of the two parts of 

the histogram curve and multiplied by 7/8.  The multiplication is done to make the fit of the 

adapted curves good enough for as many histograms as possible and the value 7/8 is found using 

trial and error. 

The function to be weighted and minimized can be seen in equation 10, where H is the sought 

shape, the histogram curve. Weights are added to the problem, making the position of the peaks 

more important to find correctly and equation 11 shows these. During the development 

different values for the exponent was tried. A smaller value does not exaggerate the importance 

of the peak position as much. If a larger value is used, the estimation can detect a noise induced 

peak instead of the wider correct peak. Finally, the expression that is minimized can be seen in 

equation 12. 

 

 

 
𝑔(𝛼, 𝜇, 𝜎) =  𝛼 ∙ 𝑒

−
(𝑥−𝜇)2

2∙𝜎2   
(9) 
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 𝑓 =  (𝐻 −  𝑔(𝛼1, 𝜇1, 𝜎1) +  𝑔(𝛼2, 𝜇2, 𝜎2))
2

 (10) 

 

 

𝑤 =  

[(
𝑔(𝛼1, 𝜇1, 𝜎1)

𝛼1
)

4

+ (
𝑔(𝛼2, 𝜇2, 𝜎2)

𝛼2
)

4

] (𝑔(𝛼1, 𝜇1, 𝜎1) + 𝑔(𝛼2, 𝜇2, 𝜎2))

∑ (𝐻(𝑔(𝛼1, 𝜇1, 𝜎1) + 𝑔(𝛼2, 𝜇2, 𝜎2)))
 

(11) 

 

 
𝑒𝑠𝑡 =  min

∑ 𝑤𝑓

∑ 𝑤
 

(12) 

 

4.2 Gyrification index  

Gyrification index is a measure that is proportional to the amount of folding in the cortex and 

therefore the gyrification index is investigated. It is calculated using the length of the outer 

surface of the brain and the length of the outer edge of the cortex. The sought quota can be 

seen in equation 13 and this calculation uses only the middle slice of the brain. 

 
𝐺𝐼 =  

𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑜𝑢𝑡𝑒𝑟 𝑒𝑑𝑔𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑟𝑡𝑒𝑥

𝑙𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑜𝑢𝑡𝑒𝑟 𝑒𝑑𝑔𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑟𝑎𝑖𝑛
 

(13) 

 

In Figure 12 the outer edge of the brain is drawn in red and the outer edge of the cortex can be 

seen in gray. 

 

Figure 12: The different lengths used when calculating GI. The gray line represents the outer edge of the cortex and 

the red line shows the outer edge of the brain 

The outer edge of the brain is found using the intracranial mask calculated by SyMRI® NEURO 

software. The mask is reduced to only the outer edge using the morphological operator 

bwmorph in MATLAB® and the length is found by summing the remaining pixels. 

For finding the length of the outer edge of the cortex two different methods are evaluated. 

These are applying a threshold to T1 maps or T1 weighted images. In both approaches the 

assumption that the brain matter is surrounded with CSF is made, assuming that the edge 

between CSF and GM makes up the edge of the cortex. 
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4.2.1 T1 map 

In this approach a quantitative T1 map is used. Looking at the T1 map of an older patient, it 

appears as if the part that is 100% red represents CSF, this can be seen in Figure 6 on page 8. 

Therefore, by removing the 100% red part from the image the outer edge of the remaining 

object would be the outer edge of the cortex of the brain. This is done in several steps: 

  Only the red channel in the RGB image is kept. Then, all pixels containing 100% red is 

removed by setting those pixels to zero and the remaining brain is  made binary, 

changing all pixel values above zero to one.  

 Morphological operations in MATLAB® is used in order to remove all but the outer edge 

of the remaining binary object.  

o All holes in the image is filled using imfill. A hole is defined as a set of background 

pixels that cannot be reached from the edge of the image.  

o All objects that are smaller than 100 pixels in size are eliminated using 

bwareaopen. 

o All but the contour is removed with bwmorph.  

o The contour is shrunk to a skeleton with the width of one pixel using bwmorph. 

 The length is calculated using summation. This value is then compared to the length of 

the brain edge according to equation 13. 

4.2.2 T1 weighted image 

When using a T1 weighted image a threshold is applied to exclude the CSF. This threshold is 

found by looking at the histogram of the brain images. The peak representing CSF is always found 

in the same position and therefore the threshold is put at a fixed value of 3500. Then, a binary 

image is created by setting all pixels containing a value above zero to one. This binary image 

then goes through the same process as the T1 map giving the length of the cortex and a 

calculated GI value. 

4.3 Spatial information 

The white- and gray brain matter becomes more easily distinguishable with age and the edge 

between them becomes clearer in a qMRI image, this can be seen in Figure 6-Figure 8 on pages 

8-10. Therefore the complexity of the image is investigated as a property that could relate to 

the age of the person. This is done by looking at the spatial information in the image and the 

method is found in the article by Yu and Winkler (18). 

The spatial information in each pixel of the image is calculated with filtered images of the brain. 

The equation used can be seen in equation 14 below where sh and sv denote gray scale images 

of the brain filtered with vertical and horizontal sobel filter kernels respectively. These filtered 

images can be seen as the derivative of the grayscale image in the x- and y- direction. 

 
𝑆𝐼𝑟 = √𝑠ℎ

2 + 𝑠𝑣
2 

(14) 
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The image complexity is found using the relation in equation 15 where p is the number of pixels 

containing brain matter. 

 
𝑆𝐼𝑚𝑒𝑎𝑛 =

1

𝑝
∑ 𝑆𝐼𝑟 

(15) 

 

Improvements to SIr are tried in order to create a result with a higher correlation coefficient 

value. A threshold is applied to remove edges that did not have big values. Also, the image is 

filtered with a Gaussian low pass filter to smoothen the appearance of the brain surface. 

4.4 Volumes 

Since the brain volume increases with age the intracranial volume, the brain matter volumes 

and fractions of the brain matter are studied. The properties calculated are: 

 Total intracranial volume (ICV) 

 ICV of the middle part of the brain 

 Volume of white brain matter 

 Volume of gray brain matter (non-white excluding CSF) 

 Volume of CSF 

 Volume of white brain matter divided by the volume of white- and gray matter 

 Volume of white brain matter divided by the volume of CSF, white- and gray matter  

 Volume of CSF divided by the volume of CSF, white- and gray matter 

The partial brain volumes are found using thresholds based on the peak positions in the 

histogram of T1 weighted images. Two thresholds are used, one separating WM from other 

brain tissue and one segmenting out CSF. The CSF threshold is fixed at the pixel value 3500 since 

the position of the peak is not changing between data sets. The threshold for WM is calculated 

using the maximum peaks in the histogram. For histograms with two and more peaks the 

threshold is set as the minimum value between the two maximum peaks placed furthest to the 

left. If the histogram contains only one peak the threshold is fixed and set as the optimal 

threshold for separating white and gray matter. This threshold is found using a least-square-

error optimization and all sets of data containing two or more peaks. 

The volumes are calculated using the number of pixels in the found volume multiplied by the 

size of the pixels. The pixel size is found using information in the .dicom file, read using dicominfo 

in MATLAB®. The size in x- and y-direction is found in pixelspacing and the size in z is found in 

SpacingBetweenSlices. The calculated value is then converted from mm3 to ml. 

4.5 Mean pixel value 

The mean pixel value is calculated for the middle part of the brain using equation 16 below. This 

was done for T1-, T2- and PD weighted images. The number of pixels containing brain matter 

was found by using the intracranial mask and the threshold segmenting out WM and GM from 

the CSF. 

 
𝑚𝑒𝑎𝑛𝑉𝑎𝑙𝑢𝑒 =  

∑ 𝑝𝑖𝑥𝑒𝑙 𝑣𝑎𝑢𝑙𝑒𝑠 𝑖𝑛 𝑖𝑚𝑎𝑔𝑒

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑏𝑟𝑎𝑖𝑛 𝑚𝑎𝑡𝑡𝑒𝑟
 

(16) 
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4.6 Fitting curves to data-points 
Curves are fitted to the scatter plots generated by the different properties described above. The 

data sets with a strong correlation to age are used in this step. This choice is also based on the 

variation in the data sets since a large variation will give a high error in the curve fitting.  

The curve fitting uses an optimization that minimizes the error between the data points and the 

adapted curve. It solved a least-square-error problem. Initial values for the curve is found by 

looking at the shape of the scatter plot and adapted to achieve the best fit possible. The fit of 

the curve is evaluated using visual inspection and the total error in the curve fitting. 

The curve adapted to the data points is an exponential followed by a linear component, shown 

in equation 17 below. The curve is chosen as simple as possible while still giving a good fit to the 

data points in order to avoid overfitting. The constants a- c are constants found by solving a 

least-square-error problem in MATLAB® using the function fit. This was done for all of the data 

sets where curves are adapted. For each of the adapted curves and the independent variable x 

is the property value and the f(x) denotes the age. 

 𝑓(𝑥) = 𝑎 ∙ 𝑒−𝑏𝑥 + 𝑐 (17) 

 

4.6.1 Confidence intervals 

For each of the data sets with fitted curves, a confidence interval is calculated. The interval is 

found using the error in the curve fitting giving a confidence interval where the width varies with 

the age.  

The mean error in the curve adaption in percent was calculated according to equation 18 below 

where x is the value in the data set and 𝑥 is the estimated value. This percent value is then 

multiplied with the true age, giving a standard deviation for each age. 

 
𝑒𝑠𝑡𝐸𝑟𝑟𝑜𝑟% =  

|𝑥 − 𝑥|

𝑥
 

(18) 

The confidence interval was then calculated according to the definition found in section 2.3.3 

on page 12, equation 8. 

 

4.7 Age estimation 

The age is estimated using the equation of the curve adapted to the dataset. The age is 

calculated according to equation 19 where x denotes the property and f(x) the estimated age. 

 𝑓(𝑥) = 𝑎 ∙ 𝑒−𝑏𝑥 + 𝑐 (19) 

 

The age can be estimated using only one of these equations or several measures can be 

combined to make an approximation dependent on more than one property. The different 

estimated ages can be combined using a weighted mean with the standard deviation as weight, 

see equation 20. The standard deviation of this mean is then used to calculate the uncertainty 

of the estimated age. This standard deviation can be seen in equation 21. (17) 
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�̅� =

∑
1

𝜎𝑖
2 𝑥𝑖

∑
1

𝜎𝑖
2

 

(20) 

 

 
𝜎𝑥

2 =
1

∑
1

𝜎𝑖
2

 
(21) 
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5 Results 
In this part of the report the obtained results are described. The results are divided into sections, 

one for each of the methods evaluated followed by the curve fitting and the age estimation.  

5.1 Peak detection in histogram 

For the peak detection in the histograms two methods are evaluated. In both cases, a curve was 

adapted to the histogram of the image and the appearance of that curve for one patient is shown 

in Figure 13. The appearance of the histogram curve varies between patients. This curve is 

named “histogram curve” throughout the report and the Gaussian shaped peaks, representing 

GM and WM, are called “main peaks”.  

 

Figure 13: Basic appearance of the curve adapted the histogram of an image, the histogram curve 

5.1.1 Derivative based method 

Using the derivative based approach, the histogram curve was filtered to remove noise. In Figure 

14 the result of the filtering is shown where the filtered signal is drawn in red and the unfiltered 

in blue. 

 

Figure 14: Histogram curve before filtering (blue) and after filtering (red). The left plot shows the result on a smaller 

portion of the signal. 
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Figure 15 shows the result from the derivative based method where the detected peaks are 

drawn as purple stars. In the left plot the peaks for white-, gray- and deep gray brain matter is 

found correctly. In the right plot an extra peak is identified on the GM-peak. The overall result 

can be seen in Table 2 where the data is displayed as number of successes/number of possible 

and the calculated percentage can be seen in the parenthesis. The histogram vector containing 

only one peak is counted as WM-peaks. 

 

Figure 15: Result from derivative based method with detected peaks drawn as purple stars. In the left histogram curve 

the four peaks are found correctly. In the right, one extra peak is detected next to the GM peak. 

Table 2: Result from derivative based peak finding. The result is displayed as “number of successes/number of possible” 

and the percentage is written in the parenthesis. 

Both main peaks found WM peak found GM peak found Deep GM peak found 

36/36(100%) 36/36 (100%) 32/32 (100%) 14/21 (66.67%) 

 

The scatter plots in Figure 16 shows the position of the first peak on the y-axis and the age of 

the patient on the x-axis. The left plot shows the position of the data points in the interval [0 3] 

years and the right plot includes the entire age range. A non-linear relationship can be seen in 

the data set and the Spearman rank correlation is calculated to -0.8943 giving a strong 

correlation between the position of the first peak and the age. 
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Figure 16: Scatter plot with age on the x-axis and the position of the first peak on the y-axis. The peak position is found 

using the derivative based solution. The left scatter plot shows the distribution of data points in the range 0-3 years 

and the right plot shows the distribution for the entire age range. The Spearman rank correlation is calculated to              

-0.8943 for the dataset. 

5.1.2 Optimizing Gaussian shaped curves 
When adapting Gaussian shaped curves to the histogram curve the signal is not filtered. Instead, 

the initial values for the Gaussian curves is calculated using the histogram curve with an applied 

threshold. This divided signal can be seen in Figure 17 where the histogram curve placed before 

the threshold is drawn in blue and the red curve shows the part with values above the threshold. 

 

Figure 17: Histogram curve with applied threshold for calculating initial values. The blue curve represents the portion 
placed before the threshold and the red shows the curve after. 

The weights used improve the fit of the Gauss shaped curves to the histogram curve. This can 

be seen in Figure 18 where the result using weights are compared to the result when no weights 

are used. In the figure, the blue curve is the histogram vector and the red curve is the adapted 

Gaussian curves. 
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Figure 18: Comparison between weighted and unweighted Gauss adaption. The left plot shows the result if no weights 
are added. If weights are included, the right plot shows the result. 

The resulting fit of the two Gaussian curves can be seen in Figure 19 where the histogram curve 

is seen in blue and the fitted curves are drawn in red. In the upper left corner the fit is good for 

both peaks and in the upper right corner plot the algorithm is not able to find a good fit for the 

first peak. In the lower left plot the algorithm is unsuccessful in finding the correct second peak 

and in the lower right the algorithm finds the position of the peak for deep gray brain matter 

instead of gray. 

 

Figure 19: Result from fitting Gaussian curves to the histogram curve. The histogram curve has a blue color and the 
result of the algorithm is drawn in red.  Upper left: algorithm successfully finds the two Gaussian shaped curves. Upper 
right: algorithm does not find the first peak. Lower left: algorithm identifies the wrong second peak. Lower right: 
algorithm finds position for deep gray brain matter instead of gray. 
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Table 3 is showing the number of cases where the algorithm is successful in finding all peaks and 

also when it does not fully succeed.  A successful adaption is when the peak of the Gaussian 

curve line up with the peak of the histogram curve. In the table histograms with only one peak 

is counted as WM and the data is displayed as number of successes/number of possible with the 

calculated percentage in the parenthesis. 

Table 3: Total result from the adaption of Gaussian curves. The result is considered successful if the peak of the 
Gaussian shaped curve lines up with the peak in the histogram. The result is displayed as “number of successful 
detections/number of possible detections” and the percentage is calculated in the parenthesis. 

Both main peaks are found WM peak found GM peak found 

25/36 (69.44%) 34/36 (94.44%) 24/32 (75%) 

 

In Figure 20 the scatter plot showing the peak position on the y-axis and the age on the x-axis 

can be seen. There is a clear relationship between the variables and the Spearman rank 

correlation is calculated to -0.9057 giving a strong correlation between the sets of data.  

 

 

Figure 20: Scatter plot showing the age on the x-axis and the position of the first peak on the y-axis. The peak position 
is found using Gauss curves adapted to the histogram curve. The left scatter plot shows the distribution of data points 
in the range 0-3 years. The Spearman rank correlation is calculated to -0.9057 when using this dataset. 

5.2 Gyrification index 
The result from the calculation of GI is divided into two parts, one for each of the methods. The 

same intracranial mask was used for both methods and the principle appearance of that can be 

seen in Figure 21 where the mask for one slice from 15 year old brain is shown. 
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Figure 21: Principle appearance of the intracranial mask 

5.2.1 T1 map 
In Figure 22 the initially used T1 map where the surrounding tissue has been removed can be 

seen. This is the brain of a 14 year old. 

 

Figure 22: T1 map of a 14 year old brain. Used as input to the T1 map based calculation. 

In Figure 23 the brain after the removal of the red can be seen to the left. To the right, the brain 

after the morphological operations in MATLAB® is shown.  

 

Figure 23: Brain after the removal of the 100% red (left) and after morphological operations (right). 
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In Figure 24 the scatter plot showing the calculated GI value on the y-axis and the age on the x-

axis can be seen. A clear decrease in the GI value for the youngest patients followed by a slight 

increase with age can be seen. The Spearman rank correlation was calculated to -0.1842, 

indicating a weak correlation in the data. 

 

Figure 24: Scatter plot with age on x-axis and calculated GI on the y-axis. GI is calculated using T1 maps and the 
Spearman rank correlation was calculated to -0.1842. 

5.2.2 T1 weighted image 
In this approach a T1 weighted image was used. The initial image can be seen in Figure 25 where 

the brain of a 14 year old patient is shown. 

 

Figure 25: T1 weighted image of middle brain slice used as input in this approach. 

In Figure 26 to the left, the brain where the CSF has been removed can be seen. To the right is 

the brain after all morphological operations. 
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Figure 26: Brain with applied threshold, excluding CSF (right) and brain after morphological operations (left). 

Figure 27 is showing the scatter plot with the calculated GI value on the y-axis and the age on 

the x-axis. There is a visible difference between this and the scatter plot for the T1 map approach 

seen in Figure 24. Here, a decrease is visible followed by a stabilization in the incline. The 

Spearman rank correlation was calculated to -0.3610, indicating a weak correlation in the data. 

 

 

Figure 27: Scatter plot with age on the x-axis and the calculated GI on the y-axis. GI is calculated using T1 weighted 
images and the Spearman rank correlation value was calculated to -0.3610. 
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5.3 Spatial information 
In this method the spatial information in each pixel was calculated. In Figure 28 the filtered 

images can be seen along with Sir with the image filtered with the sobel X kernel to the left, the 

image filtered with the sobel Y kernel in the middle SIr, the combination of the two, to the right.  

 

Figure 28: From the right: brain filtered with Sobel X kernel, brain filtered with Sobel Y kernel, the combination of the 
two, Sir. Sir is used to calculate the spatial information. 

In Figure 29 the scatter plot showing the calculated SImean on the y-axis and the age on the x-axis. 

The Spearman correlation coefficient is calculated to 0.0367 indicating a non-existing correlation 

in the data set. 

 

Figure 29: Scatter plot with age on the x-axis and the calculated SI mean on the y-axis. The Spearman rank correlation 
was calculated to 0.0367. 

Applying a threshold to the calculated SIr gives no improvement with a Spearman correlation 

coefficient of 0.0414. Filtering the calculated SIr does not better the result either, giving a 

Spearman correlation coefficient of 0.0441.  
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5.4 Volumes 
In this part the result for the intracranial and brain matter volumes are presented along with the 

calculated fractions. All volumes are presented in ml.  

In all volume plots there is an outlier, a six-year-old who has an abnormally small brain. This is 

due to a major miscalculation of the intracranial mask done by the syMRI® software. There are 

also a few patients suffering from hydrocephalus, giving them a bigger brain volume compared 

to other brains. 

5.4.1 Intracranial volumes 
In Figure 30 the scatter plot has the total intracranial volume on the y-axis and the age on the x-

axis. An increase in volume can be seen and the Spearman correlation coefficient was calculated 

to 0.4656 suggesting an existing relationship in the data. 

 

Figure 30: Scatter plot showing the age on the x-axis and the total brain volume [ml] on the y-axis. The left scatter plot 
shows the range 0-3 years and the Spearman rank correlation was calculated to 0.4656 for this set of data. 

Figure 31 shows the scatter plot with age on the x-axis and the intracranial volume of the middle 

part of the head on the y-axis. The Spearman correlation coefficient was calculated to 0.5515 

indicating that there is a relationship in the data. 

 

Figure 31: Scatter plot showing the middle brain volume [ml] on the y-axis and age on the x-axis. The scatter plot on 
the left shows the distribution of data points in the range [0 3] and the Spearman rank correlation was calculated to 
0.5515. 
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5.4.2 Partial brain matter volumes 
In this section the result for the partial brain volumes is shown along with the calculated 

fractions. When calculating these partial volume a threshold was applied to the histogram curve. 

Figure 32 shows the threshold placement as a red star for both a curve with more than one peak 

and for a histogram curve containing only one peak. The threshold for the histograms with one 

peak is placed at 780.1 ms.  

 

Figure 32: The threshold value used is drawn as a red star on the blue histogram curve. 

In Figure 33, the volume of white matter in the brain is seen with age on the x-axis. The 

Spearman rank correlation was calculated to 0.7605 for this dataset suggesting a fairly strong 

relationship in the data.  

 

Figure 33: Scatter plot showing the volume of white brain matter [ml] on the y-axis and age on the x-axis. The left part 
of the image shows the distribution of data in the range 0-3 years. The Spearman rank correlation was calculated to 
0.7605 for this set of data. 

Figure 34 is showing a scatter plot with age on the x-axis and the volume of gray brain matter 

on the y-axis. The Spearman rank correlation was calculated to 0.1197 for this set of data giving 

an almost non-existing correlation. 
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Figure 34: Scatter plot showing the volume of gray brain matter [ml] on the y-axis and age on the x-axis. The left 
scatter plot shows the data point distribution in the range 0-3 years and the Spearman rank correlation of this data 
set was calculated to 0.1197. 

The scatter plot in Figure 35 shows the volume of CSF on the y-axis and the age on the x-axis. 

The Spearman correlation coefficient was calculated to 0.1689 indicating a very vague 

relationship. 

 

Figure 35: Scatterplot showing the volume of CSF on the y-axis [ml] and the age on the x-axis. The Spearman rank 
correlation was calculated to 0.1689 using this data set. 

In Figure 36 the fraction of white brain is shown on the y-axis and the age on the x-axis. The 

fraction is calculated according to equation 22 and the Spearman rank correlation was calculated 

to 0.8182 indicating a strong correlation in the data. 

 𝑉𝑜𝑢𝑚𝑒 𝑊𝑀

𝑉𝑜𝑙𝑢𝑚𝑒 𝑊𝑀 + 𝑣𝑜𝑙𝑢𝑚𝑒 𝐺𝑀
  

(22) 
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Figure 36: Scatter plot showing the fraction of white brain matter comparing volume of WM to volume of WM + 
volume of GM on the y-axis and the age on the x-axis. The left half of the figure shows the scatter plot in the range    
0-3 years and the Spearman rank correlation was calculated to 0.8182 for the entire dataset.. 

Figure 37 is a scatter plot showing the fraction of WM in the brain compared to the entire 

intracranial volume including CSF calculated according to equation 23. The Spearman rank 

correlation is 0.7995 indicating a strong relationship in the data. 

 𝑣𝑜𝑙𝑢𝑚𝑒 𝑊𝑀

𝑣𝑜𝑙𝑢𝑚𝑒 𝑊𝑀 + 𝑣𝑜𝑙𝑢𝑚𝑒 𝐺𝑀 + 𝑣𝑜𝑙𝑢𝑚𝑒 𝐶𝑆𝐹
 

(23) 

 

 

Figure 37: Scatter plot showing the fraction of white brain matter comparing volume of WM to volume of WM + 
volume of GM + volume CSF on the y-axis and the age on the x-axis. The left scatter plot shows the distribution of data 
points in the range 0-3 years and the Spearman rank correlation was calculated to 0.7995 for this set of data. 

In Figure 38 the fraction of CSF in the intracranial volume is shown on the y-axis and the age on 

the x-axis. The fraction is calculated according to equation 24 and the Spearman rank correlation 

is calculated to -0.1183 giving an almost non-existing correlation. 

 𝑣𝑜𝑙𝑢𝑚𝑒 𝐶𝑆𝐹

𝑣𝑜𝑙𝑢𝑚𝑒 𝑊𝑀 + 𝑣𝑜𝑙𝑢𝑚𝑒 𝐺𝑀 + 𝑣𝑜𝑙𝑢𝑚𝑒 𝐶𝑆𝐹
  

(24) 
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Figure 38: Scatter plot showing the fraction of CSF in the brain compared to the total intracranial volume on the y-axis 
and the age on the x-axis. The Spearman rank correlation was calculated to -0.1183 in this data set. 

5.5 Mean values 
Figure 39 shows the scatter plot with the mean pixel value of the brain using a T1 weighted 

image on the y-axis and the age on the x-axis. The Spearman rank correlation is calculated to -

0.5319 giving an existing relationship in the data. 

 

Figure 39: Scatter plot showing the mean pixel value of the brain calculated on T1 weighted images on the y-axis and 
the age on the x-axis. The Spearman rank correlation was calculated to -0.5319. 

Figure 40 shows the scatter plot with the mean pixel value for T2 weighted images on the y-axis 

and the age on the x-axis. The Spearman correlation coefficient was calculated to -0.4788 

indicating an existing relationship in the data. 
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Figure 40: Scatter plot showing the mean pixel value of T2 weighted images on the y-axis and the age on the x-axis. In 
the left plot the data point distribution in the range 0-3 years old is shown. The Spearman rank correlation was 
calculated to -0.4788 for this data set. 

The mean pixel value for PD weighted images can be seen on the y-axis of the scatter plot in 

Figure 41 where the x-axis shows the age. The Spearman correlation coefficient is calculated to 

-0.7675, a high correlation value. 

 

Figure 41: Scatter plots with the mean value of the PD weighted brains on the y-axis and the age on the x-axis. The 
left plot shows the distribution of data points in the range 0-3 years old and the Spearman rank correlation value is 
calculated to -0.7675.  

5.6 Fitting curves to data points 
In this section the scatter plots with a strong correlation and small variation are shown with 

adapted curves. A comparison between the different methods can be found in Table 4 where 

the methods are sorted according to the absolute value of the calculated Spearman correlation 

in descending order. The data sets used for curve adaption are marked with a gray color and if 

there are two very similar methods, only one of them is chosen. 
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Table 4: Compilation of the calculated Spearman rank correlation values for the evaluated methods. The methods 
marked with a gray color are further evaluated with the curve fitting. 

METHOD Spearman rank correlation 

First peak position - Gauss -0.9057 

First peak position - Derivative -0.8943 

Fraction of WM 0.8182 

Fraction of WM with CSF in denominator 0.7995 

Mean pixel value, PD weighted -0.7675 

Volume of WM 0.7605 

ICV middle part of the brain 0.5515 

Mean pixel value, T1 weighted -0.5319 

Mean pixel value, T2 weighted -0.4788 

ICV 0.4656 

GI – T1 weighted image -0.3610 

GI – T1 map -0.1842 

Volume CSF 0.1689 

Volume GM 0.1197 

Fraction of CSF -0.1183 

SI mean 0.0159 

 

In Figure 42 the curves fitted to the four data sets can be seen. In the curve fitting the age is the 

dependent variable (output) and the property is the independent (input).  The data points are 

drawn as blue stars and the adapted curve is drawn in red. The green colored curves are 

confidence intervals calculated using the percentage of the absolute error as standard deviation 

giving intervals with a width that varies with age.  In the top left corner of the figure the plot for 

the position of the first peak is positioned, the fraction of white matter is seen in the upper right 

corner, in the bottom left corner the curve for mean pixel value for PD weighted images is seen 

and the lower right corner shows the volume of white matter. The values for the constants a, b 

and c for the adapted curves can be seen in Table 5 below. The average error in the curve fitting 

can be seen in Table 6. 

Table 5: Constant values for the curves fitted to the data points 

PROPERTY a b c 

Peak position 12 760 0.009363 0.07548 

Fraction of WM 1.045 -7.112 -1.476 

Mean pixel value, PD 4.06*10^16 0.04482 0.9979 

Volume of WM 8.911 -0.002008 -9.623 
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Figure 42: Scatter plots with adapted data points (blue stars), the adapted curve (red curve) and confidence interval 
(green curve). The width of the confidence interval is calculated using the total error in percent giving intervals with a 
width that varies with the age. Starting from the top left: Position of the first peak of T1 weighted images, fraction of 
WM, mean value of PD weighted images and volume of white matter.  

Table 6: Mean error of the curve fitting in percent. 

PROPERTY Peak position Fraction of WM Mean pixel value Volume of WM 

Mean error [%] 53.84 118.97 200.89 241.72 

 

To improve on the result a smaller age range is chosen, 0-3 years. This range was chosen for two 

reasons. First, the literature states that the most drastic changes in the brain occurs during the 

first years after birth. Secondly, it is most important for the estimation to work for younger 

patients, before other testing e.g. cognitive, can evaluate the brain function. Therefore it seems 

reasonable to investigate differences in accuracy when only young patients are included. 

The calculated Spearman correlation coefficient can be seen in Table 7 where both the 

correlation coefficient for the entire dataset and for the narrower age range is included. This 

evaluation is only one on the top four properties previously used for cure fitting. 
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Table 7: Spearman rank correlation values for the four top properties. The correlation values are both on the entire 
dataset (0-20 years) and on a smaller range (0-3 years). 

METHOD Spearman rank correlation 
0-20 years 

Spearman rank correlation 
0-3 years 

First peak position - Derivative -0.8943 -0.8239 

Fraction of WM 0.8182 0.7042 

Mean pixel value, PD weighted -0.7675 -0.7881 

Volume of WM 0.7605 0.6645 

 

The curves fitted to these data points can be seen in Figure 43 where the data points are drawn 

as blue stars, the adapted curve is drawn in red and the confidence bounds has a green color. 

Table 8 shows the value for the constants in the adapted curves and Table 9 shows the calculated 

mean error for these curves, used to calculate the confidence interval. Only the top four 

properties are included here. 

Table 8: Constant values for the curve adapted to the datasets containing the patients in the range 0-3 years. 

PROPERTY a b c 

Peak position 503.6 0.006441 0.3217 

Fraction of WM -3.693 1.945 3.909 

Mean pixel value, PD 4.385*10^11 0.03171 0.1739 

Volume of WM -1.571 -0.00725 1.786 

 

 

Figure 43: Result of curve fitting using only the data from patients under the age of three years. The blue stars are the 
data points, the red line is the curve adapted to the dataset and the confidence bounds are green colored. 
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Table 9: Calculated mean error in the curve fitting for the different properties. The top row shows the error when using 
the entire age-range and the bottom row only uses the patients in the range 0-3 years. 

Property Peak position Fraction of WM Mean pixel value Volume of WM 

Mean error [%] 
0-20 years 

53.84 118.97 200.89 241.72 

Mean error [%] 
o-3 years 

98.17 71.67 126.28 72.58 

 

5.7 Age estimation 
The result of the age estimation can be seen in the Figure 44 and Figure 45 below. The scatter 

plots are showing the actual age on the x-axis and the estimated age on the y-axis. The red curve 

is a line showing the correct estimation and the interval surrounding the star shows the width 

of the confidence interval at that age.  

 

Figure 44: Result of the age estimation. The estimated age is drawn as a star, the surrounding interval shows the 
confidence bounds. The red curve shows the correct estimation. At the top the result using the peak position can be 
seen and in the middle the fraction of white matter. The left plots shows the range 0-2 years in both cases. 
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Figure 45: Result of the age estimation. The estimated age is drawn as a star, the surrounding interval shows the 
confidence bounds. The red curve shows the correct estimation. The figure shows the result for the mean pixel value 
above and the volume of white matter below. The left plots shows the range 0-2 years in both cases. 

The result from the weighted average can be seen in Figure 46 below. 

 

Figure 46: Result of the weighted mean based on the age estimation. The blue stars are the estimation framed by a 
confidence interval and the red line shows the correct age. The left half shows the range 0-2 years.. 

The result from the age estimation only using the patients under the age of three can be seen in 

Figure 47 below. 
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Figure 47: Result from age estimation only using the patients aged 0-3 years. The blue star shows the estimation and 
the surrounding interval is the confidence bounds. The red line shows the correct estimation. The plots are position of 
first peak in histogram (upper left), the fraction of white matter (upper right), the mean pixel value, PD weighted, 
(lower left) and the volume of white matter (lower right) 

 

Figure 48: Result when using a weigthed mean to combine the result from the estimations when using only patients 
in the range of 0-3 years of age. The blue stars are the estimation and the confidence bounds are the surrounding 
interval. The red line shows the correct estimation. 
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6 Discussion 
In this part of the report the obtained result will be analyzed and discussed. First, the result will 

be analyzed, one method at the time, followed by the curve fitting and the result from the age 

estimation. This is followed by a discussion on the material and how the data is used during this 

project.  

6.1 Analysis of the result. 
In this section the previously presented results will be analyzed and discussed. 

6.1.1 Peak detection  
Looking at the position of the first peak gives a set of data with good correlation to age and a 

small variations within each year creating a measure that can be used to estimate the age of a 

child. The reason for this being a good measure can be seen by looking at the migration of the 

peak for white matter, see Figure 10 on page 5. For very young children, the brain is fairly 

homogenous and therefore only has one peak in the histogram. As the myelination begins, the 

amount of white matter increases and a peak becomes visible to the left of the existing peak. A 

lower value for the peak position means more “movement” of the peak in the negative x 

direction and a brain with a bigger differentiation between white- and gray brain matter. 

The peak detection in the histograms was done on T1 weighted images since they showed the 

biggest variation in appearance with age. The differentiation of the tissue types was also most 

apparent using these histograms. The possibility of using T2- or PD weighted images was 

evaluated. 

The challenge in creating the peak detection is the big variations in the histogram curve between 

patients. The variation occurs in the number of peaks, the shape of the peaks, their position and 

the distance between them. This makes it difficult to set conditions for the detection that works 

well in all cases, causing some errors in both approaches. 

6.1.1.1 Derivative approach 

In the derivative based approach the result is somewhat dependent on the amount of filtering 

performed on the histogram curve. Too little filtering will give a noisy signal and the amount of 

detected peaks increases, since the occurrence of sign changes in the derivative increases. 

Filtering the histogram curve enough to remove all the noise will distort the curve and move the 

positions of the extreme points or filter away the small peaks in the curve, making the detection 

pointless. 

Different conditions was implemented in order to remove the wrongly detected peaks. This was 

e.g. checking the steepness of the curve before and after the detected peak and limit the 

number of peaks placed within a region of a certain size. However, comparing the detected 

peaks to the mean of the signal is the solution that gives the most reliable result when evaluating 

the algorithm on the histogram curves from all patients. 

6.1.1.2 Gaussian approach 

One of the challenges with this approach is that the result from the algorithm is dependent on 

the initial values for the two Gaussian shaped curves. Since there are variations in the 

appearance of the histogram curve between the different patients, the initial values cannot be 

the same in all cases. Therefore they are calculated using peaks found by the derivative based 

approach and adapted to find the best possible. This means that the solution is dependent on a 

reliable result from the derivative based approach. Also, it has not been possible to find initial 
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values that works well for all cases causing errors in the detection for some of the histogram 

curves.  

The performance of the algorithm varies depending on the shape of the histogram curve. The 

most frequent problem is detecting the second peak when a non-Gaussian shaped peak is 

present in the curve. In these cases, it will either detect one of the peaks or include both of them 

in one histogram curve (see Figure 19 on page 25) making the detection of the second peak 

unreliable. One possible improvement to the adaption is finding other initial values. This can be 

done by e.g. introducing a second threshold between deep gray and gray brain matter or using 

another property of the histogram curve.  It could also be possible to create an iterative solution 

that updates the initial values for the Gaussian curves based on the result from a previous 

adaption. 

6.1.1.3 Comparison 

Comparing the derivative approach to the adaption of Gaussian shaped curves shows 

advantages and disadvantages both methods. One difference between the methods is that the 

derivative based can detect peaks without knowing the amount in advance whereas adapting 

Gaussian shaped curves only can find as many peaks as the number of pre initialized curves. This 

can be seen both as an advantage, since the number of peaks in the histogram curve varies, and 

as a disadvantage since an unlimited amount of maximum positions can be detected. However, 

the Gaussian approach assumes two gauss-shaped curves and has difficulties handling the 

occurrence of non-Gaussian shapes. However, the adaption of Gaussian curves has the potential 

of giving a more robust peak detection since the derivative is noise sensitive. 

The main reason for using the derivative based approach over the Gaussian adaption is both 

that the Gaussian approach is not able to successfully detect the peak for white- and gray brain 

matter in all histogram curves and that this approach requires the derivative based solution to 

give a reliable result in order to work properly.  

6.1.2 Spatial information 
The calculated spatial information in the images gives a scatter plot with very big variations and 

a correlation coefficient very close to zero. This becomes understandable when looking at the 

Sir images where more variations occur than the change from white to gray brain matter. These 

variations also occurs in all data sets independent of age. 

The tries to improve the Sir measure by applying a threshold and using a Gaussian filter did not 

improve the result. This is not surprising since the same amount of details was filtered away and 

the applied threshold removed the same parts in all images, not making the images of the older 

brains more complex. One thing to add is that a measure based on the derivative of an image 

can never be as good as looking at the original data since the derivative is very sensitive to 

variations.  

6.1.3 Gyrification Index 
Calculating GI could give a usable result if the length of the cortex is calculated correctly and the 

increasing length of the cortex can be seen when looking at Figure 6 -Figure 8 on pages 8-10. 

However, it has not been possible to perform the calculation of the length of the cortex with 

satisfying accuracy. Finding a more sophisticated segmentation algorithm can give GI-values that 

could be used, especially if the measure could be calculated using a 3D volume. 
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The methods for calculating the length of the cortex gives a GI value that is higher for young 

patients than for old. This is not true according to the theory making it easy to rule out the 

calculated data sets from further use. 

One other issue with this calculation is the differences in resolution in the images. The values 

within the pixels are dependent on the size of the pixels introducing a variation that has to be 

accounted for. This was not taken into consideration when creating the solutions, introducing 

an uncertainty to the presented result. 

6.1.3.1 T1 maps 

One of the problems with using the T1 maps is that their appearance varies with age, see Figure 

6 on page 8.  In infants they are almost all red with small differentiations for other tissue and for 

older patients the brain structure is clearly visible. The assumption that all parts of the brain 

with 100% red is CSF is not true for young brains and the solution gives a more complex contour 

than the edge of the cortex, giving a GI value that is higher than it should be.  

6.1.3.2 T1 weighted image 

Applying a threshold to a T1 weighted image gives a solution that is very dependent on the 

threshold used. Changing the position of the threshold will remove either more or less of the 

edge changing the length of the contour and the calculated GI value.  

In some of the brains, removing CSF did not leave the edge of the cortex since the intracranial 

mask left some of the tissue surrounding the brain. One solution for solving this problem is to 

erode the intracranial mask before applying the threshold but it is difficult to know how much 

to remove, especially since it is not necessary in all cases.  Eroding the intracranial mask will have 

a big impact on the length of the contour and the calculated GI value adding another insecurity 

to the measure. 

6.1.4 Volumes 
Several different volumes and fractions are calculated. The volumes are based on slices of the 

brain where an intracranial mask has been used to remove the skull and other surrounding 

tissue. One thing to note is that the syMRI® program has trouble with finding the correct 

intracranial mask for all of the brains, giving an uncertainty to the measures that are pure 

volume. This can be seen in all of the scatter plots where there is a 6year old with an abnormally 

small volume due to errors in the intracranial mask. These errors also occur on a smaller scale 

in other patients. 

6.1.4.1 Intracranial volumes 

Looking at the total and middle intracranial volume shows a rapid increase in size from infant to 

the age of approximately five. This agrees with the literature that states that the brain doubles 

in size the first year and that the growth subsides and finally stops around the age of seven (2). 

However the variations within the same year gives a large uncertainty when used for 

approximating age. This is not unexpected since there is a variation in head size between people 

the same age.  

6.1.4.2 Partial brain matter volumes 

When finding the partial brain matter volumes and calculating fractions a threshold is used for 

separating the different tissue types. This threshold value is calculated using the derivative 

based peak position and the value is dependent on a reliable result for the two first peaks in the 

histogram. 
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When analyzing the scatter plot showing the volume of white matter in the brain, an increase 

with age can be seen. This is a fast increase in the young ages followed by a smaller inclination 

in the data. The variations within one age is smaller in this measure than for the ICV but the 

variations in head size is not taken into account in this measure since it is a volume. 

The volume of gray brain matter does not give a usable data set. An increase can be seen for the 

infants but there are also variations within each age creating a large uncertainty. The volume of 

CSF seems to be unchanging with age, if the patients with hydrocephalus (brains containing 

abnormally large volume of CSF) are disregarded.  

Looking at the volume of white matter compared to the total volume of white- and gray brain 

matter it gives a scatter plot with small variations within the ages and a high Spearman 

correlation coefficient. When calculating the fraction of white matter the size of the skull is 

removed from the value giving a more stable result. The fraction of white matter was also 

calculated with the CSF taken into consideration. This gives a measure similar to when the CSF 

is not included but with a slightly smaller correlation value. 

6.1.5 Mean values 
In the T1 weighted images there is a clear decrease initially followed by variations within the 

same age. Looking at the T2 images, the decrease is not as clear and one patient appears as an 

outlier (mean value of 317) decreasing the calculated correlation. When looking at the mean 

value for the PD images a rapid decrease can be seen along with a small variation within the age. 

This measure that can be used to make an estimation of the age of a child. 

6.1.6 Fitting curves to data points 
The curve fitting to the data points is an important part of the result since this curve is used to 

estimate the age of the brain. However, the small amount of data points makes it difficult to 

create a reliable curve adaption and evaluate the accuracy of the curve shape. It is possible that 

there are outlier values now that would have a smaller significance if more data is added. More 

data could change the shape of the curve and consequently change the age estimation and the 

width of the confidence interval.  

The shape of the adapted curve is chosen as simple as possible while still giving a good fit to the 

data points. Adding more components to the equation can create a better fit to the data points 

but it also increases the risk of overfitting. The overfitting will then increase the risk of error 

when doing estimations on new data. 

When calculating the average error of the curve fitting in percent the mean is used instead of 

the median since the big errors must have an effect on the interval. If median is used the width 

of the intervals will be reduced but it seems important to take all the error into consideration 

and not create a “best case scenario”, especially when brains containing pathologies are 

included. 

The correlation coefficients calculated when only the range of 0-3 years are included are lower 

than the coefficient for the entire dataset. Still, the parameters have high correlation values and 

the coefficient only states something about the strength of the correlation and not about the 

error in a curve fitting. Therefore the curves adapted to the dataset can have a better fit, even 

if the correlation coefficient is smaller. 

It is easier to find a good fit to the data points when a smaller age range is used, seen in the 

calculated error for both cases. The calculated error in percent decreases for three out of four 
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properties showing that the fit of these curves to the data points are better. This also gives a 

confidence interval with more narrow bounds decreasing the uncertainty. Adding more data to 

the curve adaption will decrease the width of the confidence interval, creating a possibility to 

evaluate the shape of the curve and decrease the uncertainties in the curve shape. 

6.1.7 Age estimation 
The age is estimated using the adapted curves and the accuracy is seen as the width of the 

confidence interval. The result of the age estimation shows that the performance of the 

estimations are varying. When looking at only one property the position of the first peak has the 

most estimations where the true value lies within the confidence bounds and it is the property 

with the smallest calculated error. However, the error is too big for giving a usable result since 

an estimation with an error higher than 50% does not provide any useful information (e.g. 4±2 

years).  

When looking at the result of the age estimation where only patients in the range 0-3 years are 

included the estimated value is closer to the correct value. This result suggests that using a 

smaller age range increases the accuracy of the estimation, even if the error is too large to give 

a usable result. As previously written, more data will probably decrease the width of the 

confidence interval and make the estimation usable.  

The result presented suggests that a weighted mean does not improve the result. The width of 

the confidence interval becomes narrower but the estimated value does not improve. The idea 

of combining different properties to create an estimation dependent on several different 

measures seems good but a more complex way of combining the values are needed. This can be 

done by using some form of machine learning e.g. neural networks. 

With an estimation of this kind, it is most important to find a good estimation value for young 

patients. This is because the tests used to evaluate e.g. language understanding requires an 

ability to communicate, something that is more difficult for infants. Therefore it is good that the 

error in the curve fitting is smaller in three out of four cases for this group of patients. 

6.2 Discussion regarding material 
All data sets used in this thesis work are from patients that have or have had a pathology in the 

brain. This has both advantages and disadvantages. One of the advantages is that the estimation 

works even if the brain of the patient contains pathologies. This is good since an algorithm giving 

incorrect estimations for unhealthy patients will not be usable. However, the developed 

methods has not been evaluated with images from healthy patients so it is unclear how it will 

work for these since the differences between healthy and unhealthy patients are not evaluated. 

During the evaluation of the developed methods there has not been a clear division between 

data for training and testing. All sets of data has been used to evaluate the methods for 

calculating e.g. the initial values for the Gauss-adaption. All available data has also been used 

when adapting a curve to the data and to calculate the width of the confidence interval. This 

lack of training data has made it difficult to evaluate the accuracy of the developed methods.  

 Only 50% is used for the analysis. This gives a result that differeres from if all data for all 

of the brains are used. Not all brains have e.g. the same number of slices, therefore this 

makes the results as a whole more reliable.A more similar amount of data is used for 

each of the brains. 
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7 Conclusions 
The aim of this thesis work was to answer the two questions stated in the Purpose and Aim 

section. Brief answers to these questions are found below. 

Can brain development be determined using qMRI? If so, what properties in the brain can 
be used? 
Yes, it is possible to find brain development using qMRI images. There are several different 

properties that have a strong correlation with age. The results presented suggests that 

properties that can be used for this purpose are: 

 Position of the first histogram peak in T1 weighted qMRI images, 𝜌 = −0.8943 

 Fraction of white matter in the brain, 𝜌 = 0.8182 

 Mean pixel value of proton density weighted qMRI images, 𝜌 = −0.7675 

 Volume of white matter in the brain, 𝜌 = 0.7605 

The measures from these methods can also be combined, using e.g. an average mean, giving an 

estimation dependent on more than one property in the brain. 

Can the age of a child be automatically detected with an algorithm? If so, how can this 
algorithm function? With what accuracy? 
The result from the first part of this thesis work suggest that it is possible to create an algorithm 

that can make an estimation of the age of the child based on the identified properties. However, 

when evaluating the estimations done using curve adaption on all available data there are too 

large errors to state that this method can be used to estimate the age. When decreasing the age 

range to 0-3 years the curve fitting has a smaller error in three out of four cases and the 

estimated ages are more accurate. 

A step-by-step description of the method used for estimation can be seen in on page 50. 
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8 Further development 
There are things that can be done to improve presented results. One important thing is to add 

more data to further evaluate the measures found during this thesis work and to investigate 

their accuracy as well as the shape of the adapted curves used for age estimation. The data 

would preferable be from both sick and healthy children aging from infants to at least 3 years 

old, to ensure that the accuracy of the estimation for young patients are improved. It is also 

important to evaluate the accuracy for both healthy and unhealthy brains since the difference 

between these are not investigated. Adding more data would also create an opportunity to 

evaluate the brain properties and to investigate if the brain composition differ when the children 

are healthy. This evaluation is also important since there has not been a clear division between 

test and training data. 

Adding more data will also improve the estimation by making the confidence intervals better by 

decreasing their width. More data can decrease the width of the interval since a bigger data set 

makes it possible to use the normally-distributed equation for the confidence interval, using λα/2 

instead of tα/2, and thereby getting a smaller value (1.96 instead of 2.02 for this set of data). 

Increasing in the number of data points will also increase the value of n, decreasing the 

calculated value of d.  

Using a bigger amount of data gives the opportunity to create a more complex algorithm for the 

age estimation. Machine learning e.g. neural networks, can be used to combine the found 

properties in a more sophisticated manner if the curve adaption turns out to be a too simple 

solution.  

One way to improve the found properties and make it work better for older patients is to find a 

set of data where there is a clear increase or decrease even in older age. It is possible that the 

amount of white matter can become such a measurement since the myelination continues into 

the early twenties. It may also be interesting to segment out different anatomical parts of the 

brain and look at them separately since different parts of the brain is myelinated at varying 

stages of development. One other method can be dividing the data into different age categories 

since big changes in the range 0-3 years may decrease changes in the older ages. Also, according 

to the literature there is a change in the volume of gray matter until the age of 12. Finding this 

could contribute to making a better estimation for older patients. Another measure that possibly 

could contribute to this is GI since it increases from before birth until the brain is fully developed. 

It would be interesting to find a sophisticated segmentation method and see if this measure may 

be able to contribute to the age estimation.  
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Age estimation – step by step 
This is a short step-by-step description of how the age can be estimated using curves adapted 

to the datasets. 

Step 1: Prepare the data 
Load the image data into the analysis program. You will need T1 weighted images as well as T1 
maps for calculating the needed parameters. There is also a need for an intracranial mask or 
other segmenting method removing all tissue surrounding the brain and knowledge of the pixel 
size for volume calculation. 

Then, prepare the data by removing all but the brain tissue and CSF from the images. Calculate 

the middle slice in the brain and remove all but 50% of the brain center. This is the data used 

during the following analysis. 

Step 2: Calculate properties 
Step 2 is to calculate the interesting properties in the brain. These are listed below along with 

the section and page number in the method section, describing how to calculate these. 

 First peak position in the histogram of T1 weighted images, section 4.1.1 on page 15 

 Volume of white matter, section 4.4 on page 19 

 Fraction of white matter, section 4.4 on page 19 

 Mean pixel value of PD weighted images, section 4.5 on page 19 

Step 3: Make estimation 
When you have calculated the properties the age of the brain can be estimated using the 

equations below, one for each of the properties. First, the equations used when the entire 

dataset is included are presented followed by the equations for when the age range is limited 

to 0-3 years. If the brain is found within the range of 0-3 years the recommendation is to use the 

second estimation.  

Using the patients in the range 0-20 years gives equation 25 is for the position of the first peak 

in histogram images, equation 26 is used for the fraction of white matter. Use equation 27 for 

the mean pixel value of PD weighted images and equation 28 is used for the volume of white 

matter. 

 𝑎𝑔𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 = 12760 ∙ 𝑒−0.009363∙𝑝𝑒𝑎𝑘𝑃𝑜𝑠 + 0.07548 (25) 
 

 𝑎𝑔𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 =  1.045 ∙ 𝑒−7.112∙𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑊𝑀 − 1.476 (26) 
 

 𝑎𝑔𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 = 4.06 ∙ 1016 ∙ 𝑒0.04482∙𝑚𝑒𝑎𝑛𝑉𝑎𝑙𝑢𝑒 + 0.9979  (27) 
 

 𝑎𝑔𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 =  8.911 ∙ 𝑒−0.002008∙𝑣𝑜𝑙𝑢𝑚𝑒𝑊𝑀 − 9.623 (28) 
 

The confidence bounds for the estimation is calculated using the equations below, one for each 

property. Use equation 29 for the peak position, equation 30 for fraction of WM, equation 31 

for the mean value and equation 32 for the volume of WM. 
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 𝑐𝑜𝑛𝑓𝐼𝑛𝑡 = ± 𝑎𝑔𝑒 ∙ 0.5256 (29) 

 
 𝑐𝑜𝑛𝑓𝐼𝑛𝑡 = ± 𝑎𝑔𝑒 ∙ 0.7482 (30) 

 
 𝑐𝑜𝑛𝑓𝐼𝑛𝑡 = ± 𝑎𝑔𝑒 ∙ 1.028 (31) 

 
 𝑐𝑜𝑛𝑓𝐼𝑛𝑡 = ± 𝑎𝑔𝑒 ∙ 1.1675 (32) 
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