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Abstract
Magnetic resonance imaging (MRI) is critical in the diagnosis of neurodegenerative 
diseases, enabling the detection of brain lesions. Recent research has examined metallic 
nanoparticles (NPs) as MRI contrast agents (CAs) that can enhance lesion visibility by 
altering relaxation times. This study investigates the effects of metal oxide NPs on MRI 
relaxation times and brain lesion signals and proposes an algorithm for automated 
relaxation time determination using these NPs. The utilized NPs were synthesized using 
the sol‒gel method and characterized using Fourier-transform infrared spectroscopy 
and X-ray diffraction. MRI scans were performed on a phantom infused with varying 
concentrations of each metal oxide NP to assess changes in pixel signal intensities and 
relaxation rates. Our analysis involved segmenting the MRI images to focus on regions 
with different NP concentrations. The algorithm computed the longitudinal relaxation 
time for each region, revealing that Fe2O3 NPs exhibited the most substantial effect on 
signal intensity and relaxation time. The results indicated a high correlation (r = 0.9977), 
demonstrating strong agreement and confirming the reliability of our method. Our 
findings suggest that metallic oxide NPs, particularly Fe2O3, can considerably alter 
magnetization and act as effective negative CAs in MRI. These capabilities can improve 
the monitoring and treatment efficacy of neurodegenerative diseases. Our method for 
quantifying longitudinal relaxation times can potentially enhance routine clinical MRI 
assessments, offering a promising tool for future clinical applications.
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1. Introduction
Magnetic resonance imaging (MRI) is a vital diagnostic imaging tool in the medical field, 
particularly for diagnosing various neurodegenerative diseases.1,2 MRI can differentiate 
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The vast amount of data generated during MRI 
presents challenges for visual analysis, necessitating 
advanced analytical methods. Artificial intelligence-based 
algorithms are gaining prominence in the biomedical field 
and medical image analysis.26 Automated image analysis 
enables the handling of extensive datasets with consistent 
precision, overcoming the limitations of manual methods. 
AI applications serve as decision support systems, although 
their development poses challenges.27

AI algorithms are widely used for targeting specific 
regions (organs or tissues), classifying disease stages, and 
diagnosing tumors.28-31 For instance, Chang et al.32 explored 
the use of a deep learning algorithm for the automated 
segmentation and quantification of the myocardial 
T1 values, while Bidhult et al.33 developed algorithms 
for T1 and T2 relaxation mapping in cardiac imaging. 
Specifically, for brain regions, Jibon et al.34 improved a 
classification method to distinguish between cancerous 
and noncancerous tumors from brain MRI using log polar 
transformation and convolutional neural networks. In 
addition, the improved algorithm developed by Oliveira 
et al.11 demonstrated the effectiveness of convolutional 
neural networks for detecting brain lesions in individuals 
with MS. In general, the primary role of AI is to create tools 
that automatically learn from data and produce accurate 
results,35 potentially minimizing medical errors and aiding 
clinicians.36

Given the role of metal oxide NPs as CAs and 
importance of algorithms in medical image analysis, 
developing an algorithm to study NP signals in MRI is 
essential. This study investigates the relationship between 
different metal oxide NP concentrations and relaxation 
times, hypothesizing the following. (1) Various metal 
oxides affect signal intensity, (2) different metal oxide NP 
concentrations alter signal intensity, and (3) metal oxide 
NPs influence the longitudinal relaxation time in MRI. 
Moreover, we present an algorithm to analyze the signal 
intensity and autonomously determine relaxation times in 
MRI using metal oxide NPs.

2. Methods
2.1. Chemicals and reagents

Five distinct NPs were synthesized using the 
sol‒gel method, a bottom-up chemical approach 
enabling enhanced control over procedural steps and 
the chemical compositions of the final products.37 All 
reagents  were  sourced from Sigma-Aldrich, including 
cobalt(II) nitrate  hexahydrate  (Co(NO3)·6H2O, 98%), 
copper(II) nitrate tetrahydrate (Cu(NO3)2·3H2O, 99%), 
iron(III) nitrate nonahydrate (Fe(NO3)3.9H2O, 98%), 
nickel(II) nitrate hexahydrate (Ni(NO3)2·6H2O, 97%), and 

between neurodegenerative conditions such as multiple 
sclerosis (MS), which is characterized by brain lesions 
primarily in the white matter. These lesions are identified 
through demyelination, inflammation, and axonal loss.3,4 
A comprehensive understanding of brain MRI findings is 
essential for accurate MS diagnosis.5

In MRI, a portion of proton nuclei within the body 
aligns parallel to an external magnetic field (B0) to generate 
images.6 These nuclei precess at a Larmor frequency (w0) 
and are excited to an antiparallel state by a radio frequency 
(RF) pulse. On removing the RF pulse, the nuclei return 
to their equilibrium state, a process involving longitudinal 
(T1) and transverse (T2) relaxations.6,7 T1 denotes the 
time required to reach 63% longitudinal magnetization, 
while T2 is defined as the time required for a decrease 
in the transverse magnetization by 37% its initial value.8 
Standard MRI sequences, including T1-weighted (T1-w), 
T2-weighted (T2-w), fluid-attenuated inversion recovery 
(FLAIR), and T1-weighted contrast modalities, are 
employed to detect overt lesions and assess tissue atrophy 
in MS.2,9 MS lesions typically manifest as hyperintensities 
in T2-w and FLAIR images and as hypointensities in T1-w 
images.2

Recent research has revealed an imbalance in the metal 
levels among individuals suffering from MS, suggesting a 
link between metal levels and neurodegenerative diseases. 
This imbalance may contribute to brain injuries.10-15 
Metallic elements are considered potential causes of brain 
lesions. Furthermore, these metals are hypothesized to 
accumulate within lesions, altering the MRI contrast signal 
similar to contrast agents (CAs). However, the mechanism 
by which these metals influence the MRI signals of lesions 
remains underexplored.

Advancements in nanotechnology and the unique 
properties of metallic nanoparticles (NPs) that influence 
MRI relaxation times have facilitated the use of NPs as 
CAs in MRI.1,8,16-19 Metallic NPs can reduce T1 or T2 by 
accelerating relaxation rates and inducing magnetic field 
inhomogeneity.20 Regions containing these NPs appear 
bright in T1-w images, and NPs act as negative CAs, 
reducing T2 signals.16 CAs are essential for enhancing the 
contrast and sensitivity in MRI diagnostics. For instance, 
Gd is widely used as a CA in MRI, favored for its prolonged 
magnetic relation time and large magnetic moment.21,22 
Studies have also explored MRI CAs based on iron 
oxide (Fe2O3), gadolinium oxide, and manganese oxide 
NPs.7,22-25 Cai et al. (2019)21 highlighted advancements 
in the utilization of Mn oxide as a CA in MRI, while 
Blanco-Andujar et al.24 emphasized the design of Fe2O3-
based magnetic NPs that enable the optimization of their 
relaxivity for use as CAs in T2-w MRI.
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zinc oxide (ZnO, 99%). Additional reagents employed 
were ethylene glycol, citric acid, and nitric acid.

2.2. Synthesis of NPs

To synthesize Co3O4 NPs, Co(NO3)·6H2O and urea were 
separately dissolved in 30  mL Milli-Q water at a molar 
ratio of 1:1, following which the solutions were combined 
and maintained at 30°C for 2 h for homogenization. The 
mixed solution was then heated to 80°C with vigorous 
stirring until complete solvent evaporation. Co3O4 NPs 
were finally obtained post-calcination at 400°C.38

Copper oxide (CuO) NPs, in the form of a 
Cu2O/CuO nanocomposite, were prepared by dissolving 
5 g Cu(NO3)2·3H2O in 20 mL ethylene glycol. After stirring 
the solution for 1 h, it was allowed to form a gel over 24 h, 
followed by drying at 200°C and calcination at 300°C for 
1 h each. A final heat treatment was performed at 500°C 
for 1 h.

Fe2O3 NPs were synthesized by dissolving 7.2  g 
Fe(NO3)3·9H2O in 200 mL Milli-Q water and 32.6 g citric 
acid in 800 mL Milli-Q water. The iron nitrate solution was 
gradually added to the citric acid solution under constant 
stirring. The mixture was then heated to 90°C until gel 
formation, dried in an oven at 100°C for 24 h, and calcined at 
400°C for 2 h. The resulting gel was ground into a powder.39

Nickel oxide (NiO) NPs were prepared by dissolving 3 g 
Ni(NO3)2·6H2O in 100 mL Milli-Q water. To this solution, 
0.5 M sodium hydroxide solution was added drop-wise 
under continuous stirring until the pH reached 11, at 
which point precipitates were formed. These precipitates 
were washed 5  times with Milli-Q water, dried at 95°C 
to completely remove the solvent, and finally calcined at 
550°C for 3 h.40

Zinc oxide (ZnO) NPs were synthesized using amorphous 
ZnO powder. Initially, 100  mL Milli-Q water and 15  mL 
nitric acid were mixed using a magnetic stirrer at 90°C, 
following which 5.5 g amorphous ZnO was added gradually. 
A  secondary solution containing 190  mL deionized water 
and 5.5  g citric acid was prepared and mixed with the 
first solution. After 15 min of stirring and adding 10.5 mL 
ethylene glycol, the mixture was maintained at 290°C until 
reaching a basic pH. The temperature was then lowered 
to 180°C and subsequently to 70°C until the solvent was 
evaporated. Post-crystallization, the product was dried for 
2 h at 350°C and further heated at 500°C for 30 min.41

2.3. Characterization of the NPs

2.3.1. X-ray diffraction (XRD)

XRD was used to determine the crystalline structures 
and phases of the NPs by comparing the results with the 

entries in the Joint Committee on Powder Diffraction 
Standards (JCPDS) database.42 The crystallite sizes of the 
NPs were estimated using the Scherrer equation.43 This 
size estimation was also conducted by analyzing XRD 
peaks, employing the Debye–Scherrer equation.43 XRD 
spectra were acquired using a D/MAX-2100/PC (Rigaku) 
apparatus, equipped with a Cu Kα radiation source 
(λ  =  1.5418 Å). The spectra were scanned in a 2θ range 
of 20 – 80°, with a scanning speed of 2°/min, a step size of 
0.02°/min, and operating conditions of 40 kV and 20 mA.

2.3.2. Fourier-transform infrared spectroscopy (FTIR)

FTIR spectroscopy was performed to analyze the functional 
groups and molecular bonds within the NPs, facilitating 
the detection of compositional changes in the samples. 
This analysis was performed using a Vertex 70-Bruker 
spectrometer, supported by a diamond crystal. Spectra were 
acquired in the infrared region using the attenuated total 
reflectance method, with a scanning range of 3000 – 400 cm−1, 
comprising 32 scans at a resolution of 4 cm−1.

2.4. MRI

An acrylic phantom, simulating a brain, was filled with 
paramagnetic aqueous solutions to mimic different 
biological tissues, such as gray matter, white matter, and 
cerebrospinal fluid.44 To assess changes in MRI signal 
intensity and relaxation time, four distinct concentrations 
of NPs (Table  1) were prepared and added to specific 
compartments of the phantom. The effects of these varying 
NP concentrations on MRI signal characteristics were 
subsequently evaluated.

The acquisition of MRIs followed a protocol 
recommended by the Consortium of MS Centers, tailored 
specifically for patients with MS. These images were 
acquired using a 3.0 Tesla Siemens Verio MRI scanner. 
To investigate the impact of varying NP concentrations 
on the MRI signals, signal quantification was performed 
across three different imaging sequences: T1-w, T2-w, and 
FLAIR. Furthermore, a study was performed to assess the 
influence of echo time (TE) variations on signal intensity, 
using TEs of 11, 32, 43, 64, and 86 ms. Figure 1 illustrates 
the phantom infused with different concentrations of the 
five metallic oxide NPs (Figure  1A) and a representative 
MRI slice of the phantom (Figure 1B).

Table 1. Concentrations of nanoparticles (NPs) in the phantom

Hole Co3O4 (g/L) CuO (g/L) Fe2O3 (g/L) NiO (g/L) ZnO (g/L)

1 0.20 0.27 0.11 0.35 0.19

2 0.49 0.65 0.53 0.63 0.52

3 1.39 2.07 1.83 1.97 1.41

4 3.59 3.29 3.33 3.59 3.32
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2.5. Manual evaluation: MRI signal quantification 
and relaxation time evaluation

The MRI scans, obtained in the digital imaging and 
communications in medicine (DICOM) format, were 
manually analyzed using Image J and 3D Slicer software. 
A quantitative assessment of the mean signal intensity was 
performed for each compartment of the phantom, across 
various concentrations and TE. The manual calculation of 
T1 relaxation time was executed using Equation I:

1
TI
TY A Be

 −  = − � (I)

where Y denotes the signal intensity, TI represents 
the inversion time, A signifies a scaling factor for each 
signal intensity, and B denotes the quality of inversion.45 
Furthermore, T2 relaxation times were determined by 
fitting the ET signal curve using Equation II:

( ) 2= +
TE
T

máx nS TE S e S , � (II)

where Sn corresponds to the noise level in the image.45

2.6. Automatic evaluation: Algorithm development

The MRI images, obtained in the DICOM format, underwent 
preprocessing in three stages: (I) Reconfiguration to 
1-mm3 resolution, (II) application of an anisotropic 
diffusion filter, and (III) intensity correction for magnetic 
field inhomogeneity.11 First, T1-weighted and T2-weighted 
images were resliced to an isotropic resolution of 1 mm³ 
using cubic spline interpolation. Second, an anisotropic 
diffusion filter was employed to mitigate potential noise in 
the images.46,47 Finally, image homogeneity was enhanced 
through bias correction using an N4ITK filter.48

After preprocessing, the algorithm segmented the 
region of interest (ROI) for the automatic determination of 
the longitudinal relaxation time (T1). Following this ROI 

segmentation, the algorithm autonomously calculated T1 
based on Equation I. For this, the algorithm detected and 
stored the signal intensity value Y by treating A and B as 
constants, and the TI value was input by the operator. Using 
these parameters, the algorithm automatically calculated 
and outputted the T1 value. To validate and ensure the 
reproducibility of quantification, a Bland‒Altman plot was 
created to compare automated T1 quantification, with the 
manual approach using Equation I and Image J.49,50

3. Results
3.1. Characterization of the NPs

The chemical structures, crystal lattice indices, and 
crystallite sizes of the five NPs were determined using 
XRD and FTIR analyses. Figure 2 illustrates the combined 
chemical (FTIR) and structural (XRD) results of all NPs. 
The characteristic absorption bands of the metal‒oxygen 
bond51 were prominently observed at 1500 – 400 cm−1. 
Furthermore, in all FTIR spectra, absorption bands 
were consistently observed at 2341 and 2358 cm−1, likely 
attributable to atmospheric CO2 absorption on metallic 
cations, a phenomenon that may have occurred within the 
apparatus during analysis.

The XRD spectrum of Co3O4 NPs in Figure 2A reveals 
distinct peaks at 2θ values of 31.45°, 37.17°, 38.79°, 45.10°, 
59.72°, 65.54°, and 74.43°, corresponding to the lattice 
planes (220), (311), (222), (400), (511), (440), and (620), 
respectively. These peaks confirm the cubic phase of Co3O4 
(JCPDS: 65-3103), with lattice parameters a = b = c = 8.056 
Å.38,52 The FTIR spectrum of these NPs in Figure 2B displays 
two vibrational modes at 667 and 561 cm−1, indicative of 
Co‒O bonds.53,54

Figure  2C presents the XRD spectrum of CuO NPs, 
where 2θ peaks aligned with the lattice planes (110), (111), 
(−112), (−202), (020), (202), (−113), (−311), (113), (311), 

Figure 1. Phantom and its respective magnetic resonance imaging (MRI) for signal intensity analysis of the metal oxide nanoparticles (NPs). (A) Phantom 
used in the experiment. (B) MRI slice, with various metal oxide NPs being marked using different colors
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Figure 2. Characterization of nanoparticles by X-ray diffraction (XRD) and Fourier-transform infrared (FTIR). XRD patterns of (A) Co3O4, (C) CuO, 
(E) Fe2O3, (G) NiO, and (I) ZnO. FTIR spectra of (B) Co3O4, (F) Fe2O3, (H) NiO, and (J) ZnO
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and (004). An additional peak at 35.58º corresponded to the 
(111) plane of the Cu2O phase. These peaks were consistent 
with the monoclinic phase of CuO (JCPDS: 89-5895), with 
lattice parameters a = 4.682 Å, b = 3.424 Å, and c = 5.127 
Å.55 The FTIR spectrum of these NPs in Figure 2D presents 
a band at 474 cm−1, denoting Cu‒O formation.56,57

Figure  2E presents the XRD pattern of the Fe2O3 
NPs, with peaks corresponding to rhombohedral Fe2O3 
(JCPDS: 79-0007) and lattice parameters a = b = 5.0285 
Å and  c  =  13.7360 Å.39,58,59 The FTIR spectrum of these 
NPs in Figure 2F reveals absorption bands at 520 cm−1 and 
437  cm−1, attributed to the Fe‒O stretching and bending 
modes in hematite.60

In the XRD spectrum of NiO NPs displayed in 
Figure 2G, the peaks at 37.50°, 43.50°, 63.05°, and 75.58° 
corresponded to the lattice planes (111), (200), (220), 
and (311) of the cubic phase of NiO (JCPDS: 01-1239), 
with lattice parameters a = b = c = 4.1710 Å.40,61 The FTIR 
spectrum of these NPs in Figure 2H presents a prominent 
absorption band at 669 cm−1, signifying Ni‒O formation.62

In the XRD spectrum of ZnO NPs displayed in Figure 2I, 
the diffraction peaks aligned with the lattice planes (100), 
(002), (101), (102), (110), (103), (200), (112), (201), (004), 
and (202) of hexagonal ZnO (JCPDS: 65-3411), with lattice 
parameters a = b = 3.249 Å and c = 5.206 Å.63,64 The FTIR 
spectrum of these NPs in Figure  2J illustrates a band at 
408 cm−1, corresponding to Zn‒O bonding, and a band at 
669 cm−1, ascribed to C‒H stretching in the alkyne group.65,66

The average crystallite size was estimated using the 
Debye–Scherrer equation

d = 0.89λ/βcosθ,� (III)

where 0.89 is the Debye constant, λ represents the 
X-ray wavelength (1.5406 Å), β denotes the full-width at 
half-maximum of the peak, and θ represents the Bragg 
angle. The estimated average crystallite sizes for Co3O4, 
CuO, Fe2O3, NiO, and ZnO NPs were 12, 26, 21, 38, and 
25 nm, respectively.

3.2. Manual evaluation: MRI signal and relaxation 
time evaluation

The acquired MRIs were manually evaluated to quantify the 
mean signal intensity in each compartment of the phantom 
across varying NP concentrations. Figure 3 illustrates the 
signal intensity as a function of the NP concentration 
for the T1, T2, and FLAIR sequences. Circles in Figure 3 
represent the cross-sections of each compartment from 
which the mean pixel intensity was extracted. Notably, 
different NPs altered the MRI signal characteristics, with 
Fe2O3 NPs exerting particularly notable effects.

Figure  4 presents a series of curves demonstrating 
the relationship between signal intensity and NP 
concentrations, as well as the dependency of signal 
intensity on TE for these NPs in MRI. The results revealed 
that the pixel signal intensity is inversely proportional to 
the ET and NP concentration, a trend that was consistent 
across all the tested NPs. As the ET increased, a reduction 
in signal intensity was observed for all NPs. Furthermore, 
this reduction in signal intensity was more pronounced 
for NP concentrations with greater metal concentrations. 
Moreover, a steeper slope in the T2 relaxation curve 
correlated with a greater decrease in the signal intensity, 
enhancing the effectiveness of the NPs as T2 negative CAs.

In addition, Figure  4A-E illustrates variations in 
the signal intensities for the T1, T2, and FLAIR scan 
sequences as a function of the metal NP concentration. 
All metal oxide NPs exhibited a decrease in the signal 
intensity with increasing NP concentration across all 
three sequences consistently. Notably, Fe2O3 NPs exhibited 
a more pronounced signal reduction, while ZnO NPs 
demonstrated a slightly divergent behavior in the FLAIR 
sequence. Consequently, a steeper relaxation curve slope 
correlated with increased signal reduction, enhancing the 
efficacy of metal oxide NPs as CAs.

The magnitude of the T2 contrast effect was 
quantitatively represented by spin‒spin relaxivity R2; an 
increase in the R2 values indicated a corresponding increase 
in the contrast effect. The relaxation rate R2 (=1/T2) is 
plotted against the ET in Figure 5A. An analysis of these 
curves revealed that NP concentrations directly impact the 
relaxivity time, thereby influencing the pixel intensity. In 
Figure 5B-D, which corresponds to the T1, T2, and FLAIR 
MRI sequences, respectively, the pixel intensity trends for 
each metal oxide NP were distinctly observed in relation 
to their concentrations. In particular, Fe2O3 NPs (depicted 
by the blue curve) demonstrated the most significant 
intensity variation across all sequences, showing a notable 
intensity decrease with increasing concentrations, which 
highlights their substantial impact on MRI imaging. 
Conversely, Co3O4 NPs (black curve) exhibited a more 
gradual decline, suggesting a less pronounced impact of 
their concentrations on MRI signal intensities. Other metal 
oxide NPs, including CuO (red curve), NiO (green curve), 
and ZnO (purple curve), also exhibited reductions in the 
pixel intensities with increasing concentrations; however, 
these changes vary, reflecting the distinct reactivity of each 
metal oxide NP in the MRI sequences. These differences 
underscore the importance of considering the unique 
properties of different metal oxide NPs when employing 
them as CAs in MRI to optimize image acquisition and 
interpretation.

https://dx.doi.org/10.36922/aih.3947


Artificial Intelligence in Health Algorithm and metal oxide nanoparticle in MRI

Volume 2 Issue 1 (2025)	 59� doi: 10.36922/aih.3947 

3.3. MRI preprocessing, segmentation, 
quantification, and validation

Figure 6 offers a comprehensive and sequential overview 
of the entire MRI image analysis protocol. During the 
preprocessing stage, the images were subjected to three bias 
correction steps, uniformly applied to all slices within each 
specific examination sequence. An operator facilitated the 
selection of the particular slice for the ROI segmentation 
using a specialized algorithm designed to load all slices 
from the examination. Following this initial selection, 
meticulous segmentation of the ROIs was executed on the 
chosen slice. The subsequent stage involved quantifying 
the longitudinal relaxation time. This was accomplished 
by utilizing the signal intensity data extracted from the 
segmented ROIs in conjunction with Equation I. The final 
step of the algorithm computed and stored the average 
signal intensity for each of the segmented ROIs, thereby 
completing the intricate process of MRI image analysis.

To assess the reproducibility of our algorithm and 
validate it, a comparative analysis was conducted between 
the automatically computed T1 values (derived from 
our algorithm) and manually determined T1 values by 
experts. This comparison utilized the Bland‒Altman plot 
(Figure 7A). The results revealed a close correspondence 
between the T1 values obtained through the automated and 
manual methods, indicating a high degree of concordance. 
This was quantitatively supported by a correlation 
coefficient (r) of 0.9977, as illustrated in Figure 7B, thereby 
validating the accuracy and reliability of the algorithm in 
T1 quantification.

4. Discussion
4.1. Signal intensities of the NPs and algorithmic 
analysis for MRI

Recent investigations into the signal intensities of NPs 
in MRI have highlighted notable advancements in the 

utilization of metal oxides, such as those of cobalt, copper, 
iron, nickel, and zinc, as CAs. Our findings indicated a 
decrease in pixel intensity across the T1, T2, and FLAIR 
sequences with increasing concentrations of these metal 
oxide NPs, suggesting enhanced proton relaxation. This 
effect was particularly prominent in the T2 sequence, 
underscoring the potential of these NPs in influencing T2 
relaxation times and their effectiveness as CAs.

Further analysis of the effective TE graphs corroborated 
that all metallic oxide NPs under study resulted in decreased 
pixel intensity as TE increased. This characteristic aligns 
with the desirable attributes of CAs, highlighting the ability 
of these NPs to alter proton relaxation times in adjacent 
tissues. Notably, due to the different in local magnetic 
field disortions, each metal oxide NP exhibited different 
perturbations in the MRI signal, reflecting their different 
efficacies as CAs.

Our study demonstrated that different metallic oxide 
NPs interfere with the MRI signal intensity and variations in 
their concentrations alter the signal intensity and relaxation 
time, thus confirming our hypothesis. Specifically, varying 
concentrations of the Fe2O3 NPs displayed significant 
variations in both signal intensity and relaxation time, 
resulting in high contrast. This behavior was expected due 
to the magnetic properties of Fe. Furthermore, the Fe2O3 
NPs exhibited CA characteristics in T2-w images, with 
higher concentrations resulting in lower signal intensities 
in T1-w sequences.

NPs synthesized in this study altered relaxation times 
in MRI, thereby modifying the pixel signal intensity. 
Our results revealed that these NPs displayed negative 
contrast, a characteristic influenced by the particle size. 
Specifically, NPs increased the signal intensity in T1-w 
images while decreasing the contrast intensity in T2-w 
images. This behavior is attributed to the fact that under 
a magnetic field, a magnetic dipole moment is induced 

Figure 3. Magnetic resonance imaging: signal intensity as a function of nanoparticle concentration
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Figure 4. Signal intensity as a function of metal oxide nanoparticle concentration: (A) Co3O4, (C) CuO, (E) Fe2O3, (G) NiO, and (I) ZnO. Signal intensity 
as a function of TE: (B) Co3O4, (D) CuO, (F) Fe2O3, (H) NiO, and (J) ZnO
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in superparamagnetic NPs.20 As water molecules diffuse 
toward the outer sphere of the induced dipole moment, 
the magnetic relaxation processes of water protons are 
disturbed, decreasing the spin‒spin relaxation time (T2).53 
This disturbance causes darkening in the T2-w MRI 
images, corroborating our findings. In addition, Chen et al. 
(2022)67 showed that the dimensions of nanomaterial’s 
influence contrast, with NPs larger than 12 nm producing 
negative contrast. Our synthesized NPs, particularly Fe2O3 
NPs, exhibited such a negative contrast characteristic, 
wherein higher concentrations resulted in darker areas. The 
signal reduction effect observed with increasing Fe2O3 NP 
concentration may be attributed to the disturbance of local 
magnetic field homogeneity caused by Fe2O3-core NPs.68 
This perturbation causes protons to lose energy owing to 
spin‒spin interactions in an aqueous medium, increasing 
the loss of coherence and consequently decreasing the 
T2 time.68

As anticipated, Fe2O3 NPs substantially impacted the 
MRI signal intensity and longitudinal relaxation time. 
However, the other metal oxide NPs also demonstrated 
potential for specific applications based on their signal-
altering properties in MRI.

Simultaneously, our algorithm for MRI analyses offers 
a transformative approach to MRI image interpretation. 
Traditional visual analysis by specialists often faces 
challenges with respect to subtle variations in the signal 
intensities associated with relaxation times. However, 
the implemented algorithm enables the automatic 
quantification of the longitudinal relaxation time, 
effectively overcoming these limitations. This tool segments 
different ROIs, analyzes signal intensity, and quantifies the 
longitudinal relaxation time for various NPs.

The reproducibility analysis of this method, validated 
against manual quantitative evaluations, revealed that the 
algorithm effectively assists specialists in identifying subtle 
variations in the signal intensity. This capability is particularly 
valuable when using different metal oxide NPs NPs as CAs. 
For example, Fe2O3 NPs exhibited substantial variations 
in the signal intensity and relaxation time, yielding high 
contrast, which aligned with the Fe magnetic properties. 
Moreover, the synthesized NPs altered the relaxation time 
in MRI, modifying the pixel signal intensity and displaying 
negative contrast influenced by the particle size.67

This algorithmic approach is particularly valuable 
in situations wherein changes in the signal intensity 

Figure  5. Comparison between different metal oxide nanoparticles for relaxation rate, T1, T2, and fluid-attenuated inversion recovery (FLAIR). 
(A) Relaxation rate R2 as a function of echo time, (B) concentration as a function of T1, (C) concentration as a function of T2, and (D) concentration as a 
function of FLAIR for different NPs
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Figure 6. Flowchart of the proposed method. Input: Original magnetic resonance imaging. Processing: application of the bias correction filler. Segmentation: 
segmentation of all region of interests (ROIs). Recognition: signal intensity of all ROIs. Output: Quantification of the signal intensity for T1 as a function 
of the metal oxide nanoparticle concentration
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are imperceptible to the naked eye. By automating the 
quantification process, this strategy enables a more precise 
and nuanced understanding of the impacts of different 
metal oxide NP concentrations on the signal intensity and 
relaxation time. The integration of our empirical data on 
the NP signal intensity, with the advancements facilitated 
by this algorithm, presents significant potential for MRI 
applications. This combined approach not only enhances 
the visual representation of anatomical structures and 
facilitates the detailed detection and characterization of 
diseases but also establishes a groundbreaking method for 
the quantitative assessment of signal intensity variations. 
Furthermore, this innovation represents a paradigm shift 
in imaging techniques, setting the stage for substantial 
advancements in the field of diagnostic medicine.

4.2. NPs as potential biomarkers

Studies on the effects of metal NPs on MRI signal 
intensities, particularly in the context of neurodegenerative 
processes, have garnered considerable attention. This is 
attributed to challenges encountered in identifying toxic 
metals that contribute to pathological changes in brains 
with neurodegenerative lesions. In addition, studies that 
have monitored cerebral lesions and analyzed metal 
elements involved in disease progression remain notably 
limited.

Existing studies indicate that metal elements can be 
detected in the brains of individuals with neurodegenerative 
lesions.69-73 This suggests that the timing of image acquisition 
is crucial for patients as early active or acute lesions can 
influence the signal intensity. For instance, Tham et al. 
(2021)69 displayed that early lesions contain substantially 
higher metal concentrations than acute lesions. If metal 
elements indeed impact the signal intensity in lesion 
regions, our study demonstrated that different metals 
can serve as biomarkers for monitoring brain lesions in 
patients with MS during disease progression.

Although the impact of NPs on the relaxation time 
may often be imperceptible in the visual analysis of the 
signal intensity due to subtle differences in contrast, the 
proposed automatic detection algorithm facilitates their 
use as biomarkers. Indeed, the reduction in the signal 
intensity with increasing NP concentration observed 
across the three image sequences (T1, T2, and FLAIR) in 
Figure 4 indicates that the largest differences occur at lower 
NP concentrations, where contrast changes are minimal. 
Hence, future research should focus on investigating NP 
signals at low concentrations and exploring the mechanism 
by which these metals relate to brain lesion progression in 
longitudinal studies.

4.3. Potential for clinical applications and diagnosis 
of neurodegenerative diseases

Our results offer new insights into the use of MRI for 
clinical applications, particularly for the detection and 
monitoring of brain lesions and neurodegenerative 
diseases. Notably, the contrast afforded by NPs, along with 
quantification achieved through our algorithm, enhances 
diagnostic capabilities. The ability to modulate contrast 
and signal intensities with different types of NPs can be 
beneficial across various medical diagnoses.

Despite these promising results, our study has some 
limitations. The nanometer scale of materials is highly 
sensitive, and the handling of nanomaterials requires 
meticulous attention, which complicates operations in 
low concentration ranges. Future research focusing on low 
concentration ranges may yield better correlations with 
neurodegenerative disease levels. In addition, given that 
the observed signals do not differentiate between the types 
of metals, signal specificity remains a limitation.

5. Conclusions
This study demonstrates that various concentrations of 
metallic NPs considerably influence MRI signal intensity, 

Figure 7. Validation. (A) Bland‒Altman and (B) scatter plots comparing the T1 values obtained from the automatic and manual quantification methods
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impacting longitudinal relaxation time. In addition, 
we present an algorithm to analyze signal intensity and 
automatically determine relaxation times in MRI using 
metal oxide NPs. This innovative quantification holds 
considerable potential for enhancing treatment monitoring 
and routine clinical assessments in MRI analyses, 
particularly through the use of metallic oxide NPs as CAs. 
In contrast to the existing literature that predominantly 
focuses on a single type of NP, such as Fe2O3 NPs, our 
research encompasses a broader spectrum of metallic NPs, 
including Co3O4, CuO, Fe2O3, NiO, and ZnO NPs. This 
comprehensive exploration offers deeper insights into the 
versatile roles of different metallic NPs as CAs in MRI. Our 
study represents a substantial interdisciplinary achievement, 
integrating aspects of chemistry, physics, materials science, 
and medicine. It lays the groundwork for future innovations 
in MRI technology, particularly in tailoring CAs to meet the 
diverse requirements of clinical applications.
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