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1. Introduction 

TDP-43 or TAR DNA-binding protein is a 414-residue protein encoded on the first 

chromosome by the TARDBP gene and synthesized in nearly all tissues including the central 

nervous system [1]. Its molecular mass is 43 kDa. Its physiological function is still uncertain, 

although it has been revealed that TDP-43 binds both DNA and RNA, plays several roles in the 

regulation of gene expression (mRNA transportation, mRNA translation regulation, exon splicing 

of several genes, and micro-RNA processing) [2,3], acts as a transcriptional repressor of HIV-1 

gene expression [4], and serves as a transcription factor [5]. It has one N-terminal domain, a nuclear 

localization signal (NLS), two RNA-recognition motifs (RRM1 and RRM2) containing a nuclear 

export signal (NES), and a glycine-rich domain [1] (see Fig. 1). NES and NLS are regulators of 

TDP-43 migration between the nucleus and the cytoplasm [6]. The RRM1 and RRM2 bind nucleic 

acids of DNA and RNA [6]. It is predominantly localized in the nucleus in healthy cells but found 

to form aggregates in the cytoplasm in diseased cells [1]. TDP-43 was discovered to be the major 

disease protein in some neurodegenerative diseases such as amyotrophic lateral sclerosis (ALS) and 

frontotemporal lobar degeneration (FTLD) [7]. It was found in the ubiquitinated inclusion bodies 

recovered from the affected regions of the central nervous systems (including hippocampus, 

neocortex, and spinal cord) of people suffering from ALS and FTLD [7]. Those inclusion bodies 

consist of TDP-43 and the C-terminal fragments (CTF) of the protein ~25 kDa [8,9]. Previously, 

studies of its aggregation concentrated on the glycine-rich region as most of the ALS-associated 

mutations are located in this region [10]. Nevertheless, studies suggest that C-terminal part of the 

second RNA-recognition motif or RRM2 is necessary for aggregation [11]. The generation of the 

inclusion bodies may be a result of proteolytic cleavage that happens in RRM2, among other 

cleavage sites [12]. Studies have demonstrated that CTFs form insoluble toxic inclusions in the 

cytoplasm [8] in cell lines [11,13]. The formation of pathogenic CTFs is likely caused by 

proteolytic cleavage at the sites of Arg-208 or Asp-219 (both located in TDP-43 RRM2 domain, see 

Fig. 1), which may uncover a surface in RRM2 required for aggregation [11,14]. The cleaved 

RRM2 is shown to be the key factor in forming the inclusion bodies in vivo and in vitro since it 

dramatically increased the ratio of inclusion bodies by three times comparing with intact RRM2 

[10]. 

 

Figure 1. Schematic representation of TDP-43 domain structure. The TPD-43 contains N-

terminal domain (ND) [6], two RNA-binding domains (RRM1 and RRM2) containing the nuclear 

export signal (E) and nuclear localization signal (L), and C-terminal glycine-rich domain. 
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RRM2 is a 65-residue globular domain with known structure (PDB ID 1WF0, 3D2W, 

4BS2). The crystal structure of RRM2 shows that it has a fold composed of two α-helices packed 

against a five-stranded β-sheet (see Fig. 2) [15]. The proteolytic process of RRM2, when possible, 

causes the loss of the nuclear localization signal, which is encoded in the N-terminal of TDP-43, 

and the exposure of the Nuclear Export Sequence (NES) encoded in the RRM2 in native state [16]. 

As a result, NES are allowed to be recognized by cellular export machinery causing the export of 

CTFs containing RRM2 fragments from the nucleus to the cytoplasm [16], where they may become 

a seed for forming the inclusion bodies as RRM2 contains aggregation-prone peptides that become 

exposed after cleavage [16]. However, RRM2, as for globular proteins in general, is relatively 

resistant to cleavage. Studies showed that the stability of de novo cleaved CTFs is dependent on 

RRM2 [16]. RRM2 must undergo a structural change in order for the protease to gain access to the 

protected cleavage positions. Furthermore, in order for the NES to be exposed and get recognized 

by the exportin, RRM2 must at least partially unfold [16]. Abnormal conditions, such as oxidative 

stress may be the trigger for such processes [17]. As the oxidative stress occurs, the cysteine 

contained in the amino acid chain oxidizes, if accessible to the oxidative agent, and forms a 

disulfide bond with another cysteine. This leads to the formation of intermolecular disulfide 

bridges, consequently, destabilizing the structure of the protein by evolutionary not optimized 

interactions and causing the protein denaturation. This leads to the exposure of the cleaving sites 

and launching the process described above ending with the formation of the aggregates in the 

cytoplasm. 

 

Figure 2. Structure of mutant RRM2 (1WF0) in cartoon representation. β-sheets, α-helices 

and disordered regions are colored in yellow, purple and cyan, respectively. 
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The TDP-43 RRM2 domain was chosen to be studied since it covers the sequence features 

playing key role in fatal diseases mentioned above. Oxidation of RRM2 affects the two cysteines 

Cys-198 and Cys-244; as they form a disulfide bond with another RRM2 monomer unit. The 

disulfide bond, hence, connects two RRM2s by disulfide bridge. Oxidized RRM2 is able to form 

one or two of these bonds depending on how many cysteines are oxidized. Consequently, RRM2 

can form dimers or high-order oligomers. In this thesis, the aggregation of RRM2 status will be 

studied by diffusion measurement and the hypothesis of structure destabilization due to oxidative 

stress will be tested using the temperature denaturation of RRM2 domain. 

The aggregation status was studied using a pulsed-field-gradient NMR experiment on a 

control sample, an oxidized one, and a reduced one. The oxidative stress was simulated using 

hydrogen peroxide treatment. Each diffusion measurement was done using pulsed field gradient 

stimulated echo (PFGSTE) NMR experiment. Data was processed using 2D NMR spectra fitter, 

which is a Matlab toolbox especially created for this work and put available on Mathworks website 

[25]. Diffusion coefficients allowed calculating the molecular mass of diffusing particle and its 

hydrodynamics properties. 

The structural stability of the protein was studied using NMR autocorrelation analysis 

approach [18]. This method is used to study the protein’s foldedness in solution [19]. To perform 

the autocorrelation analysis the 1D 
1
H NMR spectrum is required. This analysis utilizes the 

dispersion of chemical shifts to quantify secondary and tertiary structure of protein [18]. For this 

reason, 1D 
1
H NMR spectra of a control sample and an oxidized sample were recorded at 

temperature values increased from ambient room conditions to about boiling point of solution. The 

autocorrelation functions were calculated, and analyzed for normal conditions and for oxidative 

stress. 

The great effort was done by many research groups to understand the molecular mechanism 

and the reasons of aggregate formation in neurons of ALS and FTLD patients. Studies using 

transgenic mice and cell cultures expressing the wild-type TDP-43 or an ALS-associated mutation 

showed that the loss of TDP-43 function is associated with neurodegeneration [20,21]. Cohen et al. 

showed that oxidative stress dramatically regulates TDP-43 solubility and nuclear function through 

oxidation of cysteine and generation of disulfide bridges [17]. To do that they treated Cos7 cells 

with hydrogen peroxide for one hour at 37°C in complete media and studied them by 

immunofluorescence microscopy. This loss of function due to oxidative stress leads to the 

overexpression of TDP-43 as it auto-regulates its own expression on the transcription level via a 

negative feedback loop as was shown by Ayala et al.[22]. In their research, Ayala et al. showed that 

TDP-43 downregulates its own transcription levels; they generated a human kidney cell line 
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HEK293 to express TDP-43 using TDP-43 cDNA and induction via tetracycline promoter. The 

induced expression resulted in a decrease in endogenous protein expression levels [22]. Winton et 

al. showed that overexpression of TDP-43 in the nucleus or the cytoplasm in cell cultures leads to 

the formation of insoluble aggregates in the cytoplasm and nucleus, respectively [21].  

Oxidative stress leads to the oxidation of cysteines and the formation of disulfide bonds. 

That is why TDP-43 cysteine residues are crucial for disulfide bond formation and aggregation. 

Cohen et al. proved that by showing that a TDP-43 mutation replacing the 4 cysteines it encodes 

formed no disulfide bonds and no aggregates after treating with hydrogen peroxide, whereas the 

wild type and a mutant TDP-43 with only 2 cysteines replaced (Cys-173 and Cys-175) formed those 

bonds and aggregates after peroxide treatment [17]. They also showed using mass spectrometry that 

TDP-43 forms disulfide bridges between Cys-173 and Cys-175 (both encoded in RRM1) in 

response to oxidative stress. The remaining cysteines (Cys-198 and Cys-244) are located in the 

RRM2 domain. The formation of disulfide bonds causes conformational changes to TDP-43, 

consequently, allowing more accessibility to proteases and cause functional inactivation [17]. 

Treating the oxidized TDP-43 with dithiothreitol (DTT, reducing agent) in all samples (wild-type, 

mutant Cys-173/175-Ser, and mutant Cys-173/175/198/244-Ser) showed no formation of cross-

linked oligomers [17]. 

The size of those insoluble aggregates has been studied by Cohen et al.. They showed that 

affected neurons of FTLD patients contained accumulations of cross-linked TDP-43 with molecular 

mass ~90-300 kDa [17]. However, this study was done using immunoblotting, which is an 

analytical technique that involves proteins denaturation with sodium dodecyl sulfate (SDS). This 

technique excludes non-covalent interactions giving a non-complete picture about the size of 

aggregates. NMR diffusion measurement, on the other hand, helps to assess the mobility of the 

diffusing particle as a whole without unfolding the proteins. This method could give a more realistic 

result of the aggregates size. Choy et al. used the small-angle X-ray scattering along with diffusion 

measurement with PFG-NMR to study the distribution of molecular size within an unfolded 

ensemble state of the isolated N-terminal SH3 domain of the Drosophilia signal transduction protein 

drk (drkN SH3) [23]. Diffusion measurement has never been used, however, to study the 

aggregation status of RRM2. 

Another important aspect of studying RRM2 is to assess its structural stability. There are 

many techniques of structural stability quantification methods such as H/D exchange, differential 

scanning calorimetry, and autocorrelation analysis. Hoffman et al. have used the autocorrelation 

analysis to assess the structural stability of α-lactalbumin, lysozyme, MutS, creatine kinase, 
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ubiquitin, bovine pancreatic trypsin inhibitor, myoglobin, v-Myc, and bovine serum albumin [19]. 

The TDP-43 and its RRM2 domain were never studied using autocorrelation analysis. 

 

Goals and objectives 

The goal of this work is to study the aggregation status and structural stability of the second 

RNA recognition motif RRM2 of TDP-43 protein under oxidative stress. In order to unveil 

aggregation status of RRM2 the diffusion measurements based on analysis of 
1
H,

15
N HSQC spectra 

of the protein are used. The structural stability of RRM2 is studied using the autocorrelation 

analysis of its proton NMR spectra at different temperatures. The following subset of problems and 

tasks is formulated: 

1. Protein expression. The protein synthesis using the standard protocol of protein expression 

in M9 medium with the use of E-coli Rosetta DE3 strain and pET-15 vector containing the 

genetic code of RRM2. Cell lysis was using the cryomill. The protein purification using ion-

exchange and gel-filtration chromatography. 

2. NMR diffusometry. A series of 
1
H 

15
N HSQC spectra recording for each sample with each 

spectrum in these series recorded under different value of magnetic gradient. Approximation 

of the spectra and analyzing the obtained diffusional decay for each sample. Calculation of 

the diffusion coefficient, molecular mass and the hydrodynamic radii of the diffusing 

particles. Estimation of aggregation status by means of comparative analysis of 

abovementioned parameters for oxidized and control samples. 

3. 2D NMR spectra fitter. Development of Matlab toolbox for 2D NMR spectra 

approximation. 

4. Autocorrelation analysis. Recording of a series of 
1
H NMR spectra with water signal 

suppression for the control and the oxidized samples at different temperatures. The 

application of autocorrelation analysis to the recorded spectra in order to assess RRM2 

foldedness. 

  



 8 

2. Theoretical background 

 

2.1. NMR diffusometry of proteins  

The diffusion coefficient of a protein provides a general idea about its mobility. For 

diffusion measurements PFGSTE NMR experiments were performed on a solution containing 

RRM2 under different conditions. 

When a non-homogenous external magnetic field is applied to a sample (with a gradient 

along the z-axis), the nuclei radiate signals with different frequencies due to the difference in the 

experienced magnetic fields. This means that macroscopic magnetization in different positions has 

different phases. As the molecules of the substance diffuse throughout the sample, they move along 

z-axis and hence experience different values of external magnetic field. This results in dephasing of 

net magnetization, which is observed as decay of the signal. The decay rate can be linked back to 

diffusion and used to calculate the diffusion coefficient [24]. 

 A magnetic gradient is artificially applied to the sample in order to introduce spatial 

distribution of magnetic field value. The spectra are recorded with different magnetic field 

gradients. This is done in order to get the link between gradients and the signal amplitude (also 

known as the diffusional decay). The 
15

N-filtered signal is then fitted with modified Stejskal-Tanner 

formula [23,25] to get the diffusion coefficient. 

𝑰 =  𝑰𝟎 𝒆𝒙𝒑 (−𝑫 (∆ −
𝜹

𝟑
−

𝟑𝜷

𝟒
+

𝜷′

𝟒
) (𝜸𝑮𝜹)𝟐)                                        ( 1 ) 

This is the fitting formula for the case of 2D 
1
H 

15
N HSQC spectra. Where 𝛾 is the gyromagnetic 

ratio, 𝐺 is the magnitude of the magnetic gradient pulse, 𝛿 is the duration of the gradient, ∆ is the 

diffusion time, 𝛽 is the delay between the anti-phase coding gradient pulses, 𝛽′ is the delay between 

the anti-phase decoding gradient impulses, D is the diffusion coefficient. 

 Using the diffusion coefficient we can then calculate the hydrodynamic radius of the 

diffusing particle using Stokes-Einstein’s equation. 

𝑹 = 𝒌𝑻/𝟔𝝅𝜼𝑫                                                              ( 2 ) 

Where 𝑘 is Boltzmann’s constant, 𝑇 is the temperature, and 𝜂 is the constant of dynamic viscosity. 

Using the diffusion coefficient we can also calculate the molecular mass of the diffusing particle 

[26]. 
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𝑴 = (
𝑲𝑻

𝟔𝝅𝜼𝑭𝑫
)

𝟑 𝟒𝝅𝑵𝒂

𝟑(𝝂𝟐+𝜹𝟏𝝂𝟏)
                                                      ( 3 ) 

Where 𝐹 is Perrin’s coefficient for aspherical molecules, 𝜈1 is the partial molecular volume of 

water, 𝜈2 is the partial molecular volume of the protein, 𝛿1 is the amount of water hydration of the 

protein (gram of water per gram of protein). 

The best way to experimentally measure the diffusion coefficient of the protein is to use 

PFGSTE with 
15

N filtration [23] pulse sequence, which is showed in Fig. 3. In this sequence, 

gradient pulses of magnetic field are used. This pulse sequence affects the nuclear spins system in a 

way that a spin echo is produced. The amplitude of this spin echo is modulated by the diffusion 

coefficient value. This pulse sequence was chosen for two reasons. First, in order to have 
15

N 

filtration of uniformly 
15

N-labeled protein molecules. Second, because the magnetization of protons 

stays aligned with the external magnetic field (along the z-axis) for the most of the time, which 

makes the stimulated echo more favorable than the spin echo, which suffers of fast spin-spin 

relaxation for high-molecular weight compounds. 

 

Figure 3. 
1
H,

15
N correlation experiment for the measurement of translational diffusion 

constants in a mixture of isotopically 
15

N-enriched RRM2. The narrow (wide) bars represent 90˚  

(180˚ ) pulses with phase x, unless indicated otherwise. The parameters of pulses, delays and 

gradients could be found in ref. [23]. 

The first pair of the anti-phase gradient pulses in this sequence encode the current location 

of the magnetic moment by its Larmor frequency, whereas the second pair of the anti-phase 

gradient pulses decode the new location of the molecules, to which it diffuses during the diffusion 

time ∆. 

We obtained the diffusion coefficients by fitting of decay of the echo amplitude with the 

increase of the gradient strength to the modified Stejskal-Tanner formula. This approach is good as 
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the duration of the pulse sequence does not change during the experiment. As a result, the relaxation 

and diffusional contributions in the signal decay are well-divided. It is worth noticing that we could 

have got the diffusional decay by gradually increasing the diffusion time or the duration of the 

magnetic gradient. However, implementing such methods will lead to a different relaxation 

contribution in each step of the experiment, which would make the experimental data more difficult 

to analyze. 

2.2. Temperature denaturation of proteins 

The central dogma of molecular biology states that the sequential information (triplets of 

nucleobases Adenine, Thiamine, Cytosine, and Guanine) that is encoded in the deoxyribonucleic 

acid (DNA) gets transcribed via DNA-polymerase to the sequential information (triplets of azote 

bases Adenine, Uracil, Cytosine, and Guanine) encoded in the ribonucleic acid (RNA), which in its 

turn gets translated into a sequence of amino acid residues. Ribosomes are responsible for bonding 

the amino acids together by peptide bonds. After being synthesized, proteins undergo folding and 

post-translational modifications, which define the proteins’ properties such as fold, stability, 

activity, and consequently the proteins’ functions. The proteins are polymers of amino acids, which 

contain protons in the carbon backbone and the side chains (see Fig. 4). 

 

Figure 4. The chemical structure of proteins. 

 The protons have a specific frequency of nuclear magnetic resonance (the frequency of the 

electromagnetic wave at which the protons absorb the electromagnetic energy from an external 

source). This frequency is called Larmor frequency 𝜔 =  −𝛾𝐵0, where 𝐵0 is the magnitude of the 

applied magnetic field, 𝛾 is the gyromagnetic ratio of nuclei. As we see from this formula, the 

frequency depends on the external magnetic field. The distribution of electrons around the nucleus 

create a micro magnetic field that opposes the external magnetic field. This leads to the reduction of 

the experienced field at the nucleus, which decreases the Larmor frequency. This phenomenon is 

known as the magnetic deshielding and it causes the resonance frequency to be sensitive to the 
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electron density around the protons. The chemical environment affects the frequency and shifts it 

downwards. The changes are relatively small in comparison to Larmor frequency and therefore 

spectra axes are usually referenced in terms of chemical shifts (ppm) with respect to Larmor 

frequency. 

When a protein is in its native state (folded), its atoms have different chemical environments 

(different electron density in vicinity) as some protons may be on the surface of the globule exposed 

to the solvent and others may be buried deep inside the protein globule with an aromatic rings in 

vicinity; therefore different protons have different resonance frequencies, and that is why its 

spectrum is distributed over a wide interval of chemical shifts (Fig. 5A), whereas when a protein 

loses its native state (unfolds), its atoms have relatively similar chemical shifts due to the averaging 

of its different conformations by thermal movement; therefore its protons have relatively close 

values of resonance frequencies, which causes to a less dispersion of its chemical shifts (Fig. 5B). 

 

Figure 5. 
1
H spectra of RRM2 at different temperatures: (A) 

1
H spectrum with high 

dispersion of chemical shifts of folded RRM2 at 25°C; (B) 
1
H spectrum of unfolded RRM2 show 

low dispersion of chemical shifts at 95°C. 

Protein denaturation is a process in which it loses its native state (including secondary, 

tertiary, and quaternary structure) due to the application of non-native conditions (a strong acid or 

B 

A 
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base, radiation or heat). In this work, we studied the impact of rising the temperature on the 

protein’s folding, in order to understand which consequences the oxidative stress bring to the 

structural stability of RRM2 monomers. With the increase of the protein solution temperature, the 

protein starts to unfold (Fig. 6) what, as mentioned above, results in a decrease in the dispersion of 

its chemical shifts and, consequently, its spectrum gets narrower (compare panels A and B of Fig. 

5). This effect can be used to study the effect of the temperature increase on the proteins structure. 

One good way to do this is to use the autocorrelation analysis. 

     

Figure 6. Protein denaturation: (A) a protein in its native state having a big dispersion of 

chemical shifts due to diversity of chemical environment of protons; (B) the unfolded state of the 

protein having a number of conformations and a bad dispersion of chemical shifts due to averaging 

of the different unfolded states.  

As a result of denaturation, the proteins characteristics change in S-shape manner (see 

Fig. 7). The position of the transition indicates the stability of the protein, whereas the width 

indicates the cooperativeness of this transition [27]. These properties were used to test the structural 

stability of RRM2. 



 13 

 

Figure 7. An example of S-shaped transition during temperature denaturation. The red line 

shows the denaturation process of a protein that is less stable than the protein that represents the 

blue line. 

The autocorrelation function of a spectrum shows the correlation between this spectrum and 

a shifted copy of itself as a function of the lag between them. It is usually used to find the repeating 

patterns in a signal, but for this study it will be used to extract the information about the temperature 

denaturation of the protein out of its spectra at different temperatures. Our approach to study RRM2 

folding is based on the autocorrelation analysis of its 
1
H spectra. We will use 1D 

1
H protein 

spectrum 𝑆(𝜔) to calculate the autocorrelation function 𝐶(𝜔). 𝐶(𝜔) is related to the resonance 

frequencies distribution function and provides an effective means of observing a protein’s structural 

stability in its solution [19]. This approach can also be used to evaluate a protein’s folding status 

[18,19]. The autocorrelation function is calculated using the following formula: 

𝐶(𝜔) =  ∫ 𝑆(𝜔′)𝑆(𝜔 + 𝜔′)𝑑𝜔′
∞

0
     ( 4 ) 
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Figure 8. The autocorrelation function of broad peak decays more steeply than one for 

narrow peak. (A) A broad peak - Gaussian with standard deviation 14 ppm and position of 50 ppm; 

(B) a narrow peak - Gaussian with standard deviation 3.5 ppm and position of 50 ppm; (C) and (D) 

the autocorrelation functions of broad and narrow peaks, respectively. 

As we can see from comparison of autocorrelation functions (Fig. 8C,D), for broad and 

narrow spectra (Fig. 8A,B), in case of a narrow spectrum the autocorrelation function drops faster 

than for broad spectrum. For this reason, in case of a denatured protein (poor diversity of chemical 

environment and narrow spectra) we expect to see steeper decay than that of a protein in its native 

state. For better comparison of autocorrelation functions of folded and unfolded proteins it is better 

to compare the integral of this function for some chosen range of lags ω′ that would eliminate the 

noise factor and the contribution of multiplying each peak by a slightly shifted version of itself. 
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3. Materials and methods 

RRM2 expression and purification. The plasmid encoding RRM2 in expression vector 

pET-15 was purchased from Genescript. The protein was overexpressed in Rosetta DE3 E. Coli 

strain grown in 
15

N minimal medium M9 until optical density reached ca. 0.8, followed by 

induction with 0.1 mM isopropyl-β-D-thiogalactopyranoside (IPTG) over night at 37° C. Cells were 

then harvested and resuspended in lysis buffer (50 mM Tris-HCl pH 7.5, 2 mM EDTA, 1 mM DTT, 

1 mM benzamidine, 0.1 mM PMSF). Cell disruption was done using a cryomill. Ultrasonication 

was applied to break chromosomal DNA. After centrifugation at 13000 g, RRM2 was only present 

in the supernatant, which was separated from the pellet. Purification was done using an ion-

exchange and gel-filtration chromatography. Protein purity was > 97% as determined by SDS-

PAGE electrophoresis. The concentration of RRM2 solution was 1 mM in all experiments. 

Oxidation procedure. Oxidative stress was simulated by hydrogen peroxide (H2O2) 

treatment. For diffusion experiments the treatment was carried out for 24 hours at 25° C without 

removing H2O2 from solution. For temperature denaturation studies the treatment was carried out 

for 5 hours and 2 hours in two separate experiments at 25° C. The H2O2 was removed by buffer 

exchange using Amicon Ultra-15 Centrifugal Filter Ultracel-3k prior to denaturation. 

PFGSTE NMR diffusion measurements. 1D and 2D 
1
H,

15
N HSQC spectra of RRM2 were 

recorded at 25°C on a Bruker 500 MHz spectrometer. Z-gradients were applied. The stimulated 

echo pulse sequence with 
15

N-filtration (see Fig. 3) was used to measure the diffusion coefficient of 

RRM2. The diffusion coefficient was calculated using a series of 10 spectra, in which the 

magnitude of gradients was changed from 10 to 50 G/cm with 4.4 G/cm step. Gradient values were 

shuffled in order to remove stochastic errors during experiment, since it takes 9 h to record full set 

of 2D planes. Selective rectangular pulses had duration of 1.5 ms (rectangular shape, see Fig. 3) to 

selectively rotate the solvent water magnetization. 
1
H and 

15
N carrier frequencies were centered at 

the water resonance (4.7 ppm) and in the middle of the amide spectrum (117 ppm), respectively. 16 

scans were averaged with a recycle delay of 1 second, so that a single 2D dataset was recorded in 

about an hour.  The duration of the gradient 𝛿 = 2 𝑚𝑠, the diffusion time ∆ = 350 𝑚𝑠 , the delay 

between the anti-phase coding gradient pulses 𝛽 = 1.36 𝑚𝑠, the delay between the anti-phase 

decoding gradient impulses 𝛽′ = 1.36 𝑚𝑠. 2D spectra consisted of 885 points along the 
1
H 

chemical shifts axis and 1797 points along the 
15

N chemical shifts axis with spectral width of 20 

ppm of 
1
H chemical shifts and 40 ppm of 

15
N chemical shifts. Before Fourier transformation, the 

FIDs were multiplied by an exponential window function introducing line-broadening of 3 Hz. Data 

analysis was done in Matlab using “2D NMR spectra fitter” toolbox. 
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The control sample consisted of 500 μL of 1 mM of RRM2 in 20 mM sodium phosphate 

buffer pH 6.7 with 150 mM NaCl. After the spectra of the control sample were recorded, it was 

treated with 5 mM of H2O2 for 24 hours. After that we recorded the spectra of the oxidized sample. 

Finally, after recording the spectra of the oxidized sample, it was reduced by 25 mM of DTT for 24 

hours and then the spectra of the reduced sample were recorded. 

Molecular weight calculation. The Perrin’s coefficient was assumed to be 1 for RRM2 

since it is nearly spherical, the partial specific volume of water is 𝜈1 = 1 × 10
−3

 m
3
/kg, the partial 

specific volume of the protein is 𝜈2 = 0.75 × 10
−3

 m
3
/kg, the hydration factor of 0.6 g/g was taken 

from ref. [28]. 

Temperature denaturation. All spectra in the temperature denaturation experiments were 

recorded using a Bruker 500 MHz spectrometer. Samples contained 500 μL of 1 mM RRM2 in 20 

mM sodium phosphate buffer pH 6.7 with 150 mM NaCl, 25 μL of DSS (4,4-dimethyl-4-

silapentane-1-sulfonic acid), which was used as NMR standard in these experiments, and 50 μL of 

D2O. Temperature was incremented from 298 K to 368 K with a step of 2.5 K. Water signal 

suppression was achieved using excitation sculpting. Number of spectral points 262144 and spectral 

width is 20 ppm. After change of temperature the sample was equilibrated for 15 minutes before 

recording the next spectrum. Each spectrum consists of 128 scans with time delay of 3 seconds 

between the scans. Each spectrum was processed as described in ref. [19]. 
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4. Results and discussion 

4.1. RRM2 purification 

The extracted supernatant of cell lysate contains the target RRM2 protein and bunch of 

bacterial proteins, DNA and other compounds. In order to purify RRM2 the ion-exchange and gel-

filtration chromatography was used. 

During the purification procedure, the UV absorption of the sample was measured. The UV 

absorption graphs show the peak that corresponds to RRM2 (appointed by red arrows in Fig. 13). 

For ion-exchange chromatography we can see this peak at 92 ml of elution volume, whereas for gel-

filtration chromatography RRM2 represents the peak at 87 ml of elution volume.  

  

Figure 13. Protein purification: (A) UV absorption of the cell lysis elution from the ion-

exchange column; (B) UV absorption during gel-filtration chromotography of the joined fractions 

(80-100 ml of ion-exchange chromatography elution).  

After protein purification, a UV absorption spectrum (see Fig. 14) was recorded using a 

nanospectrophotometer IMPLEN. 

 

A B 
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Figure 14. UV absorption spectrum of RRM2 solution resulted after purification. Proteins 

absorb UV at 280 nm wave length, which we can see in this figure represented by the peak 

appointed by the red arrow. The gigantic peak at < 250 nm is due to the UV absorption of the 

cuvette. 

Using Bouguer-Lambert-Beer law we calculated the concentration of the protein in the 

sample: 

𝐶 =  
𝐴280

𝜀𝑑
    (5)  

Where 𝐴280 is the measured absorbance at wavelength 280 nm. 휀 is the protein molar extinction 

coefficient 휀 = 1490 M
-1

cm
-1

 for RRM2; 𝑑 is the path length, which the UV travels through the 

sample 𝑑 = 10 𝑚𝑚. In all of the experiments a concentration of 1 mM of RRM2 was measured 

before further procedures. 

 

Figure 15. Electrophoresis (SDS-PAGE) results.  Lane 1 contains the molecular weight 

marker. Lane 2 represents RRM2 and shows a bold band at 10 kDa, which indicates the presence of 

RRM2 (8.7 kDa) in the 80-100 ml fractions of gel filtration chromatography. Analyzing the density 

  

 10 kDa 

20 kDa 

30 kDa 

70 kDa 

40 kDa 

50 kDa 

250 kDa 

15 kDa 

100 kDa 
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of lane 2 we found that the sample is 97% pure. The protein impurities have high molecular weight 

and therefore are NMR silent. 

4.2. 2D NMR spectra fitter 

The data obtained from the NMR spectrometer can be analysed using different software 

packages to get important molecular properties of the sample. Those packages, although available 

and not so hard to use, are written on non-popular programming languages. Matlab, on the other 

hand, is a popular numeric computing environment amongst young scientists, yet it does not have a 

comfortable means of spectra fitting and analysis. The need to use Matlab for 2D NMR spectra 

fitting was the motivation to create 2D NMR spectra fitter. 

“2D NMR spectra fitter” is a toolbox [29] that allows the researchers to fit 2D spectra and 

obtain their parameters. This toolbox was created especially for this work and was published on 

Matlab Central website [29]. It is the only toolbox available for 2D NMR spectra fitting on Matlab 

Central website. 

After the NMR signal is obtained, a Fourier transform gives us a spectrum that consists of 

peaks with Lorentzian and Gaussian lineshape. 1D NMR spectra can be used to obtain a lot of 

useful information about the atoms, but it suffers from peak overlapping when system studied is not 

trivial. 2D NMR spectra allow overcoming this discrepancy. Homonuclear and heteronuclear two-

dimensional NMR experiments are good examples of this approach. To create “2D NMR spectra 

fitter” we had to solve the following problems: 

1. Load the data from an NMR-spectrometer file to Matlab programming environment. 

2. Spectra clusterization. 

3. Data approximation and parameters extraction of each peak. 

Loading the data from an NMR-spectrometer file to Matlab programming 

environment. After recording the NMR spectra of the sample, the spectrometer interface organizes 

the recorded data in a file. To analyze those data in Matlab we first need to import them into this 

programming environment Matlab. For this reason, import scripts were created. The imported files 

consist of chemical shift axis, intensity values, and a peak list with the position vector of the peaks. 

We created a new Matlab function readNMRData, which imports the NMR spectra into Matlab and 

records them into array data structure for further using. 
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Figure 9. The structure of data in 2D NMR spectra fitter Matlab toolbox. 

[ x, y, I ] = readNMRData(‘file_ name’) 

 This function takes the name of the file (file_name) as an argument. It returns a vector (x) 

with the chemical shifts on the first dimension, a vector (y) with the chemical shifts on the second 

dimension, and a matrix I (or a vector in the case of 1D spectra) containing the intensity in each 

point. In the case of this work, the files contain the maximum and minimum values of chemical 

shifts and points count for each dimension of chemical shifts, and the matrix of intensities. The 

function calculates the digital resolution for each axis and builds the vectors of chemical shifts.  

Spectra clusterization. The approximation of each peak at a time in crowded spectrum 

gives bad results because of peak overlapping. On the other hand, approximating the whole spectra 

at once takes too much time even on powerful computers. The best solution for this problem is to 

divide the spectrum into clusters. For each peak, the toolbox looks for possible overlapping peaks in 

vicinity and those peaks are joined into one cluster and approximated together after that (see Fig. 8). 

The proximity criteria are, in fact, a distance along each axis of chemical shifts. Within this 

distance, the peaks are likely to overlap. Those criteria are determined by the user. 
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Figure 10. Contour plot of fragment of 
1
H,

15
N HSQC spectrum of RRM2. The toolbox finds 

possibly overlapped peaks and merges them in one cluster (red squares) for later approximation. 

The function findClusers takes for input the peaks list (peaklist) and the proximity 

criteria (dx,dy): 

Clusters = findClusters( peaklist, dx, dy ); 

The findClusers uses another function regionOverlap. This function takes the 

positions of two peaks (x1,y1,x2,y2) and check whether those peaks overlap or not based on the 

proximity criteria (dx,dy) then it returns T = 1 if the peaks overlap and T = 0 if they do not: 

T = regionOverlap( x1, y1, x2, y2, dx, dy ); 

After that, the toolbox builds a matrix that contains information about overlapped peaks in 

each cluster and returns a cell Clusters that contains each cluster’s center, dimensions, and peaks 

numbers that are included in the cluster. 

Approximation and parameters extraction of each peak. After importing the data into the 

working space in Matlab and creating the clusters list, the toolbox runs the approximation process. 

For this reason a new function was created (Approximation), which approximates each cluster at 

a time and extracts each peak’s parameters.  

[coefficientMatrix, Ifit] = 

Approximation(x,y,I,Clusters,peaklist,initialWidth); 
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As input, this function takes the vectors of chemical shifts (x,y), the matrix of intensities 

(I), clusters list (Clusters), peaks list (peaklist), and the initial guess for peaks’ width 

(initialWidth) for generating of approximation starting point, lower points, and upper points 

(see Table 1). This function also builds the approximation formula for each cluster depending on 

the number of peaks in that cluster, finds the value in each point, and returns a matrix containing the 

approximated spectrum (Ifit). The approximation formula, in general, consists of a sum of 2D 

Gaussians each of which looks the following way:  

𝐼 = 𝐼0exp (−
(𝑥−𝑥1)2

2𝜎𝑥
2 −

(𝑦−𝑦1)2

2𝜎𝑦
2 )                                                             ( 5 ) 

Where: 𝐼 is the intensity, 𝐼0 is the amplitude of the peak, 𝑥1 and 𝑦1 are peak’s position, 𝜎𝑥 is 

peak’s width on the first dimension, 𝜎𝑦 is peak’s width on the second dimension. The starting 

points, lower and upper boundaries were generated using the criteria described in Table 1. 

Table 1. The starting, lower and uppers boundaries used in approximation. 

 I x σx y σy 

Start points Max(I) in the 

cluster 

Imported 

form peaks 

list 

Defined by 

the user 

Imported 

form peaks 

list 

Defined by 

the user 

Lower 

boundaries 

0 Cluster’s left 

edge 

Digital 

resolution 

Cluster’s 

bottom edge 

Digital 

resolution 

Upper 

boundaries 

infinity Cluster’s 

right edge 

Cluster’s 

width 

Cluster’s top 

edge 

Cluster’s 

width 

 

The function (Approximation) also returns a cell array (coefficientMatrix) that 

contains each peak’s parameters and the calculation uncertainty. We used the Matlab function fit 

for approximation, which approximates using Nonlinear Least Squares method. 

Usage example. In this example, two 2D Gaussian peaks were generated (see Fig. 11A) in 

Matlab using the equation (5) with the given parameters (see Table 2). Then noise was added by 

generating a random signal using the function (rand). The signal to noise ratio was 10:1. Then 2D 

NMR spectra fitter was used to approximate the generated peaks with 2 Gaussians (see Fig. 11B). 
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Figure 11. An example of implementing 2D NMR spectra fitter: (A) the generated 2D 

spectrum that consists of two 2D Gaussians with the parameters given in Table 2; (B) the 

approximated spectrum with two Gaussians. 

Table 2. The given and the approximated parameters of 2 peaks with the calculation 

precision. 

 I
1
 x

1
 σ

x1
 y

1
 σ

y1
 

Given 12 38 5 40 5 

Approximated 12.02 37.99 4.98 40.03 4.99 

Accuracy 0.05 0.03 0.03 0.02 0.03 

 I
2
 x

2
 σ

x2
 y

2
 σ

y2
 

Given 10 25 5 35 5 

Approximated 10.01 25.02 5.02 34.99 4.99 

Accuracy 0.05 0.03 0.03 0.03 0.02 

 

Approximation of a real spectrum. To test 2D NMR spectra fitter on a real spectrum, a 

1
H,

15
N HSQC spectrum of RRM2 was fitted. The whole spectrum has a size of 623×543 points and 

consists of 69 peaks. The approximation process took 5 minutes to complete on a computer with 3.1 

GHz Intel core i7 processor and 8G of RAM. 

A 

B 
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Figure 12. Implementing 2D NMR spectra fitter: (A) the fragment of a 2D 
1
H,

15
N HSQC 

spectrum of RRM2; (B) the approximation result containing the approximated peaks with no noise.  

2D NMR Spectra Fitter was published on MATLAB CENTRAL website and is available for 

free [29]. 

  

A B 



 25 

4.3. NMR diffusometry on control, oxidized, and reduced samples 

4.3.1. 1D NMR spectra 

1D 
1
H NMR spectrum of a protein is almost impossible to interpret, even that of small 

proteins, due to severe peaks overlapping. Nevertheless, we can still divide the spectrum into 

regions (see Fig. 16) 

 

Figure 16. Regions of chemical shifts in RRM2 proton NMR spectrum with water 

suppression. 

We have used the stimulated echo pulse sequence with 
15

N filtration, the resulting spectra 

(see Fig. 17) would only consist of the amide region containing amide protons (H
N
) of the spectrum. 

 

Figure 17. One-dimensional 
1
H,

15
N HSQC spectrum of RRM2. 

In this experiment, a series of these spectra (Fig. 18A, 19A, 20A) were recorded for control, 

oxidized, and reduced samples. The greater the value of magnetic gradient, the greater the decay of 

intensity due to the dephasing effect of diffusion (see Fig. 18B, 19B, 20B). 

Aromatic 

Backbone H
N 

Aliphatic 
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The diffusional decay of the each sample was obtained by plotting the integral of the protein 

1D spectrum versus magnetic gradient G. 

 

Control Sample 

  

Figure 18. (A) The spectra series used to calculate the coefficient of diffusion of the control 

sample. (B) The diffusional decay of spectra integrals with the increase of the magnetic gradient 

value. 

 

 

Oxidized sample 

  

Figure 19. (A) The spectra series used to calculate the coefficient of diffusion of the 

oxidized sample. (B) The diffusional decay of spectra integrals with the increase of the magnetic 

gradient value. 

 

  

A B 

A B 
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Reduced sample 

  

Figure 20. (A) The spectra series used to calculate the coefficient of diffusion of the 

reduced sample. (B) The diffusional decay of spectra integrals with the increase of the magnetic 

gradient value. 

 

In panels A of Fig. 18, 19 and 20 we can see the whole series of spectra recorded for the 

control, the oxidized, and the reduced samples respectively. In these figures the bottom spectrum in 

each series was recorded with minimum value of the magnetic gradient (10 G/cm). The strength of 

the magnetic gradient increases from the bottom up. If we analyze these series of spectra, one can 

see that in each series, the intensity of the spectrum decays with the increase of the magnetic 

gradient. In comparison with the spectra of the control sample, which are rich with overlapped 

peaks (see Fig. 18A), the spectra  of the oxidized sample consist of only 3 peaks, while spectra of 

the reduced sample recovered their peaks, but not all of the intensity. These changes are explained 

as follows. 

As the oxidative agent (hydrogen peroxide) is added to the sample, the agent oxidizes the 

cysteines contained in RRM2 chain. As a result, two cysteines contained in two different RRM2 

monomer units form a disulfide bond (see Fig. 21).  

A B 
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Figure 21. Oxidation of cysteine by hydrogen peroxide and formation of disulfide bond. 

If only one cysteine is oxidized in the protein monomer, then it can form one disulfide 

bridge with another monomer. However, if two cysteines are oxidized, then RRM2 monomer can 

form 2 disulfide bonds with 2 monomers, each can also form disulfide bonds with other monomers 

leading to the formation of disulfide cross-linked oligomers. 

Those aggregates, in the end, consist of many monomers bound covalently by disulfide 

bonds and other monomers that are trapped inside of the aggregate and bound non-covalently. 

Those aggregates have different molecular mass, long relaxation time, different shapes and 

volumes, consist of different numbers of monomers, and hence are greatly non-uniform. For all 

these reasons, their signal is broadened and has little intensity, that’s why it does not show in the 

spectrum of the oxidized protein (see Fig. 22). However, the monomers that form the aggregates 

have some amino acid residues that have high mobility and form a flexible part at the end of the 

monomer. They produce a signal and diffuse with the aggregates, which makes it possible to use 

their signal to trace the diffusion coefficient of the aggregates. In Fig. 22 we can see only 3 peaks (2 

peaks from the flexible part of the aggregates and one peak from N-acetyl glycine NAG added to 

sample as reference compound). 

+ H2O2 + H2O 
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Figure 22. One dimensional 
1
H,

15
N HSQC spectrum of oxidized RRM2. The right intense 

peak is NAG signal, whereas the two small peaks to the left are signal from the flexible tails of the 

monomers contained in the aggregates. 

The NMR spectra of the oxidized sample consist of much less peaks than the control sample 

(see Fig. 22 and Fig. 17). The reason for this is mentioned above. 

As we add the reducing agent DTT, it breaks the disulfide bonds, leading to the reduction of 

the cysteines participating in the disulfide bonds that hold the RRM2 monomers together. The 

reduction of the oxidized cysteines leads to the breaking of disulfide bridges, consequently, 

breaking the aggregates and setting the monomers free. 

 

Figure 23. The reduction of disulfide bonds by DTT. 

Those monomers produce the NMR signal. That’s why the spectrum of reduced RRM2 

contains more peaks comparing to the oxidized RRM2 (see Fig. 24). 

NAG 

Flexible tails 
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Figure 24. One dimensional 
1
H,

15
N HSQC spectrum of reduced RRM2. 

However, DTT do not reduce all the monomers because some of the oxidized cysteines 

could be hidden inside the aggregate and are not accessible for DTT or they could be strongly 

tangled by non-covalent interactions. For these reasons we do not observe a full recovery of signal 

intensity. 

In Fig. 18 B, 19 B, and 20 B, we can see the diffusional decay of the spectrum integral of the 

control, oxidized, and reduced samples respectively with the increase of magnetic gradient strength.  

As we can see in the figures, the spectrum integral of control and reduced samples decays from 1 at 

G = 0 G/cm to around 0.09 at G = 50 G/cm, which is faster than the decay of the spectrum integral 

of the oxidized sample that drops from 1 at G = 0 G/cm to around 0.22 at G = 50 G/cm. This means 

that the oxidized protein has a lower diffusion coefficient. 

To obtain the diffusion coefficient of each sample we approximated their diffusional decays 

to modified Stejskal-Tanner formula (see eq. 1). 

The diffusion coefficient of folded monomers in the control sample is D = (1.31 ±

0.05)  × 10−10𝑚2/s. 

The diffusion coefficient of disordered aggregates in the oxidized sample is D = (0.68 ±

0.06) × 10−10𝑚2/s. 

The diffusion coefficient of folded monomers in the reduced sample is D = (1.38 ±

0.05) × 10−10𝑚2/s. 

Comparing the obtained coefficients, we can make conclusions on the aggregation status of 

RRM2. The diffusion coefficient of Bovine pancreatic trypsin inhibitor (BPTI) monomers, which 

have a molecular mass of 6.2 kDa, is equal to 1.29 ×  10−10𝑚2/s [30]. Comparing these values for 

RRM2 and BPTI one can say that monomers of those two proteins have relatively similar mobility, 
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which means that RRM2 in the control sample diffuses as monomers. The diffusion coefficients of 

the control and oxidized sample are roughly the same within two standard deviations (± 0.1 ∙

10−10 𝑚2/s). 

The aggregate species in oxidized sample, on the other hand, have the least diffusion 

coefficient among the studied samples and comparing to the diffusion coefficient of citrate synthase 

monomer, which has a diffusion coefficient of 0.58 × 10−10𝑚2/s and a molecular mass of 97.9 

kDa [30] which is about 11 times the mass of RRM2 monomer. This way, one can say that 

aggregates contain a number of RRM2 monomeric units. 

4.3.2. 2D NMR spectra 

1D 
1
H NMR protein spectra are almost impossible to interpret and only some general 

information about spectrum regions can be said due to peaks overlapping. 
15

N filtration leaves only 

the signal of amid protons. Nevertheless, the spectrum is still crowded and hard to interpret. 2D 

1
H,

15
N HSQC (heteronuclear single quantum correlation) spectra, on the other hand, are well 

resolved. These spectra have one axis for proton 
1
H chemical shifts and another nucleus (in our case 

15
N). 

1
H,

15
N HSQC spectra consist of one peak for each proton attached to 

15
N. To record a 

1
H,

15
N 

HSQC spectrum we need to transfer the magnetization on the proton to 
15

N using an “insensitive 

nuclei enhanced by polarization transfer” (INEPT) and then after a time delay 𝑡1 transfer it back to 

proton and record the signal. The chemical shifts on 
1
H are directly recorded, whereas the chemical 

shifts on 
15

N are recorded indirectly by incrementing the time delay 𝑡1. All amino acid residues 

have an amide proton attached to 
15

N except for proline, meaning that each of those amino acid 

residue would produce a peak in the 
1
H,

15
N HSQC spectrum. This way we can assign one peak to 

one residue. 
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Figure 25. Contour plot of 2D 
1
H,

15
N HSQC spectrum of RRM2 with assigned peaks. The 

peaks are well-resolved and less overlapped than 1D spectra peaks. This allows the assignment of 

separate peaks to amino acid residues. 

In this experiment, we recorded a series of 2D 
1
H,

15
N HSQC spectra for each sample, each 

spectrum under different value of magnetic gradient. The obtained spectra were used to calculate 

the diffusion coefficient of the protein as a whole or each amino acid residue separately. The 

obtained spectra were approximated using the Matlab toolbox “2D NMR spectra fitter”. 

Control Sample 

  

  

Figure 26. A) Contour plot of a fragment of the experimental signal. (B) Contour plot of 

a fragment of the approximated and clustered spectrum. (C) 3D graph of a fragment of the 

A 

B 

C 

D 
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experimental spectrum. (D) 3D graph of a fragment of the approximated spectrum. 

 

Oxidized sample 

  

  

Figure 27. A) Contour plot of a fragment of the experimental signal. (B) Contour plot of a 

fragment of the approximated and clustered spectrum.  (C) 3D graph of a fragment of the 

experimental spectrum. (D) 3D graph of a fragment of the approximated spectrum. 

 

Reduced sample 

  

 
 

Figure 28. A) Contour plot of a fragment of the experimental spectrum. (B)  Contour plot of 

a fragment of the approximated and clustered signal. (C) 3D graph of a fragment of the 

experimental spectrum. (D) 3D graph of the approximated spectrum. 

A 

B 

C 

D 

A 

B 

C 

D 
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In analogy with 1D NMR spectra, we can see in Fig 26, 27, and 28 that the control and the 

reduced samples have spectra that are rich with peaks, whereas the oxidized sample consists only of 

3 peaks. This difference was explained in the previous section. 

The toolbox calculates each peak’s parameters, which are then used to calculate the volume 

of each peak. Summing those volumes we can get the volume of the spectrum. The diffusional 

decay of each sample was obtained by plotting the decay of the spectra volume with the increase of 

magnetic gradient strength G. 

 

Figure 29. The diffusional decay of spectra volumes of the monomer peaks in spectrum 

of control sample with the increase of the magnetic gradient. 

 

 

Figure 30. The diffusional decay of spectra volumes of aggregate peaks in spectrum of the 

oxidized sample with the increase of the magnetic gradient. 
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Figure 31. The diffusional decay of spectra volumes of the monomer peaks in spectrum of 

reduced sample with the increase of the magnetic gradient. 

 

Comparing the diffusional decays for the three samples, we can see that the spectra volume 

of both the control and the reduced samples decay from 1 at G = 0 G/cm to around 0.09 (see Fig. 29 

and 31) at G = 50 G/cm. This decay is faster than the decay of the oxidized sample, which drops 

from 1 at G = 0 G/cm to around 0.38 (see Fig. 30) at G = 50 G/cm. This indicated that the diffusion 

coefficient of the particles in oxidized sample is smaller than the diffusion coefficients of monomers 

in control and the reduced samples. 

The diffusion coefficient of the each sample was obtained by approximating with diffusional 

decay with modified Stejskal-Tanner formula. 

The diffusion coefficient of folded monomers in the control sample is D = (1.36 ±

0.04)  × 10−10𝑚2/s  

The diffusion coefficient of disordered aggregates in the oxidized sample is D = (0.58 ±

0.07) × 10−10𝑚2/s 

The diffusion coefficient of folded monomers in the reduced sample is D = (1.39 ±

0.05) × 10−10𝑚2/s 

For the case of 2D NMR spectra we can make the same conclusion as was made in section 

(4.3.1), meaning that the control and the reduced samples consist of monomers, whereas the 

oxidized consists of aggregates The reduced sample have the same diffusion coefficient as the 

control sample within two standard deviations (0.1 ∙ 10−10 𝑚2/s). This is because when the 

hydrogen peroxide oxidizes the cysteines, disulfide bonds form and the protein destabilizes. When 
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we reduce oxidized RRM2 with DTT the released monomers fold to a different configuration that 

has a slightly different diffusion coefficient. 

Because of peaks overlapping in the case of 1D spectra we could not analyze isolated peaks, 

whereas in the case of 2D spectra, the peaks are well-resolved, which means that we can trace each 

peak separately and calculate the diffusion coefficient measured by the signal of each amino acid 

residue (see Fig. 32 for control and 33 for reduced samples). 

 

Figure 32. Diffusion coefficients measured by the signal of the amino acid residues of the 

control sample. 
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Figure 33. Diffusion coefficients measured by the signal of the amino acid residues of the 

reduced sample.  

As we can see from Fig. 32 and 33 the diffusion coefficients measured by the signal of 

amino acid residues of the reduced sample are more scattered than those of the control sample. The 

signals in reduced sample are weaker due to non-complete recovery of the monomer signal intensity 

after reduction. 

Conclusions. NMR diffusion measurement was used to obtain the diffusion coefficients of 

the protein in the control, oxidized, and reduced samples. The control and the reduced samples has 

the same diffusion coefficient within a range of two standard deviations. This was the case for both 

1D and 2D NMR spectra. This means that those two samples have the same aggregation status 

(comparing with the diffusion coefficient of BPTI, we concluded that they consist of monomers). 

The oxidized sample has a smaller diffusion coefficient in both cases and it was concluded that it 

consists of aggregates. Comparing the values obtained from processing 1D and 2D spectra, we can 

see that the 2D spectra give less uncertainty and more details and information. 

Table 3. The diffusion coefficients, the hydrodynamic radii, and the molecular weights of 

the diffusing particles in the control, oxidized, and reduced samples calculated from 1D and 2D 

NMR spectra. 

 Control sample 
 

Oxidized sample 
 

Reduced sample 
 

1D 2D 1D 2D 1D 2D 

Diffusion coefficient 

(10-10 m2/s 

 

1.31 ± 0.05 

 

1.36 ± 0.04 

 

0.68 ± 0.06 

 

0.58 ± 0.07 

 

1.38 ± 0.05 

 

1.39 ± 0.05 

Hydrodynamic 

radius (nm) 

 

1.8 ± 0.07 

 

1.74 ± 0.05 

 

3.48 ± 0.31 

 

4.08 ± 0.5 

 

1.71 ± 0.06 

 

1.7 ± 0.05 
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Molecular  weight 

(kDa) 

 

11 ± 1 

 

9.8 ± 0.9 

 

79  ± 21 

 

127 ± 45 

 

9.4 ± 1 

 

9.2 ± 1 

 

The hydrodynamic radii and the molecular masses were calculated using eq. 2 and 3, 

respectively. Now, if we compare the calculated hydrodynamic radii, we can see that the oxidized 

sample has the greatest radius. Using these radii we can estimate the aggregation status by 

calculating the ratio of the volumes of the diffusing particle of the samples (volume ∼ R
3
).  

For example, from 2D spectra we get  (
𝑅𝑜𝑥

𝑅𝑐𝑜𝑛
)

3

≈ 13  , (
𝑅𝑜𝑥

𝑅𝑟𝑒𝑑
)

3

≈ 14 this means that the 

aggregates in the oxidized sample consist of 13-14 monomers on average. From 1D spectra we get  

(
𝑅𝑜𝑥

𝑅𝑐𝑜𝑛
)

3

≈ 7, (
𝑅𝑜𝑥

𝑅𝑟𝑒𝑑
)

3

≈ 8 this means that the aggregates in the oxidized sample consist of 7-8 

monomers on average. This difference can be explained by the severe peak overlapping in the 1D 

case, whereas 2D spectra have well defined separated peaks. 

We can also use the calculated molecular mass to estimate the aggregation status by dividing 

the calculated mass by the molecular mass of a monomer. From 2D spectra we get that the 

aggregates consist of 15 monomers. From 1D spectra we get 9 monomers in the aggregates. While 

the control and reduced samples consist of monomers. The most reliable way to estimate the 

aggregation status is to use the 2D spectra, because they consist of well resolved peaks and have 

less uncertainty than 1D spectra. This way we can conclude that RRM2 forms aggregate of more 

than 10 monomers on average in the conditions of oxidative stress. 

4.4. Temperature denaturation of RRM2 in control and oxidized samples 

To assess the structural stability and RRM2 fold we used the autocorrelation analysis. For 

this reason, we recorded 
1
H spectra with water signal suppression for the control (Fig. 34) and the 

oxidized samples (Fig. 35). We used two durations of oxidation treatment (2 h and 5 h) to quantify 

the effect of time-exposure of protein to H2O2. 
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Figure 34. Stacked proton spectra of control RRM2 at different temperatures. 

 

Figure 35. Stacked proton spectra of oxidized RRM2 at different temperatures. 

With the increase of the temperature, the chemical environments of RRM2 protons become 

more and more similar to each other, which leads to the decrease in the dispersion of chemical 

shifts, this leads to a narrower spectrum as the temperature rises. In order to obtain the needed 

information of the spectra narrowing and quantitatively asses the proteins fold, the autocorrelation 

functions (eq. 4) of the spectra were calculated (see Fig. 36 for control and 37 for oxidized 

samples).  
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Figure 36. The autocorrelation functions calculated for the amide region of spectra of 

control sample at different temperatures. 

 

Figure 37. The autocorrelation functions calculated for the amide region of spectra of 

sample at different temperatures. Treatment by H2O2 was carried out for 5 hours and was followed 

by buffer exchange in order to remove oxidant before temperature denaturation. 

The autocorrelation functions were calculated for the amide region of the protein spectra. 

This region was chosen because the secondary structure of the protein, which is located in the 

amide region, dramatically changes its dispersion of chemical shifts due to temperature 

denaturation, whereas the aliphatic region does not undergo this dramatic change. Oxidized RRM2 

spectra have less intensity because part of the monomers in the oxidized sample forms the 

aggregates. These aggregates give broad peaks with small intensity. For this reason the spectrum of 
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the oxidized sample is less intensive and more flat than the spectrum of the control sample (see Fig. 

38). 

 

Figure 38. Proton spectra of the amide region of the control sample (black), an oxidized 

sample that was oxidized for 2 hours (blue), and an oxidized sample that was oxidized for 5 hours 

(red). 

To obtain the information about RRM2 foldedness from the autocorrelation functions we 

calculated the integrals of these functions, because it is more precise measure than single point 

value used in original protocol described in [19]. For integral calculations, we chose an interval 

from 1.5 to 2 ppm. Intervals from 0 to 0.5 were not considered as they hold information about 

peaks’ width rather that the wide of the amide region. Intervals from 3 to 5 ppm were not 

considered as they hold information about the noise. The interval 1.5 to 2 ppm of shifts between the 

spectra was chosen because for this interval of shifts both left and right edges of the amide region 

are similarly assessed by multiplication by the same peaks 8-8.5 ppm (see Fig. 39) so this interval 

provides a fair and balanced assessment of the narrowing effect on the edges of the amide regions. 

When we shift a copy of the spectrum by 1.5 ppm and multiply them, we have the right edge of the 

spectrum (which consists of small peaks) multiplied by the region 8-8.5 ppm of the spectrum 

(which has intensive peaks). Same for the left edge of the amide region, we have it multiplied by the 

region 8-8.5 ppm of the spectrum (see Fig. 39) 
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Figure 39. The chosen interval of shifts between spectra for integration is sensitive to the 

narrowing at the edges of the amide region. 

The calculated integrals were plot versus the temperature (see Fig. 40). In this figure we can 

clearly see the s-shaped transition that characterizes the denaturation process. 

 

Figure 40. Integrals of the autocorrelation function of the amide region of the control and 

oxidized samples. 

The transition seen in Fig. 40 indicates that the control sample is more stable than the 

oxidized protein. The oxidized protein reaches half of the height at 62.5 °C, whereas the control 

sample reaches the same height at around 70°C. 

Conclusions. To study the structural stability of RRM2 we recorded its 
1
H NMR spectra at 

different temperature for oxidized and control sample. The amide regions of the obtained spectra 



 43 

were used to calculate the autocorrelation function and, finally integral of those autocorrelation 

functions were calculated for intervals of 1.5-2 ppm of shifts. 

The calculated integrals showed S-shape transitions from the native state to the denatured 

state with the increase of the temperature. However, the transition of the oxidized sample occurs at 

a lower temperature than the transition of the control sample. This observation can tell us that 

monomers in the oxidized sample are less stable. This may be happening due to the formation of 

disulfide cross-linked oligomers, which become seeds for thiol-disulfide exchange process (see Fig. 

41). 

 

Figure 41. Thiol-disulfide exchange. In this process the disulfide bond jumps from one pair 

of monomers to another pair. 

In this process one folded monomers replaces another unfolded monomer contained in the 

disulfide cross-linked oligomers. The newly attached monomers unfold due to structure 

destabilization. The released monomers are unfolded and contribute to the signal we see in Fig. 35. 

  

R1 

S 

S 

R2 

+ 

S 

R
3
 

- 
R

1
 

S 
S 

R
2
 

S 

R
3
 

- 

+ 



 44 

5. Concluding remarks 

The second RNA recognition motif RRM2 of TDP-43 was studied using NMR diffusion 

measurements in order to unveil its aggregation status. The PFGSTE NMR experiments were 

carried out on a control sample (RRM2 in phosphate buffer), an oxidized sample (RRM2 treated 

with hydrogen peroxide for 24 hours), and a reduced sample (treated with the reducing agent DTT 

for 24 hours after oxidation). The diffusion coefficients of these samples were obtained by fitting 

the diffusional decay of spectra volumes with the increase of gradient strength. We found that the 

control sample and the reduced sample have the same diffusion coefficient within a range of two 

standard deviations. This indicates that the control and the reduced samples have the same 

aggregation status. We compared the diffusion coefficient of those two samples with the diffusion 

coefficient of other proteins and found that they have diffusion coefficients close to that of proteins 

with a molecular mass close to RRM2 monomer. This comparison can tell us that the control and 

the reduced samples contain RRM2 monomers. However, the oxidized sample has the smallest 

diffusion coefficient among the studied samples and it was about half of the diffusion coefficient of 

the control and reduced samples. Comparing the diffusion coefficient of the oxidized sample we 

saw that proteins that has close diffusion coefficients has a molecular mass of about 10 times of 

RRM2 monomer. This comparison indicates that the oxidized sample consists of aggregates of 

around 10 monomers. Furthermore, we used the used diffusion coefficients to calculate the 

hydrodynamic radii and the molecular masses of diffusing particle of the three samples. Table 2 

contains the results of those calculations. Analysis of the calculated hydrodynamic radii and the 

molecular masses of diffusing particles showed that RRM2 forms aggregates that consist of around 

10 monomers after treatment with hydrogen peroxide. This result agrees with the data published in 

literature, which indicates that proteins that have roughly the same diffusion coefficient as measured 

for oxidized RRM2 have a molecular mass of around 10 times the mass of monomer RRM2. 

The structural stability of RRM2 was studied using autocorrelation analysis of its 
1
H NMR 

spectra of the control and the oxidized samples (treatment with hydrogen peroxide for 5 hours and 2 

hours in two separate experiments). For this reason we recorded 
1
H NMR spectra with water signal 

suppression of both samples at different temperatures. The autocorrelation functions of the amide 

region of these spectra were calculated. To obtain the useful information we calculated the integrals 

of these autocorrelation functions for a chosen interval (1.5 – 2 ppm). The calculated integrals 

showed S-shaped transitions discussed in chapter (2.2) from the native state to the unfolded state 

with the increase of the temperature. We observed an all-or-nothing transition for the control 

sample, whereas the transition of the oxidized sample takes a smooth path and occurs at lower 

temperature. This result indicates that the oxidized sample suffered from structural destabilization is 
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response for hydrogen peroxide treatment. In other words, the oxidative stress has a destabilizing 

impact on RRM2 structure. This happens due to thiol-disulfide exchange that releases unfolded 

monomers that contribute to the signal. 

All posed problems of thesis were solved and the goal of the study was reached. 
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Results and discussion 

    For each of the three samples 10 2D spectra were recorded with different gradient strengths. Each spectrum was fitted using the toolbox and peaks 
parameters were obtained. 

Figure 4. The results of implementing the toolbox: (A) Contour plot of the approximated spectrum. (B)  Contour plot of the experimental signal. (C) 3D  
graph of the approximated spectrum. (D) 3D graph of the experimental spectrum. 
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Where: 
I - signal intensity; 𝜸/𝟐𝝅 - gyromagnetic ratio (4257.6 Hz/G); G - value of gradient strength; δ - duration of gradient pulse (2 ms); ∆ - diffusion time (350 

ms); β - time interval between the antiphase coding gradient pulses (1.36 ms); β’ - time interval between the antiphase decoding gradient pulses (1.364 ms). 
Figure 5. The results of  fitting the diffusional decay of peak volume with the increase of the gradient presented as a plot of peak volume versus G. 

To calculate the hydrodynamic radius we used Stokes- Einstein relation   𝒓 = 𝒌𝑩𝑻/𝟔𝝅𝜼𝑫 

where: 
𝒌𝑩 – Boltzmann's constant; T - temperature (298 K); D - the diffusion coefficient; 𝜼 - dynamic viscosity of the solution (0.9223 cP). 
Table 2. The results of calculating the diffusion coefficients and the hydrodynamic radii of the samples. 

Conclusions 

1. 2D NMR spectra fitter allows to fit 1D and 2D spectra and correctly process big data spectra (millions of points, tens of peaks).  

2. The used algorithm reduces the time of 2D NMR spectra approximation containing 35 peaks to just 5 minutes. 

3. The created toolbox was tested on three  series of 
1

H-
15

N HSQC NMR spectrum of 
15

N labeled protein with  10 different gradient strengths. Despite all 

the overlapped peaks, the toolbox was able to obtain peaks parameters (width, position and volume) with high accuracy (precision of approximation 

ca. 1%).  

4. The obtained parameters were used to calculate the diffusion coefficients of control, oxidized and reduced RRM2. 

5. The calculated diffusion coefficients were used to calculate the hydrodynamic radii using Stokes- Einstein formula. 

6. The calculated hydrodynamic radii of control, oxidized and reduced samples tell us that the diffusing particle in the oxidized solution consists of 

aggregates of RRM2. 
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8. Supplemental information 

2D NMR spectra fitter code 

Loading the data from an NMR-spectrometer file to Matlab programming 

environment 

function [x,y,I] = readNMRData(fileName) 

% readNMRData Imports data from a NMR data file 

%   fileName - name of the data file  

% 

%   Output: 

%   x - grid of chemical shifts in x dimension 

%   y - grid of chemical shifts in y dimension 

%   I - matrix length(x) by length(y) contatining intenstities 

 

fileID = fopen(fileName,'r'); % opening the file 

% reading data out of heading and extracting useful information 

rubbish = fgetl(fileID); % reading first three lines  

rubbish = fgetl(fileID); 

rubbish = fgetl(fileID); 

limity = textscan(fileID,'%s %s %s %f %s %s %s %f %s',1); % reading fourth line 

yLeft = limity{4}; yRight=limity{8}; % extracting chemical shift range in y dimention 

limitx = textscan(fileID,'%s %s %s %f %s %s %s %f %s',1); % reading fifth line 

xLeft = limitx{4}; xRight=limitx{8}; % extracting chemical shift range in x dimention 

rubbish = textscan(fileID,'%s',1); % reading seventh line 

yNum = textscan(fileID,'%s %s %s %f %*[^\n]',1); % reading eightth line 

yNum = yNum{4}; % extracting number of points along the y-axis 

xNum = textscan(fileID,'%s %s %s %f %*[^\n]',1); % reading nineth line 

xNum = xNum{4}; % extracting number of points along the x-axis 

rubbish = textscan(fileID,'%s',1); % reading the last five lines of the heading 

rubbish = fgetl(fileID); 

rubbish = fgetl(fileID); 

rubbish =fgetl(fileID); 

rubbish= fgetl(fileID); 

 

% reading intensity values and generating a length(x) x length(y) matrix contatining 

intenstities 

for i = 1:yNum 

    I(i) = textscan(fileID,'%f',xNum,'CommentStyle','#'); 

end 

I = cell2mat(I)'; 

 

% generating x and y arrays 

stepx = abs(xRight-xLeft)/(xNum-1); 

stepy = abs(yRight-yLeft)/(yNum-1); 

xx = xRight:stepx:xLeft; 

yy = yRight:stepy:yLeft; 

y = yy'; 

x = xx'; 

end 

 

Spectra Clusterization 

function clusters = findClusters( peaklist, dx, dy ) 

% findClusters Find clusters in a given peaklist 

%   peaklist - list of peaks in format [x1 y1; x2 y2; x3 y3...] 

%   dx - half of x-dimensional width of a single-peak-cluster 

%   dy - half of y-dimensional width of a single-peak-cluster 

% 

%   return clusters - cell array containing information about clusters:  

%   {centerX, centerY, widthX, widthY, [peaks in clusters]} 

%   centerX - the center of cluster in x dimension 

%   centerY - the center of cluster in y dimension 

%   widthX - the width of cluster in x dimension 
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%   widthY - the width of cluster in y dimension 

%   [peaks in clusters] - the vector that contain the numbers of peaks that 

%                         are belong to cluster 

 

n = size(peaklist,1); % number of peaks 

overlapMatrix = zeros(n,n); 

clustID = 0; 

 

for i=1:n 

    for j=(i+1):n 

        % put 1 if peaks may overlap 

        overlapMatrix(i,j) = 

regionOverlap(peaklist(i,1),peaklist(i,2),peaklist(j,1),peaklist(j,2),dx,dy); 

        % builds a n by n matrix which contains 1 in the (i,j) position if the 

        % i and j peaks may ovrelap and 0 if they do not overlap 

    end 

end 

 

for i=1:n 

    % Write new clistID to element (i,i) if it is not assigned 

    if overlapMatrix(i,i) == 0 

        clustID = clustID + 1; 

        overlapMatrix(i,i) = clustID; 

    end 

    for j=(i+1):n 

        % Write clusID to element (j,j) if regions are overlapped 

        if overlapMatrix(i,j) == 1 

            overlapMatrix(i,j) = overlapMatrix(i,i); 

            overlapMatrix(j,j) = overlapMatrix(i,i); 

        end 

    end 

end 

 

clustDiag = diag(overlapMatrix); % vector contains i-peak's cluster number in the i 

position 

 

for i = 1:max(clustDiag) 

    peaksInCluster = find(clustDiag==i); % finds numbers of overlapped peaks in the i-th 

cluster 

    centerX = mean(peaklist(peaksInCluster,1)); % x-coordinate of i-th cluster's center 

    centerY = mean(peaklist(peaksInCluster,2)); % y-coordinate of i-th cluster's center 

    widthX = 2*dx+abs(max(peaklist(peaksInCluster,1))-min(peaklist(peaksInCluster,1))); % 

x-dimensional width of the i-th cluster 

    widthY = 2*dy+abs(max(peaklist(peaksInCluster,2))-min(peaklist(peaksInCluster,2))); % 

y-dimensional width of the i-th cluster 

    clusters{i}={centerX,centerY,widthX,widthY,peaksInCluster}; 

end 

 

clusters = clusters'; 

end 

 

 

 

 

function T = regionOverlap( x1, y1, x2, y2, dx, dy ) 

% regionOverlap Calculate whether peak regions are overlapped or not. 

%   Input: 

%   x1 - x-dimensional coordinate of the first peak  

%   y1 - y-dimensional coordinate of the first peak 

%   x2 - x-dimensional coordinate of the second peak  

%   y2 - y-dimensional coordinate of the second peak 

%   dx - half of x-dimensional width of a single-peak-cluster 

%   dy - half of y-dimensional width of a single-peak-cluster 

% 

%   return T - a boolean number that indicates whether peaks overlap or not 

 

T = 0; 

if (abs(x1-x2)<2*dx && abs(y1-y2)<2*dy)  

    % checks whether the distance between the two peaks is less than the width of a 

single-peak-cluster 

    T = 1; 
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end 

end 

 

 

Approximation and parameters extraction of each peak 

function [coefficientMatrix,Ifit] = Approximation(xx,yy,I,clusters,peaklist,initialWidth) 

% Approximation Do fitting of provided clusters 

%   Perform fitting of spectra, which is given by grids in x and y 

%   dimensions as vectors and intensities as 2D data matrix. Information 

%   about peaks is given by CLUSTERS and PEAKLIST variables. They contain 

%   the information about clusters and  peak postions accordingly. Fitting 

%   is defined by model function 

%   I*exp(-(x-x_0)^2/(2*dx*2)-(y-y_0)^2/(2*dy*2)) 

%    

%   Input arguments: 

%   xx            grid of chemical shifts in x dimension 

%   yy            grid of chemical shifts in y dimension 

%   I             matrix length(xx) by length(yy) containing intensities 

%   clusters      cell array containing information about clusters (see 

%                 findClusters() function) 

%   peaklist      list of peaks in format [x1 y1; x2 y2; x3 y3;...] 

%   initialWidth  start point for the width of peak ([widthX widthY]) (the  

%                 same for all peaks) 

% 

%   StartPoints are given by: 

%   I       half of maximum peak height in spectra 

%   x       value given in peaklist variable 

%   y       value given in peaklist variable 

%   dx      value given in initialWidth variable 

%   dy      value given in initialWidth variable 

% 

%   Lower bounds are given by: 

%   I       0 (All peaks assumed to be positive) 

%   x_0     value given in peaklist variable minus value of peak width given 

%           in initialWidth variable 

%   y_0     value given in peaklist variable minus value of peak width given 

%           in initialWidth variable 

%   dx      step in x-grid 

%   dy      step in y-grid 

% 

%   Upper bounds are given by: 

%   I       Inf 

%   x_0     value given in peaklist variable plus value of peak width given 

%           in initialWidth variable 

%   y_0     value given in peaklist variable plus value of peak width given 

%           in initialWidth variable 

%   dx      the width of cluster in x-dimension 

%   dy      the width of cluster in y-dimension 

%    

%   Output: 

%   Return coefficientMatrix - an array [n by 5] with rows: 

%   [I_i x_i widthX_i y_i widthY_i uncertainty_of_I_i uncertainty_of_x_i 

uncertainty_of_widthX_i uncertainty_of_y_i uncertainty_of_widthY_i] 

 

n = size(peaklist,1); % number of peaks 

l = size(clusters, 1); % number of clusters 

ILimit = zeros(l,4); % indices of edge poins  

coefficientMatrix = zeros(n,10);  % initializing the output matrix 

stepX = abs(xx(2)-xx(1)); 

stepY = abs(yy(2)-yy(1));  

[x1,y1] = meshgrid(xx,yy); 

Ifit = zeros(size(I,1),size(I,2)); 

 

for i=1:l 

    cluster = clusters{i}; 

    % finding approximated region of the signal 

    [~,ILimit(i,1)] = min(abs(xx-(cluster{1}-cluster{3}/2))); % index of left edge point  
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    [~,ILimit(i,2)] = min(abs(xx-(cluster{1}+cluster{3}/2))); % index of right edge point  

    [~,ILimit(i,3)] = min(abs(yy-(cluster{2}-cluster{4}/2))); % index of bottom edge 

point 

    [~,ILimit(i,4)] = min(abs(yy-(cluster{2}+cluster{4}/2))); % index of top edge point 

end 

 

for j = 1:l 

    xCluster = xx(ILimit(j,1):ILimit(j,2)); % the x region of the cluster 

    yCluster = yy(ILimit(j,3):ILimit(j,4)); % the y region of the cluster 

    Icluster = I(ILimit(j,3):ILimit(j,4),ILimit(j,1):ILimit(j,2)); % the signal of the 

cluster 

    maxHeight = max(max(Icluster)); % max height in cluster 

    cluster = clusters{j}; 

    m = length(cluster{5}); % number of peaks in the cluster 

 

    % generating input arguments for fitobject 

    % order of coefficients: I, x, dx, y, dy 

    peaksInCluster = cluster{5}; 

    formula = ''; 

    coefficients = ''; 

    optionsLower = zeros(m*5,1); 

    optionsUpper = zeros(m*5,1); 

    optionsStartPoint = zeros(m*5,1); 

    for i = 1:m % m is the number of peaks in a cluster 

        % generating the formula 

        if i==m 

            formula = strcat(formula,sprintf('I%d*exp(-(((x-x%d)^2)/(2*dx%d^2)+((y-

y%d)^2)/(2*dy%d^2)))',i,i,i,i,i)); 

        else 

            formula = strcat(formula,sprintf('I%d*exp(-(((x-x%d)^2)/(2*dx%d^2)+((y-

y%d)^2)/(2*dy%d^2)))+',i,i,i,i,i)); 

        end 

 

        % generating coefficient table 

        if i==m 

            coefficients = 

strcat(coefficients,sprintf('I%d,x%d,dx%d,y%d,dy%d',i,i,i,i,i)); 

        else 

            coefficients = 

strcat(coefficients,sprintf('I%d,x%d,dx%d,y%d,dy%d,',i,i,i,i,i)); 

        end 

         

        % generation of start point 

        optionsStartPoint((i-1)*5+1) = maxHeight/2; 

        optionsStartPoint((i-1)*5+2) = peaklist(peaksInCluster(i),1); 

        optionsStartPoint((i-1)*5+3) = initialWidth(1); 

        optionsStartPoint((i-1)*5+4) = peaklist(peaksInCluster(i),2); 

        optionsStartPoint((i-1)*5+5) = initialWidth(2); 

         

        % generation of lower boundaries 

        optionsLower((i-1)*5+1) = 0; 

        optionsLower((i-1)*5+2) = peaklist(peaksInCluster(i),1)-initialWidth(1); 

        optionsLower((i-1)*5+3) = stepX; 

        optionsLower((i-1)*5+4) = peaklist(peaksInCluster(i),2)-initialWidth(2); 

        optionsLower((i-1)*5+5) = stepY; 

         

        % generation of upper boundaries 

        optionsUpper((i-1)*5+1) = Inf; 

        optionsUpper((i-1)*5+2) = peaklist(peaksInCluster(i),1)+initialWidth(1); 

        optionsUpper((i-1)*5+3) = cluster{3}; 

        optionsUpper((i-1)*5+4) = peaklist(peaksInCluster(i),2)+initialWidth(2); 

        optionsUpper((i-1)*5+5) = cluster{4}; 

    end 

     

    coefficients = textscan(coefficients,'%s','Delimiter',','); 

    coefficients = coefficients{1}'; 

     

    % create fittype and set fit options 

fitfunction = 

fittype(formula,'independent',{'x','y'},'dependent',{'z'},'coefficients',coefficients); 

options = fitoptions(fitfunction); 
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    options.StartPoint = optionsStartPoint; 

    options.Lower = optionsLower; 

    options.Upper = optionsUpper; 

     

    % HERE YOU CAN ADJUST FITTING OPTIONS 

    options.Robust = 'LAR'; 

    % options.TolFun = 1e-3; 

    % options.TolX = 1e-4; 

    options.MaxIter = 20000; 

    options.MaxFunEvals = 20000; 

     

    % prepare and fit data 

    [xData, yData, zData] = prepareSurfaceData(xCluster,yCluster,Icluster); 

    [fitobject, ~] = fit([xData,yData],zData,fitfunction,options); 

    confints = confint(fitobject); % 95% confidence intervals 

    confints = 0.5*abs(confints(1,:)-confints(2,:)); % finding the uncertainty of the 

coefficients 

    coeffs = coeffvalues(fitobject); 

    Ifit = Ifit + feval(fitobject,x1,y1); 

    % generating the i-component of the output matrix 

     

  

    for i = 1:m 

         

        coefficientMatrix(peaksInCluster(i),1) = coeffs((i-1)*5+1); 

        coefficientMatrix(peaksInCluster(i),2) = coeffs((i-1)*5+2); 

        coefficientMatrix(peaksInCluster(i),3) = coeffs((i-1)*5+3); 

        coefficientMatrix(peaksInCluster(i),4) = coeffs((i-1)*5+4); 

        coefficientMatrix(peaksInCluster(i),5) = coeffs((i-1)*5+5); 

        coefficientMatrix(peaksInCluster(i),6:10) = confints(1,5*(i-1)+1:5*(i-1)+5); 

    end 

end 

  

end 

 

 

Usage example 

clc 

clear 

tic 

% set parameters of fit 

dx = 0.035; 

dy = 0.42; 

initialWidth = [0.04 0.4]; 

 

% read data from files 

[x,y,I] = readNMRData('RRM2.txt'); 

I = I(length(y):-1:1,length(x):-1:1); 

I = 100*I/max(max(I)); 

Data = importdata('RRM2_peaklist.txt', ' '); 

peaklist = Data(:,2:3); 

Names = importdata('Names.txt');  

 

% create clusters 

clusters = findClusters( peaklist, dx, dy ); 

 

% do approximation 

[coefficientMatrix,Ifit] = Approximation(x, y, I, clusters, peaklist, initialWidth); 

 

figure; 

figure('position',[0 0 1000 700]); 

%set(gcf, 'Color', 'None') 

%set(gca, 'color', 'none') 

[xx,yy] = meshgrid(x,y); 

v=2:40; 

contour(xx,yy,I,v) 

xlim([7.5 9.5]) 
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ylim([105 130]) 

%set(gcf, 'Color', 'None') 

%set(gca, 'color', 'none') 

hold on 

for i = 1:size(peaklist,1) 

    plot(peaklist(i,1),peaklist(i,2),'bo'); 

    hold on 

    plot(coefficientMatrix(i,2),coefficientMatrix(i,4),'kx'); 

    hold on 

    text(coefficientMatrix(i,2)-dx,coefficientMatrix(i,4)+dy,Names(i)); 

     

end 

 

% drawClusters(clusters); 

drawClusters( clusters ) 

hold off 

%xlim([min(x), max(x)]) 

%ylim([min(y), max(y)]) 

set(gca, 'YDir', 'reverse') 

set(gca, 'XDir', 'reverse') 

set(gca,'fontsize',20) 

legend('Contour plot of experimental signal','Initial guess for peaks','Approximated 

peaks') 

legend('boxoff') 

xlabel('^{1}H, ppm') 

ylabel('^{15}N, ppm') 

title('Approximated and clustered spectrum','fontsize',20) 

 

figure; 

x1 = x(477:780); 

y1 = y(423:720); 

Ifitt = Ifit(423:720,477:780); 

subplot(2,1,1) 

[x1,y1] = meshgrid(x1,y1); 

mesh(x1,y1,Ifitt); 

zlim([-10,40]) 

set(gca,'fontsize',16) 

set(gca, 'YDir', 'reverse') 

set(gca, 'XDir', 'reverse') 

set(gca,'ZTickLabel',[]) 

xlabel('^{1}H, ppm') 

ylabel('^{15}N, ppm') 

title('Approximated signal','fontsize',18) 

subplot(2,1,2) 

x_index = 477:780; 

y_index = 423:720; 

[xx,yy] = meshgrid(x(x_index),y(y_index)); 

mesh(xx,yy,I(y_index,x_index)+7.5*rand(size(y_index,2),size(x_index,2))) 

zlim([-10,40]) 

set(gca,'fontsize',16) 

set(gca, 'YDir', 'reverse') 

set(gca, 'XDir', 'reverse') 

set(gca,'ZTickLabel',[]) 

xlabel('^{1}H, ppm') 

ylabel('^{15}N, ppm') 

title('Experimental signal','fontsize',18) 

 

figure; 

subplot(2,1,1) 

v=2:40; 

contour(x(x_index),y(y_index),Ifit(y_index,x_index),v) 

set(gca,'fontsize',16) 

set(gca, 'YDir', 'reverse') 

set(gca, 'XDir', 'reverse') 

xlabel('^{1}H, ppm') 

ylabel('^{15}N, ppm') 

title('Contour plot of approximated signal','fontsize',18) 

hold on 

 

l = 0; 

i = 1; 
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while l == 0 

        if coefficientMatrix(i,2)>x(min(x_index)) && 

coefficientMatrix(i,2)<x(max(x_index)) && coefficientMatrix(i,4)>y(min(y_index)) && 

coefficientMatrix(i,4)<y(max(y_index)) 

        plot(coefficientMatrix(i,2),coefficientMatrix(i,4),'kx'); 

        l = 1; 

        end 

        i = i+1; 

 end 

hold on 

l = 0; 

i = 1; 

while l == 0 

        if peaklist(i,1)>x(min(x_index)) && peaklist(i,1)<x(max(x_index)) && 

peaklist(i,2)>y(min(y_index)) && peaklist(i,2)<y(max(y_index)) 

        plot(peaklist(i,1),peaklist(i,2),'r+'); 

        l = 1; 

        end 

        i = i+1; 

end 

 

n = size(peaklist,1); % number of peaks 

overlapMatrix = zeros(n,n); 

clustID = 0; 

 

for i=1:n 

    for j=(i+1):n 

        % put 1 if peaks may overlap 

        overlapMatrix(i,j) = 

regionOverlap(peaklist(i,1),peaklist(i,2),peaklist(j,1),peaklist(j,2),dx,dy); 

        % builds a n by n matrix which contains 1 in the (i,j) position if the 

        % i and j peaks may ovrelap and 0 if they do not overlap 

    end 

end 

 

for i=1:n 

    % Write new clistID to element (i,i) if it is not assigned 

    if overlapMatrix(i,i) == 0 

        clustID = clustID + 1; 

        overlapMatrix(i,i) = clustID; 

    end 

    for j=(i+1):n 

        % Write clusID to element (j,j) if regions are overlapped 

        if overlapMatrix(i,j) == 1 

            overlapMatrix(i,j) = overlapMatrix(i,i); 

            overlapMatrix(j,j) = overlapMatrix(i,i); 

        end 

    end 

end 

 

clustDiag = diag(overlapMatrix); % vector contains i-peak's cluster number in the i 

position 

 

 

for i = 1:size(peaklist,1) 

    if coefficientMatrix(i,2)>x(min(x_index)) && coefficientMatrix(i,2)<x(max(x_index)) 

&& coefficientMatrix(i,4)>y(min(y_index)) && coefficientMatrix(i,4)<y(max(y_index)) 

    plot(coefficientMatrix(i,2),coefficientMatrix(i,4),'kx'); 

    hold on 

    k = clustDiag(i); 

    cluster = clusters{k}; 

    rectangle('Position',[cluster{1}-0.5*cluster{3},cluster{2}-

0.5*cluster{4},cluster{3},cluster{4}],... 

        'EdgeColor','r'); 

    end 

   hold on 

end 

hold on 

for i = 1:size(peaklist,1) 

    if peaklist(i,1)>x(min(x_index)) && peaklist(i,1)<x(max(x_index)) && 

peaklist(i,2)>y(min(y_index)) && peaklist(i,2)<y(max(y_index)) 
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    plot(peaklist(i,1),peaklist(i,2),'r+'); 

    end 

   hold on 

end 

hold off 

legend('Contour plot','Approximated peaks','Initial guess for peaks') 

subplot(2,1,2) 

v=2:40; 

contour(xx,yy,I(y_index,x_index),v) 

set(gca,'fontsize',16) 

set(gca, 'YDir', 'reverse') 

set(gca, 'XDir', 'reverse') 

xlabel('^{1}H, ppm') 

ylabel('^{15}N, ppm') 

title('Contour plot of experimental signal','fontsize',18) 

toc 


