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science, in food science etc. In the case of medical diagnosis it allows for
determining a metabolic composition of analysed tissue which may support the
identification of tumour cells. Precession signal, that is a crucial part of MR
phenomenon, contains distortions that must be filtered out before signal analysis.
One of such distortions is phase error.

Five popular algorithms: Automics, Shanon'’s entropy minimization, Ernst's method,
Dispa and eDispa are presented and discussed. A novel adaptive tuning algorithm
for Automics method was developed and numerically optimal solutions to automatic
tuning of the other four algorithms were proposed. To validate the performance of
the proposed techniques, two experiments were performed - the first one was done
with the use of in silico generated data. For all presented methods, the fine tuning
strategies significantly increased the correction accuracy. The highest improvement
was observed for Automics algorithm, independently of noise level, with relative
phase error dropping by average from 10.25% to 2.40% for low noise level and from
12.45% to 2.66% for high noise level. The second validation experiment, done with
the use of phantom data, confirmed the in silico results. The obtained accuracy of
the estimation of metabolite concentration was at 99.5%.

Conclusions: The proposed strategies for optimizing the phase correction algorithms
significantly improve the accuracy of Nuclear Magnetic Resonance spectroscopy
signal analysis.

Introduction

Magnetic resonance spectroscopy (abr. MRS) is a technique widely used in, among the
others, modern oncology to determine metabolic profile of the tissues. It is especially
useful to differentiate between healthy tissues and tumours. However the differences in
metabolic profiles are in many cases slight, thus signal must be carefully pre-processed
in order to accurately estimate amount of metabolites in examined tissues. One of the
distortions that affects MR spectrum mostly is phase error. The first simplest
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mathematical model of phase error was proposed by Ernst [1] where the assumption
on linearity of phase error along the spectrum, described by two factors frequency
dependent and frequency independent one, was made. Such a model posits the phase
error to be mainly a consequence of eddy current induction in the scanner. The exten-
sion of linear model is bilinear one, incorporating multiplicatory factor that stands for
phase error fraction caused by magnetic field inhomogeneity [2,3]. In contrast to the
linear models, higher order models were proposed assuming the nonlinearity of the
phase error with respect to the frequency.

While considering MRS in clinical diagnosis, the influence of field inhomogeneity
may be neglected due to small spectrum complexity (low dimensionality) and signifi-
cantly lower field strength (than in chemical measurements), leaving the phase error
related to the induction of eddy currents in coils only [4].

The linear model of phase error consists of two parts: zero and first order and it is
given by:

k
?1

Ao =
2 ¢0+N

Zero order component ¢, is representing the offset between absorption and disper-
sion spectrum while first order component ¢; is representing the frequency dependant
shift where dependency is modelled by straight line with slope coefficient k/N, where
k denotes index of the point in spectrum and N is total number of points.

There are two possible approaches of phasing MR spectra. The first one is man-
ual and requires expert knowledge about zero and first order component. Such a
procedure is time consuming and requires an experienced human operator. The
drawback of the manual method is the fact that it is hard to estimate the correc-
tion effect for the whole spectrum [5]. It is then done for small parts of spectrum
and leads to overcorrection of analysed fragments and no correction of other
fragments.

The second possible approach that is free of the mentioned drawback is the auto-
matic correction. For such an approach the correction is done accordingly to the linear
model, but the quality of spectrum is evaluated and maximized automatically, mostly
with the use of optimization techniques. The automatic phase correction algorithms
are still less popular than manual approach, which is partially caused by unsatisfactory
accuracy of the existing techniques.

The most popular techniques of automatic phasing of MR spectra are: Automics [6],
Shanons Entropy minimization [7], Ernst’s method [1], Dispa [8] and eDispa [9]. The aim
of this paper is to design, implement and verify the automatic tuning strategies for the
above mentioned methods that will result in efficiency increase of phase error correction
for 1H (Hydrogen isotope Protium) NMR spectra.

Methods

While looking at the algorithms designed for phase error correction in MR spectra,
one can notice two groups of them: model based and model free techniques. In the
family of methods that derive direct value of phase error (without a priori assumed
error model) the most popular are: [5] which is based on filter diagonalisation method
and [10] which performs the phase correction with the use of separately measured



Binczyk et al. BioMedical Engineering OnLine 2015, 14(Suppl 2):S5 Page 3 of 14
http://www.biomedical-engineering-online.com/content/14/S2/S5

water signal. The newest approach of direct phase error correction seems to be the
method by [11] requiring the registration of series of spectra.

The five chosen linear model based methods: Automics, Shanon’s, Ernst’s, Dispa and
eDispa, as being the most popular in clinical approaches, were implemented following
the description included in the original publications. The mechanism of finding opti-
mal solution was examined for each technique and tuning of algorithms, by means of
tuning of parameters or application of efficient numerical solution, was performed.

Automics

The first analysed algorithm, proposed by [6], is based on estimating linear model
parameters ¢y and ¢; dependent on a phase evaluated at the tails of spectrum. The
original method assumes definition of two intervals at each tail. For each pair of inter-
vals a mean phase is calculated. Than having two values of phase: at the beginning and
end of the spectrum, phase error is estimated. It is assumed that phase error in these
intervals does not differ significantly. The length of the intervals may be understood as
a parameter for the algorithm that may be optimized to find the best solution [6].

The developed procedure for interval length estimation starts with the initial interval
as a single point and then extends stepwise the interval by other points as long as
there is no significant trend in the data within the interval. To verify no trend hypoth-
esis a linear regression model is constructed within each interval and statistical test on
signal gradient being equal to zero is applied. For the purpose of this study significance
level was set to 5% (oo = 0.05). The procedure is repeated for each of two intervals - at
the beginning and at the end of the spectrum. If a significant change of signal magni-
tude (and consequently phase error) is found in one of the intervals the procedure is
terminated and the found length is treated as the optimal one. The parameters of
phase error model are calculated by solving the set of two equations (for each tail) in
the form given by equation below.

kj[l + kj,z
R, — Rj; )
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Where index j stands for the location of the interval: j = 1 for the interval located at
the beginning of the spectrum; while j = 2 for the interval located at the end of the
spectrum. R;, and I;, are the real and imaginary part of an element at the end of the
interval; and R;; and I;, are the real and imaginary part of an element at the beginning
of the interval, k;; and k;j, are the indices of the beginning and the end of the jg, inter-
val, and N is a length of the spectrum.

Methods based on reformulation to the optimization problem

Three of the above mentioned algorithms might be tuned by application of a properly
chosen numerical method for solving their optimization problem.

Shanon’s entropy minimization

The Shanon’s entropy minimization method is based on the assumption that ideal
absorption spectrum should be positive. Such a spectrum has smaller Shanon’s entropy
than spectrum that contains points that are both: positive and negative [7]. The pro-
blem for this method is to find set of parameters ¢y, ¢; for which the spectrum phased



Binczyk et al. BioMedical Engineering OnLine 2015, 14(Suppl 2):S5 Page 4 of 14
http://www.biomedical-engineering-online.com/content/14/S2/S5

with linear model has the smallest error of correction. The minimization problem is

given by equation.
. . N
Ming, g, H = ming,g, (=, Sa(k 9o, ¢1) - In(Sa(k, 9o, 91)) + P

where H is the Shannon entropy of given spectrum, Sx(k,...) is a magnitude of the
absorption spectrum at ky, data point and P is a penalty factor.
Ernst
Ernst method is based on the axiom that the integral of single line (peak) dispersion
spectrum should be equal to zero. Since the spectrum is a composition of peaks it is
clear that for no phase error the dispersion integral of whole spectrum should be
zero [1]. Because of the noise it is rarely to be true. In the Ernst method the optimiza-
tion problem is to find parameters of linear model for which the dispersion integral

will be minimal.
b
minf/’or(ﬂll = min{/’Or(ﬂl /SD(x' o, Ql)dx

a

where I is an integral value, Sp is a magnitude of the dispersion spectrum; a and b
are the integration limits equivalent to the minimum and maximum values on the fre-
quency [Hz] or [ppm] scale of the spectrum.
eDispa
In eDispa method authors use linear model as well and perform the two-step quality
calculation [9]. The first step is based on calculation of defined n -functional of the
form given below.

Q (9o, 1) — min Q (po, 1) )4
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Q is a functional defined as:
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N

where S, denotes the magnitude of the absorption spectrum, k is the index of data

point, N is a length of the spectrum.

Solutions to the optimization problems

The solution to three above mentioned algorithms could be found with the use of clas-
sical optimization algorithms. In case of Shanon’s entropy minimization and eDispa
problem the Nelder-Mead algorithm can be applied [12]. As for Ernst’s method the
problem is more complex, and it may be solved with the use of integral global optimi-
zation [13].

One of the crucial steps during the Nelder-Mead optimization, due to the strong
nonlinearity of the optimized functions, is setting of parameter initial values. To
improve accuracy of tuned algorithms and to make whole optimization process faster
the procedure for setting of initial conditions has been proposed. It is based on obser-
vation that water peak is located in the middle of spectrum and it is with no doubt the
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peak of maximal amplitude both in absorption and magnitude spectrum. As described
in previous paragraph, a phase angle between absorption and dispersion part measured
at peak maximum should be equal 0. If it is not, the measured value is a rough esti-

mate of phase error at the half of spectrum:
Ap° = 9(Si,,.)

where A¢° is an initial estimate of the phase error, and S stands for the MR spec-
trum, index k., denotes the spectrum data point with maximum of magnitude
spectrum.

Knowing the value of A¢° it is easy to estimate ¢, and ¢, just using the equation for
linear phase error model and additional assumption that ratio of phase error compo-
nents is equal %. This value is empirical and it was chosen after set of experiments
done on clinical spectra. Example of effectiveness of the proposed initial condition is
shown in Figure 1.

The proposed initial condition may be used even when water signal is partially sup-
pressed during measurement procedure. When water signal is not present in the data
(full water suppression) the maximum of signal may be used, however it is definitely
not as good as water peak.

Dispa

Dispa method is based on the assumption that phase at the maximum of the peak
should, in an ideal case, be equal 0 [8]. Assuming the linear model of A¢ it is then
easy to estimate ¢ and ¢, with use of just two neighbouring peaks. It was noticed that
such approach might lead to wrong estimates because of noise presence and its influ-
ence on maximal point of peak. An idea for Dispa method is to evaluate phase value at
max points of all significant peaks and then estimate A¢ model with use of linear

regression model.

Quality criterion

In order to properly estimate value of phase error that remains in the data after phase
correction, a quality criterion was proposed. The assumed criterion uses the phase plot
(relation between dispersion and absorption spectrum), obtained for last significant
peak in the analysed spectrum. Because of signal sampling a peak and consequently
phase plot is not a continuous line but a set of points. Because the criterion uses
major radius of phase plot, an estimates of ellipse parameters are obtained from the
data points. Having ellipse equation it is then easy to derive the equation for its major
and minor radius. The assumption is that in case of no phase error, major radius of an
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Figure 1 a) Spectrum before phase correction, b) spectrum after correction with random initial
condition, c) spectrum corrected with proposed initial condition.
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ellipse phase plot should lay exactly on the real axis. The remaining phase error is the
angle between real axis of the phase plane and major radius of an ellipse phase plot.
The idea of the assumed quality criterion is shown in Figure 2.

Data
To verify the quality of spectra phasing two data sets were collected. The first one con-
sists of numerically simulated spectra (named as synthetic data), while the second data
set consists of 27 measurements obtained for a brain phantom that contained: 5 mM
of Lactates at 0.5 ppm, 12.5 mM of N-acetylaspartate (abr. NAA) at 2.0 ppm, 10 mM
of Creatine at 3.0 ppm, 3 mM of Choline at 3.2 ppm and 7.5 mM of myo-Inositol
located at 4.6 ppm. The data were measured with the use of Philips Achieva scanner
of 1.5 T magnetic field induction. The echo and repetition time were equal to 35 and
1500 ms. Every spectrum was averaged over 128 replicates. The number of points was
equal to 1024 and the sequence type was PRESS.

To obtain the synthetic data set being similar in structure to the brain data, ran-
domly chosen single spectrum was taken from phantom data and it was manually
phased by human expert. Then the absorption spectrum was extracted and pre-
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Figure 2 Visualization of idea behind assumed quality criterion [15].
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processed to filter out noise and baseline. The smoothed signal was used as the refer-
ence for synthetic signal generator.
Single synthetic spectrum was generated with the use of the following procedure:

1) To ensure signal complexity similar to the clinical spectra, additional peaks
together with additive noise were randomly added to the reference signal in fre-
quency domain.

2) The dispersion spectrum was reconstructed with the use Hilbert transformation.
3) Signal was disturbed with additive phase error of parameters: ¢, = {2.5, 5.0, 7.5,
10.0, 12.5} degrees and ¢; = {2.5, 5.0, 7.5, 10.0, 12.5} degrees.

4) Additionally, signal was disturbed by additive noise with SNR equal to: 30.75 dB
(named low noise) and 8.52 dB (named high noise).

Since the noise component was purely random each combination of ¢y and ¢; was
repeated 50 times. In total 1250 simulations were performed. Exemplary simulated

spectrum is presented in Figure 3.

Evaluation
To evaluate the efficiency of the proposed strategies for algorithm tuning, every spec-
trum was corrected twice, by original and tuned algorithm. The residual post correc-
tion error was calculated following the procedure described in Quality criterion
section. The error residuum expressed as a percentage of the applied phase distortion
value was named a relative error.

The block diagram describing performed comparison study is shown in Figure 4.

Results

Experiment | - synthetic data

The experiment was performed for 9 values of A¢ = {5.0, 7.5, 10.0, 12.5, 15.0, 17.5,
20.0, 22.5 and 25.0} degrees (obtained for different combination of ¢y and ¢; in a
range: 2.5, 5, 7.5, 10 and 12.5 degrees each). Each combination of A¢ was distorted

6 T \
----signal with applied phase error

5| ——signal without phase error

Intensity

_6.5 1 1.5 2 25 3 3.5 4 4.5
Frequency [ppm]

Figure 3 Exemplary spectrum obtained with the addition of the phase error equal to 10 degrees
and low level noise. [15]
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Figure 4 Proposed experiment scheme. Both tuned and not tuned methods are examined [15].

with an additive noise of 30.75 dB (low) or 8.52 dB (high) and repeated 50 times what
results in 1250 simulations in total. The correction was applied to every generated
spectrum in both manners: with the use of original algorithm and with applied tuning
routines. The relative error was calculated, and the results were grouped with respect
to the total A¢ value. For each group mean value, standard deviation and coefficient of
variation CV were calculated.

Low level of additive noise

Basing on the above results it may be noticed that proposed tuning routines improve
phase correction quality for each of the analysed algorithm. The highest increase was
observed for algorithm Automics and the lowest increase was observed for Ernst algo-
rithm. By looking at a mean value of relative error it may be concluded that with the
increase of A¢ the remaining phase error after the correction increases in both cases
(before and after tuning). By looking at descriptive statistics, for correction with the
use of tuned algorithms the dispersion of results among spectra with different noise is
much lower for Automics, Shanon’s and Ernst but remains at the same level for Dispa
and eDispa.

High level of additive noise

The second part of the synthetic data experiment differs from the first by a much lar-
ger additive noise that was applied to all generated spectra. As previously a huge
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improvement in results obtained for with tuning was noticed. For all five algorithms
the values of relative phase error are worse while compared to the low noise level
results. The best results were obtained for Automics algorithm. It was also observed
that addition of higher-level noise increases the dispersion of spectra generated for
same combination of ¢g and ¢; values. With low noise this value was equal to ~1% for
all methods without tuning, while by increase of the noise level it doubles. By applica-
tion of tuning it was possible to decrease the dispersion to about 1%.

Experiment Il - brain phantom data analysis

In the second part of validation procedure a data obtained on brain phantom was
analysed. The number of processed spectra was equal to 27. All signals were col-
lected at different time frames with use of Philips Achieva (1.5 T) with parameters:
echo time = 35 ms, repetition time = 1500 ms, number of averages = 128, number
of points = 1024 and the sequence type PRESS. Thus it was assumed that the distor-
tions such as phase errors or noise would be different from spectrum to spectrum.
Following the results of the analysis performed on synthetic data, each phantom
spectrum phase was corrected with the use of Automics algorithm only. The correc-
tion was performed twice: with and without parameter tuning. The spectra were
then decomposed into Gaussian Mixture Model (abr. GMM) and the concentrations
of metabolites were calculated [14]. The obtained estimates of concentrations are
presented in the form of boxplots in Figure 7 and their descriptive statistics are
included in table 5.

One can conclude that the tuning routine applied to the Automics algorithms
improves the results of phase correction giving more accurate estimates of metabolite
concentrations. In comparison to the algorithm before tuning the increase is significant
for each analysed metabolite. After application of tuning procedure the maximum dif-
ference between estimated mean and the true values of metabolite concentration is
0.4% (10.04 vs. 10.00 mM for Creatine and 5.02 vs. 5.0 for Lactate). Estimated mean
concentration of Choline is exactly at desired value of 3.0 mM. By looking at the

-
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Figure 5 The relative phase error [%] and its confidence intervals obtained for phase correction
algorithms a) before and b) after the application of tuning procedures - low noise.
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Figure 6 The relative phase error [%] and its confidence intervals obtained for phase correction
algorithms a) before and b) after the application of tuning procedures - high noise.
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Figure 7 Distributions of metabolite concentration calculated for 27 spectra obtained on brain
phantom. For each spectrum two experiments were performed: with phase correction by original
Automics algorithm (original) and second by tuned Automics (tuned). Boxplots represent median and
upper and lower quartiles of distribution, Tukey's criterion was used for outlier detection (marked as dots).
For each metabolite desired value is indicated by dotted line.
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Table 1. The statistics of location (mean) and dispersion (standard deviation and
coefficient of variation) for relative phase error [%] obtained for phase correction
algorithms before the application of tuning procedures - low noise

Ao Automics Shanon'’s Ernst Dispa eDispa

X s CVI[%] Xx s CQVI[%] Xx s QVI[%] Xx s CVI[%] Xx s CV[%]
500 984 099 1006 889 091 1024 301 098 3256 631 103 1632 635 101 1591
750 999 102 1022 901 094 1038 328 094 2851 706 096 1353 657 103 1561
1000 1011 1.04 1032 918 093 1017 362 093 2578 732 094 1289 683 106 1556
1250 1019 105 1028 931 092 991 389 094 2408 744 098 1321 732 106 1451
1500 1026 103 1006 939 092 980 450 093 2071 746 098 1319 799 109 1359
1750 1037 104 1006 951 092 970 487 092 1888 775 097 1256 840 1.11 1315
2000 1045 104 996 964 091 944 531 093 1750 772 100 1299 894 113 1260
2250 1049 102 968 970 09 928 582 093 1598 767 105 1362 973 112 1151
2500 1055 097 919 969 091 939 693 091 1313 755 099 1311 1067 1.18 11.06

Table 2. The statistics of location (mean) and dispersion (standard deviation and
coefficient of variation) for relative phase error [%] obtained for phase correction
algorithms with applied tuning - low noise

Ao Automics Shanon’s Ernst Dispa eDispa
X s CVI[%] Xx s CVI[%] Xx s CVI[%] Xx s CVI[%] Xx s CV[%]

500 201 061 3035 189 053 2804 203 058 2857 238 106 4454 215 105 4884
750 212 063 2979 198 055 2785 221 060 2692 247 097 3927 229 101 4410
1000 228 058 2558 209 057 2748 235 056 2397 256 101 3950 236 103 4358
1250 238 055 2292 220 058 2620 242 055 2257 265 108 4074 246 103 4162
1500 243 054 2214 231 056 2435 245 055 2257 270 107 3970 253 104 4098
1750 254 052 2051 241 057 2363 255 055 2137 278 108 3867 262 103 3937
2000 264 048 1806 253 057 2253 260 052 2010 285 1.14 3995 269 105 3921
2250 266 047 1770 264 055 2064 259 054 2066 292 1.17 3997 278 105 3766
2500 264 051 1932 276 051 1848 257 058 2257 292 105 3596 279 108 3871

Table 3. The statistics of location (mean) and dispersion (standard deviation and
coefficient of variation) for relative phase error [%] obtained for phase correction
algorithms before the application of tuning procedures - high noise

Ao Automics Shanon'’s Ernst Dispa eDispa

X s cv X s v X s cv X s v X s cv
[%] [%] [%] [%] [%]

500 1225 161 1314 1025 175 1707 567 155 2734 803 188 2341 855 205 2398
750 1229 164 1330 1046 186 1774 575 162 2809 809 204 2517 862 209 2419
1000 1233 166 1347 1056 183 1736 579 175 3022 813 195 2404 878 239 2726
1250 1238 164 1327 1064 178 1675 596 176 2945 826 199 2410 955 252 2633
1500 1242 164 1323 1071 176 1642 619 178 2881 834 198 2369 1012 255 2524
1750 1247 165 1325 1082 176 1626 632 184 2914 842 200 2376 1051 268 2549
2000 1251 165 1319 1088 169 1557 648 189 2923 851 194 2276 11.12 287 2578
2250 1257 162 1289 1093 165 1505 678 183 2699 866 201 2321 1213 280 23.04
2500 1261 165 1308 1097 166 1513 709 189 2666 867 192 2215 1239 271 2187
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Table 4. The statistics of location (mean) and dispersion (standard deviation and
coefficient of variation) for relative phase error [%] obtained for phase correction
algorithms with applied tuning - high noise

Ao Automics Shanon'’s Ernst Dispa eDispa

X s CV[%] Xx s CVI[%] Xx s CV[%] Xx s CV[%] Xx s CV[%]
500 258 065 2519 279 093 3333 278 086 3094 308 099 3214 294 124 4218
750 260 064 2462 286 101 3520 280 089 3161 311 1.12 3607 297 1.10 37.0
1000 263 068 2589 286 097 3380 287 092 3190 312 114 3643 302 117 3863
1250 265 068 2559 288 097 3354 290 093 3192 314 113 3607 308 1.18 3846

1500 266 068 2568 289 094 3257 293 095 3249 315 1.1 3535 313 122 3883
1750 269 069 2579 292 095 3239 297 098 3286 316 1.14 3613 318 121 3805
2000 271 071 2635 292 090 3086 302 100 3304 317 111 3487 324 129 3988

2250 272 069 2537 294 091 3078 302 101 3333 319 108 3375 330 129 3909
2500 273 071 2601 295 085 2881 306 106 3464 3.17 103 3249 336 135 40.18

Table 5. Results of the analysis of 27 brain phantom spectra obtained for two different
phase correction algorithms: original Automics and Automics with proposed tunning

applied
Metabolite not tuned tuned paired t-test p-values
X s 95% Cl  CV[%] X s 95% Cl  CV [%]

NAA 1232 087 (1225;1239) 748 1251 024 (1233;1269 233 0.0023
Creatine 951 079 (945;957) 836 1004 009 (995 1013) 1.15 0.0048
Choline 287 014 (2.86;2.88) 493 300 006 (285 3.14) 1.89 0.0023

myo-Inositol 667 073 (6.61; 6.73) 10.81 749 006 (7.38;7.59) 1.36 0.0048
Lactate 472 058 (4.67;4.76) 1207 502 012 (4.86; 5.17) 2.00 0.0023

The presented descriptive statistics are: sample mean (X), sample standard deviation (s), 95% confidence interval for
population mean value (95%Cl) and coefficient of variation (CV). Right column presents paired t test p-value resulting
from testing the hypothesis on no accuracy improvement by algorithm tuning.

values of standard deviation and coefficient of variation it may be noticed that for all
metabolites dispersion of results among 27 spectra is smaller while compared to not
tuned version (highest increase for myo-Inositol: standard deviation for not tuned
Automics was 0.73 while 0.06 for tuned algorithm).

Discussion

The in silico experiment was performed to verify effectiveness of the proposed tuning
for five popular phase correction algorithms. Parameter tuning increases the correction
efficiency by at least 4%. The higher impact of tuning algorithm is observed for higher
phase errors. The highest impact was observed for Automics algorithm for which mod-
ification was the most complex. The adaptive definition of interval length is more effi-
cient than the fixed length option. Additionally, it minimizes the risk that interval
contains points that significantly differ in magnitude and phase error. For the group of
methods based on the reformulation to the optimization problem it was observed that
implementation of efficient simplex algorithm increased accuracy of all three of them.
It is also a result of efficient setting of the initial condition. The high (around 5%)
improvement was observed for the tuned version of Dispa algorithm. It is a result of
accurate estimation of A¢ parameters with the use of all peaks not just selected two.
Because of the noise presented in the data, the position of maximal point in the peak



Binczyk et al. BioMedical Engineering OnLine 2015, 14(Suppl 2):S5 Page 13 of 14
http://www.biomedical-engineering-online.com/content/14/S2/S5

is shifted. If the observed maximum is not a true maximum, the phase evaluated at
that point is also wrong. For lower noise the correction accuracy is slightly better but
that was expected.

In the analysis of clinical phantom data it was proven that tuned algorithm outper-
forms not tuned version. Only the Automics algorithm was used for phase correction,
as it was demonstrated to be the best performing during the synthetic data analysis. Its
original version gives results that are satisfactory however we have proven that tuning
may increase accuracy and may decrease the dispersion of metabolite concentration
estimates among the spectra.

Conclusions

The proposed tuning routines significantly increase the accuracy of phase error correc-
tion for all examined algorithms: Automics, Shanon’s entropy minimization, Ernst’s,
eDispa and Dispa. To understand the importance of proper spectrum phasing two-step
validation experiment was performed. The first one was based on the analysis of spec-
tra with known phase error disturbed by additional random noise (synthetic data),
while the second validation experiment was performed on spectra with unknown phase
error but known original concentration of metabolites. Both validation experiments
showed that tuning routines increase the accuracy. The second, phantom based valida-
tion experiment has shown that phase error correction the crucial role in determining
the metabolite concentration and may lead to more accurate clinical diagnosis.
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