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Non-uniform sampling (NUS) in combination with the Maximum Entropy (MaxEnt) algorithm as applied
to multi-dimensional NMR data has been thoroughly investigated and the NUS approach shown to pro-
vide significant sensitivity improvements as compared to methods using uniformly sampled (US) data
and the discrete Fourier transform (DFT). Hyperfine sublevel correlation (HYSCORE) is a standard pulse
EPR experiment that can potentially benefit greatly from this approach, but the data present unique chal-
lenges as compared to NMR. HYSCORE data typically exhibit a very large range of peak intensities, signals
are in the form of irregularly shaped ridges with variable intensities, and time traces are generally trun-
cated to save measurement time. MaxEnt has the advantageous properties that it does not require US
data, dampens weak signals (noise) and does not suffer from windowing artifacts due to truncation of
the time traces. Critical to the success of the MaxEnt algorithm is the choice of the two input parameters
aim and def which describe the data noise and contribution of entropy in the optimization, respectively.
In this paper we expand our preliminary study on the application of MaxEnt to the reconstruction of
HYSCORE spectra to include a detailed analysis on sensitivity to detect weak peaks, investigate the
non-linearity of the transformation and ascertain if it can be characterized by the introduction of syn-
thetic peaks, and define a general range for the choice of aim and def. Furthermore, the ability of the
MaxEnt method to remove windowing artefacts in uniformly sampled truncated HYSCORE data is
described.

� 2019 Published by Elsevier Inc.
1. Introduction

Pulse electron paramagnetic resonance (EPR) offers the possi-
bility to characterize paramagnetic systems in great detail by
allowing many of the unresolved couplings in a continuous wave
(CW) EPR spectrum to be resolved and quantified. Time-domain
pulse EPR experiments [1] are typically carried out by recording
the intensity of an electron-spin echo while incrementing one or
more delays in the pulse sequence. A discrete Fourier transforma-
tion (FT) is then almost universally used to compute the frequency
domain spectrum from which the magnetic couplings can be con-
veniently extracted, often via simulation [2]. The most widely used
and informative electron spin echo envelope (ESEEM) experiment
to measure hyperfine and nuclear quadrupole couplings uses the
four pulse hyperfine sublevel correlation (HYSCORE) sequence
[1,3]. Even though EPR experiments are in general considered sen-
sitive due to the large electron spin magnetic moment, the time
required to record data from multi-dimensional pulse EPR experi-
ments with two or more indirect dimensions is often prohibitive.
This is particularly relevant for paramagnetic centers in biological
samples which may only be available at low concentrations (e.g.
< 10 lM), and also for minor species in multi-component mixtures.
To overcome sensitivity issues, the time trace length can be
reduced, albeit at the expense of resolution, or as we showed in
a preliminary report [4], the time domain data can be sampled
non-uniformly and the frequency spectrum reconstructed using
the method of Maximum Entropy (MaxEnt).

In this paper we will again concentrate on the two-dimensional
(2D) technique HYSCORE. The sequence (Fig. 1) has two indirect
dimensions, with both t1 and t2 requiring stepwise incrementation
to record a matrix of intensities in the time domain, Y(t1,t2). This
incrementation scheme makes the data measurement time con-
suming, and as a result HYSCORE data is often truncated before sig-
nals have decayed to below the noise level.

In multi-dimensional NMR spectroscopy, non-uniform sam-
pling (NUS) schemes in conjunction with the method of Maximum
Entropy (MaxEnt) for spectrum reconstruction have been intensely
investigated over the last decades [5–15]. The main advantage of
this methodology for NMR data is a significant reduction in
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Fig. 1. Hyperfine sublevel correlation (HYSCORE) pulse sequence, the time-domain
matrix is collected as Y(t1, t2) for a fixed s. The experiment correlates nuclear
frequencies in the different electron spin manifolds, yielding cross-peaks symmetric
to the diagonals in the frequency domain spectrum, the frequencies of which are
determined by electron-nuclear interactions (e.g. nuclear Zeeman, hyperfine and
nuclear quadrupole) [1].
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measurement time with an increase in resolution [8]. In NMR spec-
troscopy the NUS + MaxEnt methodology is developing into a key
technique because of a number of desirable properties: (1) it is free
of prejudice concerning missing data points in a NUS scheme, (2) it
does not exhibit ‘starred peaks’ or ‘sinc-wiggle’ artefacts as the fre-
quency domain is determined directly, and (3) artifact signals in
the reconstructed spectrum are minimized due to the incorpora-
tion of an entropy term into the objective function.

A disadvantage of the MaxEnt algorithm is that it scales signal
intensity and thus peaks non-linearly by pushing weaker intensi-
ties more toward zero as compared to stronger intensities
[16,17]. Consequently, it is unlikely that noise will be falsely iden-
tified as peaks in a well optimized MaxEnt spectrum, but the weak-
est real peaks could be lost in the noise, leading potentially to a loss
of information. The exact details of the MaxEnt spectrum recon-
struction depends upon two user input variables aim and def. The
goodness of fit is defined by aim and is best adjusted in accordance
with the noise level of the data, and def controls the relative
weighting of the entropy term in the objective function and is cho-
sen relative to aim. These two parameters dictate the degree of
non-linearity of the reconstruction of the spectrum intensities.
The non-linear characteristic of the MaxEnt algorithm makes accu-
rate quantification of peak heights in general difficult. To be reli-
able for HYSCORE applications, the dependence of the MaxEnt
parameters on the optimized spectrum needs to be well under-
stood and characterized.

Although the nature of the data to be transformed by HYSCORE
and n-dimensional NMR is in principle similar, the techniques have
large differences in the details of the spectrum, with HYSCORE
spectra typically exhibiting long ridges of irregular shape with
variable linewidths, and peak intensities which very often vary
by an order of magnitude or more [4]. Therefore, if the NUS + Max-
Ent method is to be employed generally to HYSCORE data, the user
adjustable parameters of the algorithm should be investigated and
suitable ranges defined for the specific requirements of HYSCORE.
In our preliminary paper on the application of the MaxEnt algo-
rithm to HYSCORE data, we investigated non-uniform sampling
(NUS) schemes and determined that about 20% or less of the lin-
early sampled data points were required to accurately compute a
spectrum where the peak positions (frequencies) are faithfully
determined [4]. This established that significant reductions in mea-
surement times are possible with minimal distortions of the fre-
quency spectrum in terms of peak positions. However, we did
not investigate in any detail the sensitivity with respect to detec-
tion of the weakest peaks, the non-linearity of the frequency spec-
trum reconstruction, or the shape of the HYSCORE ridges and
peaks. These aspects therefore warrant a detailed study.

In this paper we explore the use of the maximum entropy
approach and its dependence on aim and def in terms of (1) sensi-
tivity to detect the weakest peaks in the spectrum, (2) ability to
faithfully reconstruct the shape of HYSCORE ridges, and (3) on
the non-linearity of the reconstruction and if it can be character-
ized by the introduction of synthetic peaks with known intensities.
To characterize sensitivity to detect the weakest peaks two data-
sets are utilized; one where only one set of cross-peaks is detected
with a poor signal-to-noise ratio (SNR) and poor spectral resolu-
tion, and a second where many cross-peaks are observed with a
large range of signal intensities and with high spectral resolution.
The sensitivity for constant time experiments and minimum time
experiments for both US + DFT and NUS + MaxEnt are explored.
MaxEnt sensitivity, linearity and shape of HYSCORE ridges on aim
and def are characterized. Lastly, we show how the MaxEnt algo-
rithm applied to linearly sampled data can be used as an alterna-
tive to the routinely employed DFT that suffers from windowing
artifacts. This approach was already investigated in 1995 by Hore
[18] in relation to NMR data processing, but is potentially more rel-
evant to HYSCORE data as normally the time domain data is trun-
cated which results in starred peaks (‘‘sinc wiggles”) in the
frequency domain, a problem exacerbated by peak intensities
which vary by more than an order of magnitude. This characteristic
makes the weakest peaks susceptible to distortions from window-
ing artifacts from the strongest peaks.

2. Methods

2.1. MaxEnt algorithm for spectral reconstruction

Here we provide an overview of aspects of MaxEnt that are
important for this work, in particular HYSCORE. A detailed over-
view of the MaxEnt reconstruction method for NMR spectra is dis-
cussed in detail elsewhere [6,18–22]. The MaxEnt reconstruction of
HYSCORE data was carried out using the Rowland NMR Toolkit
(RNMRTK) [23–25] which finds the spectrum f which maximizes
the entropy Sðf Þ, and which at the same time is consistent with
the experimental (measured) data d. The MaxEnt objective func-
tion Q(f, d) to be maximized is,

Qðf ;dÞ ¼ Sðf Þ � kCðf ;dÞ; ð1Þ
where k is a Lagrange multiplier that determines the relative weight
of the entropy contribution to the objective function. The term C(f,
d) quantifies the fit of the frequency domain reconstruction to the
time-domain experimental data,

Cðf;dÞ ¼
XN
i¼1

mi � dij j2 ¼
XN
i¼1

IDFTðf Þi � di

�� ��2 6 C0 � aim; ð2Þ

where mi is the reconstructed time domain data, computed from
the inverse Fourier transform of f. Experimental data d has N ele-
ments di. The spectrum f is considered to be consistent with dwhen
C(f,d) � C0, where C0 is typically chosen in relation to the experi-
mental noise (as discussed later a good value for HYSCORE is in
the range 0.5 – 0.1 of the data noise level value). Usually in the lit-
erature C0 is referred to as aim, and for the sake of clarity, we will
also refer to aim instead of C0. For a complex phase-sensitive spec-
trum, the entropy can be defined as,

Sðf Þ ¼ �
XN�1

n¼0

f nj j
def

log f nj j=def þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4þ f nj j2=def 2

q� �
=2

� �

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4þ f nj j2=def 2

q
ð3Þ

where def is a scale factor that can be interpreted as a default
value which function f would attain in the absence of experimental
signals (i.e. the data only contains noise) [20]. It can be shown
that the def value can be defined from a quantum-mechanical
derivation [6], but it is more applicable for this application to treat
def as a user adjustable parameter and note that its value influences
the non-linearity of the frequency domain reconstruction. In the
case of HYSCORE the absolute value of the frequency domain data
is used and thus the conventional Shannon entropy could also be
used,
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Sðf Þ ¼ �
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f nj j
def
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f nj j
def

� �
: ð4Þ

Daniell and co-workers [21] compared the usage of both func-
tions (3) and (4), and showed their similarity for positive real fre-
quency data. In this paper Eq. (3) is used. For completeness we note
that for phase-sensitive NMR data the entropy representation
should take the form of Eq. (3), see Ref. [21] for details.

There are two essentially equivalent optimization options for
the RNMRTK MaxEnt algorithm: ‘‘constant k” regime with aim
adjusted during algorithm convergence, or ‘‘constant aim” regime
with k adjusted during algorithm convergence [6,17]. Both
approaches should in principle produce an essentially equivalent
result as the convergence criteria are identical. The advantage of
one approach over the other is discussed in detail in Ref. [17];
for quantification purposes (obtaining a fit relative to the noise
level) the ‘‘constant aim” approach is generally the most reliable
and is used in our work. Setting aim to a very small number results
in the reconstructed time-domain data m fitting very accurately to
the experimental data d, which in the extreme case results in the
MaxEnt spectrum being fitted also to the noise.

2.2. Defining aim from the data noise level

To define an aim value the noise level of the spectrum is
required. In NMR, this can be conveniently achieved using the root
mean square (RMS) deviation of the data at the end of the FIDs in
the direct dimension where the signals have essentially decayed to
zero and only noise remains. Since both dimension in HYSCORE are
indirect, this can be problematic as the time traces are invariably
truncated in both dimensions. A simple approach is to carry out
a second short experiment where only one HYSCORE trace is
recorded for a time sufficient that the signal, the ESEEMs, have
decayed to zero. We used this approach in this work. A second
approach is to calculate noise in the frequency-domain at a
signal-free area and convert this to time-domain noise [22] using
Parseval’s theorem. In this paper both methods were trialed and
give essential the same value for aim in all cases. Note that the
frequency-domain option is not sensible if only NUS time-
domain data is available as a FT in this case is not reliable. In a third
elegant approach noise can be analyzed in the time domain from a
set of individual scans which circumvents the need to remove the
baseline as described in the supporting information of Ref. [26].

2.3. Experimental

HYSCORE spectra were recorded with the four pulse sequence
shown in Fig. 1. A 4-step phase cycle was used to remove
unwanted echoes [1]. Three X-band HYSCORE datasets at 15 K
were collected for analysis, all on a P450 enzyme (ca. 400 lM
loaded into an OD 3.8 mm quartz EPR tube) at an observer position
close to the g2 position in the middle of its frozen-solution CW EPR
spectrum (B0 � 310 mT, microwave frequency �9.748 GHz). Peak
assignments are given in Fig. S1 for completeness. All experiments
had pulse lengths of tp = 16 ns, tp/2 = 16 ns, and both t1 and t2 times
start at t0 = 32 ns. The individual datasets used the following

parameters. Dataset-1: 125 � 125 points, time increments
Dt = 20 ns (Nyquist frequency 2 � 25 MHz, t1, t2 = 2480 ns), repeti-
tion time 0.7 ms, total acquisition time ca. 4 min. A total of 40 indi-
vidual HYSCORE data matrices were recorded, each is referred to as
1 accumulation. Dataset-1 exhibits a very low signal-to-noise ratio

(SNR). Dataset-2: 400 � 400 points, time increments Dt = 18 ns
(Nyquist frequency 2 � 27.78 MHz, t1, t2 = 7182 ns), repetition
time 1 ms, total acquisition time ca. 11 min. A total of 40 individual
HYSCORE data matrices were accumulated. Dataset–2 has a high
resolution and a high SNR. Dataset 3: 200 � 200 points, time incre-
ments of Dt = 16 ns (Nyquist frequency 2 � 31.25 MHz, t1,
t2 = 3184 ns), repetition time 0.7 ms. A total of 200 accumulations
were recorded as 1 HYSCORE time-domain matrix with a total
acquisition time of ca. 202 min. Dataset-3 has acceptable spectral
resolution and a high SNR. The SNRs for these data sets were
obtained by adjusting the number of acquisitions and reducing
the sample concentration and sample position within the res-
onator to achieve the desired signal intensity.

Maximum entropy (MaxEnt) reconstructed spectra were com-
puted using the Rowland NMR toolkit version 4 (http://rnmrtk.
uchc.edu/rnmrtk/RNMRTK.html). The jittered exponential sam-
pling algorithm incorporated in the program sched3d (version 5)
[27] was used to generate the schedule for non-uniform sampling
(NUS). The NUS scheme employed here for HYSCORE with two
time-axes comprises a sparse matrix Nrc with an exponentially
decaying density of points in both dimensions generated according
to [4]

Nrc ¼ Rrc
1= exp �t1;c=Tsð Þexpð�t2;r=TsÞ; ð5Þ

where time constant Ts is the same in each dimension for HYSCORE
data, and Rrc is a random number, i.e. between 0 and 1. Only the (t1,
t2) time points with Nrc values above a user set NUS cut-off value are
kept. In this work the NUS level is given by variable nus, the fraction
of (t1, t2) time points relative to the equivalent US scheme. For the
combination of best sensitivity and resolution Ts is optimally
adjusted in relation to the transverse relaxation times T*2n of the
nuclear coherences (Ts � 0.3 � T*2n) [8]. T*2n can be determined in
a separate experiment measuring one long time trace of a HYSCORE
experiment and determining from it when the ESEEMs decay to the
noise level (e.g. inset in Fig. 7A). This trace serves to determine the
time trace length required for maximum spectral resolution and can
also be used to compute the noise level for setting an aim value for
the MaxEnt algorithm (as discussed above).

MaxEnt reconstructions were performed in two dimensions
using the program msa2d which requires the input parameters
aim and def. During spectrum optimization k is treated as an
adjustable parameter and convergence is reached when Q(d,f) is
maximized and C(f,d) � aim (Eqs. (1) and (2)). The computation
requires the number of points and the maximum frequency of
the MaxEnt spectrum to be defined, which was set equal to that
of the US data for ease of comparison to DFT spectra (the criteria
for choosing the minimum time step in a NUS scheme is essen-
tially the same as for the DFT method). Further details of how
these parameters are set within the programs of the Rowland
NMR toolkit are given in the Supporting Information. MaxEnt
spectra were apodized with a Gaussian window function (convo-
lution in the frequency domain) using a time constant consistent
with the resolution governed by the maximum length of the
experimental time traces unless otherwise stated (Fig. 6 is an
exception).
3. Results

Our principal goal is to quantify and compare the sensitivity,
resolution and linearity of HYSCORE spectra computed using US
data with the DFT (US + DFT) to that of NUS data reconstructed
with the MaxEnt algorithm (NUS + MaxEnt). Our analysis utilizes
three HYSCORE data matrices with different signal-to-noise ratio
(SNR) and spectral resolution (time trace lengths) all collected on
a low-spin cytochrome P450 enzyme sample. These are referred
to as dataset-1, dataset-2 and dataset-3 (see the Experimental sec-
tion). Throughout aim and def are given relative to the noise level
of the experimental data.

http://rnmrtk.uchc.edu/rnmrtk/RNMRTK.html
http://rnmrtk.uchc.edu/rnmrtk/RNMRTK.html
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3.1. Sensitivity and resolution

To quantify the sensitivity and resolution of a HYSCORE exper-
iment computed from the US + DFT and the NUS + MaxEnt meth-
ods data recorded with different numbers of accumulations (nacc)
and hence different SNRs are investigated. Accumulation refers to
the number of signal acquisitions (averages) used to record a
time-domain HYSCORE data matrix, Y(t1,t2). Constant measure-
ment time and minimum measurement time experiments are
characterised in the following.

Firstly, we quantify sensitivity and resolution of HYSCORE data
recorded with a very low SNR and spectral resolution (dataset-1).
This mimics the experimental conditions where sensitivity is a lim-
iting factor as for example in a biological sample with low concen-
trations of paramagnetic centers. Dataset-1 has only sufficient
signal to detect just one pair of cross-peaks with a SNR of
snr = 2.6, 3.1 after summing nacc = 40 accumulations of US data
and using the DFT (Fig. 2A and Table 1). In this paper the SNR of
a peak is computed as,
Fig. 2. HYSCORE spectra for dataset-1 computed with US + DFT and with NUS + MaxEnt
SNR. Constant time experiments: (B) DFT spectrum, nacc = 4; (C) MaxEnt spectrum with nu
aim = 0.5, def = 0.01. Inset in (C) and (D) shows the density of points for the random exp
snr ¼ I=ð2:5� noise� rmsÞ; ð6Þ

where I is the mean of the signal intensity computed from the top
5% of points of a HYSCORE peak and noise-rms is the root-mean-
square of a region of the spectrum where there is no signal. The
denominator of (2.5 � noise-rms) in Eq. (6) is the approximate level
at which peaks become discernable from noise. This level was care-
fully chosen by examination of HYSCORE contour plots. A snr � 1
thus indicates that no peak is detected.

Fig. 2B was computed using the same US + DFT method as in
Fig. 2A but with HYSCORE data having only nacc = 4 accumulations
and there are now no cross-peaks definitively detected in the spec-
trum. The SNR of the two cross-peaks is estimated as snr = 0.9, 1.0
(Table 1). For this calculation the peak intensities are estimated by
scaling the corresponding peak intensity from the nacc = 40 accu-
mulation data where they are well defined. To investigate sensitiv-
ity using the NUS + MaxEnt methodology the total experiment
time was kept constant to that used for the nacc = 4 data and NUS
data was constructed using fewer points but more averages per
for different number of accumulations (nacc). (A) DFT spectrum, nacc = 40, maximum
s = 0.2, nacc = 20, aim = 0.5, def = 0.01; (D) MaxEnt spectrum with nus = 0.1, nacc = 40,
onential NUS scheme with Ts = 1.020 ls in Eq. (5) (t1, t2 = 2.480 ls).



Table 1
Sensitivity parameters for dataset-1 (t1, t2 = 2.480 ls) using US + DFT and NUS + MaxEnt methodologies. Compared are HYSCORE data acquired with ‘Constant Measurement
Time’, and ‘Minimum Measurement Time to Detect Peaks’. snr and sME values are for the two weak cross-peaks detected using the US + DFT and NUS + MaxEnt methods,
respectively. NUS(Ts ls) indicates the sampling density time constant in Eq. (5) and T*2n � 6 ls. Parameters aim and def are given relative to the noise level.

Methodology Points nacc Relative Total Time snr sME aim def

US 125 � 125 40 10 2.6,3.1 – – –

Constant measurement time
US 125 � 125 4 1 0.9, 1.0 – – –
NUS(1.02 ls)a 20% (3125) 20 1 2.0, 2.3 3.3, 3.2 0.5 0.005
NUS(1.02 ls)a 10% (1562) 40 1 2.6,3.1 1.8, 3.0 0.5 0.005

Minimum measurement time to detect peaks
US 125 � 125 6 1 1.4, 1.4 – – –
NUS(1.02 ls)a 20% (3125) 8 0.26 1.6,1.7 1.7, 1.6 0.5 0.005
NUS(1.02 ls)a 10% (1562) 10 0.17 1.8,2.1 2.4, 3.0 0.5 0.005

a Ts was set to a value less than 0.3 � T*2n � 1.8 ls which was found to increase sensitivity but with the loss of resolution (which is already limited with t1, t2 = 2.480 ls).
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point. Two NUS levels were employed, [nus = 0.2, nacc = 20], and
[nus = 0.1, nacc = 40], which give a sensitivity to detect peaks of
sME = 3.3, 3.2 and sME = 1.8, 3.0, respectively, where sME is calcu-
lated using Eq. (6). Fig. 2C and D demonstrates graphically that
the method is sufficient to detect the peaks at a high confidence
level. Note that for all MaxEnt spectra the SNR is denoted sME to
emphasize that it is not the intrinsic SNR of the raw data. sME

may exceed the intrinsic SNR of the raw data substantially and fur-
thermore it depends upon the user input parameters aim and def as
discussed in detail below. At this stage we note that the ability to
detect a peak (an sME > 1) is not critically dependent upon aim and
def as long as they provide for an acceptable fit of the MaxEnt spec-
trum to the data. In this paper sME can be interpreted as indicating
the statistical significance of detecting a peak.

Thus, increasing the SNR of points by increasing nacc = 4 to
nacc = 20 (40) with a corresponding decrease in the number of
points by 0.2 (0.1) increases the sensitivity to detect weak peaks
with intensities close to the noise level. This result indicates a level
of redundancy in the US HYSCORE data. Note that for the equiva-
lent US data with nacc = 20 (40) the cross-peaks in the DFT spec-
trum have a snr = 2.0, 2.3 (2.6, 3.1) demonstrating that the
intrinsic SNR is in principle sufficient to detect the cross-peaks
(Table 1). This analysis establishes that for a constant time experi-
ment best sensitivity is obtained with the NUS + MaxEnt method.

Key in determining the sensitivity of the MaxEnt spectrum is
the sampling scheme employed. The insets in Fig. 2C and D show
the density of points for the NUS schemes. If a completely random
sampling scheme is employed (Ncr = Rcr in Eq. (5)), then for con-
stant time experiments the MaxEnt spectrum in terms of sensitiv-
ity is very similar to the one computed by the DFT using US data
(data not shown) [28,29]. With random exponential sampling
[10], the best sensitivity is obtained by setting Ts in Eq. (5) relative
to T*2n.

Lastly for dataset-1, the minimum experimental time required
to detect the two prominent cross-peaks was determined for both
the US + DFT and the NUS + MaxEnt methodologies. For US + DFT,
nacc = 6 is required to definitively identify these cross-peaks
with a snr = 1.4, 1.4 (Fig. S2A). The corresponding accumulations
to just resolve the two-cross peak for the NUS + MaxEnt method
was determined as: [nus = 0.2? nacc = 8, sME = 1.7, 1.6] and
[nus = 0.1? nacc = 10, sME = 2.4, 3.0] (Fig. S2B/C). This indicates that
the maximum time saving to record a spectrum where the two
prominent cross-peaks are just detected is 0.26 (nus = 0.2) and
0.17 (nus = 0.1). A summary of the sensitivity parameters for
dataset-1 is given in Table 1.

Because of the non-linearity of the MaxEnt reconstruction with
weaker peaks attenuated relative to stronger ones, it is not
straightforward to scale these results easily (in a linear manner)
for HYSCORE data with an arbitrary accumulation nacc to
estimate MaxEnt sensitivity. However, the analysis above
establishes a guideline for the sensitivity improvements when
the signal-to-noise-ratio of the entire spectrum is close to the noise
level – an important case where efforts to improve peak detection
are key.

The above analysis on dataset-1 was carried out on information
poor data where only two HYSCORE cross-peaks are definitively
detected. In contrast dataset-2 contains a large number of detected
peaks and ridges above the noise level which have a large signal
intensity variation with a range of 50.2 (largest/smallest peak
intensity). The DFT spectrum of dataset-2 determined from US data
(400 � 400 points) measured with the best SNR experimentally
available, nacc = 40 accumulations, is shown in Fig. 3A. Dataset-2
also has a high spectral resolution with the time trace length (t1,
t2 = 7.182 ls) being significantly longer than dataset-1 (t1,
t2 = 2.480 ls) and just long enough for peak widths in the HSYCORE
spectrum to be governed by the intrinsic nuclear transverse relax-
ation times T*2N. This was ascertained by shortening the Gaussian
apodization window time constant methodically and observing
where peaks start to broaden.

The same type of analysis as for dataset-1 was carried out on
dataset-2, concentrating however on the sensitivity of the method-
ology to detect the weakest peaks in the presence of many signif-
icantly stronger ones. These weakest peaks are �1/50 of the
maximum peak intensity of the HYSCORE spectrum and are due
to (1H, 14N) and (14N, 14N) combination peaks and are marked in
Fig. 3A as p1 to p3 (peak assignments are given in Fig. S1). With
the US + DFT method and nacc = 4, these weak peaks are not
observed in the HYSCORE spectra (Fig. 3B) and are well below
the detection limit with predicted SNRs of snr = 0.8–1.1 (see
Table 2). As for dataset-1, these peaks are easily detected in NUS
+ MaxEnt spectra of the same overall measurement time but
recorded with (nus = 0.2, nacc = 20), and (nus = 0.1, nacc = 40) as
shown in Fig. 3C/D. The intrinsic data snr and sME of the peaks p1
to p3 for these cases are listed in Table 2, along with the aim and
def values. Lastly, the minimum number of accumulations required
to just detect the weak combination peaks p1–p3 was determined
for the US + DFT spectrum and the NUS + MaxEnt spectra at 20%
and 10% of the points of the US data matrix; for US + DFT? nacc = 7
accumulations; nus = 0.2? nacc = 9 accumulations per point;
nus = 0.1? nacc = 13 accumulations per point. This represents a
time saving of 0.25 and 0.19 for nus = 0.2 and nus = 0.1,
respectively.

To match the experimental time of the best NUS + MaxEnt spec-
trum with nus = 0.1, the US HYSCORE data matrix could be reduced
to 172 � 172 points. This then yields a spectrum with sensitivity
comparable to the NUS + MaxEnt case but with a very significant
loss of spectral resolution with peaks significantly broadened
(Fig. S3). Dataset-2 thus demonstrates that very high resolution
HYSCORE spectra can be recorded in a significantly faster time than
the equivalent high resolution US + DFT spectrum.



Fig. 3. HYSCORE spectra for dataset-2 computed with US + DFT and with NUS + MaxEnt for different numbers of accumulations (nacc). The contour level cutoff was set to
�2.5 � noise-rms for spectra B, C and D. (A) DFT spectrum, nacc = 40, maximum SNR. Constant time experiments: (B) DFT spectrum, nacc = 4; (C) MaxEnt Spectrum with
nacc = 20, nus = 0.2, aim = 0.5, def = 0.01; (D) MaxEnt spectrum with nacc = 40, nus = 0.1, aim = 0.5, def = 0.01. Inset in (C) and (D) shows the density of points for the random
exponential NUS scheme with Ts = 1.800 ls in Eq. (5) (t1, t2 = 7.182 ls).

Table 2
Sensitivity parameters for dataset-2 (t1, t2 = 7.182 ls) using US + DFT and NUS + MaxEnt methodologies. Compared are HYSCORE data acquired with ‘Constant Measurement
Time’ and ‘Minimum Measurement Time to Detect Peaks’. snr and sME values are given for the six weakest cross-peaks p1 to p3 using the US + DFT and NUS + MaxEnt methods,
respectively. NUS(Ts ls) indicates the sampling density time constant in Eq. (5) and T*2n � 6 ls. Parameters aim and def are given relative to the noise level.

Methodology Points nacc Relative Total Time snr peaks p1 to p3 sME peaks p1 to p3 aim def

US 400 � 400 40 10 1.7/1.3, 2.3/2.2, 2.5/2.1 –

Constant measurement time
US 400 � 400 4 1 0.9/0.8, 1.0/0.9, 1.1/1.0 –
NUS(1.8 ls) 20%a 20 1 1.3/1.1, 1.6/1.7, 1.9/1.7 3.9/2.6, 4.9/4.9, 5.3/5.5 0.5 0.01
NUS(7.9 ls) 20%a 20 1 ‘‘ ” 1.5/1.2, 1.6/1.8, 1.9/1.7 0.5 0.01
NUS(1.8 ls) 10%b 40 1 1.7/1.3, 2.3/2.2, 2.5/2.1 5.2/3.9, 6.9/7.2, 7.5/8.0 0.5 0.01
NUS(7.9 ls) 10%b 40 1 ‘‘ ” 1.5/1.6, 4.7/1.6, 1.0/2.6 0.5 0.01

Minimum measurement time to detect peaks
US 400 � 400 7 1 1/0.9, 1.1/1.1, 1.3/1.1 – – –
NUS(1.8 ls) 20%a 9 0.25 1/0.9, 1.2/1.2, 1.4/1.3 2.1/1.8, 3.2/3.2, 3.6/3.9 0.5 0.01
NUS(1.8 ls) 10%b 13 0.19 1.3/1.1, 1.6/1.7, 1.9/1.7 2.3/1.5, 2.8/2.6, 3.2/3.3 0.5 0.01

a 20% of 400 � 400 points is 32,000 points.
b 10% of 400 � 400 points is 16,000 points.
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The analysis above for dataset-1 and dataset-2 concentrated on
sensitivity to detect peaks, and thus on defining the frequencies
measured in a HYSCORE experiment. Typically, this is the most
important information available and simulation of the HYSCORE
frequencies enables the magnetic parameters to be extracted.
Theoretically the intensities (determined by coupling and relative
orientation of the g-matrix, hyperfine matrix, etc) contain informa-
tion on the interaction matrices and ideally should be matched by
simulation to improve accuracy and solution uniqueness. However,
approximations in the simulation generally make this information
difficult to utilize (e.g. a simplified two- or three-spin system is
simulated, relaxation is not included, square pulses are assumed)
but nevertheless the linearity of the transformation is investigated
in the following.

3.2. Linearity and sensitivity of the transformation on aim and def

An ideal property of the transformation of time domain data
into the frequency domain is linearity of the transformation.
Whilst this is guaranteed with the discrete Fourier transformation,
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the linearity of a Maximum Entropy reconstruction depends upon
the choice of the algorithm parameters aim and def. To investigate
the effect of aim and def on the linearity of the transformation, and
additionally the sensitivity, MaxEnt spectra were computed for a
wide range of aim and def combinations: aim = 1, 0.5, 0.1, 0.01,
0.001 and def = 100, 10, 1, 0.1, 0.01, 0.001. For this analysis
dataset-2 with high resolution is utilized and additionally the
time-domain data were augmented with synthetic Lorentzian
peaks with known amplitudes A and frequency positions (m1, m2),
Lðt1; t2Þ ¼ A� expð�t1=T � t2=TÞcosð2pm1t1 þ 2pm2t2Þ ð7Þ

The aim of the synthetic peaks is to determine if it is possible to
quantify and potentially correct the non-linearity of a MaxEnt
spectrum for a particular aim and def. In our protocol ten Lorent-
zian peaks were added to the time domain data with amplitudes
evenly spaced from the most intense experimental peak to the data
noise level and time constant T = 2.0 ls (t1/t2 = 7.182 ls). This type
Fig. 4. Comparison of DFT and MaxEnt intensities for aim = 0.5 and def = 0.01 for dataset
which span the range of signal intensities in the data. Synthetic Lorentzian peaks are
intensities are scaled so that the strongest peak has intensity 1. The data shows the typica
relative to stronger ones. (B) and (C) show the projection of the DFT and MaxEnt HYSCOR
marked ‘a’ is larger in the MaxEnt spectrum, whereas ‘b’ and ‘c’ are larger in the DFT sp
of synthetic peak method has been applied to NMR data in order to
ascertain the degree of non-linearity on the MaxEnt transformation
[6,17].

The non-linearity was characterised by plotting DFT peak inten-
sities against those obtained from MaxEnt as shown in Fig. 4A for a
representative case with aim = 0.5 and def = 0.01. The experimental
data points indicated by the ‘o’ comprise 31 peaks and regions of
ridges which were chosen to cover the signal intensity range of
the data. Synthetic peaks are indicated by the ‘+’ and are joined
by a dotted line as a guide for the eye. All intensities are deter-
mined as an average of the top 5% of points (intensities) over the
defined spectral region of the peak. The non-linearity observed in
the synthetic peaks follows the general trend of the experimental
peaks, with smaller amplitudes attenuated more relative to stron-
ger ones in the MaxEnt spectrum, as expected. However, experi-
mental peaks do not follow a simple monotonic trend that would
allow the MaxEnt spectrum to be simply scaled with a calibration
curve to accurately recover signal intensity linearity. This is
-2. (A) DFT vs MaxEnt peaks intensities. ‘o’ shows 31 experimental peak intensities
shown as ‘+’ and are joined by a line as a guide to the eye. Both DFT and MaxEnt
l trend for MaxEnt transformations where weaker peaks are increasingly attenuated
E spectra onto the m1 axis, respectively, for the data used to construct (A). The peak
ectrum.
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demonstrated in Fig. 4B/C which plots the data from which Fig. 4A
was constructed as a projection of the 2D spectrum onto the m1
axis. Three peaks are highlighted; ‘a’ which is relatively stronger
in the MaxEnt as compared to the DFT spectrum, and ‘b’ and ‘c’
where the corresponding peak is strongest in the DFT spectrum.
Evidently, the NUS scheme introduces error or uncertainty in the
intensities which cannot be faithfully recovered. Given this prop-
erty the NUS + MaxEnt method is most useful in its ability to deter-
mine accurately spectrum frequencies, but some information on
the exact intensities is lost. The addition of synthetic peaks allow
the degree of non-linearity to be estimated but not accurately
quantified.
Fig. 5. Sensitivity of the NUS + MaxEnt method to detect the weakest HYSCORE
peak in dataset-2 for a range of aim and def values. The black horizontal line shows
the related intrinsic SNR of the corresponding US + DFT peak (nacc = 20) as the
MaxEnt data (nus = 0.2, nacc = 20).

Fig. 6. HYSCORE spectra highlighting the distortion of the ridges as def is decreased fo
+ MaxEnt spectra for aim = 0.5 with def = 0.5 (B), def = 0.01 (C), and def = 0.0001 (D). All
nus = 0.2, nacc = 20. No window function was used on the MaxEnt spectra.
In addition to the non-linearity properties of the MaxEnt trans-
formation it is instructive to investigate how sensitivity (to detect
peaks) depends upon the choice of def and aim. For this purpose a
weak peak in the spectrum of dataset-2 was chosen and sME plotted
for a wide range of aim and def values, Fig. 5. The data show that
sME is approximately constant when def > 1 for the range of aim val-
ues analyzed. With def < 1, sME increases rapidly with the best sME

result having aim � 0.5 and the smallest def. The SNR of the corre-
sponding US + DFT data with nacc = 20 is shown as the black hori-
zontal line. The data demonstrate that for HYSCORE a good
choice for aim is in the range 0.5–0.1. Decreasing def < 1 increases
the sensitivity or significance to detect weak peaks, but at the cost
of increases in the non-linearity of the obtained spectrum [17].
This feature can be particularly disadvantageous when ridges with
a large intensity variation are present in the spectrum as is typi-
cally the case for HYSCORE, as then the ridge itself can become
quite distorted and potentially difficult to interpret. This is demon-
strated in Fig. 6 for an extreme range of def values. In this figure the
MaxEnt spectra were not apodized with a Gaussian window func-
tion to highlight the def dependence (Fig. S4 shows the correspond-
ing data but with a window function applied with a time constant
consistent with the resolution set by the time trace length).
3.3. Advantages of MaxEnt over the DFT for linearly sampled data

For linearly sampled data, an advantage of the MaxEnt transfor-
mation over the DFT is that there is no truncation of the time-
domain data required; the MaxEnt spectrum is optimized in the
frequency domain and only inverse Fourier transformed to the
time-domain to compare to the experimental data during the opti-
mization [30]. Thus MaxEnt does not suffer from time-domain
truncation artifacts, ‘sinc wiggles’ or ‘starred peaks’. Starred peaks
resulting from the truncated time-domain traces can potentially
overlap with weak real peaks and make data analysis inconclusive.
This is shown in Fig. 7 for dataset-3 that has trace lengths
t1/t2 = 3.148 ls. The DFT spectrum shown in Fig. 7A used a
r dataset-2 in the spectral region below 6 MHz. US + DFT spectrum (A) and NUS
spectra have the same measurements time: US + DFT? nacc = 4; NUS + MaxEnt?



Fig. 7. HYSCORE spectra computed from dataset-3 all uniformly sampled. (A) US
+ DFT spectrum computed after application of a Gaussian window function with
time constant Tapz = 2.000 ls (see inset). (B) US + MaxEnt spectrum with aim = 0.1
and def = 0.01. Starring ridges from the strongest peak which distorts weak peaks in
the DFT spectrum are absent in the MaxEnt spectrum, see for example p3 to p5.
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Gaussian window function with a time constant Tapz = 2.0 ls (see
inset). The strongest cross-peaks at (�7, 4) MHz and (�4, 7) MHz
exhibit starred ridges which overlap with a number of weak
cross-peaks some of which are highlighted, see p3 to p5. The win-
dowing artifacts are removed in the MaxEnt spectrum as shown in
Fig. 7B computed with aim = 0.1 and def = 0.01. Peak p3 for exam-
ple is detected at high significance with a sME = 3.9 and is now not
distorted by a starred peak. In the MaxEnt spectrum some of the
weakest peaks have an apparent lower SNR (detection sensitivity)
than in the DFT spectrum, see for example peaks p6. This is depen-
dent largely upon the exact choice of aim and def; with the current
parameters these peaks are still detected and their shape reason-
ably preserved. Finally, the MaxEnt spectrum still exhibits an arte-
fact ridge, now very weak, parallel to the m1 axis for m2 � 7 MHz.
This cannot be from a windowing artefact so must belong to an
unwanted feature in the data itself (unknown but potentially
caused by inaccuracies in removing the baseline).
4. Discussion

In this paper we compare and characterize how the methodolo-
gies of US + DFT and NUS + MaxEnt perform on a number of
HYSCORE datasets with distinct properties. Firstly the sensitivity
of the two methods were investigated on data where the signal
intensity is at the limit to definitively detect just one pair of
cross-peaks in the spectrum. This data (dataset-1) has a very poor
SNR and short t1/t2 time traces, measurement conditions that may
be encountered for example on biological samples with low con-
centrations of paramagnetic centers. For HYSCORE experiments
with a constant measurement time it was shown that the NUS
+ MaxEnt method outperforms US + DFT by about a factor of 5.
Importantly, for a constant time experiment where US + DFT was
unable to detect the cross-peaks, MaxEnt was sensitive enough
to detect these peaks.

In contrast to dataset-1, dataset-2 has many detected cross-
peaks with a large range of signal intensities, with the weakest
peaks close to the noise level. Dataset-2 has very long time traces
such that the spectral resolution is close to the intrinsic linewidth
set by spin system relaxation. Reductions in the NUS + MaxEnt
measurement time as compared to the US + DFT measurement
time by about a factor of 5 were again observed with an optimal
choice of the sampling time Ts in the NUS scheme (Eq. (5)), i.e. Ts
� 0.3 � T*2n. This relationship is consistent with results from
NMR studies [8]. The sampling scheme is key in determining the
maximum sensitivity that can be obtained. If uniform weighting
is employed in the NUS scheme (i.e. Ncr = Rcr in Eq. (5)), there is
no sensitivity advantage in the NUS + MaxEnt method as compared
to the US + DFT method for a constant-time experiment (but there
may be a resolution enhancement).

We characterized the non-linearity (Fig. 4) and sensitivity
(Fig. 5) of MaxEnt spectra for a range of the user input parameters
aim and def. Results show that aim and def should be at or below
the noise level of the spectrum. A similar trend was observed in
all HYSCORE data investigated, we thus suggest that a suitable,
wide general range has aim = 1–0.1, and def = 1–0.001. Significantly
smaller def values result in very large attenuations of the weakest
signals. In the extreme case of very low def, severe distortion of
HYSCORE ridge intensities may result because these intensities
can vary strongly across a ridge and the significant MaxEnt inten-
sity dependent attenuation makes the data difficult to interpret as
a ridge may be broken into segments (Fig. 6). Results indicate that
satisfactory HYSCORE spectra with acceptable ridge shape using
NUS + MaxEnt can in general be obtained by searching in the range
aim = 0.5–0.1 and def = 0.1–0.01.

Within the NMR literature there are three major regimes of
choosing aim (or k) and def: automated maximum entropy recon-
struction (AUTO) [25], maximum entropy interpolation (MINT)
[13], and Shannon-weighted augmentation of reconstruction
(SHARP) [31]. AUTO uses aim set to the experimental noise level
and the scaling factor def is based on aim and the number of data-
set points, for HYSCORE def ¼ aim� ffiffiffiffiffiffiffiffiffiffiffiffiffiðM=N

p Þ ¼ aim as M = N
(equal number of rows and columns in a time-domain matrix).
MINT [13] was introduced by Paramasivam and co-workers where
the main strategy is to set aim lower than the noise level, and then
def = aim. This can leads to overfitting of the solution for extremely
low aim values. In SHARP [31] the approach is similar to AUTO,
with aim set at the noise level but def = aim/103. We investigated
these regions in our analysis. For HYSCORE applications we suggest
operating in the region aim = 0.5–0.1 and def = 1–0.01, the approx-
imate space covered by AUTO and SHARP. The lower def in SHARP
gives higher sensitivity but tends to distort HYSCORE ridge inten-
sities because of the larger non-linearity, AUTO has a larger def
and thus better linearity is obtained in the MaxEnt spectrum.

Recently Zambrello and co-workers introduced an automated
procedure to determine the optimum MaxEnt parameters (NUS
scheme, aim and def values) for computation of spectra for
solution-state NMR data containing many peaks. The method,
in situ/receiver operating characteristic (IROC), is based on an
in situ analysis of synthetic peaks introduced to an NMR spectrum.
IROC uses two main metrics, recovery rate and false discovery rate,
which are calculated as a function of the detection threshold, result-
ing in an IROC curve. The recovery rate is the fraction of synthetic
peaks that are recovered, and the false discovery rate is the fraction
of total peaks that are false positive (signal falsely identified as a
peak). The detection threshold is set to a fraction of the estimated
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spectrum noise. In this paper we considered sensitivity to detect
peaks as a function of aim, def and the level of NUS, only introducing
synthetic peaks to investigate non-linearity. For optimization of
MaxEnt HYSCORE spectra we suggest computations within the sug-
gested aim and def ranges (aim = 0.5–0.1 and def = 0.1–0.01) and a
careful examination of spectra with an emphasis on the identifica-
tion of cross-peaks to ensure only real peaks are identified. Given
the relatively small number of peaks in a HYSCORE spectrum and
the appearance of these peaks in characteristic regions of the spec-
trum, an automated peak detection procedure like IROC will gener-
ally not be required for HYSCORE data.

Because the HYSCORE spectrum has symmetry with respect to a
pair of cross-peaks around the diagonals in both (+,+) (� (�,�)) and
(�,+) (� (+,�)) quadrants, it is perhaps advantageous to use this
property in the MaxEnt algorithm, i.e. symmetrize the time-
domain data matrix, Ysymm = ½(Y + Yy) (where y indicates trans-
pose), and then in the frequency domain only intensities of ½ of
the spectrum in the (+,+) and (�,+) quadrants would need to be
optimized. However, we did not pursue this approach as the
appearance of a pair of cross-peaks enables confidence to assign
them as real rather than noise. Removing this useful property will
likely result in many wrong assignments (false negatives in the
MaxEnt spectrum).

5. Conclusion

HYSCORE is a widely used high-resolution pulse EPR technique
but has the disadvantage of long measure times due to the point-
by-point data acquisition demanded by two indirect dimensions.
Long measurement times are required to obtain data with long
time traces and thus high spectral resolution (increasing with N2

where N is the number of points in each dimension). The sensitiv-
ity of the NUS + MaxEnt method was characterized for HYSCORE
data with a low SNR and short time traces, and for data recorded
with a high SNR and spectral resolution (long time traces). In all
cases NUS + MaxEnt outperforms the US + DFT method in terms
of sensitivity and resolution, but with the disadvantage of losing
linearity of the signal intensities in the transformation, the degree
of which depends upon the user input parameters aim and def. The
time saving and sensitivity enhancement depends critically on
employing a weighted NUS scheme, and consequently for mea-
surement of high-resolution spectra the NUS + MaxEnt method is
most impressive and beneficial. MaxEnt may also find application
to transform uniformly sampled HYSCORE data to the frequency-
domain as unlike the DFT it does not transform truncated time-
domain data which produces ‘starred peaks’ in the frequency-
domain.

Current commercial EPR spectrometers are not configured opti-
mally to support non-uniform sampling schemes that would
greatly benefit multi-dimensional pulse EPR experiments with a
number of indirect dimensions. Incorporating such a capability
into existing spectrometers and in the design of new spectrometers
we believe will open up many new exciting possibilities.
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