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Abstract
We explain how to conduct a pseudo-3D relaxation series NUS measurement so that it can be reconstructed by existing 3D 
NUS reconstruction methods to give accurate relaxation values. We demonstrate using reconstruction algorithms IST and 
SMILE that this 3D approach allows lower sampling densities than for independent 2D reconstructions. This is in keeping 
with the common finding that higher dimensionality increases signal sparsity, enabling lower sampling density. The approach 
treats the relaxation series as ordinary 3D time-domain data whose imaginary part in the pseudo-dimension is zero, and 
applies any suitably linear 3D NUS reconstruction method accordingly. Best results on measured and simulated data were 
achieved using acquisitions with 9 to 12 planes and exponential spacing in the pseudo-dimension out to ~ 2 times the inverse 
decay time. Given these criteria, in typical cases where 2D reconstructions require 50% sampling, the new 3D approach 
generates spectra reliably at sampling densities of 25%.
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Abbreviations
1D  One-dimensional
2D  Two-dimensional
3D  Three-dimensional
DFT  Discrete Fourier transform
FID  Free induction decay
IST  Iterative soft thresholding reconstruction
nD  Multidimensional
NMR  Nuclear magnetic resonance spectroscopy
NUS  Non-uniformly sampled
RF  Radio frequency
SMILE  Sparse multidimensional iterative line shape 

enhanced reconstruction

Non-uniform sampling (NUS) methods can provide better 
spectral quality with less measurement time (Hyberts et al. 
2014; Mobli and Hoch 2014; Robson et al. 2019). NUS 
reduces experiment time by collecting only a fraction of the 
total data within the uniform grid of time domain points 
in the indirect dimensions, necessitating the use of non-
Fourier methods to reconstruct spectra. Several sampling 
strategies have been explored, including sampling densities 
that are uniform-random, exponentially weighted, or Pois-
son-gap weighted according to sine and cosine distributions 
(Barna et al. 1987; Schmieder et al. 1994; Hyberts et al. 
2010; Hyberts et al. 2012). Likewise, many NUS reconstruc-
tion algorithms have been demonstrated, including MDD 
(Orekhov and Jaravine 2011), IST (Stern et al. 2007; Hyberts 
et al. 2012), SMILE (Ying et al. 2017), and others (Bostock 
and Nietlispach 2017; Hansen 2019), and the effects of the 
sampling schedule on artifacts in reconstructed spectra have 
been well characterized (Hoch et al. 2008; Worley and Pow-
ers 2015). Due to the ease of implementing NUS on modern 
NMR spectrometers, and the prevalence of robust recon-
struction methods, NUS has become a prominent method 
for rapid collection of complex NMR spectra, and is widely 
utilized in 2D, 3D and nD experiments for biomolecular 
NMR where resolution of signals is critical. However, NUS 
is not widely used in experiments probing protein dynamics 
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(i.e. relaxation). This can be attributed to the importance 
of the relative signal intensity in relaxation parameter fit-
ting, which is a potential challenge since NUS reconstruc-
tion methods are generally non-linear, and therefore could 
change relative intensities. Early NUS reconstruction tech-
niques emphasized frequency resolution, but spin relaxation 
experiments that rely heavily on quantitation of relative sig-
nal intensities across a series of spectra (Loria et al. 1999; 
Kleckner and Foster 2011) have not benefited as widely from 
NUS despite the emergence of better reconstruction methods 
(Linnet and Teilum 2016; Urbanczyk et al. 2017). Given the 
ever-increasing body of work suggesting that protein dynam-
ics spanning the full breadth of NMR-detectable timescales 
are necessary for understanding protein function (Lisi and 
Loria 2016; Maria-Solano et al. 2018) and pharmacody-
namics (Amaral et al. 2017), it is useful to optimize NUS 
methods that provide access to faithful dynamic information 
within a practical time frame.

Two of the most widely utilized spin relaxation experi-
ments, T1 and T2, are collected as a set of 2D frequency 
domain spectra, where each 2D spectrum is measured 
with a set T1 or T2 delay, τ, as reviewed in (Palmer 2004). 
Therefore, these experiments can be collectively consid-
ered a pseudo-three-dimensional (pseudo-3D) experiment 
where the directly detected dimension (1Η) and indirectly 
detected dimension (15Ν) can be processed by Fourier trans-
form. The pseudo-3rd dimension is the dynamic dimension, 
which remains unprocessed as time domain data with each 
2D plane corresponding to a value of τ. The relative intensity 
of each signal in the final processed spectral series is fit to an 
exponential decay to extract the relaxation time:

where I(τ) is the relative intensity with a relaxation delay of 
time τ in seconds, I0 is the initial intensity, and α is the char-
acteristic decay time of the signal (T1 or T2) in seconds. The 
common practice for these series measurements is to use τ 
values in random order to redistribute systematic errors due 
to temperature fluctuation and sample stability.

This methodology has become ubiquitous for extracting 
dynamic information from biomolecules by NMR. However, 
in order to obtain accurate and precise relaxation parameters, 
the resonance intensity for every 2D plane of the pseudo-
3D dataset must be faithfully reconstructed, which can be 
challenging when non-Fourier methods are used (Schmieder 
et al. 1997). Pseudo-3D NUS relaxation data have been 
effectively treated by methods such as Matrix Decompo-
sition, at the expense of including a fully sampled initial 
dataset and ~ 16 planes (Kazimierczuk and Orekhov 2011; 
Orekhov and Jaravine 2011; Qu, Mayzel et al. 2015; Linnet 
and Teilum 2016).
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In this work, we introduce a simple approach for NUS 
reconstruction of pseudo-3D datasets (pseudo-NUS) that 
can use existing NUS algorithms to reconstruct spectra with 
accurate relative intensities in each plane. This method is 
currently implemented in NMRPipe (Delaglio et al. 1995). 
While we implemented this protocol using IST and SMILE 
algorithms, this methodology can in principle be extended 
to other NUS reconstruction methods. As with the exist-
ing 2D–4D NUS reconstruction tools in NMRPipe, the new 
reconstruction method can be performed by a single com-
mand (Fig. S1), or via a graphical interface (Fig. S2), and 
processing of all conventional and NUS spectra in the cur-
rent work required specification of only phase correction 
options and region of interest limits.

In their successful approach to apply matrix decomposi-
tion to pseudo-3D data, Kazimierczuk and Orekhov note 
that experiments such as relaxation series have a similar 
mathematic form to conventional 3D data, allowing them to 
be treated by the same matrix decomposition approaches. 
Our new method is similarly straightforward: the pseudo-
dimension is simply treated as an additional time-domain 
dimension whose imaginary part is zero, and as if the time 
increment between points is uniform. Conventional 3D NUS 
reconstruction is employed to generate a 3D spectrum, and 
then the pseudo-dimension is inverse transformed to gener-
ate the interpolated pseudo-3D result (Fig. S1). Here, we 
show that this method can be used to reconstruct sparsely 
sampled T1 and T2 data and that these reconstructed spectra 
can be used to extract accurate relaxation parameters.

While the effects of relaxation measurement parameters 
have been well characterized (Baselice et al. 2014), we char-
acterized these details in the context of this new method. 
To test the ability of pseudo-NUS to reconstruct pseudo-3D 
data with accurate relative intensities, fully sampled T1 and 
T2 datasets were collected on the HNH domain from S. pyo-
genes CRISPR-Cas9 (East et al. 2020) using a standard set 
of 10 total relaxation delays containing three repeated τ val-
ues, with 1024 complex points in the 1H dimension and 128 
complex points in the 15 N dimension. An additional fully 
sampled T2 dataset was collected using a set of 12 delays 
and no duplicate τ values, and with the last four planes out 
of τ order. The 2D planes of these spectra contain about 130 
peaks, with noise levels ~ 0.2% of the largest signals. Acqui-
sition and processing details are given in Fig. S1.

Figure 1 compares spectra from fully sampled data and 
the same data resampled at 25% uniform random density, as 
reconstructed by the new 3D pseudo-NUS method (Fig. 1a) 
and with conventional 2D NUS reconstruction of each plane 
(Fig. 1b). As shown, the 3D pseudo-NUS reconstruction 
looks almost identical to the uniformly sampled spectrum, 
while the conventional 2D NUS reconstruction shows sub-
stantial artifacts at this sampling density. In a point-by-point 
comparison of spectral intensities (Fig. 1c), the Pearson’s 
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correlation coefficient between the fully sampled data and 
the 2D IST result was 0.887, while the correlation to the 3D 
result was 0.991. The 3D pseudo-NUS approach provides a 
substantial improvement in the quality of each reconstructed 
plane when compared to a standard IST reconstruction of 
each individual 2D plane, and importantly, the relative inten-
sities of the reconstructed spectrum are closer to the Fourier 
transformed, fully sampled spectrum.

In order for a NUS reconstruction to be successful, the 
signals in the spectrum must be “sparse” (roughly, more 
empty space than signal), the measurement must have a 
sufficient number of samples to account for the number of 
signals in the data, and the sampling schedule should be 
incoherent. (Monajemi and Donoho 2019; Nichols et al. 
2020). It is commonly observed that increasing dimensional-
ity increases signal sparsity, so that an additional dimension 
of even a small number of points can be beneficial for NUS 
(Bostock et al. 2012). For a spectral series with N peaks in 
a plane and M total planes, the new method replaces the 
task of reconstructing NxM 2D signals with the easier task 
of reconstructing N 3D signals. The 3D approach has the 

additional benefit that the pseudo-dimension can introduce 
an addition source of incoherence, improving NUS recon-
struction (Schuyler et al. 2015). As a consequence of signal 
sparsity, the 3D pseudo-NUS method is expected to be more 
effective for cases where the signals have a continuous decay 
in the pseudo-dimension, so that the corresponding Fourier 
transform is a compact pseudo-lineshape at zero frequency. 
The 3D method also requires that the pseudo-dimension has 
enough points for a meaningful Fourier transform. In our 
first T2 dataset, we collected planes at ten τ values total, with 
duplicate measurements for three of these. The duplicate τ 
values add discontinuities to the apparent evolution of sig-
nals in the pseudo-dimension. Such discontinuities give rise 
to truncation wiggles in the corresponding pseudo-spectrum, 
making them less sparse, and therefore less amenable to 
NUS reconstruction.

To explore this point, we used the second fully sampled T2 
dataset (12 non-repeating τ values with the last four planes 
out of τ order) to produce a 25% and 50% uniform-randomly 
sampled NUS data (Representative Sampling Schedules; 
Fig. S3). The resampled data was processed using the 3D 

Fig. 1  Comparison of conventional plane-wise 2D NUS reconstruc-
tion of a 12-plane T2 series to the new 3D pseudo-NUS reconstruc-
tion method. a Overlay of the first plane of the T2 series compar-
ing the fully sampled spectrum (black) and the 25% NUS spectrum 
reconstructed with the new 3D method (blue). b Overlay of the first 
plane of the T2 series comparing 25% NUS 2D-reconstructed spec-

trum (red) to the fully sampled spectrum (black). c Correlation 
of intensities of each point in the normalized plane of the 2D IST 
reconstruction (pink, Pearson’s correlation coefficient R 0.887) and 
pseudo-3D IST reconstruction (blue, Pearson’s R 0.991) to the inten-
sities of the same point in the fully sampled spectrum. Acquisition 
and processing details are given in the supplemental information
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pseudo-NUS method with and without sorting the 12 planes, 
and the 25% sampled dataset was also processed plane-wise 
using the traditional 2D IST method. SPARKY was used to 
extract signal evolutions from the resulting spectra and fit 
them to exponential functions (Eq. 1) using non-linear least 
squares analysis to extract the characteristic decay time α. 
(Goddard and Kneller 2008; Lee et al. 2015). Errors in α val-
ues were estimated by 15 Monte Carlo error analysis trials, 
each with similar variance as the original fit. Figure 2 shows 
T2 values from fully sampled data compared to values from 
2D IST and 3D pseudo-NUS reconstructions, with results 
summarized in Tab. ST1. These results show that the 3D 
pseudo-NUS method can enable sampling at 25% density, 
where 2D reconstruction does not. From these examples, 
it is also clear that sorting the planes in τ order gives best 
results. However, at 50% sampling, the improvements are 
minimal, because 50% density is already sufficient for good 
2D reconstruction.

To further test the compressibility of the data, we 
explored the effect of the number of planes on the recon-
struction. The 25% randomly sampled dataset was truncated 
to remove the last planes, producing datasets with 8, 9, 10, 
and 11 τ values. Each of these truncated datasets was recon-
structed using the 3D pseudo-NUS method with and without 
sorting the planes in τ order, and T2 relaxation times were 
extracted as above. Comparison of T2 values for these cases 
are shown in Fig. 2, a comparison of evolving 1D traces 
from the spectra is shown in Fig. S3, and the correlation 
coefficients comparing intensities and α values from fully 
sampled and NUS reconstructions are given in Tab. ST1. It 
can be seen that sorting the planes in τ order has a greater 
role in improving the reconstruction than increasing the 
number of planes from 9 to 12. Having less than nine planes 
in the pseudo-3rd dimension, however, leads to a less accu-
rate reconstruction of the relative intensities, affecting the α 
value obtained from the fit.

Pseudo-NUS reconstructions of the T2 data showed 
good intensity correlation with fully sampled data, how-
ever some schemes systematically overestimate the α value 
by about 10%, as can be seen in Fig. 2. This was also seen 
in similar reconstructions of the T1 data. To better identify 
the acquisition and processing schemes to eliminate the 
possibility of systematic error, we studied the effects of (1) 
the spacing of τ values in the pseudo-dimension, (2) the 
maximum τ value, and (3) the type of sampling schedule. 
Changing the spacing in the pseudo-dimension changes 
the total amount of signal captured in the 2D series, and 
importantly, it changes the pseudo-lineshape produced 
by Fourier transform of the pseudo-dimension. This can 
influence the effectiveness of NUS, since broad signals 
or signals with truncation artifacts can be considered as 
less sparse than sharp lines without artifacts. Therefore, 
to test whether a linear or exponentially increasing τ delay 
produces more accurate reconstructions, we created simu-
lated time-domain data mimicking the previously collected 
fully-sampled T1 data and its α values, using either a linear 
spacing or exponential spacing between τ values (Fig. 3).

To generate a more realistic simulation, each peak had 
small random perturbations to its 1H and 15N linewidths 
and phases, and random unresolved couplings (Nichols 
et al. 2020); example spectra and simulation details are 
given in Fig. S4. To test the effect of maximum τ delay 
(τmax), we created simulations with a τmax of 0.800  s, 
1.600  s, or 3.200  s, using both linear and exponential 
τ spacing, resulting in six fully sampled time-domain 
datasets.

To include the effects of sampling schedule type, this 
simulated data was resampled according to either uniform 
random or sine-weighted Poisson-gap schedules, for a total 
of 12 sparsely sampled datasets. Poisson-gap schedules were 
created using the istHMS schedule generator utility (Hyberts 
et al. 2010; Hyberts et al. 2012).

Fig. 2  Correlation of T2 relaxation time estimated from fully sampled 
and uniform-random NUS spectra with 12 planes at non-repeating τ 
values, labeled with Pearson’s R correlation values. Comparisons for 
reconstructions using unsorted planes are in gray, and comparisons 
for reconstructions of planes sorted in τ order are in black. a Corre-
lation of T2 relaxation times calculated from the traditional 2D IST 

method (blue) and the 3D pseudo-NUS using IST. b Correlation of T2 
relaxation times calculated from 50% sampled data. c Correlation of 
T2 relaxation times calculated from 25% sampled data. d Correlation 
of T2 relaxation times calculated from 25% sampled data using only 
nine planes instead of 12
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The six fully sampled datasets were processed using 
traditional Fourier transform methods, the 12 sparsely 
sampled datasets were processed using the new 3D 
pseudo-NUS protocol, and α values were extracted as 
above via SPARKY. The errors for each α value were cal-
culated across all 18 datasets, and the average and standard 
deviation of the errors for each dataset were determined 
(Tab. ST2). From these simulations, the best results were 
obtained from spectra sorted in t order, using Poisson-gap 
schedules, and with exponentially spaced τ values to a 
τmax of about 2 times the 1/α value (here, 1.600 s). These 
best-case scenarios were also evaluated using hmsIST or 
SMILE for reconstruction as an alternative to NMRPipe’s 
implementation of IST, with all methods producing com-
parably good results (Tab. ST1, Tab. ST3, Fig. S3, Fig. 
S5). As shown in Tab. ST2, all Poisson-gap examples with 
exponentially spaced τ values produced percent errors 
of 0.5% or less, while other random uniform sampling 

or linear τ schemes had percent errors in the range of 
4.0–15.6%.

In conclusion, we have shown that 3D pseudo-NUS is 
able to accurately reconstruct the intensities of non-uni-
formly sampled NMR data for T1 and T2 datasets and can do 
so with fewer NUS samples than if separate 2D reconstruc-
tions are used. Using real and simulated NUS data sampled 
at 25% density, we showed that for accurate reconstruction, 
six criteria in data collection and processing are important. 
These criteria are not surprising, because they make the 
pseudo-3D measurement behave most like data that gives 
sharp clean lines in all three dimensions when subjected to 
complete 3D reconstruction: (1) the planes must be reor-
dered to have an increasing τ delay in the pseudo-dimension 
prior to processing, (2) the planes should not include repeat-
ing τ values, (3) the τ values should be exponentially increas-
ing in the pseudo-3D dimension, (4) Poisson-gap schedules 
give a substantial improvement, (5) 9 to 12 planes give the 

Fig. 3  Effects of τ spacing on evolutions of a selected peak. Results 
for exponential spacing are in blue, linear spacing in red. Panels a 
and c show the evolution curves from the reconstructed results, while 
panels b and c show the corresponding pseudo-spectra. Linear τ spac-
ing gives rise to an exponentially decaying profile, while measure-

ments with exponential τ spacing give Gaussian evolutions when the 
pseudo-dimension is viewed as uniformly spaced points, correspond-
ing to narrower pseudo-lineshapes that are more amenable to NUS 
reconstruction
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best results, and (6) the most accurate fits occur when the 
maximum τ value is approximately twice the characteristic 
exponential decay time.

Using 3D pseudo-NUS and these criteria, we were able 
to reduce collection time of T1 and T2 data by a factor 
of four and obtain accurate T1 and T2 decay rates. This 
method can be combined with other time-saving tech-
niques to further reduce the experimental burden for 
obtaining relaxation parameters. The new method has the 
additional advantage that it is based upon existing recon-
struction methods that have already been well-character-
ized for 3D applications, this relaxation application being 
a special case. Spectral data and processing scripts are 
available for download, and the NMR software programs 
used are available on NMRBox (Maciejewski et al. 2017).

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s10858- 021- 00369-7.
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