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Peak Alignment of One-Dimensional NMR Spectra by 

Means of an Intensity Fluctuation Frequency 

Difference (IFFD) Segment-wise Algorithm  

K. Wang,a,b G. A. Bardingc and C. K. Larivea   

The increasing scientific and industrial interest in metabolomics often takes advantage of the 

high level of qualitative and quantitative information provided by nuclear magnetic resonance 

(NMR) spectroscopy. However, several chemical and physical factors can affect the frequency 

of an NMR resonance. Especially in complex biological samples such as biofluids, small 

perturbations in NMR chemical shifts can complicate the recovery of biomarker information in 

metabolomics studies using multivariate statistics and pattern recognition tools. Novel segment-

wise peak alignment algorithms have been proposed in the literature to correct the misalignment 

of NMR signals. The approach presented here, the Intensity Fluctuation Frequency Difference 

(IFFD) algorithm, is a highly efficient method designed to reduce variability in peak positions 

across the multiple NMR spectra used in metabolomics studies. This automated method refines 

segmentation using differences in the frequencies of the intensity fluctuations of signals and 

baseline noise to improve spectral alignment. Alignment is performed sequentially using an open 

source program, icoshift, employing a fast Fourier transform (FFT) engine to align all spectra 

simultaneously. The IFFD-icoshift method is illustrated for 1H NMR spectra measured for 50 

human urine samples collected from healthy volunteers: 41 samples, including urine from a 

pregnant female, were collected randomly following a normal dietary routine and 9 samples were 

collected after dietary supplementation with ibuprofen, alcoholic beverages or an energy drink. 

We demonstrate the superior performance of IFFD-icoshift alignment over a wide range of peaks 

and its capacity to enhance the interpretability and robustness of multivariate statistical analysis. 

This approach is widely applicable for NMR-based metabolic studies and is potentially suitable 

for many other types of data sets such as chromatographic profiles and MS data.  

 

Introduction 

The metabolic analysis of complex biosamples, such as tissues and 

body fluids, through various analytical methods is a growing area of 

interest due to the desire to correlate alterations in metabolism with 

disease, toxicology, and substance abuse.1-4 Urine and blood plasma 

or serum are particularly attractive for metabolomics studies because 

they can be obtained in relatively high volumes through minimally or 

non-invasive means.5,6 Urine has the additional advantages of being 

molecularly stable and provides a relatively simple matrix with 

minimal levels of protein in most patients.7,8 As a result, urine is 

widely used in clinical analyses and has been employed for metabolite 

profiling of maple syrup urine syndrome,5 propionate metabolism 

disorders,9 toxicological profiling studies,10-11 inflammatory bowel 

disease,12 and biomarker discovery of human disease.13-15 

Metabolomics (or metabonomics) is the untargeted comprehensive 

metabolic analysis of an organism.16 Through experimental design, 

metabolomics studies compare control and stressed populations, 

where the stressor (or treatment) may be a disease state, genetic 

mutation, toxicological insult, or other parameter under the control of 

the investigator.16,17 Several analytical techniques have been used in 

metabolomics studies, with proton (1H) nuclear magnetic resonance 

spectroscopy (NMR) one of the most widely applied.18,19 NMR is 

inherently quantitative, amenable to a variety of sample formats 

(including intact tissue), and is usually performed without an 

accompanying separation step.20 These advantages make NMR a 

powerful method for metabolic studies of biofluids and it has been 

applied as such for several decades.21-24 

Although NMR-based metabolomics is generally highly 

reproducible and robust, the recovery of biological information is 

complicated by instrumental imperfections, noise and line shape 

variations, together with phase and baseline distortions, all of which 

contribute to quantitative errors.25-28 Thus, NMR data sets typically 

require pre-processing prior to statistical modelling. For example, 

spectroscopic noise is usually reduced by apodization of the free 

induction decay (FID) or through more sophisticated wavelet-based 
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approaches,29,30 and manual or automatic baseline/phase correction is 

generally required.31-32 

Major challenges in the analysis of biological data sets can arise 

due to natural variations in sample dilution, especially urine, and 

because of differences in resonance frequency across spectra, 

sometimes called “positional noise”.33-38 These effects can impact the 

interpretation of metabolomics data sets using statistical techniques, 

e.g., statistical correlation spectroscopy (STOCSY),39-41 principal 

component analysis (PCA),42 and partial least squares (PLS).43,44 For 

example, treatment groups can sometimes be discriminated on the 

basis of irrelevant variations in peak positions rather than changes in 

sample composition characterizing the metabolic states of an 

organism.39 Such difficulties are often observed in 1H NMR 

spectroscopic studies of urine samples, which can vary in pH, ionic 

strength, metal ion concentrations, and osmolality, all of which can 

affect chemical shifts. Correcting variations in peak position is 

therefore essential for improved spectral information recovery.24,25,45 

Different approaches have been explored to solve the alignment 

problem and have provided appropriate solutions for many different 

experimental cases. The historical basis of this approach relies on a 

very simple and widely used binning or bucketing method.  Binning 

involves data reduction performed through integration of NMR 

resonances within standardized spectral regions (bins or buckets) 

whose width commonly ranges between 0.01 and 0.05 ppm.46 The 

major drawbacks of this approach are the loss of spectral resolution 

and splitting of peaks across adjacent regions, which is especially 

problematic when chemical shifts vary dramatically with 

experimental conditions. When high resolution is required, other more 

sophisticated alignment methods may be considered such as dynamic 

time warping (DTW) or correlation optimized warping (COW),47-49 

which have been demonstrated to be effective on chromatographic 

data and also have been used to solve simple NMR alignment issues 

with satisfactory results.50 Apart from being computationally 

intensive, the main problem of these approaches is that alignment is 

obtained by local stretching or compression. This is not really suitable 

for NMR spectral data because this correction model works best when 

there is a positive correlation between peak width and position. 

Alternatively, less computationally intensive alignment methods 

identify the relevant peaks present in an NMR spectrum and convert 

the spectrum to a list of peaks and relative attributes, thereby 

dramatically decreasing the dimensionality of the data. Such methods 

have been primarily developed and introduced by Torgrip and 

colleagues.38,51,52 The major drawbacks of this approach are the 

elimination of the information carried by the fine structure of the 

signal shape and the need to define meta-parameters for the peak-

picking procedure and subsequent alignment. 

To make full-resolution alignment of large datasets feasible and 

avoid data reduction steps such as binning, interval based algorithms 

represent a key step forward toward a definitive solution to the 

alignment problem. In practice the chemical shift of each NMR signal 

depends on several factors and, especially for those signals strongly 

affected by solution conditions, can independently shift to higher or 

lower frequencies across a series of spectra. Peaks that are adjacent or 

even overlapped in one spectrum can be baseline separated in other 

spectra and, in extreme cases, their relative position may be inverted. 

Because of the complexity of NMR spectra, it is preferable to reduce 

the global alignment problem to alignment over a series of smaller and 

specific spectral intervals. In this way, resonance shifts occurring in 

opposite directions can be more readily corrected and eventually a 

global, full resolution aligned NMR data set can be reconstructed.  

Savorani et al. addressed the problem of segmental spectral 

alignment with the open source algorithm icoshift. Icoshift is a peak 

alignment algorithm based on correlation shifting of spectral intervals 

to simultaneously align all the spectra in a data set.53 By combining a 

rapid optimized FFT engine, icoshift reduces the calculation times for 

large metabonomic data sets from hours (e.g., with COW), or minutes 

to seconds.54 However, in some datasets, the peak positions of 

resonances shift significantly between the samples. The effect of 

strongly shifted spectra also challenges the methods based on spectral 

binning, because peaks could mistakenly be assigned to the wrong 

bins.  

The pivotal operation for automatic segment-wise peak 

alignment is distinguishing regions of baseline from the regions 

containing signals, and many approaches can be found in the 

NMR literature.55-57 A common approach is to use numeric 

derivative or Continuous Wavelet transform (CWT) to improve 

the signal-to-noise ratio (SNR), usually combined with noise 

reduction routines such as Savitzky-Golay smoothing.58 

Subsequently, threshold values are used to recognize signals.25 

However, baseline distortions occur frequently in NMR spectra, 

especially in bio-fluid samples, and baseline recognition routines 

can have difficulty with weak signals. In extreme cases peaks 

may not be recognized because the baseline distortion may be 

greater than the peak intensities, even after treatment by CWT. 

   The new approach presented in this study, Intensity Fluctuation 

Frequency Difference (IFFD), is designed to automatically produce 

intervals for spectral alignment using icoshift. The algorithm 

discriminates between baseline and signal based on the frequency of 

intensity fluctuations and uses this information to define spectral 

segments such that regions containing peaks are separated by regions 

of baseline. The peaks within the intervals defined by the algorithm 

are then aligned by the icoshift program. The IFFD-icoshift method is 

evaluated for the alignment of both major and minor peaks in NMR 

spectra of human urine. The performance of IFFD-icoshift is 

compared with other widely used alignment methods, particularly the 

use of icoshift alone. The success of alignment is also evaluated using 

PCA through increased interpretability and improved information 

recovery. 

 

Experimental 
 

Materials and reagents  

Sodium-3-trimethylsilyl-propanesulfonic acid-d6 (DSS) was 

purchased from Isotec (St. Louis, MO). Deuterium oxide was 

obtained from Cambridge Isotope Laboratories, Inc. (Andover, 

MA). Mono- and dibasic sodium phosphate and sterile specimen 

cups (90 mL) were purchased from Fisher Scientific (Pittsburgh, 

PA) and sodium azide was obtained from Sigma-Aldrich (St. 

Louis, MO). 

 

Sample collection and preparation  
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Human urine samples were collected in accordance with UC 

Riverside’s Office of Research Review Board (HS 12-086). The 

health of the volunteers was based on their own admission. 

Volunteers were requested to report the use of pharmaceuticals 

(i.e., pain killers) and alcohol throughout the course of the study 

and test samples were so indicated by the subjects. To minimize 

pH-induced chemical shift changes in the 1H NMR spectra of 

urine samples, a pH 7.3 phosphate buffer was prepared using 200 

mM Na2HPO4 and 36 mM NaH2PO4 in     25% D2O with DSS 

and sodium azide added to achieve a final concentration of 1 

mM.7 A 670 μL aliquot of urine was transferred immediately 

after collection to a 1.5 mL microcentrifuge tube along with 330 

μL of buffer and stored at -80 C until analysis. 

 

NMR experimental parameters  
1H NMR spectra were measured using a Bruker Avance NMR 

spectrometer operating at 599.69 MHz and equipped with a 5-

mm inverse broadband probe with xyz gradients. The magnetic 

field homogeneity was optimized using up to 28 shims and the 

probe was manually tuned and matched. Solvent suppression 

was accomplished by excitation sculpting with the transmitter set 

on the water resonance.59 Spectra were acquired without 

spinning at 298 K using digital quadrature detection. The line-

width of DSS for all spectra was less than 1 Hz prior to 

apodization. Free induction decays were collected into 32768 

points using a spectral width of 11.67 ppm. Spectra were 

measured using an 11.0 μs 90° pulse and 16 dummy scans 

preceded the coaddition of 256 transients with a relaxation delay 

of 1.5 s for an experiment time of 17.7 min. 

 

NMR data processing  

Spectra were processed using ACDlabs Spectrus Processor 

(Advanced Chemistry Development, Inc., Toronto, Canada) and 

Matlab (2013b, The Mathworks Inc., Natick, MA). The 

resonances of the residual water signal, urea, and spectral regions 

below 0.5 ppm and above 9.5 ppm were set as dark regions and 

excluded from the analysis. Processed spectra were exported as 

*.txt files containing peak intensity with the corresponding 

chemical shift. 

 

IFFD 

The IFFD program, described in greater detail in the Results 

and Discussion section, was constructed in Matlab and utilizes 

the icoshift toolbox available on the web.53 The IFFD package is 

freely available by request to the authors. The IFFD and PCA 

analyses were conducted blindly to ensure an unbiased 

evaluation, and data labels were added only after the PCA 

analysis was complete. For these experiments, samples from 

volunteers of both genders were included together in the control 

group.  

 

PCA 

Principal Component Analysis (PCA) has been frequently 

applied to assess alignment quality.36,38 Application of PCA to 

unscaled data sets introduces a bias toward the variation of the 

most intense peaks because of their larger contribution to total 

variance.60,61 To overcome this limitation, data are typically 

scaled using a method such as Pareto or unit variance scaling, 

which is also known as autoscaling to achieve equal impact of 

variables in a PC model.61,62  

PC scores summarize inter-relationships between 

observations.60 A subset of metabolites correlated with PC scores 

can be identified using the corresponding factor loadings. In the 

case of an unscaled data set, loadings can be directly used for 

interpretation. If PC scores explain the variation in sample 

chemical composition, the line shapes of PC loadings will 

resemble metabolite peaks in the NMR spectrum.  

However, the visualization of loadings is difficult with unit-

variance scaled models because the line shapes of loadings are 

not interpretable in the same way as in unscaled models and so 

cannot be used directly to identify peaks dominating the variance 

in the data. To correct this deficit, a loading value can be 

multiplied by the standard deviation of its original spectral 

variable.54 

 

Results and discussion 
 

Though several approaches have been introduced to address 

peak alignment in large NMR spectral datasets generated for 

metabolomics studies, the current algorithms suffer from various 

practical limitations. Key to the success of segment-wise peak 

alignment methods is the appropriate definition of the frequency 

intervals over which alignment is to be performed. A popular 

algorithm, icoshift, can be used in a variety of modes (i.e. 

manual, automated) to align NMR peaks across a series of 

spectra, and the icoshift program is incorporated into our IFFD 

workflow as described below. In practical terms, using the 

icoshift regular intervals mode, it is possible for resonances to be 

separated into different segments, which can produce an 

incorrect alignment, illustrated in Fig. 1. For proper alignment, 

the interval boundaries must not be set in regions containing 

peaks. Though the user can define the interval boundaries in the 

icoshift program, it can be difficult to select the interval 

boundaries manually across a large series of spectra because 

baseline region may be hard to define by visual interpretation. 

As illustrated by the overlaid spectra highlighted in Fig. 1A, even 

though the three resonances in each spectrum are well-resolved 

it can be difficult to identify regions of baseline when 

considering the full set of spectra. Therefore, a segment-wise 

method is necessary to provide accurate interval boundaries 

appropriate for each metabolomics data set. 
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Fig. 1 (A) Expansion of the 600 MHz NMR spectra for 50 urine 

samples without alignment. The green dashed line illustrates a 

boundary point using regular intervals (the number of intervals is 50, 

which means the whole spectrum was divided into 50 segments in 

equal length) in icoshift. (B) Peak alignment using regular intervals in 

icoshift. In (B) incorrect alignment resulted from the separation of 

resonances into different segments.   

IFFD aims to align peak positions within segments defined by 

the frequency of intensity fluctuations. In essence this algorithm 

efficiently identifies regions of baseline by distinguishing signals 

from noise based on their intensity fluctuation frequency, an 

approach that is robust with respect to baseline distortions. In 

IFFD, the fluctuation frequency is defined as the distance (i.e. 

number of data points) between adjacent crests. The spacing, 

Hz, between data points is regular and is determined by the 

spectral width and the number of points acquired in the time 

domain free induction decay (FID). Crests are identified by 

comparing the intensity of a given data point with the intensity 

of the adjacent data points at both higher and lower frequencies. 

If a data point has an intensity greater than the neighbouring 

points, it is defined as a crest. 

Because NMR spectral noise is dominated by Johnson noise, 

baseline intensity fluctuations are mostly derived from noise. 

The interpoint width of baseline noise crests should be 

significantly smaller than those of relevant signal peaks due to 

the higher frequency content of the Johnson noise-limited NMR 

baseline fluctuations. As a result, the frequency of intensity 

fluctuations in baseline regions is similar and defined by a small 

number of data points (low Hz) between adjacent crests.  Peaks, 

which include both noise and signals, can be identified by their 

larger intensity fluctuation frequency determined by the distance 

between the crest of the peak and the adjacent baseline crests (a 

large number of data points, high Hz). Measurement of the 

fluctuation frequency allows the regions containing baseline and 

peaks to be discriminated, as shown in Fig. 2. Importantly, this 

method is effective even when the peak has a low relative 

intensity. 

 

 

Fig. 2 (A) Expansion of a 1H NMR spectrum containing baseline and 

a resonance of low relative intensity. The red circles in (A) designate 

the frequency crests. (B) Histogram showing the distances (i.e. 

number of data points/ppm) between crests in (A). Because the 

distance between adjacent crests is greatest for the peak, the value of 

the fluctuation frequency (in data points/ppm) is larger for this signal 

than for the corresponding baseline regions. The Min-threshold value, 

set here as the mean frequency fluctuation over the segment, is 

indicated by the green dashed line, and the Max-threshold value, 

which is twice of the mean frequency fluctuation over the segment, is 

indicated by the red dashed line. 

For the 600 MHz NMR spectrum in Fig. 2 with a digital 

resolution of approximately 0.00036 ppm/point, The peak widths 

of noise fluctuations averaged  0.0015 ppm (approximately 4.5 

data points) while those of the relevant signal is 0.005 ppm 

(approximately 15 data points). The value of the fluctuation 

frequency is greater for the NMR signal than for the baseline 

noise and can be used as a criterion to automatically recognize 

spectral regions containing baseline and peaks. In this example, 

two threshold values, once (Min-threshold) and twice (Max-

threshold) the mean fluctuation frequency for the segment, were 

used to distinguish between baseline noise and a resonance of 

low relative intensity (Fig. 2A). In this application, the goal of 

discriminating between baseline and peaks is to obtain the 

appropriate baseline points to using in dividing the spectrum into 

segments, those points less than the Min-threshold value are 

identified as baseline points, meanwhile, those points greater 

than the Max-threshold value are identified as signal points.  

In data sets containing spectra from many samples, the regions 

containing baseline and peaks may be different for each 

spectrum, and some spectra may contain unique peaks that are 

not found in other spectra. Therefore as a reference we calculate 

a maximum spectrum, dmax, having the maximum number of 

features  

 

dmax = max(d)                                                                                  (1) 

 

where d is an n × m matrix, n is the number of samples and m is 

the number of real spectral data points. The term max(d) returns 
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a row vector containing the maximum element from each 

column.  

Subsequently, an optimization routine is applied to select the 

segments for icoshift peak alignment. The optimization routine 

selects the segments based on three principles: (1) each segment 

should contain at least one peak, (2) the segment should 

maximize the distance on either side of the peak(s), and (3) the 

segment boundaries should be at a local minimum with respect 

to baseline intensity. After these optimizations, the interval 

points, must in the absolute baseline points, are obtained. 

Fig. 3 Interval points (red circles) obtained by IFFD. The 

expansion from 2.9 - 3.6 ppm shows the segmentation of this 

region. 

 

As shown in Fig.3, IFFD efficiently avoids peaks in defining 

interval points. Even in regions where the baseline is not flat, as 

illustrated the expansion from 3.6-2.9 ppm, IFFD is able to 

discriminate between peaks and baseline. 

 Once the intervals are defined using IFFD, the segment 

boundaries are used as an icoshift parameter to define the regions 

for peak alignment. As icoshift makes use of relative peak 

positions, the method generally avoids aligning two unique 

peaks in different spectra that have very close, but distinct 

chemical shifts.  Following an initial peak alignment, the process 

can be iterated and provides a built-in assessment of success: if 

the number of peaks in dmax of the aligned spectra is the same as 

the maximum number of peaks in all spectra, a successful 

alignment has been achieved.  

The IFFD method avoids the separation of the same peak into 

different segments across a series of spectra, is computationally 

efficient, semi-automated, and requires fewer user-defined 

parameters compared with alternative approaches.  

 

Application of IFFD to compensate for chemical shift 

variation in urine 1H NMR spectra 

A dataset of 50 1H NMR spectra of human urine samples were 

analysed using IFFD. Dietary effects often result in subtle 

changes in metabolic profiles and even small variations in peak 

positions can significantly limit the recovery of information from 

a collection of spectra. The dataset analysed in this work 

included 41 human urine samples collected randomly by healthy 

volunteers following a normal dietary routine, 8 test samples 

collected after dietary supplementation with ibuprofen, alcoholic 

beverages or an energy drink, and a test sample prepared by 50% 

dilution of a control sample. This data set was previously 

analysed using an automated metabolic profiling analysis 

method Visual Interpretation of Z-Score Ratios (VIZR).63 

Though PCA was unable to properly segregate the test and 

control spectra in our prior study, VIZR analysis successfully 

discriminated each of the test samples from the control and 

identified the NMR spectral regions responsible for the disparity 

between the individual test samples and the control group. The 

self-normalizing nature of the VIZR calculation proved to be 

independent of dilution effects, especially important in urine 

analyses.63 

As illustrated in the insert in Fig. 1A, in the spectral region 

2.54 - 2.76 ppm the extent of peak position variance across the 

series of 50 NMR spectra makes it difficult to automatically 

identify baseline regions to use in the definition of segments for 

peak alignment. To avoid mistakenly assigning peaks to the 

wrong bins (as in Fig. 1B), the process of alignment was 

separated into two steps. In the first step we separated the spectra 

into segments using the principles that one or more peaks should 

populate each interval and that the frequency distance between 

intensity fluctuations will be greater for peaks than for baseline 

noise. The interval boundaries and frequency segments defined 

using IFFD are shown in Fig. 3, with the expansion again 

highlighting the region 2.54 - 2.76 ppm. 

As shown in Fig. 4, the segments initially defined by IFFD are 

of variable width. Some segments (e.g., 2.54 - 2.61 ppm) are 

easily separated from adjacent segments and contain a single 

peak. Other segments (e.g., 2.61 - 2.76 ppm) contain multiple 

peaks. Once these initial segments were determined, icoshift was 

used to align the peaks in each segment. The results are shown 

in Fig. 5 for the segment from 2.61 - 2.76 ppm. Fig. 5A shows 

the stacked plot of all 50 spectra demonstrating that each 

spectrum contains only 3 peaks in this region. 
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Fig. 4 Interval boundaries (green dashed lines) determined using 

IFFD for segment wise peak alignment. The expansion from 

2.54-2.76 ppm shows the segmentation of this region. The 

overall maximum spectrum, dmax, is indicated by the red dotted 

line. 

Fig. 5B shows the overlay of all 50 spectra prior to alignment. 

As it is difficult to define the baseline in this region, the segment 

defined in Fig. 5B was initially aligned by icoshift as a ‘whole’ 

segment. Fig. 5C shows the result after the first alignment. The 

right two peaks were aligned to the same position, but the 

downfield peak was not initially aligned by icoshift. Even though 

the alignment of the peaks in this segment was incomplete, new 

baseline regions are produced that can be used in a subsequent 

step to separate create new sub-segments, as shown in Fig. 5C.  

 IFFD was performed again with new interval boundaries 

obtained. Following icoshift analysis for the new segments, all 

of the peaks were properly aligned (Fig. 5D). The steps in which 

segments are further refined into sub-segments using IFFD and 

then aligned using icoshift can be performed repeatedly until the 

number of peaks in the maximum spectrum, dmax, (shown by the 

red dotted line) is equal to the number of peaks produced by the 

sum of all spectra. In the final step, all peak alignment segments 

are combined to recreate each complete spectrum, shown in Fig. 

6. The expansion of the region from 2.54 – 2.76 ppm in Fig. 6 

shows the results of peak alignment in greater detail. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5 (A) Stacked plot showing the region from 2.61 to 2.76 ppm for 

all 50 spectra. Each spectrum contains only 3 peaks but their 

frequencies are highly variable. (B) Overlay of all 50 spectra in the 

region 2.61 to 2.76 ppm prior to alignment. The maximum spectrum 

defined by dmax (red dotted line), contains many more than three peaks 

in this region due to the variability in peak position. (C) Results of 

icoshift alignment for the initial segment (2.61-2.76 ppm) and the new 

interval boundaries (green dashed lines) produced by IFFD. (D) 

Application of icoshift to the segments shown in (C) produces 

complete peak alignment.  

Evaluation of the variation in sample composition using PCA  
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 To evaluate the effectiveness of the alignment methods 

applied herein, we used PCA to recover the latent components 

associated with metabolic differences. The data set was 

subjected to unit-variance scaling prior to PCA. Unit-variance 

scaling normalizes the data using the standard deviation as the 

scaling factor, thereby reducing the impact of the most intense 

resonances. In Fig. 7A we examine the effect of unit-variance 

scaling on the PCA results without peak alignment.  

 

Fig. 6 Overlay of the spectra reconstituted after segment-wise 

alignment. The expansion shows the effect of alignment on the 

spectral region between 2.54 and 2.76 ppm. 

Fig. 7A-1,2 shows the PC scores of the unit-variance scaled 

data without peak alignment. The corresponding loadings plots 

for PC1 and PC2 are comprised almost entirely of first-

derivative-like line shapes, as illustrated by the region 2.54 – 

2.76 ppm (Fig. 7A-3). The derivative-like line shape in the 

loadings plot indicates that variable peak positions contribute 

substantially to the PC scores. As a result, the principal 

components reflect the variation caused by variable peak 

position as well as sample composition.  

In Fig. 7B, the result of unit-variance scaling and icoshift peak 

alignment by 50 equal segments was displayed. After icoshift 

peak alignment, a better separation of treatment and control 

samples was obtained (Fig. 7B-1,2). Though the line shape of the 

loadings plots (Fig. 7B-3) are improved compared with those in 

Fig. 7A, the distortions indicate that variable peak positions still 

contribute to the PC scores. 

 Finally, Fig. 7C illustrates the benefit derived from the 

combination of chemical shift alignment by IFFD-icoshift. As a 

result of the improved peak alignment, the PC loadings (Fig. 7C-

3) are not distorted and exhibit the line shapes expected for an 

NMR spectrum. The segregation of treatment and control 

samples is improved in Fig. 7C-1,2, The control samples are 

largely separated by gender, with the pregnant female 

sample(emerald circle) lying well within the group of female 

control samples.20 Though the goal of this work was to use  

Fig. 7 The PCA scores and loadings results for unit-variance scaled 

data without peak alignment (A), after icoshift peak alignment (B), 
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and following peak alignment with IFFD-icoshift (C). In the scores 

plots (A,B,C-1,2) the control samples are shown as dark blue 

squares (male) and red circles (female), with one sample from a 

pregnant female indicated by an emerald circle. The dietary 

supplementation samples are identified by green squares (ibuprofen, 

male), brown circles (ibuprofen, female), purple square (alcoholic 

beverages, male), and a light blue square (AMP energy drink, male). 

In the loadings plots shown in A,B,C-3 the blue line indicates the 

loadings for PC1 while the green line shows the PC2 loadings. 

 

IFFD-icoshift to produce aligned NMR spectra as an input for  

PCA, Cloarec et al. have demonstrated that such positional 

variation of peaks can provide additional biochemical 

information through chemometric models incorporating back-

scaled loadings.64  

 

Conclusions 
The combination of IFFD and icoshift provides a fast and 

accurate spectral alignment using full spectral information. The 

alignment quality was evaluated by the application of unit-

variance PCA. IFFD-icoshift alignment produced considerable 

improvement in the lineshape of the PC loadings, removing the 

contributions of variable peak position to the PC scores. 

The major improvement provided by IFFD-icoshift is that 

peaks of low relative intensity are easily identified and aligned, 

it avoids the separation of peaks across multiple segments, and 

needs fewer user-defined parameters, providing more accurate 

alignment. IFFD-icoshift is computationally fast and therefore 

can be used to align large data sets including hundreds or 

thousands of sample profiles. The method is widely applicable 

for spectral alignment in NMR-based studies involving complex 

mixtures, including metabolite profiling, natural product 

identification and food analysis and may be suitable for 

application to many other types of data sets such as 

chromatographic profiles. 
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