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A B S T R A C T   

A literature survey was conducted to identify current practices used by NMR metabolomics investigators when 
conducting and reporting their metabolomics studies. A total of 463 papers from 2020 to 80 papers from 2010 
were selected from PubMed and were manually analyzed by a team of investigators to assess the extent and 
completeness of the experimental procedures and protocols reported. A significant number of the papers did not 
report on essential experimental details, incompletely stated which statistical methods were used, improperly 
applied supervised multivariate statistical analyses, or lacked validation of statistical models. A large diversity of 
protocols and software were identified, which suggests a lack of consensus and a relatively limited use of 
commonly agreed upon standards for conducting and reporting NMR metabolomics studies. The overall intent of 
the survey is to inform and encourage the NMR metabolomics community to develop and adopt best practices for 
the field.  
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1. Introduction 

NMR metabolomics has beneficially impacted a diversity of fields, 
from issues related to the environment [1] and nutrition [2] to drug 
discovery [3–5] and disease evaluation [6–9]. As a result, NMR 
metabolomics, as a field, continues to experience expansive growth [10, 
11], particularly for medical applications due to its potential for 
biomarker discovery [6–9,12] and in vivo examinations [13–17]. Over
all, metabolomics has benefited from the technical advantages of NMR, 
which includes its simplicity in measurements, often without the need 
for sample pre-processing, ready metabolite quantification, and redun
dant means to validate metabolite assignments [16,18–23]. These ad
vantages present a low barrier of entry into the field that has contributed 
to the growth of NMR metabolomics, but, unfortunately, has also led to 
an abundance of tenuous metabolomics research studies populating the 
scientific literature. Routine concerns include misunderstandings about 
the proper usage of statistical tools [24–28], missing details funda
mental to the rigor and reproducibility of the study [29,30], and the 
absence of quality controls necessary to validate the conclusions [21, 
31]. Research studies without a clearly defined scientific hypothesis that 
just catalog and measure metabolites raise additional concerns. 
Numerous poorly designed or executed studies that fail to generate 
reproducible or meaningful data have the potential to severely under
mine the long-term perspective and value of metabolomics [32]. Simply 
put, the field risks a loss of confidence by the broader scientific 
community. 

The lack of well-established best practices that have been widely 
adopted, deployed, and validated by the broader scientific community is 
clearly a contributing factor to the proliferation of scientifically ques
tionable metabolomics reports. This is despite the efforts of several 
community-led efforts by COSMOS: Coordination of Standards in 
Metabolomics, MSI: Metabolomics Standards Initiative, mQACC: 
Metabolomics Quality Assurance & Quality Control Consortium, and 
MANA: Metabolomics Association of North America to establish stan
dard practices and minimum reporting criteria [33–39]. Furthermore, a 
properly executed metabolomics study is highly dependent on an 
assortment of unique skills that includes expertise in analytical chem
istry, separation techniques, and statistics, among others. The false 
perception that metabolomics is easy often leads to poorly conducted or 
designed studies due to missing expertise, an absence of pertinent ex
periences, or methods lacking a clear explanation. Again, insufficient 
guidance from community-certified experimental protocols may lead to 
these problematic outcomes. To address this critical issue, the NMR 
metabolomics community must move toward establishing and widely 
adopting a set of best practices along with standards specifically relevant 
to an NMR metabolomics study. Of course, to achieve this laudable goal, 
it is first necessary to identify the common problems or limitations 
routinely encountered in reported NMR metabolomics studies. This, in 
turn, requires assessing and characterizing the different experimental 
protocols, statistical methods, and software used by the metabolomics 
community because each investigator or research group follows a 
different if not unique data processing pipeline. Herein, we report the 
results of a detailed survey of the scientific literature to document 
exactly how NMR has been routinely used in metabolomics research. 
The overarching intent of this analysis is to outline both the successes 
and existing problems with current NMR metabolomics studies to inform 
best practices. The outcome of the literature survey lays a foundation for 
how an NMR metabolomics study should be designed, executed, and 
reported in the future. 

2. Discussion 

2.1. The set of 2010 and 2020 NMR-based metabolomics papers 

The PubMed database was first queried to identify papers published 
in 2020 that described an NMR-based metabolomics study. An initial 

query identified 844 potentially relevant papers. A manual analysis to 
remove papers focused on software, NMR protocol reviews and natural 
product identification reduced the total number of papers that were 
surveyed to 487. A query check confirmed that 61 of the removed papers 
were reviews. A further evaluation of the assigned papers by the project 
participants removed an additional 24 papers for various reasons, but 
mainly because the focus of the study was not metabolomics. In total, 
463 manuscripts from 2020 were used in the survey. Using an identical 
approach, a total of 80 manuscripts from 2010 were used in the survey. 
Please see Appendix A for a detailed description of the methods used to 
complete the literature survey. The survey results from the 2010 and 
2020 papers were then compared to determine if the practices used to 
report NMR metabolomics data and findings remained consistent or 
improved with time. 

2.2. Differences in reported protocols between 2010 and 2020 papers 

Excluding magnitude differences due to the larger number of papers 
in 2020, a comparison of the survey data between the two periods 
indicated an overall high similarity in the results. Most responses were 
remarkably similar between the two sets of papers. This overall lack in 
improvement in reporting standards between 2010 and 2020 suggests a 
strong reliance on citing prior studies as a source of established pro
cedures, which themselves may not contain a complete protocol. This 
practice has resulted in the perpetuation of poor reporting practices. 
Breaking this cycle requires the community to adhere to new recom
mendations of best practices promoted by societies and consortia while 
acknowledging that the current scientific literature is riddled with 
problematic inaccurate, confusing, or incomplete content. 

There were a few minor areas that indicated a modest improvement 
from 2010 to 2020. The average number of identified and quantified 
metabolites increased by over 50 % from 2010 to 2020. Similarly, there 
was a small increase from 0 to ~11 % in the number of studies that 
reported submitting metabolomics data to a repository. Another prom
ising trend was the general increase of ~20–~30 % in the application 
and/or the reporting of standard statistical validation parameters such 
as p-values [40], R2/Q2 [41], and false discovery rate (FDR) corrections 
[42–44]. 

2.3. Study design results 

A total of nine Yes-No survey questions were grouped together to 
broadly characterize how investigators reported their overall study 
design. A series of bar graphs are depicted in Fig. 1 that summarizes 
these survey responses. 

One of the most surprising and concerning outcomes of the survey 
was the observation that less than 50 % of all papers provided a clearly 
stated scientific hypothesis. One potential explanation for this result is 
the fact that metabolomics lends itself to metabolite discovery and the 
relatively simple goal of just cataloging detectable metabolites in a given 
biological sample. While the rationale behind such a study may be to 
inform future investigations, it may not be particularly valuable since 
any follow-up study would also likely discover the metabolites that are 
detectable as a first step of the project. Further, without the availability 
of the complete data set and procedures, the potential utility of any 
metabolomics project limited to cataloging the observed metabolites is 
dubious. In this regard, not a single paper in 2010 reported depositing 
their metabolomics data to an appropriate repository. To be fair, few 
journals required in 2010 or currently require the deposition of 
metabolomics data in data repositories, as the Metabolomics Workbench 
(established 2016) [45] and MetaboLights [46] are relatively new en
terprises. With the emergence of metabolomics specific repositories, 
approximately 11 % of the 2020 papers indicated the data was deposited 
in such a repository, which represents a modest improvement. The use 
and reuse of metabolomics data is an important issue and an expanding 
need as evident by a recent request for information by the National 
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Cancer Institute (NOT-CA-23-00). Thus, the deposition of NMR-based 
metabolomics data into publicly accessible repositories must become 
more routine, seamless, and mandated by journals and funding agencies 
to enhance data deposition compliance. 

Not unexpectedly, the vast majority, nearly 100 %, of both the 2010 
and 2020 papers employed one-dimensional (1D) 1H or 13C NMR ex
periments. Troubling, only 45 % (2010) or 36 % (2020) of the papers 
surveyed relied on 2D NMR experiments for metabolite identification 
and validation. This correlates with the nearly non-existent (~6–7%) 
NMR metabolomics projects that relied on isotope labeling. Since 2D 
NMR experiments provide a valuable and complementary approach to 
validating metabolite assignments, the lack of a routine usage of 2D 
NMR raises concerns about the accuracy and reproducibility of metab
olite assignments for compounds in matrices that are not well- 
established within the NMR metabolomics literature. Instead, it would 
be prudent to commonly employ a series of 2D NMR experiments such as 
the 2D 1H–13C HSQC, HMBC, HSQC-TOCSY, and 2D 1H–1H TOCSY for 
spectra collected on pooled samples to validate metabolite annotations 
[47]. Specifically, 2D NMR provides multiple, correlated chemical shifts 
that may uniquely identify a metabolite. COLMAR and similar software 
tools provide an efficient and reliable approach to leverage these 2D 
NMR spectral signals to accurately annotate complex metabolomics 
mixtures [48–50]. This level of confidence cannot be achieved by 
relying solely on 1D NMR. 

On the other hand, the semi-automatic assignments of well-known 
and abundant metabolites commonly detected in 1D 1H NMR spectra 
is likely to be reliable when analyzing a specific type of biofluid using 
specific small molecule spectral libraries [51–53]. It is important to note 
that the false positive rate increases proportionally with the size of the 
reference library, necessitating the use of a targeted library for accurate 
metabolite annotation extracted from 1D 1H NMR spectral patterns [53]. 
Nevertheless, NMR can partially overcome this challenge given the fact 
that most metabolites produce numerous signals in a 1D 1H NMR 
spectrum. In this regard, matching multiple redundant signals between 
the experimental and reference spectrum greatly improves confidence in 
the assignment. This is a unique and valuable advantage of NMR 
compared to other analytical techniques that produce only a single 
signal per compound, especially for the analysis of complex mixtures. 

Only ~46–50 % of the surveyed papers reported an observed con
sistency between the key identified metabolites with other replicate 
studies. An observed consistency with these previous studies raises the 
likelihood that the metabolites identified have been correctly assigned. 
The reason why a comparison with prior literature is not a common 
occurrence in the metabolomics field is perplexing. Routine literature 
retrospection in the discussion section of any NMR metabolomics pub
lications provides confidence in the analyzed data. 

A failure to demonstrate consistency with previous studies raises 
broad concerns regarding the robustness and reproducibility of metab
olomics data. Part of the issue may be a conservative outlook in which 
variations in sample collections, handling, and preparations may deem a 
comparison between studies inappropriate. It is also perfectly legitimate 
that a given study is unique and lacks prior replicate studies to compare 

against. Given the exponential growth of metabolomics studies, espe
cially the large number of replicate clinical studies designed to identify 
biomarkers, the complete absence of any related prior studies is highly 
unlikely. Even in cases where there are legitimate concerns regarding 
important differences in experimental design decisions, a comparison of 
outcomes and procedures may still be informative. Metabolomics papers 
that incorrectly present a study “as the first of its kind” and fail to place 
their results in context with the scientific literature may hinder progress 
in the field. Opportunities to establish results that have been successfully 
replicated or to identify potential contradictions have been missed. 
Importantly, if disagreements are not revealed at the time of publication, 
the opportunity to understand or identify the source of the problem and 
to potentially be able to fix the inconsistencies may be lost. More trou
bling is the possibility that incorrect scientific conclusions may be 
propagated through the community leading to detrimental outcomes 
that may involve patients. 

2.4. Statistics and quality control 

The application of univariate [54] and multivariate [41] statistics is 
a common and often necessary aspect of a metabolomics study. This is 
consistent with the results of the survey (Fig. 1) where ~70–75 % of the 
2010 and 2020 papers reported using univariate statistics, ~75 % of the 
studies used unsupervised multivariate statistics, ~52–73 % of the pa
pers reported using supervised multivariate statistics, and ~61–68 % of 
the studies used both univariate and multivariate statistics. Since most 
metabolomics investigators are not necessarily trained biostatisticians, 
the proper application of statistics to a metabolomics study is a common 
concern, especially if a biostatistician has not been part of the study 
design [26–28,40,41,55]. This concern is underscored by the results of 
our survey. Summarized in Fig. 2A are the results of the five Yes-No 
survey questions related to proper statistical usage. The poor perfor
mance in terms of properly reporting or using statistics is readily 
apparent. The good news is that there is a notable improvement between 
papers published in 2010 compared to 2020. For example, only ~60 % 
of the 2010 papers reported a p-value, a fundamental assessment of the 
statistical significance of identified metabolites. Without this statistical 
measure of confidence, how is it even possible to determine reliability or 
the utility of the results from a metabolomics study? The number 
reached nearly 80 % for 2020 papers. Nevertheless, the number of pa
pers reporting an FDR or multiple hypothesis correction method such as 
Benjamini-Hochberg [56] or Bonferroni [43,44] was unacceptably low, 
corresponding to only ~14 % for 2010 and ~34 % for 2020. An FDR 
correction of any omics data set is essential since errors accumulate as 
illustrated in eqn. (1): 

p= 1 − (1 − α)m (1)  

where m is the number of hypotheses or metabolites and α is the sta
tistical significance level or desired p-value, typically ≤0.05. The lack of 
reported FDR corrected p-values likely means a significant number of the 
putatively identified metabolites are false positives. This, in turn, will 
negatively impact any biological significance or outcomes of the study. 

Fig. 1. Bar graphs of Yes-No survey questions related to study design of NMR-based metabolomic studies.  
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An FDR corrected p-value [57,58] along with a quantitative measure 
such as fold change is recommended as a requirement for reporting all 
metabolites identified as differing significantly between two or more 
groups in a published metabolomics manuscript. 

Effect size is another important statistical parameter to report, but 
rarely is, and, accordingly, was not specifically tabulated in our survey. 
Fold change, which was tabulated in our survey, is only one of various 
metrics that can be used to assess effect size. The measurement of an 
effect size is mandatory for the validation of a biomarker (e.g., a disease 
model predictive accuracy) and requires an independent set of samples 
to accomplish this assessment, which was not the main subject of the 
papers comprising our literature survey. Therefore, it has been difficult 
to make any assessment on the usage of effect size from the current 
survey. 

The problems with statistics are not limited to univariate analysis. 
The survey results also indicated that a low number of papers listed 
standard quality factors, R2 and Q2, associated with multivariate models, 
such as principal component analysis (PCA), partial least squares or 
projections to latent structures (PLS), orthogonal projections to latent 
structures (OPLS), and projections to latent structures-discriminant 
analysis (PLSDA) that are routinely used in analysis of metabolomics 
data [41]. Only ~30 % of 2010 papers reported R2 and Q2 values, but 
fortunately, the number more than doubled to ~63 % in 2020. Still, in 
the same way that a p-value is needed to assess the statistical signifi
cance of a metabolite change, R2 and Q2 values are important to evaluate 
the quality of a multivariate statistical model. Specifically, R2 measures 
the degree of fit to the model and Q2 provides a measure of consistency 
between the predicted and original data. Typically, R2 is greater than Q2, 
Q2 ≥ 0.4, and Q2 is within 20 % of R2 for an acceptable model [41]. 

Importantly, R2 and Q2 do not provide a measure of model validation, 
especially for supervised methods including PLS, OPLS, and PLSDA. 
Instead, an additional model validation approach is needed, which 
usually consists of p-values calculated by CV-ANOVA [59] and/or a 
permutation test (n = 1000) [60]. Disappointingly, our literature survey 
indicated that only ~31 % of 2010 papers reported an acceptable vali
dation method for a supervised multivariate statistical model. The 
numbers did modestly improve to ~43 % in 2020. Nevertheless, the low 
routine validation of statistical models raises serious concerns regarding 
the scientific validity of the entirety of these studies. Simply, if the 
statistical models are revealed to be invalid by being overfit, then any 
resulting scientific insight or biological inference is equally suspect. In 
essence, the entire outcome of the study is in doubt. Therefore, we 
suggest statistical model validations be reported for metabolomics 
studies that employ multivariate statistical methods, which may include 
reporting R2, Q2 and p-values calculated by CV-ANOVA [54] and a 
permutation test, or other validation results (CER, AUROC, random 
forest analysis). 

Unfortunately, the survey results summarizing the NMR commun
ity’s application of quality control (QC) methods directly pertinent to 
the reported study were worse than the reported statistical data 
(Fig. 2B). In fact, the response rate was so low, near zero for most cat
egories, that a few of the questions were eliminated from the 2010 
survey. The response rates ranged from a low of ~2 % to a high of nearly 
17 % for the 2020 papers. Given the intrinsically high reproducibility of 
NMR experiments, the high instrument stability, and the relatively low 
variance (CV 5–10 %) of quantitative NMR (qNMR) [22], QC has not 
been as strong a concern among NMR-based metabolomics investigators 
as it is for LC/GC-MS metabolomics data [61]. In fact, a few of the survey 

Fig. 2. Bar graphs of Yes-No survey questions related to (A) statistical validation and (B) quality control methods of NMR-based metabolomic studies.  
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questions, such as pooled QC samples, are standard protocols in 
MS-based metabolomics studies, but have not been universally adopted 
by the NMR community. Nevertheless, randomization of samples to 
minimize potential sample-order bias is an important practice for all 
metabolomics studies. To note, pooled QC samples offer an evaluation of 
the experimental variance that may occur during sample preparation 
and metabolite extraction and remain important for an NMRbased 
study. For example, combining pooled samples with 2D NMR may prove 
to be an efficient approach to validate metabolite assignments. Other 
important QC samples include process blanks, buffer blanks, standard 
reference samples for system suitability, standards for chemical shift 
referencing and even standard reference materials for quantitation and 
assessment of technical variance. Of course, most NMR facility managers 
conduct routine quality control checks of NMR instrument performance 
that are rarely reported in the literature. We suggest that manuscripts 
reporting on the use of NMR for metabolomics include pertinent infor
mation regarding the QA/QC procedures implemented for assessing 
spectrometer performance, including stability of 90◦ pulses, water 
suppression efficiency, and signal-to-noise values on standard samples, 
sample temperatures, or ERETIC signal calibrations, among other 
routine QA/QC procedures. The survey questions regarding QA/QC did 
not address whether these routine protocols were employed, but, 
instead, were directed to QA/QC protocols relevant to the reported 
study to determine variability that may emerge during sample prepa
ration. Thus, we also recommend that other QC protocols specific to the 
published study such as the use of pooled, standard, and blank samples, 
and the randomization of sample preparation and data collection be 
reported. 

2.5. Reporting of experimental parameters and data processing 
parameters 

The inclusion of standard experimental parameters should be 
considered relatively routine and common practice. In this regard, a 
survey of scientific literature would be expected to reach nearly 100 %. 

Any outcome significantly below this mark would be troubling, which is 
generally what was observed (Fig. 3A). The worst outcome from both 
the 2010 and 2020 survey was reporting sample pH, which only reached 
~56 % of papers. Now, the relatively low reporting rate may be a partial 
artifact of studies that use only organic solvents where pH has no 
meaning. This may also partially explain the observation that only ~81 
% of 2010 papers and ~74 % of 2020 papers reported a buffer. Never
theless, it doesn’t explain why only ~65 % (2010) or ~75 % (2020) of 
the survey papers reported a sample temperature. The number of sam
ples used in a study were commonly reported but decreased from ~96 % 
in 2010 to ~83 % in 2020. More importantly, the number of samples 
was often not summarized in the methods section. Thus, readers had to 
deduce sample numbers by counting symbols in plots or careful exam
ination of tables. A summary of the experimental design in the results 
section of a manuscript that includes the number of groups, the number 
of replicates (biological and analytical) per group, the number and type 
of NMR experiments would be a simple remedy to this problem. 

Unfortunately, the reporting of processing parameters was signifi
cantly worse than the listing of experimental parameters for both the 
2010 and 2020 papers (Fig. 3B). It is well-known that the methods and 
parameters of NMR data processing, such as baseline correction method 
(~68–75 %), automated or manual phasing (~58–98 %), choice of 
window function (~34–55 %), application of zero-filling (~21–33 %), 
and the removal of solvent/buffer peaks (~58–63 %), will directly 
impact the composition of the data matrix and the resulting statistical 
analysis. The 2020 papers reported a lower percentage for most of these 
important parameters. 

As discussed above, the low reporting rate of important statistical 
parameters occurred again in the context of processing parameters. The 
fact that the data matrix was normalized and scaled is of critical 
importance [62,63]. This also requires knowledge of the type of 
normalization and data scaling technique that has been used. The 
absence or improper usage of normalization and scaling techniques 
would completely negate the value of any multivariate statistical model 
and any subsequent biological interpretation. Despite the importance of 

Fig. 3. Bar graphs of Yes-No survey questions related to (A) experimental parameters and (B) processing parameters of NMR-based metabolomic studies.  
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reporting such data manipulation, only ~60 % of both the 2010 and 
2020 papers reported a normalization method which dropped to ~45 % 
of papers that reported data scaling. 

A potential explanation for the low reporting of experimental, pro
cessing, and statistical parameters is the reliance on citing previously 
published papers that are expected to provide a detailed explanation of 
the metabolomics protocols used by the study. Frustratingly, sometimes 
this approach leads to the backwards referencing through multiple 
generations of papers before the original manuscript with the complete 
list of protocols are located. While the procedures themselves may 
eventually be found in the literature, the simple specification of the 
protocol is inadequate. As noted in a Nature survey from 2016 [64], 
more than 60 % of respondents were unable to repeat other scientists’ 
experiments. The American Society for Cell Biologists similarly found 
that more than 70 % of its members were unable to replicate a published 
experimental result using standard well-established protocols because of 
incomplete details reported in the original protocols (https://www.ascb. 

org/science-policy-public-outreach/advocacy-policy/ascb-examines 
-difficulty-reproducing-research-data/). The individual parameters for 
each of those procedures are critical to ensure reproducibility of results 
and findings, which are often study and/or sample dependent and un
likely to be identical to the cited literature reference. A reference to a 
previous manuscript could be adequate if the citing paper contained 
sufficient data to indicate that all parameters from the previous study 
are identical to the current study. Lack of specific clear-cut statements 
indicating identical conditions, or mentioning specific exceptions, in
dicates that the simple description of the protocol or literature citation is 
insufficient. Regardless of the reason, the absence of key experimental 
and processing parameters (Fig. 3) may lead to legitimate concerns 
regarding the validity of the presented study and the scientific value of 
any biological interpretation. In our view, a well-defined and estab
lished procedure is one where the specific biological, physiological, 
experimental, and study conditions are fully described in the published 
manuscript. At a minimum, detailed study-specific experimental and 

Fig. 4. Bar graphs summarizing the number of 2010 and 2020 papers reporting (A) the number of identified and quantified metabolites (binned), (B) the number of 
biological replicates per group, and (C) the total number of samples. The insert in (A) plots the average and standard deviation of the number of identified and 
quantified metabolites in 2010 and 2020. 
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processing parameters be described in supplemental material and 
included when depositing data in public data repositories. 

2.6. Distribution of experimental parameters and study outcomes 

Another clear outcome of the literature survey is the diversity of 
experimental protocols and the range of study designs used by the NMR 
metabolomics community. For example, the number of metabolites 
identified and quantified ranged from 0 to >100, with a peak at 0 and 
31–40 metabolites in 2020 (Fig. 4A). Encouragingly, the average num
ber of identified/quantified metabolites increased from 23/26 in 2010 
to 44/39 in 2020. The standard deviations in all cases were essentially 
equal to the average values, which again highlights the high diversity of 
NMR metabolomics studies. To further clarify the study outcomes, the 
number of metabolites identified and quantified were also tabulated for 
several different sample types: animal models, biofluids, cell cultures, 
food/beverages, humans, plants, and tissues. There was only a modest 
difference in metabolite counts per sample type. For example, in 2020, 
biofluids and human samples had the largest average number of iden
tified metabolites ranging from approximately 45 to 56, while animal 
models and plants had the smallest average number of metabolites 
ranging from 12 to 29. The remaining groups had an average that ranged 
between 32 and 37. Consistent with the overall trends, the number of 
metabolites identified and quantified were lower for 2010 publications, 
but the relative rankings of sample types changed. In 2010, animal 
models and food/beverages had the lowest average number of metab
olites, ranging from approximately 7 to 13. Cell cultures, plants and 
tissues had the largest average number of metabolites, which ranged 
from 18 to 77. The remaining sample types had an average number 
ranging from 18 to 21. Given both group type and yearly variations, it is 
difficult to assign any importance to differences in sample types beyond 
limited knowledge and/or complexity of some metabolomes that were 
sampled by NMR. Nevertheless, it is concerning that an equally likely 
outcome of NMR-based metabolomics studies is to report 0 identified/ 
quantified metabolites. This is easily fixable and largely a result of the 
authors’ simple failure to report a summary of the number of metabo
lites identified and quantified. 

The number of biological replicates per group and the total number 
of samples provide another factor to gauge the overall quality of a 
metabolomics study (Fig. 4B and C). In general, the more samples that 
are analyzed, the better for establishing statistical significance and the 
reliability of any observations. The peak in the number of biological 
replicates per group being centered around bins of 11–20 and 21–50 is a 
positive trend, as is the number of studies that analyzed 50–200 total 
samples. Again, a large range of values was observed, further estab
lishing the diversity of NMR metabolomics studies that are undertaken. 
A common occurrence was zero, in which the study doesn’t clearly state 
the number of samples used. Equally troubling is the large number of 
studies using a few (<6) and even a single biological replicate per group 
or only 1 to 10 total samples. The biological significance of these studies 
is highly suspect. Of course, there are practical considerations that 
constrain the number of available samples, such as in rare medical 
conditions, but a minimal number of samples still needs to be acquired 
to obtain the necessary statistical power. In highly controlled metab
olomics studies using cell cultures, animal models, food, and beverage 
samples, etc., 10 to 20 biological replicates per group are likely sufficient 
for statistical significance. Conversely, human clinical metabolomics 
studies may require 60 or more replicates per group to obtain sufficient 
statistical power (α 0.8). Of course, these are only minimal recommen
dations for the number of biological replicates, as more replicates are 
always better. 

It should also be mentioned that the number of analytical replicates 
reported across all 2010 and 2020 papers was one. There were only a 
few rare exceptions of a study reporting more than one analytical 
replicate. While the reproducibility of the NMR measurement is supe
rior, possible processing deviations can be detected when including 

analytical replicates for one or more samples. The practice of using 
analytical replicates ensures consistency within the metabolomics 
analytical workflow and offers confidence that the data is of high 
quality. 

Other experimental parameters exhibited a similarly large range of 
values from the literature survey (data not shown). For example, reported 
pHs ranged from 2.5 to 7.50, with peaks at pH 6, 7, and 7.4. Despite the 
use of an apparently large range of pHs, about 80 (2010) to 90 (2020) 
percent of the reported pHs were within the 6.5 to 7.5 range. Although 
many studies used a pH consistent with typical biological conditions (i. 
e., pH 7.2) for their metabolomics analyses, some studies demonstrated 
an occasional need to use different pHs based upon the specific nature of 
the samples. For example, analysis of samples at lower pH is important 
in food preservation studies. Similarly, reported temperatures ranged 
from 198 K to 448 K, with peaks at 298 K, 300 K, and 310 K. Despite the 
apparently large range of temperatures used in diverse studies, about 79 
(2010) and 82 (2020) percent of the reported temperatures were either 
298 K or 300 K, essentially ambient temperature. However, it is also 
clear that other temperatures were needed for specific studies to 
accommodate, for example, the need to cool samples for solid state 
NMR. For comparisons across studies and between different groups, it 
would be ideal to establish sample-type specific pH and temperature 
values for conducting metabolomics studies. Several studies have pre
viously reported the evaluation of sample preparation for metabolomics 
studies [2,65,66]. 

Every field between 400 and 900 MHz has been used, where 600 
MHz was the most popular choice, followed by 500 MHz. All modern 
NMR spectrometers can perform sophisticated multidimensional ex
periments that are pertinent to metabolomics, in addition to simple 1D 
NMR experiments. The advent of ultra-high field instruments, with the 
state of the art now being 1.2 GHz (1H frequency), affords unprece
dented sensitivity and resolution, and simplification of the spectra for 
strongly coupled spin systems [67]. While their staggering cost pre
cludes widespread application, ambiguities resolved using high field 
instruments will enhance the utility of lower field instruments. Recent 
advances in inexpensive benchtop instruments [68], which can execute 
the sophisticated pulse sequences available on high field instruments, 
will enable wider application and penetration of NMR-based metab
olomics in more diverse settings, for example field studies and 
point-of-care. Thus, the choice of a specific spectrometer frequency for a 
given metabolomics study is likely dictated by instrument availability, 
project needs, and access to high-throughput capabilities including 
automatic sample loading systems or cryoprobe systems. Thus, stan
dardizing NMR field strength for metabolomics studies is not practical, 
which, in turn, requires more flexible pipelines and software for NMR 
data processing and analyses. 

Finally, the choice of 1D NMR experiments, 2D NMR experiments, 
and the software and databases used to process and analyze the 
metabolomics datasets exhibited the largest variance between research 
groups. Consistent with prior responses, “No Response” was the most 
common or among the most common answers to the type of NMR ex
periments and software used. This is a concerning outcome considering 
how fundamentally important it is to know specific details regarding the 
type of NMR experiments conducted and how the spectral data were 
processed and analyzed. Again, a partial explanation for the omission of 
this critical information may be the reliance on citing previous work to 
provide experimental details, instead including this information in 
supplementary material as a minimal requirement is a reasonable 
expectation. The popular choices of 1D NMR experiments were 1D 
NOESY, CPMG, and a generic 1D 1H NMR pulse sequence with or 
without the explicit inclusion of a presaturation pulse [69–74]. While 
widely used, each of these 1D NMR experiments has well-known and 
unique limitations with associated problems that may impact the ve
racity of the reported biological insights. Accordingly, a community-led 
recommendation to adopt specific NMR pulse sequences and experi
mental parameters would again be beneficial to establish standards and 
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enable the comparison of datasets across studies and groups. Conversely, 
popular choices for 2D NMR experiments are routinely employed for 
metabolite identification and validation and do not present any unique 
concerns. These experiments include expected selections such as HSQC, 
TOCSY, COSY, and HMBC [47,75]. A notable exception is the 2D 
J-resolved experiment, which could be viewed as an alternative 1D 1H 
NMR experiment [76]. 

By far, the largest diversity in experimental protocols was the choice 
of software and database used to process and analyze the NMR metab
olomics data sets. Once again, the number one response was “No 
Response.” While this assertion has become redundant, it is extremely 
challenging to evaluate the value of a metabolomics study and infer the 
reliability of its outcomes without a fundamental understanding of the 
data analysis protocols. The common reliance on prior published work 
to describe experimental protocols is a likely partial explanation for the 
absence of software being listed in the 2010 and 2020 papers. The top 
five software out of the 20 commonly reported programs were, in order, 
Chenomx, TopSpin, SIMCA, and R [77]. The missing member from this 
list, which was third overall, was the general category of “Other.” The 
other category contained over 90 different software programs. To 
further emphasize this point, of the 543 papers surveyed from 2010 to 
2020, over 110 unique software packages were identified as being used 
to process or analyze the NMR metabolomics data sets. Nearly one out of 
every five papers used a unique NMR spectra processing approach. 
Again, community-led standardization of data processing pipelines and 
software may greatly benefit the field of metabolomics while mini
mizing problematic or tenuous outcomes. NMRbox (https://nmrbox.nm 
rhub.org/) [78], MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/) 
[79], and MVAPACK (https://mvapack.unl.edu/) [80], among others, 
are current on-going efforts to resolve this issue. 

3. Conclusion 

Herein we reported on an assessment of NMR-based metabolomics 
studies published in the scientific literature during the years 2010 and 
2020. The outcome of our literature survey identified several areas of 
concern, but it also provided an important framework to establish best 
practices. One troubling observation was the high occurrence of papers 
that lacked important experimental details. A reliance on citing prior 
published papers as the source of these experimental details remains 
problematic. Instead, at a minimum, a proposed practice of including all 
experimental details and protocols in supplementary files is suggested. 
This information is critical to evaluating the proper execution of an 
NMR-based metabolomics study and ensuring the veracity of the results 
and biological insights, in addition to providing a means to reproduce 
the study results. The most severe omission was the incomplete report
ing of statistics, which was made worse by routine improper usage of 
both univariate and multivariate statistical methods. Thus, robust 
guidelines need to be adopted by the NMR metabolomics community to 
ensure proper application, reporting, and validation of statistical 
methods critical to metabolomics analysis. 

In addition to the lack of reporting key information regarding the 
design and execution of a study, it was extremely unlikely that the 
resulting data would be deposited in publicly available metabolomics 
repositories. Metabolomics data that is not publicly accessible elimi
nates the possibility to reexamine and/or reprocess the datasets to 
determine the reliability and reproducibility of the original results or 
even to reanalyze the research as software and data analytic tools 
progress. A lack of test data sets also hinders progress in software and 
method development and undermines the broad impact of metab
olomics findings. Further perplexing was the observation that a majority 
of the papers did not include a stated scientific hypothesis. The impor
tance of metabolomics goes well beyond simply cataloging the metab
olites detected in a biological sample. Instead, the value of 

metabolomics comes from its complementarity with other experimental 
techniques that provide a distinct and holistic view of the system under 
investigation. Thus, metabolomics is often uniquely positioned for hy
pothesis generation. 

The final impression garnered from the survey data was the large 
diversity of protocols employed by NMR communities. The absence of a 
generally accepted and adhered-to standards for data acquisition and 
processing pipeline almost guarantees that the results acquired across 
multiple investigations will not be reproducible or interoperable. 
Without any semblance of consistency, the accuracy of the results is also 
highly questionable. The diversity of protocols reported in the literature 
presents a valuable framework for devising standards and best practices 
for NMR metabolomics protocols that address: (i) sample handling and 
processing, (ii) NMR data collection, (iii) data preprocessing protocols 
and software choice, (iv) statistical analysis, validation, and software 
choice, (v) metabolite identification, quantification, validation, soft
ware and database choices, (vi) network analysis, and (vii) combining 
NMR with other analytical platforms. In fact, a body of suggested 
standards related to various segments of the metabolomics pipeline does 
exist [31,33–37,81], including recommendations about data acquisition 
and processing [27,28,62,63,82–84], but compliance with reporting 
standards is lacking. For example, a study by Spicer et al. (2017) [38] 
pointed out that many of the minimal reporting standards established by 
the MSI: Metabolomics Standards Initiative [39] in 2007 were not 
adhered to in metabolomics datasets deposited in MetabolomeXchange 
(http://www.metabolomexchange.org/) or other data repositories. 
Unfortunately, our recent survey of the NMR metabolomics scientific 
literature confirms this ongoing challenge facing the metabolomics 
community, and the lack of an approved and agreed upon set of best 
practices is still a major drawback. Resolving this issue will require a 
concerted and joint effort by metabolomics researchers, journal pub
lishers, metabolomics data repositories, societies, and funding agencies 
to embrace and enforce an adherence to community standards. 

As a final note, given the assortment of protocols revealed by the 
survey, it is difficult to imagine a single agreed-upon approach to NMR- 
based metabolomics among so many different studies involving humans, 
cells, animals, food, and others. Instead, we expect that by focusing on a 
single type of biological system, for example, on human serum or urine, 
only then will an improved set of best practices appear for the specific 
system. For instance, metabolomics studies performed with cells or an
imal models usually require fewer biological replicates than human 
studies because of the controlled environment and lower sources of 
variance. Similarly, different sample matrices define sample handling 
and metabolome extraction protocols which determine the number and 
chemical class of metabolites that can be detected. Describing the 
reporting habits among the many investigators comprising this survey 
was important to better understand whether the methods currently 
employed are sufficiently detailed and adequate for achieving such a 
consensus reporting standard. Conversely, it is difficult to conclude 
something about the standardization of a metabolomics methodology if 
the data are not presented in a coherent and homogeneous manner. 
Establishing an analytical standard framework for NMR-based metab
olomics necessitates a thorough assessment of the experimental, pro
cessing, and statistical parameters currently employed by the scientific 
community. 

NIST disclaimer 

Certain commercial equipment, instruments, or materials are iden
tified in this paper in order to specify the experimental procedure 
adequately. Such identification is not intended to imply recommenda
tion or endorsement by the National Institute of Standards and Tech
nology, nor is it intended to imply that the materials or equipment 
identified are necessarily the best available for the purpose. 
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Appendix A. Methods 

A.1 Assembling a collection of NMR-based metabolomics papers 

The scientific literature deposited in the PubMed [85–87] database 
(https://pubmed.ncbi.nlm.nih.gov/) was searched for peer-reviewed 
NMR-based metabolomics manuscripts published in 2010 and 2020. 
The database search employed a combination of an automatic and 
manual filtering process. The following PubMed query was used to 
generate an initial list of manuscripts: 

((((NMR [Title/Abstract]) AND (metabolomics [Title/Abstract]))) 
AND ((“2020/01/01" [Date - Publication]: “2020/12/31" [Date - Pub
lication]))) NOT (Review). 

Any paper focused on software and/or NMR protocols, and any re
views that were not detected with the first filter were manually 
removed. Also, any paper describing the identification of a natural 
product that used mass spectrometry (MS) metabolomics to detect the 
compounds followed by NMR to determine the structure were removed. 
The following PubMed query was then used to cross check the list of 
publications that were identified with the first PubMed query to confirm 
that the articles selected via the review criteria were review articles: 

((((NMR [Title/Abstract]) AND (metabolomics [Title/Abstract]))) 
AND ((“2020/01/01" [Date - Publication]: “2020/12/31" [Date - 
Publication]))) 

The process was repeated with the year 2020 changed to 2010. 

A.2 Creating and conducting the survey of NMR-based metabolomics 
papers 

A list of 72 survey questions was developed by the project partici
pants and are available in the supplemental information (Table B1). The 
survey questions were designed to thoroughly catalog current NMR 
metabolomics best practices as described in the scientific literature. The 
number of survey questions were reduced to 59 for 2010 papers to 
eliminate uninformative questions. Omitted questions were associated 

with automation, number of analytical replicates that were either 
omitted or nearly always one, number of controls and cases that was 
redundant with number of groups, number of zero fills, final file size, 
and baseline correction function that were difficult to properly assess, 
and quality control and machine learning protocols not employed by 
NMR investigators. Most questions were designed with a simple 
response of “No”, “Yes”, or “Not Indicated.” A few questions had a 
defined pull-down list of likely answers, such as spectrometer fre
quencies. The remaining questions were open-ended such as the type of 
buffer, software, or biological sample used in the study. Overall, the 
survey questions were comprised of the following general categories: (i) 
study design, type of samples, number of groups and biological repli
cates, (ii) experimental details like field strength, temperature, pH, and 
solvent, (iii) processing details like zero fills, baseline correction, 
normalization, and scaling, (iv) quality controls, software used, me
tabolites identified, and metabolites quantified, and (v) statistical details 
like univariate techniques, multivariate techniques, and validation 
methods. 

An Excel file of the list of authors, titles, and PMIDs from the PubMed 
query results was combined with the survey questions. A separate file 
was created for the 2010 and the 2020 papers. Each Excel file was shared 
with the survey participants. The 2010 papers were randomly distrib
uted between 14 research groups and the 2020 papers were randomly 
distributed between 17 research groups to manually complete the sur
vey questions. Survey participants read each assigned paper and any 
available supplemental information to manually answer all survey 
questions. A master 2010 (Table B2) and 2020 (Table B3) Excel file was 
created by concatenating the individual literature survey results 
compiled by each research group. The master Excel files were then used 
to tabulate a summary of the 2010 (Table B4) and 2020 (Table B5) re
sults for each individual question using standard Excel COUNT and SUM 
functions such as COUNTA, COUNTBLANK, and COUNTIF. For Yes-No 
questions, the number of “Yes”, “No”, “Not Indicated”, and blank cells 
were separately counted. For questions with a defined list of answers, 
the number of each defined answer, each generic “other”, and each 
blank cell was separately counted. Open ended questions were manually 
cataloged and counted. The two Excel files that summarize the results of 
the literature survey are available as supplemental information. 
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