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Abstract: Precision medicine may significantly contribute to rapid disease diagnosis and targeted
therapy, but relies on the availability of detailed, subject specific, clinical information. Proton nuclear
magnetic resonance (1H–NMR) spectroscopy of body fluids can extract individual metabolic
fingerprints. Herein, we studied 64 patients admitted to the Florence main hospital emergency room
with severe abdominal pain. A blood sample was drawn from each patient at admission, and the
corresponding sera underwent 1H–NMR metabolomics fingerprinting. Unsupervised Principal
Component Analysis (PCA) analysis showed a significant discrimination between a group of patients
with symptoms of upper abdominal pain and a second group consisting of patients with diffuse
abdominal/intestinal pain. Prompted by this observation, supervised statistical analysis (Orthogonal
Partial Least Squares–Discriminant Analysis (OPLS-DA)) showed a very good discrimination (>90%)
between the two groups of symptoms. This is a surprising finding, given that neither of the
two symptoms points directly to a specific disease among those studied here. Actually herein,
upper abdominal pain may result from either symptomatic gallstones, cholecystitis, or pancreatitis,
while diffuse abdominal/intestinal pain may result from either intestinal ischemia, strangulated
obstruction, or mechanical obstruction. Although limited by the small number of samples from
each of these six conditions, discrimination of these diseases was attempted. In the first symptom
group, >70% discrimination accuracy was obtained among symptomatic gallstones, pancreatitis,
and cholecystitis, while for the second symptom group >85% classification accuracy was obtained
for intestinal ischemia, strangulated obstruction, and mechanical obstruction. No single metabolite
stands up as a possible biomarker for any of these diseases, while the contribution of the whole
1H–NMR serum fingerprint seems to be a promising candidate, to be confirmed on larger cohorts,
as a first-line discriminator for these diseases.

Keywords: acute digestive disease; biliary colic; pancreatitis; metabolomics; intestinal ischemia; ileus;
intestinal strangulated obstruction

1. Introduction

In emergency rooms, especially in the case of acute symptoms, the central dogma of
patients’ treatment effectiveness consists of rapid disease diagnosis and subsequent targeted cure.
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Personalized medicine is progressively acquiring importance for both of these purposes and for
drug development [1,2]. In turn, a deeper knowledge of each individual’s metabolome is becoming
important for defining individual phenotypes. In recent years, analysis of the human metabolome
through the systematic study of bio-specimens (biofluids, tissues, etc.) has strongly developed [3].

The human metabolome consists of several thousands of small molecules (150–2000 Da), which
are present in all body fluids in a very wide range of concentrations (from nanomolar to molar) [4,5].
Blood contains hundreds of molecules—from lipids, such as phospholipids, fatty acids, steroids
to amino acids, proteins, glucose, etc.—that are trafficked to and from our organs and tissues.
Among body fluids, the whole ensemble of the small molecules circulating in blood, usually
called the blood metabolic fingerprint, bears a clear reflection of the physiological condition of the
organism. The metabolic fingerprint can be extracted by various spectroscopic and/or spectrometric
techniques such as 1H–NMR spectroscopy, gas chromatography–mass spectrometry (GC–MS), and
liquid chromatography–mass spectrometry (LC–MS) [6].

So far, a few metabolomics studies have addressed several digestive diseases, including inflammatory
bowel disease (IBD) [7,8] and liver and bile tract diseases [9], reporting the presence of partially specific
biomarkers in serum, urine and fecal extracts that could help early and successful diagnosis.

Herein, we focus upon two groups of three different acute gastrointestinal diseases. The main
characteristic of the two groups is that the symptoms of the patients are initially expressed by a
severe abdominal pain along with nausea, etc. The first group encompasses bile tract diseases, namely,
symptomatic gallstones, cholecystitis, and pancreatitis, and the second one comprises obstructive bowel
diseases, namely, intestinal ischemia, intestinal strangulated obstruction, and intestinal mechanical
obstruction cases.

The symptoms of the three diseases in the first group mostly consist of severe upper abdominal
pain, sometimes associated with vomit, and may require immediate hospitalization and treatment.
However, treatment of the three conditions is quite different [10,11]. The three diseases of the second
group may also have similar symptoms, consisting of diffuse abdominal pain with abdominal swelling
and symptoms of bowel obstruction. Although all of them require urgent surgery, treatment is, again,
different. All the aforementioned diseases represent not infrequent causes of access to emergency
room. For all of them an early diagnosis is mandatory, and sometimes critical for survival [12–15].
It should be noted that the two groups of diseases could be quite easily diagnosed by experienced
medical doctors since the abdominal pain is expressed in different regions of the abdomen along with
other symptoms, however, several blood and physical exams should be performed before the initial
diagnosis and so far, there have been no evidence for these diseases discrimination by untargeted
metabolomics via serum profiling.

The present study aims at assessing whether serum NMR-based metabolomics fingerprints for
these diseases can be obtained and can help diagnosis in patients admitted to the emergency room
with acute abdominal pain. Namely, we tried to test if the serum metabolic profile, extracted by NMR,
could discriminate and “map” the two groups of acute gastrointestinal diseases, while we attempted
to decompose each group into its diseases and get some preliminary evidence of their fingerprint in
serum NMR profiles.

2. Results

2.1. Diseases Discrimination According to Their Symptoms

Unsupervised multivariate analysis by Principal Component Analysis (PCA) of all types of
serum spectra (Figure 1) prompted a good discrimination of the diseases that focus on the upper
abdominal pain from those that exhibit intestinal and diffuse abdominal pain. Orthogonal Partial
Least Squares–Discriminant Analysis (OPLS-DA) supervised analysis of all type of spectra (Figure 2)
showed that the Carr-Purcell-Meiboom-Gill (CPMG) spectra produce the highest classification accuracy
(Figure 2b, Table 1). In particular, CPMG spectra profile is able to discriminate with >90% accuracy the
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two major groups of the diseases. Permutation tests (500 random iterations) were performed in order
to identify any over-fit of both cross validated and not CPMG model (Figure S1). A probability table
was derived with the calculated probabilities (p values) from pairwise Wilcoxon signed test, pairwise
signed test as well as randomization t-test (Table S1). p values indicated that the corresponding models
were significantly different at the 95% confidence limit and unlikely to be random. The loading plot of
the OPLS-DA analysis (Figure S2) from the CPMG spectra hinted to some significant NMR signals that
contribute to the discrimination. These signals correspond to an alteration of fatty acids concentration,
which appears to be elevated in the case of the intestinal diseases compared to the upper abdomen
diseases (Figure 3). In particular, a thorough inspection of the CPMG spectra (Figure 4a) shows
that ω-6, ω-9 and unsaturated fatty acids are probably increased (Figure 4b), along with a potential
elevation of total cholesterol levels (Figure 4b). Further, detailed assignment of specific fatty acids is
hindered from their signal overlap as well as the presence of lipoproteins. It should be noted that not
only fatty acids contribute to the discrimination, since the calculated discrimination accuracy of the
diseases is <65% when only these spectral regions are considered. This indicates that the whole serum
NMR profile of the CPMG spectra leads to the high classification accuracy, acting as a “collective”
biomarker [16].

2.2. Biliary/Pancreatic Diseases

PCA analysis of the serum NOESY spectra (Figure S3) from patients affected by biliary colic due
to symptomatic gallstones, cholecystitis, and pancreatitis suggested a probable discrimination among
these diseases. In fact, the subsequent OPLS-DA supervised analysis resulted in a good classification of
the three diseases (Figures S4a and S5a). In particular, the NMR fingerprints can be clustered in three
groups, which exhibit high discrimination accuracy, as assessed by the cross-validated confusion matrix
(Table S2). In particular for the cholecystitis, cross-validated results showed a very high discrimination
with accuracy >90%.

Table 1. Cross-Validation results (confusion matrices) and accuracies from the OPLS-DA analysis of
NOESY, CPMG, and diffusion NMR spectra for the diseases with symptoms of severe upper abdominal
pain (UAP) vs. the diseases with diffuse abdominal/intestinal pain (DAIP).

Upper Abdominal Pain
Symptom (UAP)

Diffuse Intestinal/Abdominal
Pain Symptom (DAIP)

Predicted/Expressed Symptom NOESY SPECTRA (Cross validation)

Predicted as UAP 25 11

Predicted as DAIP 4 24

Accuracy (%) 77.6

Predicted/Expressed Symptom CPMG SPECTRA (Cross validation)

Predicted as UAP 28 3

Predicted as DAIP 1 32

Accuracy (%) 93.8

Predicted/Expressed Symptom DIFFUSION SPECTRA (Cross validation)

Predicted as UAP 21 12

Predicted as DAIP 8 23

Accuracy (%) 69.4
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Figure 1. 2D Score plot of the Principal Component Analysis (PCA) analysis for the NMR serum 
spectra of the patients participated in this study. The data are colored according to two groups: 
diseases with sever upper abdominal pain (n = 29, green squares) and diffuse abdominal/intestinal 
pain (n = 35, light blue triangles). PCA analyses were performed for the serum (a) Nuclear Overhauser 
Effect Spectroscopy (NOESY), (b) Carr-Purcell-Meiboom-Gill (CPMG), (c) diffusion NMR spectra. 

Figure 1. 2D Score plot of the Principal Component Analysis (PCA) analysis for the NMR serum
spectra of the patients participated in this study. The data are colored according to two groups: diseases
with sever upper abdominal pain (n = 29, green squares) and diffuse abdominal/intestinal pain (n = 35,
light blue triangles). PCA analyses were performed for the serum (a) Nuclear Overhauser Effect
Spectroscopy (NOESY), (b) Carr-Purcell-Meiboom-Gill (CPMG), (c) diffusion NMR spectra.
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Figure 2. 2D score plots of the Orthogonal Partial Least Squares–Discriminant Analysis (OPLS-DA) 
classification of two groups of diseases according to their symptomatology, namely one group of 
digestive diseases causing sever upper abdominal pain (bile tract diseases) and one group of diseases 
expressed with diffuse abdominal/intestinal pain (bowel obstructive diseases). The OPLS-DA models 
are based upon (a) NOESY, (b) CPMG and (c) diffusion NMR spectra, respectively. The second latent 
variable (LV) is the orthogonal component. In addition, the R2, Q2 values and the 95% confidence 
ellipse of each group are depicted. 

  

Figure 2. 2D score plots of the Orthogonal Partial Least Squares–Discriminant Analysis (OPLS-DA)
classification of two groups of diseases according to their symptomatology, namely one group of
digestive diseases causing sever upper abdominal pain (bile tract diseases) and one group of diseases
expressed with diffuse abdominal/intestinal pain (bowel obstructive diseases). The OPLS-DA models
are based upon (a) NOESY, (b) CPMG and (c) diffusion NMR spectra, respectively. The second latent
variable (LV) is the orthogonal component. In addition, the R2, Q2 values and the 95% confidence
ellipse of each group are depicted.
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Figure 3. Boxplots and calculated probability values (p) from Kruskal–Wallis non-parametric analysis 
of variance test of the most weighted variables (metabolites’ NMR signals) for the two group of 
diseases classification. Boxplots depict the concentration (in arbitrary units, a.u.) of some of the 
weighted metabolites for the groups classification. The analysis was performed after integration of 
the NMR signals of the weighted metabolites from the serum CPMG spectra. 
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All spectra employed for the studied groups of symptoms and diseases, colored accordingly and 
focused on the NMR regions of fatty acids and total cholesterol. 
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confusion matrix (Table S2). In particular for the cholecystitis, cross-validated results showed a very 
high discrimination with accuracy >90%. 

Figure 3. Boxplots and calculated probability values (p) from Kruskal–Wallis non-parametric analysis of
variance test of the most weighted variables (metabolites’ NMR signals) for the two group of diseases
classification. Boxplots depict the concentration (in arbitrary units, a.u.) of some of the weighted
metabolites for the groups classification. The analysis was performed after integration of the NMR
signals of the weighted metabolites from the serum CPMG spectra.
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Figure 4. (a) NMR spectral region of a serum sample, focusing on the signals of aliphatic protons from
fatty acids and total cholesterol (see Section 4.3 of the manuscript for the assignment details). (b–d) All
spectra employed for the studied groups of symptoms and diseases, colored accordingly and focused
on the NMR regions of fatty acids and total cholesterol.

Following the same supervised statistical approach, this time employing the CPMG (Figure S6)
serum spectra, the accuracy results of the derived model were higher (Figure 5a and Figure S7,
and Table 2). In particular, CPMG spectra seem to be the best predictors for biliary colic and
pancreatitis, with accuracy >90% (Table 2). This finding was further supported by trying to classify
each disease against the other two (Figure S8). From these supervised statistical analyses (Figure S8),
it is immediately appreciated that each one of the biliary/pancreatic diseases is very well classified
against the other two, with accuracy >85%.
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Figure 5. 3D and 2D score plots of the OPLS-DA classification of: (a) symptomatic gallstones,
cholecystitis, and pancreatitis; (b) of intestinal ischemia, intestinal strangulated obstruction,
and intestinal mechanical obstruction cases, respectively, along with R2 and Q2 values. OPLS-DA
models are derived from serum 1H-NMR CPMG spectra. The 3D score plot has been constructed
after the analysis of the serum spectra and the three first latent variables (LVs) components were used
(the third one is the orthogonal component), which were also used for the final model production,
since after the third component the mean classification error in the model was increasing (Figure S5b).
Extra viewing angles of the 3D score plot from the CPMG spectra model are depicted in Figure S7.
Except for the three groups samples distribution, the 95% confidence ellipse of each group is depicted.

Table 2. Cross-Validation results (confusion matrices) and accuracies from the OPLS-DA analysis of
the CPMG NMR spectra for symptomatic gallstones, pancreatitis, and cholecystitis.

Predicted/Diagnosed Symptomatic Gallstones Cholecystitis Pancreatitis

CPMG SPECTRA
(Cross validation)

Predicted as Symptomatic Gallstones 9 0 0
Predicted as Cholecystitis 0 5 1
Predicted as Pancreatitis 0 1 4

Accuracy (%) 100 88.1 90

Despite the low number of samples used for the construction of the models, we also attempted to
detect any statistically significant difference in the concentration of individual metabolites among the
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serum profiles of the three diseases. Thus, we employed the LVs weighted variables (i.e., responsible
for the disease discrimination) of the statistical analysis based on either NOESY (Figure S9a) or
CPMG (Figure S9b) spectra. Figures S10 and S11 focus on the weighted variables of the loading plots
(i.e., metabolite signals that contribute the most to the classification based on the variable importance in
projection (VIP) scores for each group) for the NOESY and CPMG models, respectively. It appears that,
in both cases, statistically significant differences are mainly (but not only, since the whole NMR profile
contributes to the discrimination) determined by ω-6, ω-9 and unsaturated fatty acids (Figures S12a,
S13a and Figure 4c), glycoproteins, and phospholipids. Despite the limited number of samples, the
univariate statistical analyses showed that fatty acids and phospholipids concentrations may be indeed
higher in the case of biliary colic due to symptomatic gallstones, whereas patients diagnosed with
cholecystitis exhibit lower concentrations (Figure 4c, Figures S12a and S13a).

It should be mentioned that the analysis of the diffusion spectra (Figures S14 and S15, and
Table S3), which mostly contain 1H-NMR signals of macromolecules, did not provide higher accuracy
than NOESY and CPMG spectra. This is another proof that the whole NMR fingerprint of NOESY
and CPMG spectra leads to the discrimination of the bile tract diseases and not only fatty acids,
glycoproteins, and phospholipids signals.

In order to test the predicting ability of the NOESY and CPMG models, we employed the extra
serum samples (nine), which were not used for the model construction (see section of Material and
Methods, paragraph: patients’ recruitment for the study). Among them, three corresponded to
symptomatic gallstones, three to cholecystitis and three to pancreatitis according to clinical diagnosis.
In detail, their NMR spectra (both NOESY and CPMG) were used as test datasets (see Figure S6) in
order to predict through our models, the disease of each patient and comparison of the results with
the medical diagnosis. The prediction results by the CPMG spectra (Figure S16a, Table S4) could be
considered more than satisfying given the small number of data used to build our models, since eight
out of nine patients were correctly assigned. The predicting ability of the NOESY model was slightly
lower (Table S4 and Figure S16b) than the CPMG, as expected from their cross-validated results (Table 2
and Table S2).

2.3. Intestinal Diseases

By following the same statistical approach as for biliary/pancreatic diseases, NOESY, CPMG, and
diffusion spectra were employed for the discrimination of the intestinal diseases, namely intestinal
ischemia, strangulated obstruction, and mechanical obstruction cases. The score plots from the
multivariate analyses (MVDA) analysis of the three types of spectra are shown in Figure S17a,b,
Figure 5b and Figure S18 respectively. In particular, all analyses exhibit high accuracy (Table S5 and
Table 3), with the following order of NMR type of spectra from the highest to lowest performance:
CPMG > NOESY > DIFFUSION. The accuracy of the CPMG model was further confirmed by testing
the classification of each one of the diseases compared to the other two. OPLS-DA analyses showed
that each disease is discriminated with at least 76% accuracy against the other two (Figure S19).

Table 3. Cross-Validation results (confusion matrices) and accuracies from the OPLS-DA analysis of
the CPMG NMR spectra for intestinal ischemia, strangulated obstruction, and mechanical obstruction.

Predicted/Diagnosed
Intestinal Ischemia Intestinal Strangulated

Obstruction
Intestinal Mechanical

Obstruction

CPMG SPECTRA
(Cross Validation)

Predicted as Intestinal ischemia 6 1 0
Predicted as Intestinal

Strangulated Obstruction 0 5 0

Predicted as Intestinal
Mechanical Obstruction 0 0 11

Accuracy (%) 95.7 90.7 100
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Subsequently, following the same procedure as above, we tried to detect the most discriminating
metabolites (if any) for each disease. The loading plots (Figure S20) and the VIP scores (Figures S21–S23)
indicate some significant metabolite concentration differences for each disease. In particular, the same
classes of fatty acids as previously mentioned appear again as a group of metabolites that contribute
to the three diseases classification along with total cholesterol. They tend to be highest in intestinal
ischemia and lowest in intestinal mechanical obstruction (Figures S12b, S13b and Figure 4d).

Phospholipids (PL) are statistically significant only for the CPMG spectra (Figure S13b), being
highest in intestinal strangulated obstruction and lowest in intestinal ischemia cases, respectively.

Predicting ability tests were also performed for all three models (as for the biliary/pancreatic
diseases), by means of three extra serum samples of intestinal ischemia, two of intestinal strangulated
obstruction, and seven of intestinal mechanical obstruction. The CPMG model exhibits the highest
predicting ability, since all the test data of both intestinal ischemia and intestinal strangulated
obstruction were correctly assigned, and five out of seven intestinal mechanical obstruction test samples
were also accurately predicted (Table S6 and Figure S24), in agreement with the clinical diagnosis.
Overall, 10 out of 12 patients were successfully diagnosed from the CPMG spectra. As a whole, our the
CPMG data shows good diagnostic ability, especially for the more severe cases, i.e., intestinal ischemia
and intestinal strangulated obstruction.

3. Discussion

The main finding of the present study is represented by the possibility of identifying NMR-based
metabolomics maps, which could help the early differential diagnosis of some acute digestive diseases.
To test this possibility, two different groups of acute digestive diseases for which a differential diagnosis
is required, were considered (biliary/pancreatic diseases for the first group, and intestinal diseases for
the second group). It should be noted that each of the two groups of diseases could be diagnosed by
experienced medical doctors since the abdominal pain is expressed in different regions of the abdomen
along with other symptoms, however, several blood and physical exams should be performed before
the initial diagnosis.

Our results showed for the first time that NMR based untargeted metabolomics could discriminate
with very high accuracy these two groups of diseases (>90%) and facilitate the initial diagnosis of
medical doctors. The statistical analysis of the two groups of diseases showed that probably fatty acids
are in higher concentration in the patients with intestinal obstructive diseases compared to the patients
with biliary problems. Although fatty acids concentration in blood varies a lot, depending on dietary
habits, etc., our result could be supported by the fact that in a lot of intestinal inflammatory diseases,
fatty acids binding protein levels seem to increase [17]. This could also justify an increase of fatty acids
concentration in blood stream [17].

On the contrary, it is more difficult to further discriminate, based only on clinical symptoms, the
three subcases in each group of the above-mentioned diseases. The first group of digestive diseases
consists in biliary/pancreatic diseases which usually require a number of clinical as well as laboratory
data [10,11,18,19] in order to achieve a correct diagnosis. Abdominal ultrasound is necessary, but
CT-scan, MRI, and endoscopic ultrasound may also play important roles for their diagnosis [18–21].
It is worth mentioning that all these diagnostic tools are time consuming and expensive [22].

Even though there are a small number of samples, our study shows that highest and lowest fatty
acid and phospholipid concentrations along with the whole serum NMR profile of small molecular
weight metabolites [23] classify symptomatic gallstones and cholecystitis, since the models from the
CPMG spectra (better highlighting the sharp NMR signals of small size metabolites) had the best mean
predicting ability. In this respect, it is worth mentioning that lipid metabolism has been previously
reported as a significant factor for bile tract disease development [24]. It has also been demonstrated
that serum polyunsaturated free fatty acids, especially arachidonic acid, were significantly elevated in
patients experiencing acute pancreatitis [24]. Moreover, hydrolysis of phospholipid serum content by
phospholipase A2 leads to polyunsaturated fatty acid production [24]. This finding may also contribute
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to explain our observation of phospholipids increase in pancreatitis and symptomatic gallstones when
compared to cholecystitis (Figures S13a and S14a). In addition, gallbladder bile analysis of gallstone
patients indicated very high amounts of serum mannose-containing glycoproteins suggesting that
they may play an important role in the pathogenesis of gallstone disease [25]. This hypothesis is
consistent with our preliminary data, which show that glycoproteins are elevated in the patients with
symptomatic gallstones.

The second group of digestive diseases that were considered in this study consists of intestinal
ischemia and intestinal strangulated or mechanical obstructions. All these diseases exhibit high
mortality rate, unless they are diagnosed at an early stage. For an early diagnosis, blood biomarkers,
such as I-FABP (intestinal fatty acids binding protein) levels [15,26] or D-(−)-lactate [27] have been
previously proposed. However, the results do not seem to be specific and indicative for each disease,
although serum D-(−)-lactate concentration has been found to be high in some abdominal diseases,
and the I-FABP levels seem to increase in many intestinal inflammatory diseases [27] and they have also
been reported as early biomarkers for intestinal ischemia [28]. Their increased levels may be due to the
key role of I-FABP proteins in regenerating cellular membranes and intestinal tissues by transferring
phospholipids and fatty acid degradation products to the damaged areas [26,29–31]. According to these
reports, our observation of elevated fatty acid concentrations in intestinal ischemia when compared
with intestinal mechanical obstruction could be related to increased I-FABP proteins concentration.
Moreover, plasma I-FABP was recently shown to be an early biomarker for small bowel strangulated
obstruction [28], consistent with our finding of significantly higher fatty acid concentration levels in
strangulated obstruction when compared to mechanical intestinal obstruction.

The present encouraging data also point to systems biology approaches, including metabolomics
profiling, as significant contributors of biomarkers for various digestive diseases [16,23,32].
Previous studies dealing with metabolomics and specifically NMR based metabolomics showed
that the entire NMR profile—or fingerprint—could be used as a collective ‘biomarker’ [9,16,23], which
is the case for our study.

4. Materials and Methods

This study has been approved by the local Ethical Committee (Prot 2010/0012462–approved
08-April-2010).

4.1. Patients Recruitment for the Study

All the patients who reached the emergency room of our hospital for a first admission due to
severe abdominal pain were included into the study. At admittance, and 2–6 h later, two blood samples
were collected before any other diagnostic exam and before administration of any therapy. Sixty-four
patients (30 females and 34 males) were considered for the study. Thirty-five of them exhibited
symptoms of diffuse abdominal pain and of bowel obstruction. Their diagnosis revealed in 9 of them
intestinal ischemia, in 8 intestinal strangulated obstruction and in 18 intestinal mechanical obstruction.
Twenty-nine of the patients came to the emergency with symptoms of sever upper abdominal pain and
their diagnosis showed in 12 of them a biliary colic due to symptomatic gallstones, in 8 pancreatitis and
in 9 cholecystitis. As expected, an accurate history collection revealed for 21 out of the 64 of patients
some additional illnesses (diabetes, cardiovascular diseases, hypertension and Parkinson’s disease).

Initially, we exploited all serum samples of the patients in order to see if NMR untargeted
metabolomics could discriminate the group of diseases with symptoms of acute upper abdominal pain
from the other group of diseases that focus in the intestinal area with symptoms of diffuse abdominal
and intestinal pain.

In the second step of our study, we decided to decompose each group according to its
enclosed diseases. To do this, initially, we excluded the patients that had extra illnesses from the
multivariate analyses (MVDA), while employing them as an independent test set for validation of
each statistical model. As they could possibly show reflection of comorbidities, these additional
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samples would be even more valuable if the test were to result successful. Overall, the group of each
disease was based upon the samples of 6 intestinal ischemia, 6 intestinal strangulated obstructions,
11 intestinal mechanical obstructions, 9 biliary colics due to symptomatic gallstones, 5 pancreatitis
and 6 cholecystitis. As above mentioned, the other serum samples we employed as test data for the
evaluation of MVDA models’ predictability.

4.2. Blood Collection and Preparation

Blood was drawn at admission to the emergency room, after acquiring the appropriate informed
consent (explaining to the patients the aims of the study and ensuring them the complete anonymity
of the data collected). Each sample consisted of 8–10 cc of peripheral blood and was immediately
ultra-centrifuged for about 10–15 min at 1300 RCF. Serum samples were then subdivided in small
aliquots (about 500–600 microliters each), and immediately stored at −80 ◦C.

4.3. NMR Spectra Processing and Statistical Analysis Methods

NMR samples preparation and NMR spectra acquisition procedures are reported in detail in
the Supplementary Material. All statistical analyses (multivariate–univariate) were performed by
using MATLAB (MathWorks, version R2014b). In particular, we employed the PLS_Toolbox version
8.0.2 (2015) (Eigenvector Research, Inc., Manson, WA, USA 98831; software available at http://www.
eigenvector.com), built in the MATLAB statistical toolbox, and homemade scripts in the MATLAB
environment. Despite the relatively small number of samples, the results of this pilot study turned out
to be encouraging, even according to a recent critical analysis of the correct use of statistics [33].

Bucketed NMR data was mean-centered, by subtracting the average value of each X variable so as
to simplify the interpretation of the models. Principal Component Analysis (PCA) was initially
employed to detect any outliers. For the discrimination of the diseases supervised Orthogonal
Partial Least Squares–Discriminant Analysis (OPLS-DA) was used. Numerous studies report and
validate (especially for serum/plasma metabolomics studies) the ability of OPLS-DA to maximize the
independence of the variables, resulting in better separation of data between/among cohorts, and
therefore in better discrimination of individuals suffering from different diseases [34]. Correct and
incorrect assignments of each grouped disease were used to define true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN) classification rates and then to estimate the percent
sensitivity and specificity, as well as the accuracy of each model. All statistical results, classification
and model accuracy/predicting ability indicators were evaluated by the use of cross validation.
The over-fitting of the cross-validated and no-cross validated models was examined by permutation
tests (500 random iterations) and the derived probabilities (p values) less than 0.05 indicate that the
models are significantly different at the 95% limit [35,36].Latent variables (LV) plots of the OPLS-DA
analysis components and the estimated variable importance in projection (VIP) scores for each disease
group (variables with VIP > 1.0 were initially considered statistically significant for each model) were
evaluated. In order to detect the weighted variables (i.e., the metabolites’ signals), if any, for the
diseases’ discrimination.

After the detection of possible biomarkers, the Kruskal–Wallis non parametric test combined
with 2-fold cross-validation [37] was performed for the determination of the statistically significant
(p < 0.05) variables. Their corresponding boxplots were also produced, depicting their mean, median
concentration differences for each disease. Metabolites in the 1H-NMR fingerprint were identified
with the help of Chenomx NMR suite 8.1 (evaluation license), bibliographic data [38,39], Human
Metabolome Database (HMDB) [40] as well as AMIX (Bruker Biospin) metabolites database. The extra
validation and predicting ability of our pilot models took place by testing additional serum samples
(different from those used for the construction of the models).

http://www.eigenvector.com
http://www.eigenvector.com
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4.4. Data Deposition

The NMR data have been uploaded in the NIH Common Fund’s Metabolomics Data Repository
and Coordinating Center (supported by NIH grant, U01-DK097430) website, the Metabolomics
Workbench, http://www.metabolomicsworkbench.org, where it has been assigned Project ID
PR000707. The data could be accessed directly via it’s Project DOI: 10.21228/M8911D once the
curation phase due its processing is concluded.

5. Conclusions

Conclusively, we explored the ability of serum metabolomics by NMR as a tool for discriminating
two groups of diseases that their main clinical characteristics are quite different but their initial
symptoms are usually expressed with severe pain in the abdominal area. The classification accuracy
was very high and the produced models were statistically significant. This finding implies that NMR
untargeted metabolomics based upon the whole serum NMR profile could contribute to the initial
estimation of diagnosis by the medical doctors.

Furthermore, the “venturesome” decomposition of the two groups of diseases (i.e., six different
gastroenterological diseases with few samples for each disease) produced several pilot models that
despite the low number of samples showed statistical significance. The OPLS-DA statistical models
from CPMG serum spectra of patients experiencing biliary colic, cholecystitis, and pancreatitis,
demonstrated the highest accuracy, compared to all other models. Their predicting ability was also
tested with extra serum samples, where eight out of nine test samples of biliary colic, pancreatitis, and
cholecystitis were accurately predicted. The low number of patients for each disease does not allow
for a very significant individual biomarker identification—although some metabolites are significantly
different within each disease group—whereas the whole 1H–NMR patients’ serum profile already
leads to a more robust disease discrimination. The same stands for the group of intestinal diseases,
where the models from CPMG serum spectra exhibited accuracy ≥95% and their diagnostic ability
was tested on 12 extra serum samples with 10 out of 12 were predicted correctly.

In this study, we provide the first evidence that metabolomics can be predictive for severe
gastroenterological diseases with similar symptoms. The results are promising and certainly warrant
further studies on larger cohorts to validate the idea that a single, fast, and inexpensive serum NMR
profiling could be used as an extra screening tool at the admission to the emergency care.
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Abbreviations

LC-MS Liquid Chromatography–Mass Spectrometry
NMR Nuclear Magnetic Resonance
NOESY Nuclear Overhauser Effect Spectroscopy
CPMG Carr-Purcell-Meiboom-Gill
UAP Upper Abdominal Pain
DAIP Diffuse Abdominal/Intestinal Pain
HMDB Human Metabolome Database
LV Latent Variable
OPLS-DA Orthogonal Partial Least Square–Discriminant Analysis
MVDA Multivariate Discriminant Analysis
VIP Variable Importance in Projection
PCA Principal Component Analysis
PE Phosphatidylethanolamine
PC Phosphatidylcholine

References

1. Whitcomb, D.C. What is personalized medicine and what should it replace? Nat. Rev. Gastroenterol. Hepatol.
2012, 9, 418–424. [CrossRef] [PubMed]

2. Milne, C.-P.; Cohen, J.P.; Chakravarthy, R. Market watch: Where is personalized medicine in industry
heading? Nat. Rev. Drug Discov. 2015, 12, 812–813. [CrossRef] [PubMed]

3. Rattray, N.J.W.; Hamrang, Z.; Trivedi, D.K.; Goodacre, R.; Fowler, S.J. Taking your breath away: Metabolomics
breathes life in to personalized medicine. Trends Biotechnol. 2014, 32, 538–548. [CrossRef] [PubMed]

4. Psychogios, N.; Hau, D.D.; Peng, J.; Guo, A.C.; Mandal, R.; Bouatra, S.; Sinelnikov, I.; Krishnamurthy, R.;
Eisner, R.; Gautam, B.; et al. The human serum metabolome. PLoS ONE 2011, 6, e16957. [CrossRef] [PubMed]

5. Takis, P.G.; Schäfer, H.; Spraul, M.; Luchinat, C. Deconvoluting interrelationships between concentrations
and chemical shifts in urine provides a powerful analysis tool. Nat. Commun. 2017, 8, 1–11. [CrossRef]
[PubMed]

6. Lindon, J.C.; Nicholson, J.K. Spectroscopic and Statistical Techniques for Information Recovery in
Metabonomics and Metabolomics. Annu. Rev. Anal. Chem. 2008, 1, 45–69. [CrossRef] [PubMed]

7. Sands, B.E. Biomarkers of Inflammation in Inflammatory Bowel Disease. Gastroenterology 2015,
149, 1275–1285. [CrossRef] [PubMed]

8. Bjerrum, J.T.; Nielsen, O.H.; Hao, F.; Tang, H.; Nicholson, J.K.; Wang, Y.; Olsen, J. Metabonomics in ulcerative
colitis: Diagnostics, biomarker identification, and insight into the pathophysiology. J. Proteome Res. 2010,
9, 954–962. [CrossRef] [PubMed]

9. Patel, N.R.; McPhail, M.J.; Shariff, M.I.; Keun, H.C.; Taylor-Robinson, S.D. Biofluid metabolomics using
1H NMR spectroscopy: The road to biomarker discovery in gastroenterology and hepatology. Expert Rev.
Gastroenterol. Hepatol. 2012, 6, 239–251. [CrossRef] [PubMed]

10. O’Connor, O.J.; O’Neill, S.; Maher, M.M. Imaging of Biliary Tract Disease. Am. J. Roentgenol. 2011,
197, W551–W558. [CrossRef] [PubMed]

11. Safrany, L. Endoscopic treatment of biliary-tract diseases: An International Study. Lancet 1978, 312, 983–985.
[CrossRef]

12. Gallegos, N.C.; Dawson, J.; Jarvis, M.; Hobsley, M. Risk of strangulation in groin hernias. Br. J. Surg. 1991,
78, 1171–1173. [CrossRef] [PubMed]

13. Lieberman, J.M.; Sacchettini, J.; Marks, C.; Marks, W.H. Human intestinal fatty acid binding protein: Report
of an assay with studies in normal volunteers and intestinal ischemia. Surgery 1997, 121, 335–342. [CrossRef]

14. Rychter, J.; Clavé, P. Intestinal inflammation in postoperative ileus: Pathogenesis and therapeutic targets.
Gut 2013, 62, 1534–1535. [CrossRef] [PubMed]

15. Thuijls, G.; van Wijck, K.; Grootjans, J.; Derikx, J.P.M.; van Bijnen, A.A.; Heineman, E.; Dejong, C.H.C.;
Buurman, W.A.; Poeze, M. Early Diagnosis of Intestinal Ischemia Using Urinary and Plasma Fatty Acid
Binding Proteins. Ann. Surg. 2011, 253, 303–308. [CrossRef] [PubMed]

http://dx.doi.org/10.1038/nrgastro.2012.100
http://www.ncbi.nlm.nih.gov/pubmed/22614753
http://dx.doi.org/10.1038/nrd4759
http://www.ncbi.nlm.nih.gov/pubmed/26471367
http://dx.doi.org/10.1016/j.tibtech.2014.08.003
http://www.ncbi.nlm.nih.gov/pubmed/25179940
http://dx.doi.org/10.1371/journal.pone.0016957
http://www.ncbi.nlm.nih.gov/pubmed/21359215
http://dx.doi.org/10.1038/s41467-017-01587-0
http://www.ncbi.nlm.nih.gov/pubmed/29162796
http://dx.doi.org/10.1146/annurev.anchem.1.031207.113026
http://www.ncbi.nlm.nih.gov/pubmed/20636074
http://dx.doi.org/10.1053/j.gastro.2015.07.003
http://www.ncbi.nlm.nih.gov/pubmed/26166315
http://dx.doi.org/10.1021/pr9008223
http://www.ncbi.nlm.nih.gov/pubmed/19860486
http://dx.doi.org/10.1586/egh.12.1
http://www.ncbi.nlm.nih.gov/pubmed/22375528
http://dx.doi.org/10.2214/AJR.10.4341
http://www.ncbi.nlm.nih.gov/pubmed/21940525
http://dx.doi.org/10.1016/S0140-6736(78)92543-6
http://dx.doi.org/10.1002/bjs.1800781007
http://www.ncbi.nlm.nih.gov/pubmed/1958976
http://dx.doi.org/10.1016/S0039-6060(97)90363-9
http://dx.doi.org/10.1136/gutjnl-2012-304176
http://www.ncbi.nlm.nih.gov/pubmed/23396510
http://dx.doi.org/10.1097/SLA.0b013e318207a767
http://www.ncbi.nlm.nih.gov/pubmed/21245670


Int. J. Mol. Sci. 2018, 19, 3288 14 of 15

16. Turano, P. Colorectal cancer: The potential of metabolic fingerprinting. Expert Rev. Gastroenterol. Hepatol.
2014, 8, 847–849. [CrossRef] [PubMed]

17. Sun, D.-L.; Cen, Y.-Y.; Li, S.-M.; Li, W.-M.; Lu, Q.-P.; Xu, P.-Y. Accuracy of the serum intestinal
fatty-acid-binding protein for diagnosis of acute intestinal ischemia: A meta-analysis. Sci. Rep. 2016,
6, 34371. [CrossRef] [PubMed]

18. Blankenberg, F.; Wirth, R.; Jeffrey, R.B., Jr.; Mindelzun, R.; Francis, I. Computed tomography as an adjunct
to ultrasound in the diagnosis of acute acalculous cholecystitis. Gastrointest. Radiol. 1991, 16, 149–153.
[CrossRef] [PubMed]

19. Ko, C. Biliary sludge and acute pancreatitis during pregnancy. Nat. Clin. Pract. Gastroenterol. Hepatol. 2006,
3, 53–57. [CrossRef] [PubMed]

20. Ziessman, H.A. Nuclear Medicine Hepatobiliary Imaging. Clin. Gastroenterol. Hepatol. 2010, 8, 111–116.
[CrossRef] [PubMed]

21. Jeffrey, R.B.; Laing, F.C.; Wong, W.; Callen, P.W. Gangrenous cholecystitis: Diagnosis by ultrasound.
Radiology 1983, 148, 219–221. [CrossRef] [PubMed]

22. Giesbrandt, K.; Young, P. Noninvasive Arterial Imaging: Computed Tomography and Magnetic Resonance
Angiography. In Mesenteric Vascular Disease; Oderich, G.S., Ed.; Springer: New York, NY, USA, 2015;
pp. 79–94.

23. Bertini, I.; Cacciatore, S.; Jensen, B.V.; Schou, J.V.; Johansen, J.S.; Kruhøffer, M.; Luchinat, C.; Nielsen, D.L.;
Turano, P. Metabolomic NMR Fingerprinting to Identify and Predict Survival of Patients with Metastatic
Colorectal Cancer. Cancer Res. 2012, 72, 356–364. [CrossRef] [PubMed]

24. Sztefko, K.; Panek, J. Serum Free Fatty Acid Concentration in Patients with Acute Pancreatitis.
Pancreatology 2001, 1, 230–236. [CrossRef] [PubMed]

25. Groen, A.K.; Noordam, C.; Drapers, J.A.G.; Egbers, P.; Jansen, P.L.M.; Tytgat, G.N.J. Isolation of a potent
cholesterol nucleation-promoting activity from human gallbladder bile: Role in the pathogenesis of gallstone
disease. Hepatology 1990, 11, 525–533. [CrossRef] [PubMed]

26. Kanda, T.; Nakatomi, Y.; Ishikawa, H.; Hitomi, M.; Matsubara, Y.; Ono, T.; Muto, T. Intestinal fatty
acid-binding protein as a sensitive marker of intestinal ischemia. Dig. Dis. Sci. 1992, 37, 1362–1367.
[CrossRef] [PubMed]

27. Murray, M.J.; Gonze, M.D.; Nowak, L.R.; Cobb, C.F. Serum D(−)-lactate levels as an aid to diagnosing acute
intestinal ischemia. Am. J. Surg. 2015, 167, 575–578. [CrossRef]

28. Kittaka, H.; Akimoto, H.; Takeshita, H.; Funaoka, H.; Hazui, H.; Okamoto, M.; Kobata, H.; Ohishi, Y.
Usefulness of intestinal fatty acid-binding protein in predicting strangulated small bowel obstruction.
PLoS ONE 2014, 9, e99915. [CrossRef] [PubMed]

29. Agouridis, A.P.; Elisaf, M.; Milionis, H.J. An overview of lipid abnormalities in patients with inflammatory
bowel disease. Ann. Gastroenterol. 2011, 24, 181–187. [PubMed]

30. Evennett, N.; Petrov, M.; Mittal, A.; Windsor, J. Systematic Review and Pooled Estimates for the Diagnostic
Accuracy of Serological Markers for Intestinal Ischemia. World J. Surg. 2009, 33, 1374–1383. [CrossRef]
[PubMed]

31. Heimerl, S.; Moehle, C.; Zahn, A.; Boettcher, A.; Stremmel, W.; Langmann, T.; Schmitz, G. Alterations in
intestinal fatty acid metabolism in inflammatory bowel disease. Biochim. Biophys. Acta 2006, 1762, 341–350.
[CrossRef] [PubMed]

32. De Preter, V.; Verbeke, K. Metabolomics as a diagnostic tool in gastroenterology. World J. Gastrointest.
Pharmacol. Ther. 2013, 4, 97–107. [CrossRef] [PubMed]

33. Leek, J. Five ways to fix statistics. Nature 2017, 551, 557–559. [CrossRef] [PubMed]
34. Worley, B.; Powers, R. Multivariate Analysis in Metabolomics. Curr. Metabolomics 2013, 1, 92–107. [CrossRef]

[PubMed]
35. Thomas, E.V. Non-parametric statistical methods for multivariate calibration model selection and comparison.

J. Chemom. 2004, 17, 653–659. [CrossRef]
36. Van der Voet, H. Comparing the predictive accuracy of models using a simple randomization test.

Chemom. Intell. Lab. Syst. 1994, 25, 313–323. [CrossRef]
37. Takis, P.G.; Oraiopoulou, M.-E.; Konidaris, C.; Troganis, A.N. 1H-NMR based metabolomics study for the

detection of the human urine metabolic profile effects of Origanum Dictamnus tea ingestion. Food Funct.
2016, 7, 4104–4115. [CrossRef] [PubMed]

http://dx.doi.org/10.1586/17474124.2014.945912
http://www.ncbi.nlm.nih.gov/pubmed/25109498
http://dx.doi.org/10.1038/srep34371
http://www.ncbi.nlm.nih.gov/pubmed/27681959
http://dx.doi.org/10.1007/BF01887331
http://www.ncbi.nlm.nih.gov/pubmed/2016029
http://dx.doi.org/10.1038/ncpgasthep0390
http://www.ncbi.nlm.nih.gov/pubmed/16397612
http://dx.doi.org/10.1016/j.cgh.2009.10.017
http://www.ncbi.nlm.nih.gov/pubmed/19879969
http://dx.doi.org/10.1148/radiology.148.1.6856839
http://www.ncbi.nlm.nih.gov/pubmed/6856839
http://dx.doi.org/10.1158/0008-5472.CAN-11-1543
http://www.ncbi.nlm.nih.gov/pubmed/22080567
http://dx.doi.org/10.1159/000055816
http://www.ncbi.nlm.nih.gov/pubmed/12120200
http://dx.doi.org/10.1002/hep.1840110402
http://www.ncbi.nlm.nih.gov/pubmed/2328950
http://dx.doi.org/10.1007/BF01296004
http://www.ncbi.nlm.nih.gov/pubmed/1505286
http://dx.doi.org/10.1016/0002-9610(94)90101-5
http://dx.doi.org/10.1371/journal.pone.0099915
http://www.ncbi.nlm.nih.gov/pubmed/24926782
http://www.ncbi.nlm.nih.gov/pubmed/24713706
http://dx.doi.org/10.1007/s00268-009-0074-7
http://www.ncbi.nlm.nih.gov/pubmed/19424744
http://dx.doi.org/10.1016/j.bbadis.2005.12.006
http://www.ncbi.nlm.nih.gov/pubmed/16439103
http://dx.doi.org/10.4292/wjgpt.v4.i4.97
http://www.ncbi.nlm.nih.gov/pubmed/24199025
http://dx.doi.org/10.1038/d41586-017-07522-z
http://www.ncbi.nlm.nih.gov/pubmed/29189798
http://dx.doi.org/10.2174/2213235X11301010092
http://www.ncbi.nlm.nih.gov/pubmed/26078916
http://dx.doi.org/10.1002/cem.833
http://dx.doi.org/10.1016/0169-7439(94)85050-X
http://dx.doi.org/10.1039/C6FO00560H
http://www.ncbi.nlm.nih.gov/pubmed/27602787


Int. J. Mol. Sci. 2018, 19, 3288 15 of 15

38. Lindon, J.C. Biofluids Studied by NMR. In Encyclopedia of Spectroscopy and Spectrometry, 2nd ed.; Academic
Press: Oxford, UK, 2010; pp. 128–141.

39. Tukiainen, T.; Tynkkynen, T.; Mäkinen, V.P.; Jylänki, P.; Kangas, A.; Hokkanen, J.; Vehtari, A.; Gröhn, O.;
Hallikainen, M.; Soininen, H.; et al. Disease. Biochem. Biophys. Res. Commun. 2008, 375, 356–361. [CrossRef]
[PubMed]

40. Wishart, D.S.; Tzur, D.; Knox, C.; Eisner, R.; Guo, A.C.; Young, N.; Cheng, D.; Jewell, K.; Arndt, D.;
Sawhney, S.; et al. HMDB: The Human Metabolome Database. Nucleic Acids Res. 2007, 35, D521–D526.
[CrossRef] [PubMed]

© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.bbrc.2008.08.007
http://www.ncbi.nlm.nih.gov/pubmed/18700135
http://dx.doi.org/10.1093/nar/gkl923
http://www.ncbi.nlm.nih.gov/pubmed/17202168
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Results 
	Diseases Discrimination According to Their Symptoms 
	Biliary/Pancreatic Diseases 
	Intestinal Diseases 

	Discussion 
	Materials and Methods 
	Patients Recruitment for the Study 
	Blood Collection and Preparation 
	NMR Spectra Processing and Statistical Analysis Methods 
	Data Deposition 

	Conclusions 
	References

