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Abstract: The clinical blood metabogram (CBM) was developed to match a tailored analysis of the
blood metabolome to the time, cost, and reproducibility constraints of clinical laboratory testing. By
analyzing the main blood metabolite groups, CBM offers clinically relevant information about the
intake of low-molecular substances into the organism, humoral regulation, liver function, amino
acid level, and the lipid and carbohydrate metabolism. The purpose of this work was to investigate
the relevance of using the CBM in patients with diabetes mellitus. For this, a CBM was obtained
for 18 healthy individuals, 12 individuals with prediabetes, and 64 individuals with type 2 diabetes
mellitus, separated into groups according to fasting blood glucose and oral glucose tolerance tests.
The results showed that the CBM reveals diabetes-associated metabolic alterations in the blood,
including changes in the levels of carbohydrates, ketone bodies, eicosanoids, phospholipids, and
amino acids, which are consistent with the scientific data available to date. The CBM enabled the
separation of diabetic patients according to their metabolic metabotypes, providing both a general
overview of their metabolic alterations and detailing their individual metabolic characteristics. It
was concluded that the CBM is a precise and clinically applicable test for assessing an individual’s
metabolic status in diabetes mellitus for diagnostic and treatment purposes.

Keywords: metabogram; metabolomics; blood; diagnostics; mass spectrometry; clinical blood tests;
personalized metabolomics; diabetes mellitus; impaired glucose tolerance

1. Introduction

One anticipated trend in the evolution of clinical laboratory testing is the introduction
of high-throughput analytical technologies, which are employed in the omics sciences, partic-
ularly metabolomics [1,2]. However, there are various ways to clinically apply metabolomics
technologies. The most evident way is to directly apply a single-subject (N-of-1) study
workflow employing omics technology to evaluate an individual’s biomaterial.

In this sense, the multi-omics approach, where the biomaterial of a single subject is
examined using different omics techniques simultaneously, is the most recognized [3-6]. For
example, under the Integrated Personal Omics Profiling (iPOP) project, which was launched
in 2012 [7], an organism’s normal condition is characterized by combining various omics data
with a set of personal factors (stress levels, nutrition, activity, and medical history) [8-10]. The
Arivale program supported the 100 K person wellness project in 2015 after it was proposed
in 2014 [11]. In this program, recommendations for enhancing wellbeing and preventing
disease were derived from the data gathered over time about each participant, including
genome, metabolome, microbiome, and digital self-measurement data.

The Pioneer 100 Wellness Project (P100) began in 2017 and is based on information
from individual activity assessments, clinical testing, metabolomes, proteomes, and mi-
crobiomes [12]. The multi-omics approach is a productive means of gathering individual
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molecular data by utilizing different omics technologies [13-15], but its use in medicine is
difficult and so progresses slowly due to the complexity of omics measurements. These
multi-omics projects emphasize that, in order to boost the reproducibility and reliability
of multi-omics data, additional method standardization and enhanced quality control
are required [16].

Among omics tests being introduced into clinical practice there are single-subject
metabolomics studies, which are typically offered in a laboratory-developed test (LDT)
format. LDTs are a subset of in vitro diagnostic (IVD) devices [17-20]. The US Food and
Drug Administration (FDA) defines an LDT as “in vitro diagnostic tests that are manu-
factured and used in a single laboratory”. By controlling the execution of metabolomics
tests through the protocols and standardization actions of a single laboratory, the LDT
format circumvents the challenges associated with implementing metabolomics in clinical
laboratories [21]. Several metabolomic LDTs, such as Meta UDx™, Meta IMD™, and Meta
IMD™Plus, were created by Metabolon Inc in 2018 with the goal of identifying metabo-
lites that cannot be measured by other methods, abnormalities in important metabolic
pathways, and the identification of certain genetic illnesses. Another company, Nightin-
gale Health, uses a single-finger-prick blood sample to estimate the “age you are likely
to live before falling ill from any of the top 10 diseases” using an IVD device that has
been CE-marked [22]. The program calculates healthy years using blood nuclear magnetic
resonance (NMR) spectroscopy based on data that has already been gathered on hundreds
of thousands of individuals. Therefore, the way to help metabolomics become more widely
used in medicine is to use metabolomics assays in the LDT format.

Measuring a limited subset of metabolites can also make it easier to perform a per-
sonal metabolomics study. Through the measurement of plasma amino acids using liquid
chromatography combined with mass spectrometry, the Ajinomoto Group’s AminoIndex®
Cancer Screening (AICS®) provides minimally invasive, early cancer screening [23]. The
AminoIndex® service is an example of how metabolomics has been successfully imple-
mented in clinical settings by simplifying metabolomic analysis.

The most recent attempt to introduce metabolomics into medicine was conducted at
the Institute of Biomedical Chemistry (Moscow), where a clinical blood metabogram (CBM)
was developed [24]. The CBM is a tailored metabolomics technique that is essentially a
condensed N-of-1 metabolomics analysis. Data obtained by direct infusion mass spec-
trometry (DIMS) of a low molecular fraction of blood, processed by principal component
analysis (PCA) and metabolite set enrichment analysis (MSEA), were used to construct
the CBM. The CBM avoids the difficulties of every N-of-1 metabolomics investigation
and facilitates its future clinical implementation in the LDT format with its quick exe-
cution, improved reproducibility, straightforward data processing, and simplified result
interpretation (Figure 1).

A wide range of clinically significant data from the blood metabolite groups is dis-
played in the CBM, including data on humoral regulation, levels of various lipids, amino
acids and monosaccharides, data on lipid intake into the body, and liver function. The
CBM was previously tested in pilot studies related to obesity and gut microbiota, where its
clinical relevance was demonstrated [25,26].

To further describe the clinical capacity of the CBM, it was applied in this work to
the most common metabolic disorder, i.e., diabetes mellitus (DM). The diagnostic efficacy,
advantages, and limitations of using a CBM in patients with prediabetes and DM were
studied and reported.
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Figure 1. Workflow for the design and application of a clinical blood metabogram (CBM). (a) Template
design for CBM. A reference cohort of healthy people was used to obtain a template for CBM with
defined sets of mass spectrometry picks corresponding to functionally related metabolite groups in
the blood. (b) Application of the CBM. To use a CBM, sampled blood from a person being studied (or
people from a study cohort) is subjected to mass spectrometry after sample preparation to separate
the metabolome fraction. The resulting mass peaks are aligned with the characterized sets of mass
spectrometry peaks from the template for CBM. To obtain CBM components, their intensities are
converted into Z-score scales and averaged over each group. CBM components show the state
(normal, upregulated, or downregulated) of the blood metabolome groups, providing in this way
clinically relevant information. Adapted from [24].

2. Materials and Methods
2.1. Subjects

Study participants (n = 94) were recruited at the Polyclinic Department of the En-
docrinology Research Centre (Moscow, Russia). All participants signed their written
informed consent to provide blood samples for research purposes. Blood plasma concen-
tration of diagnostic substances (fasting plasma glucose (FPG), uric acid, total cholesterol,
insulin, triglycerides, low-density lipoproteins (LDL), and high-density lipoproteins (HDL))
were measured using an Architect c4000 clinical chemistry analyzer (Abbott Diagnostics,
Abbott Park, IL, USA). Glycated hemoglobin (HbA1lc) was measured using the Bio-Rad
D10 hemoglobin testing system (Bio-Rad Laboratories, France). DM was diagnosed if the
FPG level was >5.6 mmol/L.

For the oral glucose tolerance test (OGTT), a standard glucose dose (75 g) was orally
ingested, and blood glucose levels were measured two hours later. IGT was diagnosed if
the post-load glucose levels were between 7.8 and 11.0 mmol/L (WHO, 1999) [27], and at
higher levels, DM was diagnosed.

2.2. Mass Spectrometry Analysis of Blood Samples

Venous blood sampling, sample preparation (isolation of blood plasma metabolome by
treating with methanol), DIMS analysis using a maXis hybrid quadrupole time-of-flight mass
spectrometer (Bruker Daltonics, Billerica, MA, USA) equipped with an electrospray ionization
(ESI) source, mass spectra processing, and mass list processing (alignment, standardization,
and normalization) were conducted as described previously on the same equipment with the
same materials and algorithms [28]. Briefly, blood samples were taken from the vein before
the morning meal. The samples (3 mL) were placed into glass tubes containing K,EDTA
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(BD Vacutainer; Becton, Dickinson and Company, Franklin Lakes, NJ, USA) and centrifuged
within 15 min of blood collection at 1600x ¢ and at room temperature. The resultant blood
plasma was subdivided into aliquots that were pipetted into plastic tubes. These tubes were
marked, transported in special thermocontainers, frozen, and then stored at —80 °C until
analysis. The analyzed samples were subjected to one freeze/thaw cycle.

For plasma deproteinization, aliquots (10 pL) were mixed with 10 pL of water (LiChro-
solv; Merck KGaA, Darmstadt, Germany) and 80 pL of methanol (Fluka, Munich, Ger-
many) and incubated at room temperature. After 15 min, the samples were centrifuged at
13,000 x g (MiniSpin plus centrifuge; Eppendorf AG, Hamburg, Germany) for 10 min. The
deproteinized supernatants were then transferred to clean plastic Eppendorf tubes, and
fifty volumes of methanol containing 0.1% formic acid (Fluka) were added to each tube.
The resulting solutions were subjected to mass spectrometry analysis.

The mass spectrometer was set up to prioritize the detection of ions with a mass-to-
charge ratio (m/z) ranging from 50 to 1000 and a mass accuracy of 1-3 parts per million
(ppm). The spectra were recorded in the positive ion charge detection mode. The samples
were injected into the ESI source using a glass syringe (Hamilton Bonaduz AG, Bonaduz,
Switzerland) connected to a syringe injection pump (KD Scientific, Holliston, MA, USA).
The flow rate of the samples to the ionization source was 180 pL/h, and the samples were
injected in a randomized order (e.g., control samples were run between case samples).
The mass spectra were obtained using DataAnalysis version 3.4 (Bruker Daltonics) to
summarize one-minute signals. The ion metabolite masses were determined from the mass
spectrum peaks obtained using the DataAnalysis program. All peaks above noise level
(signal to noise ratio >1) were selected, and the metabolite ion masses were pooled and
processed using the Matlab program (version R2019a; MathWorks, Natick, MA, USA).
Alignment of the mass peaks was performed as described previously [29].

2.3. Template Design for CBM

CBM is a clinical mass spectrometric analysis of a low molecular fraction of blood
presented in the form of several values (metabogram components), reflecting the state of
the main groups of the blood plasma metabolome with an established composition and
clinical significance [24]. The design of the template for the CBM was conducted in previous
work using a reference cohort of healthy subjects, and the details of this are described
in [24]. Briefly, the blood plasma samples of healthy subjects were analyzed using DIMS
(Figure 1). After data preprocessing (alignment, standardization, and normalization), the
resulting lists of mass peaks were analyzed by PCA. The sets of mass peaks corresponding
to the highest positive or lowest negative principal component coefficients (loadings) were
referred to as the blood metabolome components (BMCs). The first seven BMCs, explaining
approximately 70% of the blood metabolome variance, formed the CBM’s components. Ap-
plying MSEA, the composition of metabogram components was determined by identifying
the metabolite classes with which they are enriched (Figure 2). To clarify the biological
specificity of the metabogram components, their relationship with the results of the clinical
laboratory tests was revealed. Since the principal components have positive and negative
coefficients (loadings) involved in the formation of the metabogram components, each
metabogram component has two Z-score scales reflecting their measure, called the “positive’
and ‘negative’ parts, respectively. The Z-score is a common way of representing data on a
unitless scale and is the raw score minus the population mean, divided by the population
standard deviation. With a normal distribution, the Z-score is connected to the p-values;
for example, 1.64 corresponds to p = 0.05 (one-tailed), which is thought to be the cutoff
for statistical significance and enables the detection of the sample’s deviation from the
population. Z-scores of the metabogram components in the —1.64 to +1.64 range are in the
normal range; up- and downregulation correspond to higher and lower Z-score values,
respectively. Calculations were carried out using the Matlab program.
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Figure 2. Composition of the clinical blood metabogram components. Adapted from [24].

The components of the CBM reflect the functionally related groups of the blood
metabolites associated with humoral regulation (component 1, called ‘regulatory’), the
lipid—carbohydrate metabolism (component 2), phospholypolysis (component 3, called
‘phospholipolytic’), the lipid—amine metabolism (component 4), oxidized fatty acids (com-
ponent 5, called ‘eicosanoid’), the lipid intake into the organism (component 6, called
‘alimentary’), and liver function (component 7 called ‘hepatic’), thereby providing clinically
relevant information.

2.4. CBM for Participants in the Study Cohort

To obtain the personal CBM of patients, the personal metabolic data are pasted into the
template for the CBM. Personal CBMs, which are in fact the prototype of clinical laboratory
testing, were obtained using the study cohort (see Section 2.1), which consisted of normal,
prediabetic, and diabetic subjects. The mass lists were standardized, normalized, and then
aligned with the m/z values of the template (i.e., with seven m/z sets corresponding to
seven components of the template developed using the reference cohort (see Section 2.3)).
Then, the Z-scores for the metabogram components, reflecting the increase or decrease in
the concentration of metabolites comprising them, were calculated using the mass peak in-
tensities (by averaging the Z-scores for peaks belonging to the same CBM component) [24].

2.5. Adjustment of Mass Peak Intensity Due to lonic Inconsistency in Samples

The Pearson correlation coefficient was calculated between the aligned and standard-
ized intensities of the mass spectrometry peaks and the FGP level. Intensities that had a
correlation coefficient of more than 0.55 were multiplied by 12 (empirically established
parameters). This transformation is acceptable since the intensities of peaks belonging to
both the experimental and control spectra were multiplied by the coefficient. That is, the
data from the experimental samples were not distorted in relation to the control samples.

2.6. Cluster Analysis

To provide an overview of CBM types demonstrating deviations in the blood metabo-
lome of the studied subjects, a cluster analysis was carried out. Euclidian distances between
metabograms (their Z-scores) were calculated using the pdist function (Matlab). A hi-
erarchical cluster tree was generated by the linkage function using the ‘ward” algorithm
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for computing the distance between clusters. The dendrogram function was used to plot
the dendrogram.

2.7. Diagnostic Parameters

To assess the diagnostic potential of the CBM for prediabetic and diabetic patients, the
following diagnostic parameters were evaluated: sensitivity—the percentage of correctly
identified positive results (the illness is correctly assigned to prediabetic or diabetic patients);
specificity—the percentage of correctly identified negative results (the illness is correctly
not assigned to control patients); and accuracy—the percentage of correctly identified
positive and negative results.

3. Results
3.1. Studied Subjects

Ninety-four volunteers—18 healthy, 12 with prediabetes diagnosed by the presence
of IGT, and 64 with type 2 DM—were selected for the study. Table 1 presents the clinical
characteristics of the cohort. The individual characteristics of the subjects are presented
in Supplementary Table S1. The FPG level and OGTT results were used to establish
gender-matched case and control groups. The DM group was split into four subgroups:

Table 1. Study cohort characteristics.

Groups
Parameter Type 2 Diabetes Mellitus
Normal Prediabetes
Group 1 Group 2 Group 3 Group 4
Number 18 12 2 16 20 26
Gender (males/females) 9/9 6/6 1/1 8/8 10/10 13/13
Age (years) 54.7 £13.21 63.1£9.6 63, 81 48.8 £12.5 54.6 £12.0 58.8 +£11.0
BMI (kg/mZ) 334+09.1 35.7 £10.1 28.7,38.9 33.7 £8.9 335+62 33.6 £ 6.8
FPG (mmol/L) 53+0.3 54402 51,56 6.2+04 71+17 8.0+23
Glucose in OGTT (mmol/L) 6.2+09 93+09 14.1,11.4 62+13 92409 143 +23
HbA1lc (%) [mmol/mol] 57+04 6.1+0.5 6.2,6.0 59405 6.3+0.6 72+15
LDL (mmol/L) 35408 32+1.0 27,28 3.3+09 35+11 3.6+1.0
HDL (mmol/L) 12+04 12+04 07,14 1.1+0.2 1.1+03 1.0+£03
Triglycerides (mmol/L) 1.3£05 1.3+04 21,08 1.4 £0.6 25+29 27421
Cholesterol (mmol/L) 52409 49+12 47,45 51409 56+11 57+14
Uric acid (umol/L) 386 + 82 392 £ 97 380, 266 353 + 94 395+ 97 356 + 88
Insulin (pU/mL) 15.2 £ 22.6 134 +77 12.1,5.8 159 £13.4 269 + 31.8 25.1+33.3
HOMA-IR 3.6+54 32+18 27,14 43+34 8.6+9.8 83+95

! mean = standard deviation. FPG, fasting plasma glucose; OGTT, oral glucose tolerance test; IGT, impaired

glucose tolerance; HOMA, homeostatic model assessment = fasting glucose x insulin / 22.5; HbAlc, hemoglobin
Alc test; LDL, low-density lipoproteins; HDL, high-density lipoproteins; BMI, body mass index.

Group 1: subjects with a negative FPG test and a positive OGTT for diagnosing DM
(glucose level > 11.0 mmol/L).

Group 2: subjects with a positive FPG test and a negative OGTT.

Group 3: subjects with a positive FPG test and a positive OGTT for diagnosing IGT
(glucose level between 7.8 and 11.0 mmol/L).

Group 4: subjects with a positive FPG test and a positive OGTT for diagnosing DM
(glucose level > 11.0 mmol/L).

Therefore, group 1 included subjects with the rare situation when OGTT diagnoses
DM while the FPG level is normal. Groups 2 to 4 correspond to DM diagnosed by FPG
level at different OGTT results.

3.2. CBM Data

The typical mass spectra of the low molecular fraction of blood plasma were obtained
by direct mass spectrometry. Up to about m/z 600, peaks of metabolites of various classes
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were observed, and above m/z 600, intense peaks of various phospholipids were observed.
On average, 8608 peaks were detected in a spectrum. The aligned and standardized mass
lists are presented in Supplementary Table S2. These mass spectrometry data were used to

obtain personal CBMs for subjects participating in the study (Figure 3).
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Figure 3. Clinical blood metabogram (CBM) data for control subjects and subjects with prediabetes
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Figure 3 shows that patients with DM have deviations in their metabogram compo-
nents more frequently than control individuals. Several components deviate from the norm
more often. For example, the most frequent is metabolite upregulation, reflected by positive
components 2 and 7 in DM groups 24, as well as by component 4 in DM group 4 (Figure 4).
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Figure 4. The frequency of deviations from the norm in the clinical blood metabogram (CBM) com-
ponents for subjects with type 2 diabetes mellitus and prediabetes diagnosed by the presence of
impaired glucose tolerance (IGT). The metabogram component deviates from the norm if its Z-score
is less than —1.64 (the metabolites composing the metabogram component are downregulated) or
above +1.64 (the metabolites composing the metabogram component are upregulated). Frequen-
cies above 40% are filled in red. FPG, fasting plasma glucose; OGTT, oral glucose tolerance test;
(») FPG < 5.6 mmol/L and glucose in OGTT < 7.8 mmol/L; (e) FPG > 5.6 mmol/L and glucose in
OGTT > 11.0 mmol/L; (o) glucose in OGTT between 7.8 and 11.0 mmol/L.

3.3. Statistical Data and Diagnostic Parameters

The t-test results indicating the significance of the differences for the metabogram
components in the case-control comparison are displayed in Table 2. Diagnostic parameters
enabling the evaluation of diagnostic value for the metabogram components are shown in
Table 3. This table presents only data on the upregulation of metabogram components, as
valuable data on downregulation were not received. In the case—control comparison, the
positive components 2 and 7 demonstrate the highest statistical significance as well as the
highest diagnostic performance.
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Table 2. Statistical significance for the separation of subjects with prediabetes and diabetes mellitus
(DM) from normal subjects based on clinical blood metabogram (CBM) data.

t-Test
(p-Value)
Metabogram Normal Subjects Versus Subjects with
Component
Type 2 Diabetes Mellitus
Prediabetes !
Group 2 Group 3 Group 4 All Groups

1 0.67 0.83 0.01 0.33 0.13
2 0.79 0.00001 0.008 0.0006 0.0008
3 0.72 0.01 0.71 0.09 0.11

Positive 4 0.39 0.11 0.04 0.0003 0.01
5 0.64 0.73 0.04 0.09 0.15
6 0.19 0.05 0.25 0.04 0.04
7 0.93 0.0003 0.003 0.0006 0.0005
1 0.36 0.10 0.80 0.05 0.17
2 0.65 0.52 0.70 0.02 0.13
3 0.46 0.97 0.08 0.24 0.26

Negative 4 0.34 0.006 0.17 0.001 0.004
5 0.64 0.54 0.28 0.0001 0.01
6 0.53 0.37 0.19 0.002 0.02
7 0.83 0.92 0.03 0.95 0.53

! Prediabetes was diagnosed by the presence of impaired glucose tolerance. ‘Positive’ and ‘negative’ correspond
to two parts of the Z-score scales, which are the measure of the CBM components (see Section 2.3).

Table 3. Parameters for diagnosing prediabetes and type 2 diabetes mellitus by identifying upregu-
lated blood metabolites in a clinical blood metabogram (CBM).

Metabogram Accuracy (%) Sreafayc
Component Prediabetes 1 Type 2 Diabetes Mellitus
Group 2 Group 3 Group 4
1 608, 538, 6137 4553
2 o7 825, 73 755
3 63500 71300 55150 59300
Positive 4 608, 6223 552 7552
5 578, 508, 5523 4343
6 60300 62150 58700 5750
7 6085 7139 6653 6639
1 672 509, 504 5223
2 6347 538, 504 5734
3 6023 5043 532 5231
Negative 4 67%0 65%80 61%80 68‘1*80
5 63£1;00 53(1)00 47(1)00 64%(8)0
6 53 508 45% 615
7 63300 65150 47500 571t

! Prediabetes was diagnosed by the presence of impaired glucose tolerance. ‘Positive’ and ‘negative’ correspond
to two parts of the Z-score scales reflecting the measure of CBM components (see Section 2.3). Accuracy greater
than 70 percent and the corresponding sensitivity and specificity are highlighted in red.

3.4. Cluster Analysis

Cluster analysis was used to identify patterns formed by metabogram components in
DM (Figure 5). Some clusters, formed by different combinations of the most often deviating
metabogram components, may be considered typical for DM and referred to DM-specific
blood metabotypes (Figure 6).
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Figure 5. Dendrogram of the clinical blood metabogram (CBM) data of normal subjects and patients
with type 2 diabetes mellitus (DM) and prediabetes diagnosed by the presence of impaired glucose tol-
erance (IGT). Each row corresponds to the Z-scores of the metabogram components for an individual.
Z-score is a measure of the metabogram components (from —1.64 to +1.64 is the normal range; up- and
downregulation correspond to higher and lower Z-score values, respectively). ‘Positive” values from 1
to 7 and ‘negative’ values from 1 to 7 correspond to two Z-score scales (see Section 2.3). Color coding:
red indicates the upregulation of metabolites corresponding to the metabogram component; yellow
indicates the downregulation of metabolites corresponding to the metabogram component. ‘M’, male;
‘F’ female; ‘N’, normal metabotype; FPG, fasting plasma glucose; OGTT, oral glucose tolerance test;
(¢) FPG < 5.6 mmol/L and < 7.8 mmol/L in OGTT; (e) FPG > 5.6 mmol/L and > 11.0 mmol/L in
OGTT; (o) glucose level between 7.8 and 11.0 mmol /L in OGTT.
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Figure 6. Main types of clinical blood metabograms (CBM) in patients with type 2 diabetes mellitus
(DM) and prediabetes diagnosed by the presence of impaired glucose tolerance (IGT). Each row corre-
sponds to the Z-scores of the metabogram components specific for the metabotype. ‘Positive’ values
from 1 to 7 and ‘negative’ values from 1 to 7 correspond to two Z-score scales (see Section 2.3). Z-score
is a measure of the metabogram components (from —1.64 to +1.64 is the normal range; up- and down-
regulation correspond to higher and lower Z-score values, respectively). Color coding: red indicates
the upregulation of metabolites corresponding to the metabogram component; yellow indicates the
downregulation of metabolites corresponding to the metabogram component; the shaded color refers
to the metabogram components reflecting optionally up- or downregulated metabolites in DM. FPG,
fasting plasma glucose; OGTT, oral glucose tolerance test; (¢) FPG < 5.6 mmol/L and < 7.8 mmol/L
in OGTT; () FPG > 5.6 mmol/L and > 11.0 mmol/L in OGTT; (o) glucose level between 7.8 and
11.0 mmol/L in OGTT.

4. Discussion

The idea of the CBM is to streamline single-subject metabolomics studies and bring
metabolomics into the clinic. Metabolomics studies are complex, time-consuming, and
costly due to the thousands of metabolites present in biological samples. The CBM tech-
nique eliminates this difficulty [24]. Groups of related metabolites are processed in the
CBM, and the enrichment of these groups with metabolite classes is swiftly estimated by
the use of MSEA [30]. Thus, faster group analysis replaces the laborious identification of
individual metabolites. Moreover, the reproducibility of the results is higher in group anal-
ysis. The majority of individual metabolites fail to meet the low coefficient of variation (CV)
demonstrated for CBM components [24]. This study is a continuation of the development
of CBM, which consists of revealing its properties when applied to patients with DM.

DM is one of the leading causes of illness, disability, and early mortality world-
wide [31,32]. Type 1 DM is defined by the death of pancreatic (3-cells by an unidentified
autoimmune mechanism, typically leading to absolute insulin deficiency [33]. Type 2
diabetes, which accounts for more than 90% of all diabetes cases, is characterized by a
progressive lack of adequate insulin secretion from the 3-cells as the result of insulin re-
sistance [34]. To diagnose DM and the preceding prediabetes, a FPG level and OGTT are
used. The sensitivity of FPG is 49% and its specificity is 98%, according to the systematic
review of available data [35]. OGTT, despite being thought to be the ‘gold standard’ for
identifying prediabetes associated with IGT at present, has poor reproducibility [36-38].
The source of this is analytical and biological variations associated with the test.

The analytical variation is defined as the laboratory test results” analytical CV. For
the intra-laboratory plasma glucose measurement, the analytical CV is 2.5% [39]. The
inter-laboratory bias for plasma glucose is 6-7%. Because the FPG test and OGTT use the
same laboratory technique, their plasma glucose analytical CVs are identical. The non-
analytical change related to time, known as biological variation (intra-individual variation)
of laboratory data, is the bigger problem. Glucose demonstrates considerable biological
variation [35], with a CV ranging from 4 to 29% [40—46]. The spread in CV values in healthy
individuals has minimal values, while in diabetic patients the CV is significantly higher.
Thus, testing modern approaches like CBM, which allows for the panoramic assessment of
a person’s metabolites, including carbohydrates, and detailing the individual course of DM
with an analytical and biological CV acceptable for clinical laboratory practice (equal to
1.8% and 10.8% [24], respectively, for CBM), is the actual task.



Metabolites 2024, 14, 168

12 of 19

According to the data obtained, in terms of the frequency of occurrence, DM-specific
changes in the CBM can be attributed to the upregulation of blood metabolites indicated in
the positive parts of components 2, 7, and 4.

Upregulation of metabolites indicated in the positive part of component 2. Component 2 is
called a “phospholipid-carbohydrate’, a positive part of which formed by data from blood
carbohydrates (monosaccharides) (Figure 2). Since glucose is the main monosaccharide
in the blood and its level is an indicator of IGT and DM, the upregulation indicated in
this component was expected and is the main sign of DM in the CBM. The diagnostic
accuracy of this component for DM is high—82% for DM group 2 at a sensitivity of 69%
and a specificity of 94% (Table 3). Component 2 explains 11.9% of the blood metabolome
variance that makes deviation in this component the main one in DM.

Upregulation of metabolites indicated in the positive part of component 7. Component 7 is
called ‘hepatic’, a positive part of which is formed by data on blood diacylglycerols, glyc-
erophosphates, amino acids, and steroids and is closely related to liver function (Figure 2).
The diagnostic accuracy of this component for DM is 71% for DM group 2 at a sensitivity of
62% and a specificity of 94% (Table 3). The connection of this component with DM can be
explained by the strong association between insulin resistance and liver pathology, which
is highly reproducible in many studies. Hepatic steatosis, or nonalcoholic fatty liver disease
(NAFLD), is present in about 70% of type 2 diabetics [47,48] and nearly all obese type 2
diabetics [49] and is a particularly strong predictor of insulin resistance [50,51].

Upregulation of metabolites indicated in the positive part of component 4. Component 4 is
called ‘phospholipid-amine” because its negative part reflects the co-directed changes
in phospholipids and amino acids in the blood (Figure 2). Unfortunately, metabolites
associated with the positive part of this component were not identified during the CBM
design [24]. The list of molecular weights for which potential candidates exist was sparse
and included several quasi-ions, as presented in Table 4.

Table 4. Metabolite ions from the positive part of component 4 of the template for CBM for which the
candidate metabolites exist in the metabolite database.

Measured Calculated Delta Detected Elemental
mlz mlz Aml/z Ion Formula
128.963 128.9585 0.0045 [M+K39T+ CyH,04
140.995 140.9949 0.0001 [M+K39]* C4HgO3
142.990 142.9930 —0.0030 [M+K*0]+ C4H O3
184.985 184.9847 0.0003 [M+K39]+ CsHgOs

The elemental composition of CoH;Oy4 in the metabolite database corresponds only
to oxalic acids. In DM, oxalate is thought to cause kidney damage [52]. Glyoxylate, the
precursor of oxalate, has been identified through metabolomic profiling of human plasma
to be a potential metabolite marker of DM [53,54]. For the elemental formula C4HgOs3,
among the candidates are metabolites related to the butanoate metabolism pathway, such
as acetoacetic acid (ketone body) and succinic acid semialdehyde. For CsHgOs, there is no
alternative to oxoglutaric acid, which also belongs to the butanoate metabolism pathway.
Interestingly, all ketone bodies relate to this pathway. DM is the most common pathological
cause of elevated blood ketones [55]. In diabetic ketoacidosis, high levels of ketones are
produced in response to low insulin levels and high levels of counterregulatory hormones.
Thus, it can be assumed that this component of the CBM reflects diabetic ketoacidosis. Since
the metabolites of this metabogram component were not reliably identified either according
to metabolomics standards or by MSEA during the design of the CBM, the connection of
this component with the butanoate metabolism pathway is hypothetical. The diagnostic
accuracy of this component for DM group 4 is 75% at a sensitivity of 62% and a specificity
of 94% (Table 3).
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Apart from the main alterations observed in the CBMs at DM, other more rare changes
seen in DM group 4 are observed, such as the upregulation of metabolites indicated in the
negative part of components 4, 5, and 6.

Upregulation of metabolites in DM group 4, indicated in the negative part of component 4. As
it was mentioned before, component 4 is called the ‘phospholipid-amine” because its nega-
tive part reflects the co-directed changes in phospholipids and amino acids (Figure 2). An
increase in phospholipids and amino acids in prediabetes and DM due to insulin resistance
is an established fact and has been described in many studies, including metabolomic
studies [56,57]. The upregulation reflected in this component may be related to this.

Upregulation of metabolites in DM group 4, indicated in the negative part of component 5.
This metabogram component is called ‘eicosanoid” due to enrichment with this class of
metabolites (Figure 2). Eicosanoids are lipid-derived mediators of inflammation that take
place in DM [58-60], and their elevation in blood may be reflected in this component.

Upregulation of metabolites in DM group 4, indicated in the negative part of component 6.
This metabogram component, called ‘alimentary’, is enriched with diacylglycerols (Figure 2).
Diacylglycerols are well-studied putative mediators of lipid-induced hepatic insulin resis-
tance [61]. Diacylglycerol species are significantly increased in high-HOMA-IR humans [62]
which is consistent with the detected upregulation in this metabogram component.

The distribution of CBM into groups using cluster analysis made it possible to identify
the main four metabotypes in DM (Figure 6). Metabotypes II-1V can be assessed as diabetic,
as they are associated with an increased level of carbohydrates in the blood, reflected by
the positive part of component 2. Of these, metabotype IV can be assessed as a metabotype
that, in addition to the main deviations, also has additional ones. In patients with this
metabotype, both the FPG test and OGTT are positive (Figure 6). It is known that a positive
value for both tests reliably detects DM, which is consistently confirmed by repeated tests
over time [63]. Therefore, a similar reliability of the association with DM can be expected
for this metabotype.

Metabotype I is different from all the others, since it does not have the typical signs of
DM, including the absence of the main characteristic—deviations in carbohydrates. This
metabotype is closest to the normal metabotype (metabotype 1. is transitional between
them). FPG and OGTT give different results for patients with this metabotype (Figure 6).
This metabotype is characterized by deviations in the content of free fatty acids and steroids,
the upregulation of which is reflected in the positive part of component 1. There are various
ways in which steroids might raise blood sugar levels. They may increase the amount of
glucose released by the liver, prevent muscle and fat cells from absorbing glucose from the
blood, and lessen the body’s sensitivity to insulin. Any of these factors could indicate that
the blood contains too much glucose and may lead to DM [64,65]. DM is also associated
with increased total plasma free fatty acid [66]. Therefore, changes in this component of the
metabogram are consistent with the behavior of steroids and fatty acids in the development
of DM.

The upregulation and downregulation of metabolites characteristic for metabotype 1
and reflected by negative and positive parts of component 3 (the phospholipolytic compo-
nent), respectively, are quite consistent with the literature data. It is known that the activity
of phospholipases is modulated in DM [67,68]. This may reflect increased and decreased
levels of phospholiposis substrates and products. The positive part of component 5, which
represents the upregulation of certain metabolites such as amino acids and/or dycarboxylic
acids (Figure 2), is also in line with findings from science. Increased dicarboxylic acids
have been well known in patients with diabetic ketoacidosis [69]. The association of amino
acid levels with DM has been described in numerous studies [56,70-73]. And finally, for
metabotype I, metabolite downregulation reflected by a negative component 7 (Figure 6)
can be referred to as lysophosphatidylcholines, which are significantly lower in the serum
of diabetic patients [74].

After an overview of the metabolic changes associated with metabotype I, it is rea-
sonable to conclude that this metabotype is linked to blood glucose-affecting conditions,
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which can potentially be attributed to a prediabetic state. This may explain why the results
of clinical testing (FPG test and OGTT) in this group of patients differ, indicating both DM
and normal status (Figure 6).

Metabotype V is considered a variant of the norm based on its proximity to it and the
absence of typical signs of the diabetic metabotype. A distinctive feature is the upregulation
of phospholipids in the blood of patients. Moreover, most patients from this small group
have positive OGTT and FPG tests. This metabotype shows how metabolomic analysis
refutes FPG and OGTT data, thereby providing a reason to adjust existing or make new
clinical decisions. The diagnosis of these patients and their treatment must take into account
the metabolic profile of their blood.

Summarizing the DM-associated changes in the CBM, it can be noted that they reflect
the main currently known diabetic changes in blood metabolites. Therefore, the CBM can
be considered a tool for a panoramic overview of diabetic blood changes, revealing their
individual nature and severity. Based on the data obtained, it is possible to propose a DM
signature in the CBM (Figure 7).

Clinical blood metabogram If Z-SCORE > 1.64:
Data: _/_/__ Patient name: Laboratory:

First and main sign of diabetes mellitus

METABOGRAM COMPONENTS Z-SCORE
#°"  Name Positive
1284%  Regulatory -12
2 ™% Phospholipid-carbohydrate 185 ;
3 75%  Phospholipolytic 1.05 130
| ) . . . N
473  Phospholipid-amine 213 ‘-Q-H— —  Third sign of diabetes mellitus
5 4% Eicosanoid 058 : 071 :
6 %% Alimentary -13 L 086 | additional signs of pronounced stage of diabetes mellitus

736%  Hepatic 331 ‘anl_

Figure 7. A clinical blood metabogram with diabetes mellitus-associated changes. The percentage of

Second sign of diabetes mellitus

blood metabolome variance that the metabogram component explains is indicated by the superscript
“Var.” The metabogram components are measured by the Z-score value, whose normal range is from
—1.64 to 1.64. Higher and lower Z-scores are related to the up- and downregulation of the blood
metabolites corresponding to the metabogram component. Components of the metabogram that
are predominantly altered in diabetes mellitus are highlighted in red. The dashed line highlights
non-main changes in diabetes.

Based on the results of this study, the benefits that a CBM offers in DM can be highlighted:

CBM is a new method for diagnosing DM that can complement the FPG level and OGTT;
CBM makes it possible to identify the metabotypes (molecular phenotypes) of diabetic
patients and the deviations in blood metabolites associated with these metabotypes;

e  CBM provides precise measurement of diabetic changes in blood metabolome, both in
volume and severity;

e Treatment for DM can be tailored to the patient’s needs by means of the CBM’s
ability to measure and interpret variations in the blood metabolome. The effectiveness
of treatment can be assessed and adjusted by tracking changes in the metabogram
components and their return to normal Z-scores. The same applies to assessing
lifestyle, selecting an effective diet, physical activity, and other factors affecting health.

Regarding limitations, a CBM cannot reveal IGT diagnosed by OGTT at a normal FPG
level (Figure 3 and Table 3). A probable reason for this is that the OGTT is a loading test,
and without glucose loading in the blood metabolome there is no evidence of IGT.

The second limitation is that a CBM cannot be applied directly to diabetic patients.
Electrolyte disturbances often occur in people with DM. Among them, there is a noticeable
deficiency of phosphates, magnesium, and potassium. The incidence of this are even higher
in patients with acute diabetic complications [75,76]. ESI, used to obtain data for CBM, is
a soft-ionization method that generates ions for use in mass spectrometry. Ions detected
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by ESI-mass spectrometry are quasimolecular ions that are produced when a cation, such
as a proton (a hydrogen ion), potassium, or sodium, is added to the detecting substance.
The mass of the additional ion affects the measured mass in each scenario. Consequently,
concentrations of these ions in samples should be constant, or at least within a small range,
in the case of ESI mass spectrometry. To obtain reliable results for patients with DM,
changes associated with ionic inconsistency should be leveled out in mass spectrometry
data, e.g., as was performed in this work (see Section 2.5).

It should also be noted that the template for CBM was formed from experimental data
and therefore depends on the protocols used. Despite the fact that the metabogram compo-
nents reflect the main processes in the body, which makes them versatile, the dependence
on the measurement protocols makes the template quite biased. Templates obtained from
different laboratories may have differences until one template is accepted as a reference
and deposited in the widely used public database. Also, to date, the influence of genome,
gender, age, circadian, and other rhythms on CBM has not been studied, which may be a
source of errors in the interpretation of CBM.

The further development of CBM and its combination with dried blood spot (DBS)
samples [77] may offer additional opportunities for using CBM in laboratory diagnostics by
enabling the unassisted collection of capillary blood at home. Given the prevalence of DM,
it is especially necessary to make CBM testing accessible and convenient for clients through
mail-order transportation of DBS samples to the laboratory. It will also be of interest to
explore the potential of CBM in a multi-omics approach, for example, by combining a CBM
with blood plasma proteomic data. It is quite possible to carry out proteomic analysis in
accordance with the concept of a metabogram, that is, to conduct a quick group analysis
of blood proteins. Blood analysis at different omic levels will allow for a more complete
picture of blood changes in DM.

5. Conclusions

It was shown that CBM has clinical value for diabetic individuals by revealing DM-
related metabolic alterations in the blood. Being an omics test, CBM provides a broad
overview of these alterations, thereby providing an individual metabolic picture of the
course of DM in a particular patient. A CBM reflects not only the degree of these alterations
but also their significance for the body’s functioning. A CBM allows for the classification of
metabolic alterations to reveal DM-specific metabotypes that provide a basis for tailoring di-
abetic patient treatment. Therefore, further testing of CBM as an LDT and its incorporation
into clinical practice is justified.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/metabo14030168/s1, Table S1: Clinical test results for studied subjects. Table S2: Aligned and
standardized mass lists.

Author Contributions: Conceptualization, P.G.L.; methodology, D.L.M., O.P.T. and P.G.L.; software,
P.G.L,; validation, E.E.B.; formal analysis, D.L.M.; investigation, O.P.T., D.L.M. and E.E.B.; resources,
E.A.S, M.VS. and L1.D,; data curation, O.P.T. and E.A.S.; writing—original draft preparation, PG.L.;
writing—review and editing, E.E.B., M.V.S. and 1.LD.; supervision, L1.D.; project administration, I.L.D.
and P.G.L. All authors have read and agreed to the published version of the manuscript.

Funding: The work was performed within the framework of the Program for Basic Research in the
Russian Federation for a long-term period (2021-2030) (No. 122030100168-2) (study design, mass
spectrometry, and mass spectrometry data analysis) and was funded by the Ministry of Science and
Higher Education of the Russian Federation (Grant Number: 075-15-2022-310) (formation of patient
groups and analysis of clinical data).


https://www.mdpi.com/article/10.3390/metabo14030168/s1
https://www.mdpi.com/article/10.3390/metabo14030168/s1

Metabolites 2024, 14, 168 16 of 19

Institutional Review Board Statement: All procedures performed in studies involving human
participants were in accordance with the ethical standards of the institutional or national research
committee and with the 1964 Helsinki declaration and its later amendments or comparable ethical
standards. The study was approved by the ethical committee No 27-01 of Endocrinology Research
Centre, approval No 64 (statement No 01-02/62) and approval date: 12 April 2013.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available as Supplementary
Materials and on request from the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the
design of the study; in the collection, analyses, or interpretation of the data; in the writing of the
manuscript; or in the decision to publish the results.

References

1.

10.

11.
12.

13.

14.

15.

16.

17.

18.

19.

Committee on the Review of Omics-Based Tests for Predicting Patient Outcomes in Clinical Trials; Board on Health Care Services;
Board on Health Sciences Policy; Institute of Medicine. Evolution of Translational Omics: Lessons Learned and the Path Forward;
Micheel, C.M., Sharyl, N.J., Omenn, G.S., Eds.; National Academies Press (US): Washington, DC, USA, 2012; ISBN 9780309224185.
Beger, R.D.; Dunn, W.; Schmidt, M.A.; Gross, S.S.; Kirwan, J.A.; Cascante, M.; Brennan, L.; Wishart, D.S.; Oresic, M.; Hankemeier,
T.; et al. Metabolomics enables precision medicine: “A White Paper, Community Perspective”. Metabolomics 2016, 12, 149.
[CrossRef]

Tebani, A.; Gummesson, A.; Zhong, W.; Koistinen, L.S.; Lakshmikanth, T.; Olsson, L.M.; Boulund, F.; Neiman, M.; Stenlund, H.;
Hellstrom, C.; et al. Integration of molecular profiles in a longitudinal wellness profiling cohort. Nat. Commun. 2020, 11, 4487.
[CrossRef]

Gurke, R.; Bendes, A.; Bowes, ].; Koehm, M.; Twyman, R.M.; Barton, A.; Elewaut, D.; Goodyear, C.; Hahnefeld, L.; Hillenbrand,
R.; et al. Omics and Multi-Omics Analysis for the Early Identification and Improved Outcome of Patients with Psoriatic Arthritis.
Biomedicines 2022, 10, 2387. [CrossRef]

Zheng, M.; Piermarocchi, C.; Mias, G.I. Temporal response characterization across individual multiomics profiles of prediabetic
and diabetic subjects. Sci. Rep. 2022, 12, 12098. [CrossRef]

Karczewski, K.J.; Snyder, M.P. Integrative omics for health and disease. Nat. Rev. Genet. 2018, 19, 299-310. [CrossRef]

Chen, R,; Mias, G.I; Li-Pook-Than, J.; Jiang, L.; Lam, H.Y.K.; Chen, R.; Miriami, E.; Karczewski, K.J.; Hariharan, M.; Dewey, FE.;
et al. Personal omics profiling reveals dynamic molecular and medical phenotypes. Cell 2012, 148, 1293-1307. [CrossRef]
Schiissler-Fiorenza Rose, S.M.; Contrepois, K.; Moneghetti, K.].; Zhou, W.; Mishra, T.; Mataraso, S.; Dagan-Rosenfeld, O.; Ganz,
A.B.; Dunn, J.; Hornburg, D.; et al. A longitudinal big data approach for precision health. Nat. Med. 2019, 25, 792-804. [CrossRef]
[PubMed]

Hall, H.; Perelman, D.; Breschi, A.; Limcaoco, P.; Kellogg, R.; McLaughlin, T.; Snyder, M. Glucotypes reveal new patterns of
glucose dysregulation. PLoS Biol. 2018, 16, €2005143. [CrossRef] [PubMed]

Ahadi, S.; Zhou, W.; Schiissler-Fiorenza Rose, S.M.; Sailani, M.R.; Contrepois, K.; Avina, M.; Ashland, M.; Brunet, A.; Snyder, M.
Personal aging markers and ageotypes revealed by deep longitudinal profiling. Nat. Med. 2020, 26, 83-90. [CrossRef] [PubMed]
Hood, L.; Price, N.D. Promoting Wellness & Demystifying Disease: The 100K Project. Clin. Omi. 2015, 1, 20-23. [CrossRef]
Price, N.D.; Magis, A.T.; Earls, ].C.; Glusman, G.; Levy, R.; Lausted, C.; McDonald, D.T.; Kusebauch, U.; Moss, C.L.; Zhou, Y.; et al.
A wellness study of 108 individuals using personal, dense, dynamic data clouds. Nat. Biotechnol. 2017, 35, 747-756. [CrossRef]
Oldoni, E.; Saunders, G.; Bietrix, F.; Garcia Bermejo, M.L.; Niehues, A.; 't Hoen, P.A.C.; Nordlund, J.; Hajduch, M.; Scherer, A.;
Kivinen, K,; et al. Tackling the translational challenges of multi-omics research in the realm of European personalised medicine:
A workshop report. Front. Mol. Biosci. 2022, 9, 974799. [CrossRef] [PubMed]

Olivier, M.; Asmis, R.; Hawkins, G.A.; Howard, T.D.; Cox, L.A. The Need for Multi-Omics Biomarker Signatures in Precision
Medicine. Int. J. Mol. Sci. 2019, 20, 4781. [CrossRef] [PubMed]

Krassowski, M.; Das, V.; Sahu, S.K.; Misra, B.B. State of the Field in Multi-Omics Research: From Computational Needs to Data
Mining and Sharing. Front. Genet. 2020, 11, 610798. [CrossRef] [PubMed]

EATRIS ERIC. EATRIS-Plus Project Quality Initiative. Available online: https:/ /eatris.eu/eatris-quality-initiative (accessed on
12 January 2023).

Schreier, J.; Feeney, R.; Keeling, P. Diagnostics Reform and Harmonization of Clinical Laboratory Testing. |. Mol. Diagn. 2019, 21,
737-745. [CrossRef] [PubMed]

Spitzenberger, F.; Patel, J.; Gebuhr, I.; Kruttwig, K.; Safi, A.; Meisel, C. Laboratory-Developed Tests: Design of a Regulatory
Strategy in Compliance with the International State-of-the-Art and the Regulation (EU) 2017/746 (EU IVDR [In Vitro Diagnostic
Medical Device Regulation]). Ther. Innov. Regul. Sci. 2022, 56, 47—-64. [CrossRef]

Graden, K.C.; Bennett, S.A.; Delaney, S.R.; Gill, H.E.; Willrich, M.A.V. A High-Level Overview of the Regulations Surrounding a
Clinical Laboratory and Upcoming Regulatory Challenges for Laboratory Developed Tests. Lab Med. 2021, 52, 315-328. [CrossRef]
[PubMed]


https://doi.org/10.1007/s11306-016-1094-6
https://doi.org/10.1038/s41467-020-18148-7
https://doi.org/10.3390/biomedicines10102387
https://doi.org/10.1038/s41598-022-16326-9
https://doi.org/10.1038/nrg.2018.4
https://doi.org/10.1016/j.cell.2012.02.009
https://doi.org/10.1038/s41591-019-0414-6
https://www.ncbi.nlm.nih.gov/pubmed/31068711
https://doi.org/10.1371/journal.pbio.2005143
https://www.ncbi.nlm.nih.gov/pubmed/30040822
https://doi.org/10.1038/s41591-019-0719-5
https://www.ncbi.nlm.nih.gov/pubmed/31932806
https://doi.org/10.1089/CLINOMI.01.03.07
https://doi.org/10.1038/nbt.3870
https://doi.org/10.3389/fmolb.2022.974799
https://www.ncbi.nlm.nih.gov/pubmed/36310597
https://doi.org/10.3390/ijms20194781
https://www.ncbi.nlm.nih.gov/pubmed/31561483
https://doi.org/10.3389/fgene.2020.610798
https://www.ncbi.nlm.nih.gov/pubmed/33362867
https://eatris.eu/eatris-quality-initiative
https://doi.org/10.1016/j.jmoldx.2019.04.002
https://www.ncbi.nlm.nih.gov/pubmed/31075512
https://doi.org/10.1007/s43441-021-00323-7
https://doi.org/10.1093/labmed/lmaa086
https://www.ncbi.nlm.nih.gov/pubmed/33283241

Metabolites 2024, 14, 168 17 of 19

20.
21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Genzen, ].R. Regulation of Laboratory-Developed Tests. Am. J. Clin. Pathol. 2019, 152, 122-131. [CrossRef] [PubMed]

Centers for Medicare and Medicaid Services. Background Document on CLIA Oversight of LDTs. Available online: https://www.
cms.gov /Regulations-and-Guidance/Legislation/CLIA /Downloads/LDT-and-CLIA_FAQs.pdf (accessed on 15 January 2023).
Nightingale Health Plc. Next-Generation Health Risk Management for Informed Decision-Making. Available online: https:
/ /pro.nightingalehealth.com (accessed on 15 January 2023).

Ajinomoto Group. AminoIndex® | The amino acid profile as a marker for cancer screening. Available online: https://www.
ajinomoto.com/innovation/action/aminoindex (accessed on 15 January 2023).

Lokhov, P.G.; Balashova, E.E.; Trifonova, O.P.; Maslov, D.L.; Grigoriev, A.L,; Ponomarenko, E.A.; Archakov, A.I. Mass Spectrometric
Blood Metabogram: Acquisition, Characterization, and Prospects for Application. Int. J. Mol. Sci. 2023, 24, 1736. [CrossRef]
Lokhov, P.G.; Balashova, E.E.; Trifonova, O.P.; Maslov, D.L.; Plotnikova, O.A.; Sharafetdinov, K.K.; Nikityuk, D.B.; Tutelyan, V.A ;
Ponomarenko, E.A.; Archakov, A.L. Clinical Blood Metabogram: Application to Overweight and Obese Patients. Metabolites 2023,
13,798. [CrossRef]

Lokhov, P.G.; Balashova, E.E.; Maslov, D.L.; Trifonova, O.P.; Lisitsa, A.V.; Markova, Y.M.; Stetsenko, V.V.; Polyanina, A.S,;
Sheveleva, S.A.; Sharafetdinov, K.K,; et al. Linking Clinical Blood Metabogram and Gut Microbiota. Metabolites 2023, 13, 1095.
[CrossRef]

Alberti, K.G.; Zimmet, P.Z. Definition, Diagnosis and Classification of Diabetes Mellitus and its Complications Part 1: Diagnosis
and Classification of Diabetes Mellitus. Deabet Med. 1998, 15, 539-553. [CrossRef]

Lokhov, P.G.; Trifonova, O.P; Maslov, D.L.; Balashova, E.E.; Archakov, A.L,; Shestakova, E.A.; Shestakova, M.V.; Dedov, LI
Diagnosing impaired glucose tolerance using direct infusion mass spectrometry of blood plasma. PLoS ONE 2014, 9, e105343.
[CrossRef]

Lokhov, P.G.; Kharybin, O.N.; Archakov, A.I. Diagnosis of lung cancer based on direct-infusion electrospray mass spectrometry of
blood plasma metabolites. Int. . Mass Spectrom. 2011, 309, 200-205. [CrossRef]

Xia, J.; Wishart, D.S. MSEA: A web-based tool to identify biologically meaningful patterns in quantitative metabolomic data.
Nucleic Acids Res. 2010, 38 (Suppl. 2), W71-W77. [CrossRef]

Safiri, S.; Karamzad, N.; Kaufman, J.S.; Bell, A.W.; Nejadghaderi, S.A.; Sullman, M.].M.; Moradi-Lakeh, M.; Collins, G.; Kolahi,
A.-A. Prevalence, Deaths and Disability-Adjusted-Life-Years (DALYs) Due to Type 2 Diabetes and Its Attributable Risk Factors
in 204 Countries and Territories, 1990-2019: Results From the Global Burden of Disease Study 2019. Front. Endocrinol. 2022,
13, 838027. [CrossRef]

Zhu, R.; Zhou, S.; Xia, L.; Bao, X. Incidence, Morbidity and years Lived With Disability due to Type 2 Diabetes Mellitus in 204
Countries and Territories: Trends From 1990 to 2019. Front. Endocrinol. 2022, 13, 905538. [CrossRef]

Kahanovitz, L.; Sluss, PM.; Russell, S.J. Type 1 Diabetes—A Clinical Perspective. Point Care 2017, 16, 37—40. [CrossRef] [PubMed]
Galicia-Garcia, U.; Benito-Vicente, A.; Jebari, S.; Larrea-Sebal, A.; Siddiqi, H.; Uribe, K.B.; Ostolaza, H.; Martin, C. Pathophysiology
of Type 2 Diabetes Mellitus. Int. . Mol. Sci. 2020, 21, 6275. [CrossRef] [PubMed]

Sagel, J.; Colwell, J.A. Shock During Oral Glucose Tolerance Testing. JAMA 1973, 226, 667-668. [CrossRef] [PubMed]
Mcdonald, G.W.; Fisher, G.E; Burnham, C. Reproducibility of the Oral Glucose Tolerance Test. Diabetes 1965, 14, 473-480.
[CrossRef]

Balion, C.M.; Raina, P.S.; Gerstein, H.C.; Santaguida, P.L.; Morrison, K.M.; Booker, L.; Hunt, D.L. Reproducibility of impaired
glucose tolerance (IGT) and impaired fasting glucose (IFG) classification: A systematic review. Clin. Chem. Lab. Med. 2007, 45,
1180-1185. [CrossRef]

Ko, G.T.C.; Chan, J].C.N.; Woo, J.; Lau, E.; Yeung, V.T.E.; Chow, C.C.; Cockram, C.S. The reproducibility and usefulness of the
oral glucose tolerance test in screening for diabetes and other cardiovascular risk factors. Ann. Clin. Biochem. 1998, 35, 62-67.
[CrossRef]

Chai, J.H.; Ma, S.; Heng, D.; Yoong, J.; Lim, W.-Y.; Toh, S.-A.; Loh, T.P. Impact of analytical and biological variations on
classification of diabetes using fasting plasma glucose, oral glucose tolerance test and HbAlc. Sci. Rep. 2017, 7, 13721. [CrossRef]
[PubMed]

Coskun, C.; Inal, B.B.; Emre, H.O.; Baz, S.; Gumus, A.; Sonmez, D.; Orhan, B.; Duz, M.E.; Serin, E.; Koldas, M. Evaluation
of biological variations in glucose and glycated hemoglobin levels in healthy individuals. Turk. J. Biochem. 2018, 43, 495-501.
[CrossRef]

Fraser, C.G.; Williams, P. Short-term biological variation of plasma analytes in renal disease. Clin. Chem. 1983, 29, 508-510.
[CrossRef] [PubMed]

Duong, KN.C.; Tan, C.J.; Rattanasiri, S.; Thakkinstian, A.; Anothaisintawee, T.; Chaiyakunapruk, N. Comparison of diagnostic
accuracy for diabetes diagnosis: A systematic review and network meta-analysis. Front. Med. 2023, 10, 1016381. [CrossRef]
[PubMed]

Williams, G.Z. Individuality of clinical biochemical patterns in preventive health maintenance. J. Occup. Med. 1967, 9, 567-570.
[PubMed]

Kroll, M.H. Biological variation of glucose and insulin includes a deterministic chaotic component. Biosystems 1999, 50, 189-201.
[CrossRef] [PubMed]


https://doi.org/10.1093/ajcp/aqz096
https://www.ncbi.nlm.nih.gov/pubmed/31242284
https://www.cms.gov/Regulations-and-Guidance/Legislation/CLIA/Downloads/LDT-and-CLIA_FAQs.pdf
https://www.cms.gov/Regulations-and-Guidance/Legislation/CLIA/Downloads/LDT-and-CLIA_FAQs.pdf
https://pro.nightingalehealth.com
https://pro.nightingalehealth.com
https://www.ajinomoto.com/innovation/action/aminoindex
https://www.ajinomoto.com/innovation/action/aminoindex
https://doi.org/10.3390/ijms24021736
https://doi.org/10.3390/metabo13070798
https://doi.org/10.3390/metabo13101095
https://doi.org/10.1002/(SICI)1096-9136(199807)15:7%3C539::AID-DIA668%3E3.0.CO;2-S
https://doi.org/10.1371/journal.pone.0105343
https://doi.org/10.1016/j.ijms.2011.10.002
https://doi.org/10.1093/nar/gkq329
https://doi.org/10.3389/fendo.2022.838027
https://doi.org/10.3389/fendo.2022.905538
https://doi.org/10.1097/POC.0000000000000125
https://www.ncbi.nlm.nih.gov/pubmed/28943810
https://doi.org/10.3390/ijms21176275
https://www.ncbi.nlm.nih.gov/pubmed/32872570
https://doi.org/10.1001/jama.1973.03230060045017
https://www.ncbi.nlm.nih.gov/pubmed/4356848
https://doi.org/10.2337/diab.14.8.473
https://doi.org/10.1515/CCLM.2007.505
https://doi.org/10.1177/000456329803500107
https://doi.org/10.1038/s41598-017-14172-8
https://www.ncbi.nlm.nih.gov/pubmed/29057963
https://doi.org/10.1515/tjb-2017-0165
https://doi.org/10.1093/clinchem/29.3.508
https://www.ncbi.nlm.nih.gov/pubmed/6825264
https://doi.org/10.3389/fmed.2023.1016381
https://www.ncbi.nlm.nih.gov/pubmed/36760402
https://www.ncbi.nlm.nih.gov/pubmed/6054748
https://doi.org/10.1016/S0303-2647(99)00007-6
https://www.ncbi.nlm.nih.gov/pubmed/10400269

Metabolites 2024, 14, 168 18 of 19

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Harris, E.K.; Kanofsky, P.; Shakarji, G.; Cotlove, E. Biological and analytic components of variation in long-term studies of serum
constituents in normal subjects. II. Estimating biological components of variation. Clin. Chem. 1970, 16, 1022-1027. [CrossRef]
[PubMed]

Fraser, C.G. Biological variation in clinical chemistry. An update: Collated data, 1988-1991. Arch. Pathol. Lab. Med. 1992, 116,
916-923.

Leite, N.C.; Salles, G.F,; Araujo, A.L.E.; Villela-Nogueira, C.A.; Cardoso, C.R.L. Prevalence and associated factors of non-alcoholic
fatty liver disease in patients with type-2 diabetes mellitus. Liver Int. 2009, 29, 113-119. [CrossRef] [PubMed]

Targher, G.; Bertolini, L.; Padovani, R.; Rodella, S.; Tessari, R.; Zenari, L.; Day, C.; Arcaro, G. Prevalence of nonalcoholic fatty
liver disease and its association with cardiovascular disease among type 2 diabetic patients. Diabetes Care 2007, 30, 1212-1218.
[CrossRef]

Silverman, J.F.; O'Brien, K.F,; Long, S.; Leggett, N.; Khazanie, P.G.; Pories, W.J.; Norris, H.T.; Caro, J.E. Liver pathology in morbidly
obese patients with and without diabetes. Am. |. Gastroenterol. 1990, 85, 1349-1355.

Bugianesi, E.; McCullough, A.J.; Marchesini, G. Insulin resistance: A metabolic pathway to chronic liver disease. Hepatology 2005,
42,987-1000. [CrossRef] [PubMed]

Marchesini, G.; Brizi, M.; Morselli-Labate, A.M.; Bianchi, G.; Bugianesi, E.; McCullough, A.J.; Forlani, G.; Melchionda, N.
Association of nonalcoholic fatty liver disease with insulin resistance. Am. J. Med. 1999, 107, 450-455. [CrossRef]

Efe, O.; Verma, A.; Waikar, S.S. Urinary oxalate as a potential mediator of kidney disease in diabetes mellitus and obesity. Curr.
Opin. Nephrol. Hypertens. 2019, 28, 316-320. [CrossRef] [PubMed]

Nikiforova, VJ.; Giesbertz, P.; Wiemer, J.; Bethan, B.; Looser, R.; Liebenberg, V.; Ruiz Noppinger, P.; Daniel, H.; Rein, D. Glyoxylate,
a new marker metabolite of type 2 diabetes. |. Diabetes Res. 2014, 2014, 685204. [CrossRef]

Padberg, I.; Peter, E.; Gonzalez-Maldonado, S.; Witt, H.; Mueller, M.; Weis, T.; Bethan, B.; Liebenberg, V.; Wiemer, J.; Katus,
H.A.; et al. A new metabolomic signature in type-2 diabetes mellitus and its pathophysiology. PLoS ONE 2014, 9, e85082.
[CrossRef]

Laffel, L. Ketone bodies: A review of physiology, pathophysiology and application of monitoring to diabetes. Diabetes Metab. Res.
Rev. 1999, 15, 412-426. [CrossRef]

Guasch-Ferré, M.; Hruby, A.; Toledo, E.; Clish, C.B.; Martinez-Gonzélez, M.A.; Salas-Salvado, J.; Hu, F.B. Metabolomics in
Prediabetes and Diabetes: A Systematic Review and Meta-analysis. Diabetes Care 2016, 39, 833-846. [CrossRef] [PubMed]
Alqudah, A.; Wedyan, M.; Qnais, E.; Jawarneh, H.; McClements, L. Plasma Amino Acids Metabolomics’ Important in Glucose
Management in Type 2 Diabetes. Front. Pharmacol. 2021, 12, 695418. [CrossRef] [PubMed]

Tessaro, EH.G.; Ayala, T.S.; Martins, J.O. Lipid Mediators Are Critical in Resolving Inflammation: A Review of the Emerging
Roles of Eicosanoids in Diabetes Mellitus. Biomed Res. Int. 2015, 2015, 568408. [CrossRef]

Tuomisto, K.; Palmu, J.; Long, T.; Watrous, ].D.; Mercader, K.; Lagerborg, K.A.; Andres, A.; Salmi, M.; Jalkanen, S.; Vasan, R.S.; et al.
A plasma metabolite score of three eicosanoids predicts incident type 2 diabetes: A prospective study in three independent
cohorts. BMJ Open Diabetes Res. Care 2022, 10, €002519. [CrossRef]

Luo, P.; Wang, M.-H. Eicosanoids, B-cell function, and diabetes. Prostaglandins Other Lipid Mediat. 2011, 95, 1-10. [CrossRef]
[PubMed]

Petersen, M.C.; Shulman, G.I. Roles of Diacylglycerols and Ceramides in Hepatic Insulin Resistance. Trends Pharmacol. Sci. 2017,
38, 649-665. [CrossRef]

Luukkonen, PK.; Zhou, Y.; Sddevirta, S.; Leivonen, M.; Arola, J.; Ores$i¢, M.; Hy6tyldinen, T.; Yki-Jarvinen, H. Hepatic ceramides
dissociate steatosis and insulin resistance in patients with non-alcoholic fatty liver disease. |. Hepatol. 2016, 64, 1167-1175.
[CrossRef]

Albareda, M.; de Leiva, A.; Corcoy, R. Reproducibility of diabetes mellitus diagnosis (WHO 1999 criteria) in women. Acta Diabetol.
2004, 41, 14-17. [CrossRef]

Hwang, ].L.; Weiss, R.E. Steroid-induced diabetes: A clinical and molecular approach to understanding and treatment. Diabetes
Metab. Res. Rev. 2014, 30, 96-102. [CrossRef]

Tamez-Pérez, H.E.; Quintanilla-Flores, D.L.; Rodriguez-Gutiérrez, R.; Gonzalez-Gonzalez, J.G.; Tamez-Pefia, A.L. Steroid
hyperglycemia: Prevalence, early detection and therapeutic recommendations: A narrative review. World |. Diabetes 2015, 6,
1073-1081. [CrossRef]

IS Sobczak, A.; A Blindauer, C.; ] Stewart, A. Changes in Plasma Free Fatty Acids Associated with Type-2 Diabetes. Nutrients
2019, 11, 2022. [CrossRef]

Hui, D.Y. Phospholipase A(2) enzymes in metabolic and cardiovascular diseases. Curr. Opin. Lipidol. 2012, 23, 235-240. [CrossRef]
[PubMed]

Prunonosa Cervera, I.; Gabriel, B.M.; Aldiss, P.; Morton, N.M. The phospholipase A2 family’s role in metabolic diseases: Focus on
skeletal muscle. Physiol. Rep. 2021, 9, e14662. [CrossRef] [PubMed]

Inouye, M.; Mio, T.; Sumino, K. Dicarboxylic acids as markers of fatty acid peroxidation in diabetes. Atherosclerosis 2000, 148,
197-202. [CrossRef] [PubMed]

Vangipurapu, J.; Stancakova, A.; Smith, U.; Kuusisto, J.; Laakso, M. Nine Amino Acids Are Associated With Decreased Insulin
Secretion and Elevated Glucose Levels in a 7.4-Year Follow-up Study of 5,181 Finnish Men. Diabetes 2019, 68, 1353-1358. [CrossRef]
[PubMed]


https://doi.org/10.1093/clinchem/16.12.1022
https://www.ncbi.nlm.nih.gov/pubmed/5481562
https://doi.org/10.1111/j.1478-3231.2008.01718.x
https://www.ncbi.nlm.nih.gov/pubmed/18384521
https://doi.org/10.2337/dc06-2247
https://doi.org/10.1002/hep.20920
https://www.ncbi.nlm.nih.gov/pubmed/16250043
https://doi.org/10.1016/S0002-9343(99)00271-5
https://doi.org/10.1097/MNH.0000000000000515
https://www.ncbi.nlm.nih.gov/pubmed/31045662
https://doi.org/10.1155/2014/685204
https://doi.org/10.1371/journal.pone.0085082
https://doi.org/10.1002/(SICI)1520-7560(199911/12)15:6%3C412::AID-DMRR72%3E3.0.CO;2-8
https://doi.org/10.2337/dc15-2251
https://www.ncbi.nlm.nih.gov/pubmed/27208380
https://doi.org/10.3389/fphar.2021.695418
https://www.ncbi.nlm.nih.gov/pubmed/34335259
https://doi.org/10.1155/2015/568408
https://doi.org/10.1136/bmjdrc-2021-002519
https://doi.org/10.1016/j.prostaglandins.2011.06.001
https://www.ncbi.nlm.nih.gov/pubmed/21757024
https://doi.org/10.1016/j.tips.2017.04.004
https://doi.org/10.1016/j.jhep.2016.01.002
https://doi.org/10.1007/s00592-004-0138-y
https://doi.org/10.1002/dmrr.2486
https://doi.org/10.4239/wjd.v6.i8.1073
https://doi.org/10.3390/nu11092022
https://doi.org/10.1097/MOL.0b013e328351b439
https://www.ncbi.nlm.nih.gov/pubmed/22327613
https://doi.org/10.14814/phy2.14662
https://www.ncbi.nlm.nih.gov/pubmed/33433056
https://doi.org/10.1016/S0021-9150(99)00263-4
https://www.ncbi.nlm.nih.gov/pubmed/10580186
https://doi.org/10.2337/db18-1076
https://www.ncbi.nlm.nih.gov/pubmed/30885989

Metabolites 2024, 14, 168 19 of 19

71.

72.

73.

74.

75.

76.

77.

Lu, Y;; Wang, Y,; Liang, X.; Zou, L.; Ong, C.N.; Yuan, ].-M.; Koh, W.-P; Pan, A. Serum Amino Acids in Association with Prevalent
and Incident Type 2 Diabetes in A Chinese Population. Metabolites 2019, 9, 14. [CrossRef] [PubMed]

Wang, T.J.; Larson, M.G.; Vasan, R.S.; Cheng, S.; Rhee, E.P.; McCabe, E.; Lewis, G.D.; Fox, C.S.; Jacques, PF; Fernandez, C.; et al.
Metabolite profiles and the risk of developing diabetes. Nat. Med. 2011, 17, 448-453. [CrossRef]

Chen, T;; Ni, Y;; Ma, X,; Bao, Y,; Liu, J.; Huang, E; Hu, C.; Xie, G.; Zhao, A.; Jia, W,; et al. Branched-chain and aromatic amino acid
profiles and diabetes risk in Chinese populations. Sci. Rep. 2016, 6, 20594. [CrossRef]

Diamanti, K.; Cavalli, M.; Pan, G.; Pereira, M.J.; Kumar, C.; Skrtic, S.; Grabherr, M.; Risérus, U.; Eriksson, ].W.; Komorowski, J.; et al.
Intra- and inter-individual metabolic profiling highlights carnitine and lysophosphatidylcholine pathways as key molecular
defects in type 2 diabetes. Sci. Rep. 2019, 9, 9653. [CrossRef]

Coregliano-Ring, L.; Goia-Nishide, K.; Rangel, EB. Hypokalemia in Diabetes Mellitus Setting. Medicina 2022, 58, 431. [CrossRef]
Liamis, G.; Liberopoulos, E.; Barkas, F; Elisaf, M. Diabetes mellitus and electrolyte disorders. World J. Clin. Cases 2014, 2, 488—496.
[CrossRef] [PubMed]

Trifonova, O.P,; Maslov, D.L.; Balashova, E.E.; Lokhov, P.G. Evaluation of Dried Blood Spot Sampling for Clinical Metabolomics:
Effects of Different Papers and Sample Storage Stability. Metabolites 2019, 9, 277. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/metabo9010014
https://www.ncbi.nlm.nih.gov/pubmed/30646552
https://doi.org/10.1038/nm.2307
https://doi.org/10.1038/srep20594
https://doi.org/10.1038/s41598-019-45906-5
https://doi.org/10.3390/medicina58030431
https://doi.org/10.12998/wjcc.v2.i10.488
https://www.ncbi.nlm.nih.gov/pubmed/25325058
https://doi.org/10.3390/metabo9110277
https://www.ncbi.nlm.nih.gov/pubmed/31726782

	Introduction 
	Materials and Methods 
	Subjects 
	Mass Spectrometry Analysis of Blood Samples 
	Template Design for CBM 
	CBM for Participants in the Study Cohort 
	Adjustment of Mass Peak Intensity Due to Ionic Inconsistency in Samples 
	Cluster Analysis 
	Diagnostic Parameters 

	Results 
	Studied Subjects 
	CBM Data 
	Statistical Data and Diagnostic Parameters 
	Cluster Analysis 

	Discussion 
	Conclusions 
	References

