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Traumatic brain injury (TBI) is a complex disease with a multifaceted pathophysiology.
Impairment of energy metabolism is a key component of secondary insults. This phe-
nomenon is a consequence of multiple potential mechanisms including diffusion hypoxia,
mitochondrial failure, and increased energy needs due to systemic trauma responses,
seizures, or spreading depolarization. The degree of disturbance in brain metabolism
is affected by treatment interventions and reflected in clinical patient outcome. Hence,
monitoring of these secondary events in peripheral blood will provide a window into the
pathophysiological course of severe TBl. New methods for assessing perturbation of
brain metabolism are needed in order to monitor on-going pathophysiological processes
and thus facilitate targeted interventions and predict outcome. Circulating metabolites
in peripheral blood may serve as sensitive markers of pathological processes in TBI.
The levels of these small molecules in blood are less dependent on the integrity of the
blood—brain barrier as compared to protein biomarkers. We have recently characterized
a specific metabolic profile in serum that is associated with both initial severity and patient
outcome of TBI. We found that two medium-chain fatty acids, octanoic and decanoic
acids, as well as several sugar derivatives are significantly associated with the severity of
TBI. The top ranking peripheral blood metabolites were also highly correlated with their
levels in cerebral microdialyzates. Based on the metabolite profile upon admission, we
have been able to develop a model that accurately predicts patient outcome. Moreover,
metabolomics profiling improved the performance of the well-established clinical prog-
nostication model. In this review, we discuss metabolomics profiling in patients with
severe TBI. We present arguments in support of the need for further development and
validation of circulating biomarkers of cerebral metabolism and for their use in assessing
patients with severe TBI.
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INTRODUCTION

Severe traumatic brain injury (TBI) is usually defined as a brain injury from an external force result-
ing in Glasgow Coma Scale of 3 to 8 (1) meaning that the patients are primarily unconscious or
they gradually became unconscious after the injury. Severe TBI is associated with high mortality
(2). About 30% of patients with severe TBI will die and 50% will suffer from at least moderate
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disability after 1 year, although some may show excellent recovery
(3, 4). The initial severity assessment may be misleading due to
frequently occurring confounders (prehospital sedation, hypoxia,
inebriation, etc.), and the severity grading may change during the
acute injury period, as TBI is a dynamic process with complex
and heterogeneous pathophysiology. Early outcome prediction is
challenging also due to impending secondary insults.

The primary brain injury results in a complex series of events,
which generate a secondary brain injury process. Different insults
belonging to a secondary brain injury are aggravated by impair-
ment of energy metabolism that is a consequence of multiple
potential mechanisms including both hypoxia and diffusion
hypoxia (5, 6), increased non-oxidative processes (7), mitochon-
drial failure (8), and increased energy needs due to systemic
trauma responses, seizures, or spreading depolarization (9, 10).
The condition is further convoluted by heterogeneous temporal
evolution of brain injury and individual differences between the
patients (11, 12). The degree of disturbance of brain metabolism
after TBI is also affected by treatment interventions, which are
reflected in clinical patient outcome. Although the sustained
metabolic crisis in the brain is mostly unsolvable by neurotrauma
resuscitation and rigorous intracranial pressure (ICP) control
(13-15), the monitoring of secondary brain injury events provides
insight into early physiological insults experienced by the brain. It
also provides an opportunity to treat physiological disturbances
and predict the later pathophysiological course of TBI.

Sedation and neuromuscular blockade in the neurocritical
care setting limit the ability of clinicians to obtain a reliable
neurologic examination. Additionally, clinically observed dete-
rioration often occurs as a late manifestation of secondary brain
injury process. Multimodal neuromonitoring helps to detect, and
in many circumstances to treat, cerebral ischemia. By monitoring
invasively ICP, brain tissue oxygenation (PbtO2), cerebral perfu-
sion autoregulation with the pressure reactivity index (PRx), and
continuous electroencephalography, it is possible to assess and
follow the gross physiology within the brain after severe TBI (16).
Cerebral microdialysis provides a window into the underlying
cellular metabolism of injured neurons by assessing the lactate/
pyruvate ratio. An increase in this ratio reflects a decrease in the
oxidative mitochondrial metabolism and mitochondrial failure.
Thus, the basis for obtaining tissue metabolic data rests on the
need for detecting a transition from aerobic to anaerobic metabo-
lism. The switch to anaerobic metabolism is associated with poor
neurological outcome in patients with TBI (9, 17, 18).

Cerebral microdialysis can be regarded as a type of local
targeted metabolomics study, but there are also other means
of assessing a vast spectrum of endogenous compounds with
small molecular mass that serve as substrates and intermediates
of biochemical pathways in the human body. In the continuing
expansion of “omics” in biomedical research, the global study of
metabolism at the molecular level, metabolomics, has enabled
simultaneous determination of thousands of small molecules at
various levels of cellular function due to the advances in systems
biology. There is an on-going paradigm shift toward knowledge-
based systemic “omics” studies leading to comprehensive
metabolite profiling and fingerprint diagnostics in contrast to
current hypothesis-driven research (19, 20).

Due to challenges in acute diagnostics, stratification and
monitoring of treatment effects of severe TBI, several different
methodologies to help the clinician have been studied, including
different imaging modalities (13, 21-24), multimodal monitoring
of brain and body physiology (9, 16, 25), and different protein
biomarkers (26-30). Our current tools give little direct infor-
mation about the brain’s wellbeing, not to mention predicting
secondary injuries. Brain-specific or brain-enriched protein
biomarkers have been expected to solve these problems, but the
vast heterogeneity of TBIs, the variable damage of the blood-
brain barrier (BBB), and problems in specificity have prevented
them from reaching clinical use, although several studies have
shown correlations with outcome (31-35). In this review, we will
focus on severe TBI, because its vast complexity poses a special
challenge for diagnostics. We discuss the results and prospects of
metabolomics to overcome these challenges, as this methodology
may be able to offer individual fingerprint characterization of the
on-going pathophysiological events, without many problems that
face the use of proteins as brain biomarkers.

METABOLOMICS

Clinical Need for New Blood-Based

Biomarkers of Severe TBI

Traumatic brain injury has been a clinically challenging prob-
lem for several reasons, including poorly understood complex
pathophysiology that behaves unpredictably and vast patient and
injury heterogeneity. There are a number of sensitive organ-based
biomarkers in clinical use for medical emergencies (36) and
oncology diagnostics (37). Accordingly, similar markers for TBI
have been searched for, in order to assess the nature and severity
of the injury and patient outcome (38, 39).

For an ideal universal molecular biomarker of TBI, the com-
pound should be readily measurable in peripheral venous blood
or non-invasively collected biological fluid, as diagnostics from
cerebrospinal fluid or cerebral microdialyzates are too invasive
methods in evaluating mild or moderate TBI. Moreover, severe
TBI sets special requirements for biomarkers. For a biomarker
to be useful in severe TBI cases, it needs to show changes during
the initial stages such as transition to mild cerebral energy crisis
or regional swelling. The changes need to be detected prior to
the onset of global cerebral energy failure and uncontrollable
ICP elevation. Depending on the nature of the diagnostic aim,
a biomarker of TBI should be able to confirm the presence or
absence of TBI, assess the severity and nature of TBI, monitor
treatment effects and predict outcome. Furthermore, validation
of a biomarker needs to be linked to established clinically relevant
indicators of disease severity, e.g., Glasgow coma scale (1), acute
imaging findings (such as acute head computed tomography or
magnetic resonance imaging), brain tissue fate as assessed with
different methods (40-42), or outcome (43).

It appears highly unlikely that a single biomarker could accu-
rately describe these different clinical needs in a case of severe
TBI at the emergency department and intensive care unit. This is
because patients and injuries are highly heterogeneous and there is
significant uncontrolled variability even within the same category
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of TBI severity, merely as assessed by rough clinical measures.
In the case of an extremely complex disease, such as severe TBI,
the inherent variability needs to be taken into account, because
the molecular biomarkers might not be fundamentally related to
TBI but rather to normal and reactive physiological processes and
protective responses, such as those related to age, gender, diet,
CNS comorbidities, and extracranial injuries. Therefore, instead
of measuring a single TBI-sensitive biomarker, there is a need
for comprehensive injury-sensitive biochemical profiling and
individual fingerprint diagnostics.

Challenges in TBI Biomarker Research
Protein-based biomarkers have partially failed to fill the
expectations in diagnostics of TBI. The problems have been one-
dimensional diagnostic perspectives, sensitivity and specificity
for TBI and brain, and the inability to pass an intact BBB. The
variability in dysfunction of the BBB as a result of TBI strongly
affects the performance of proteins to serve as reliable biomark-
ers of intracranial events. Small molecules with molecular mass
under 1,000 Da are more readily able to pass an intact BBB and
are thus much more independent from fluctuating and immeas-
urable confounders related to BBB dysfunction, which is one
of the cornerstones of TBI pathophysiology (44). As metabolic
profiling can detect and measure a large number of substances,
it may enable accurate characterization and stratification of the
TBIs for targeted therapies. Blood-based metabolomics profiling
is the preferred method due to practical reasons. Although better
brain specificity could be achieved by employing CSF analytics,
there is no clinical justification to use CSF for biomarker assess-
ment in cases where it is not necessary.

Intracranial dynamics is efficiently monitored by the current
methods such as invasive monitoring of ICP, PRx, and PbtO,,
reflecting global and regional changes in patients with severe
TBI. The validated methods for monitoring metabolic crisis in the
brain following severe TBI have been brain microdialysis, arterio-
jugular venous differences, and positron emission tomography,
of which the first-mentioned is not universally available and the
latter is neither universally available nor suitable for patients with
unstable or intractable ICP.

Metabolomics As an Opportunity
for TBI Diagnostics

Metabolomics is a global approach to study the structure, func-
tion, and interactions of low molecular weight metabolites in
cells, tissues, and biofluids (45). Unlike in the setting of protein
diagnostics, the metabolic profile is a snapshot that provides a
window into the in vivo enzymatic activity of the brain and body,
because free metabolite concentrations affect, and are affected by
the global metabolic activity (46, 47). Metabolites can be studied
and compared with physiological and pathophysiological condi-
tions, allowing better and more comprehensive understanding of
disease processes.

As simultaneous determination of a plethora of molecules has
become possible due to the new analytical technologies in systems
biology, metabolomics enables a conception of biological organ-
ism as a network of interacting cells and their metabolites. Given

the highly complex nature of the human brain, metabolomics can
be utilized to address the biomolecular interaction networks of
the brain in health and disease (20, 48).

Technology and Statistical Methods
Used in Metabolomics Diagnostics

Several techniques for metabolomics have been applied in
discovery and analysis of different biomarkers. Most methods
are based on mass spectrometry (MS), typically combined with
chromatographic separation techniques, such as gas or liquid
chromatography (GC or LC). Proton nuclear magnetic resonance
("H-NMR) has also been widely applied. The advantage of NMR
over MS-based methods is the relative simplicity of the sample
preparation required. Additionally, '"H-NMR suffers less from
batch-to-batch variation observed in global MS-based approaches.
However, because of its poorer sensitivity (micromolar concen-
tration range), it is not so useful for biomarkers of TBI, which are
typically present at lower levels (picomolar to nanomolar) in the
serum. Another key limitation to "H-NMR is the resolution of the
resultant spectra. Typically, metabolomic profiling occurs on high
field systems (600 MHz and above), but there is still significant
overlap of the peaks (49). This leads to problems with metabolite
identification, even if two-dimensional experiments are per-
formed (50). Furthermore, it makes interpreting the increase
in NMR signals difficult as it is often unclear, which metabolite
causes the increase in signal if multiple metabolites overlap. On
the other hand, MS-based methods have the advantage of being
more sensitive than NMR (picomolar-micromolar), which allows
for the greater detection of metabolites. This higher number
of metabolites allows for the greater coverage of biochemical
pathways allowing the mechanisms by which the metabolites are
changing to be understood. However, one drawback to MS-based
methods is the sample preparation, which is typically based on
extraction or protein precipitation, which can crate a source of
variation into the analysis. This variation can be corrected by
using appropriate class-based standards during the extraction or
protein precipitation.

In metabolomics, there are basically two types of methodolo-
gies used, namely untargeted and targeted analyses. Untargeted
analyses are typically applied in biomarker discovery studies, and
they correspondingly aim at analyzing comprehensive metabolic
profiles. These methods are usually semi-quantitative, i.e., rela-
tive concentrations of metabolites are determined between the
study groups. The targeted analyses are generally quantitative,
and they are limited to the analysis of specific target metabolites.
This is because to fully quantify a metabolite, a standard curve
of known concentrations needs to be generated. When profiling
all metabolites in a biofluid, it is not possible to have a complete
set of pure compounds to generate these standard curves.
Therefore, class-based internal standards are used, which allow
a relative concentration to be calculated. This is known as semi-
quantification. In the more targeted approach where the number
of metabolites being analyzed is smaller, it is possible to generate
standard curves for all metabolites. An appropriate internal
standard to correct for matrix effects during the run can then be
used. Matrix effects occur when multiple metabolites elute from
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the column at the same time causing ion suppression in the MS
(51). Therefore, depending on the sample and its preparation, it
is possible to get an apparent reduction in the specific metabolite
concentration, which prevents absolute quantitation (52). To
minimize these matrix effects requires, the presence of a heavy
isotope standard, which elutes at the same time as the metabolite
being studied (53). These heavy isotope standards are not always
available for the whole metabolome and if they were available, it
may be prohibitively expensive.

In an untargeted approach, it is still not possible to analyze
the whole metabolome with a single method, because of the large
diversity of the metabolites, both in terms of chemical diversity and
concentration range. First of all, it is not possible to extract both
hydrophilic and hydrophobic metabolites with a single method
in a robust manner. In untargeted analysis, the most common
approach is to use either GC or LC combined with MS. GC-based
systems are suitable for volatile and semi-volatile metabolites,
while LC can in principle be used for all types of metabolites. The
advantages of GC-based systems are good separation efficiency,
capability of analysis of very polar and semi-polar analytes in a
single method, and the availability of large commercial mass
spectral libraries for the identification of metabolites. The main
disadvantage of the GC-based methods is the unsuitability for
non-volatile metabolites, and that derivatization is needed for the
analysis of polar compounds. The main advantage of the LC-MS
methods, on the other hand, is the simpler sample preparation,
and the applicability to a wider range of metabolites. However, the
LC-MS suffers from matrix effects, which make the quantification
more challenging in untargeted methods as compared to GC-based
methods. With LC, high-resolution accurate MS systems capable
of tandem mass measurements have been most commonly applied
for untargeted metabolomic analyses, particularly using quadru-
pole time-of-flight MS (QTOFMS) and Orbitrap MS systems.
With GC, TOFMS and QTOFMS systems are also widely applied
for metabolomics, although the simple quadruple MS systems are
still the most commonly employed method.

In untargeted metabolomics approaches, raw MS data first need
to be processed before it can be analyzed by statistical approaches.
Several open source software packages have been developed for
this purpose, and MS vendors currently offer their own solutions
for metabolomics data processing. Among the open source tools,
MZmine (54) and XCMS (55) have been the most commonly
applied for LC-MS based approaches. Once the data processing
step is complete and the data is made available, e.g., in the matrix
format, the metabolic profiles can be studied by a variety of statisti-
cal approaches, depending on the experimental setting. The general
statistical considerations for metabolomics (56) or any other high-
dimensional “omics” data (57) need to be applied. The univariate
and multivariate methods applicable to metabolomics/lipidomics
data analysis have been reviewed extensively (58). However, to
summarize briefly, the use of both univariate and multivariate tech-
niques are required depending on the questions raised in the study.
One of the largest problems in metabolomics or lipids is the great
number of possible species identified by the analytical technique
used. This results in high-dimensional data leading to obscure plots
(58). To overcome this issue, multivariate techniques such as prin-
cipal component analysis are used to group the data. For lipidomic

data, clustering techniques can be especially powerful due to the
relatively small number of lipid classes (approximately 10) that can
be measured in untargeted approaches. Lipids in these classes tend
to correlate with each other and change consistently in disease (58).
The univariate statistical methods can be very useful in visualizing
the data. Heatmaps showing the correlation of metabolites or lipids
are often used to show species, which are co-regulated. Box and
whisker plots coupled to p-value analysis are used to filter and
visualize the sample-to-sample variation within a metabolite of
interest. One common pitfall when applying predictive modeling
(e.g., for biomarker discovery) from multivariate data is the lack
of proper validation. In the literature, the most commonly applied
approach for this purpose is the partial least squares discriminant
analysis (PLS-DA) (59). However, this approach suffers from
so-called overfitting, and the reported models, if developed and
tested on the same dataset, tend to be over-optimistic, particularly
if improper internal validation is applied. Ideally, the PLS-DA
model (or those derived from other multivariate methods) needs
to be tested and reported on an independent dataset, which has
not been used for the model development. A typical workflow of a
metabolomics study is demonstrated in Figure 1.

Metabolomics Applied to Diagnostics
of TBI

There are three studies that have utilized a lipidomics approach
in TBI research: in a murine model (60) and in humans
(61,62), while two studies have employed metabolomics approach
in humans with TBI (63, 64). Additionally, there are '"H-NMR
metabolomics studies conducted on murine brain tissue speci-
mens and plasma (65), and on human CSF (66). The metabolites
that have been significantly associated with TBI in these studies
are listed in Table 1.

Viant and colleagues studied brain tissue specimens and
plasma of rats that were exposed to fluid percussion injury (65).
The samples were obtained 1 h after injury. They found decreased
levels of ascorbate in cortex and hippocampus, glutamate in the
cortex and hippocampus, phosphocholine and glycerophospho-
choline in the cortex and hippocampus, and N-acetylaspartate
in the cortex and hippocampus. While TBI had an effect on the
metabolomic profile found in brain tissue, no clear effects were
detected in plasma samples (65).

Glenn and colleagues studied single CSF samples of 44 patients
with severe TBI and 13 non-injured control patients with normal
pressure hydrocephalus or unruptured intracranial aneurysms
(66). The '"H-NMR spectra showed prominent peaks for lactate,
acetate, beta-glucose, total creatine, pyruvate, glutamine, alanine,
creatinine, alpha-glucose, and a doublet propylene glycol. Patients
with severe TBI had significantly higher levels of propylene glycol
and lower levels of creatinine than the controls. The timing of CSF
draws were not matched with clinical events, but in multivariate
model, the profile including propylene glycol, glutamine, alpha-
glucose, and creatinine was associated with cerebral metabolic
rate of oxygen, ICP, and outcome. The study did not provide any
information on statistical values (66).

Daley and colleagues reported that in adolescent male hockey
players who had sustained a concussion, a set of metabolites relying
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FIGURE 1 | Overview of analytical strategies for metabolomics: there are three key phases required for the development of metabolomics biomarkers if they are to
be used in a clinical setting. The initial discovery phase can capture a large number of metabolites using a combination of GC and LC-based techniques. High
separation efficiency preferably combined with high mass accuracy is important at this stage due to the high number of metabolites with similar masses. These
techniques generate semi-quantitative measurements, which makes them unsuitable for clinical practice. These techniques can also identify unknown compounds,
which potentially require time and extra experiments to identify. The validation stage is a key to any biomarker study. Once the metabolites of interest have been
identified from the discovery phase, a more targeted method must be developed aimed at only quantifying these. This method needs to be applied to the original
data as well as new independent samples to avoid overmodeling. Finally, a fully quantitative assay must be developed for use in the clinic. The analysis needs to be
streamlined and user friendly to ensure cost efficiency. Key: GC, gas chromatography; GCxGC, two-dimensional gas chromatography; LC, liquid chromatography;

'RESULTS

notably on glycerophospholipids accounted for 82% of the variance
between 12 concussed and 17 non-concussed athletes. The group
utilized "H-NMR and a method using both direct injection and
LC combined with tandem MS. The two methods together cover
amino acids, acyl carnitines, specific lipids, and some amines (FIA/
LC-MS)aswellasglucose, specifichydroxylacids, and ketonebodies
(*H-NMR). The method combining multivariate statistical analysis
and machine learning exhibited 92% accuracy rate in diagnosing
a concussion (63). However, the possible cofounding factors, such
as diet, time from last meal or BMI were not accounted for in the
statistical analyses, and the results have not been independently
validated in another study group.

TBlcare investigators and Turku Centre for Biotechnology
Systems Medicine research group applied comprehensive
metabolic profiling of serum samples from two large independ-
ent cohorts of patients with full spectrum of TBI and orthopedic
injuries (64). Serum metabolomic profiles from 144 patients
with mild, moderate or severe TBI were investigated. A control
group comprised 28 patients with acute orthopedic injuries
without an acute or earlier TBI. The samples were taken upon
admission to emergency department (<12 h after the injury).

Two-dimensional GC coupled to time-of-flight MS was utilized
to analyze the serum samples. The metabolite profiles of the
four patient groups were compared to an independent valida-
tion cohort from Addenbrooke’s Hospital (Cambridge, UK)
comprising 67 patients with TBIs of all severities and patients
with orthopedic injuries. Decanoic and octanoic acid, which
are medium-chain fatty acids, and sugar derivatives including
2,3-bisphosphoglyceric acid were strongly associated with the
severity of TBI. These metabolites were detected in significantly
higher concentrations in patients with TBI (with or without other
injuries) than in patients with orthopedic injuries without any
suspicion of CNS trauma. Metabolite levels in patients with mild
TBI followed the same pattern as in more severe TBI, but the
magnitude of change compared to controls was less than in severe
TBI. Brain microdialyzates were also analyzed from 12 samples
acquired from patients with severe TBI in the validation cohort,
in order to compare the significant serum metabolites with
brain extracellular metabolites. The levels of top-ranking serum
metabolites associated with TBI correlated highly with their levels in
brain microdialyzates, thus suggesting disruption of the BBB. Asa
second main aim of the study, a prognostic model was developed
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TABLE 1 | Metabolites that have been reported to be significantly associated with traumatic brain injury (TBI).

Metabolite name Metabolite type Source Quantity in TBI Reference
Decanoic acid Medium-chain fatty acid Human serum Upregulated (64)
Octanoic acid Medium-chain fatty acid Human serum Upregulated (64)
2,3-bisphosphoglyceric acid Glyceric acid derivative Human serum Upregulated (64)
Alanine Amino acid Human serum Downregulated (64)
Serine Amino acid Human serum Downregulated (64)
Indole-3-propionic acid Tryptophan deamination product Human serum Downregulated (64)
12 different choline plasmalogens Glycerophospholipids Human plasma N/A (63)
Acylcarnitine C5 Amino acid Human plasma N/A (63)
Putrescine Polyamine Human plasma N/A (63)
Formate Anion Human plasma N/A (63)
Methanol Alcohol Human plasma N/A (63)
Succinate Dicarboxylic acid Human plasma N/A (63)
Propylene glycol Alcohol Human CSF Upregulated (66)
Creatinine Imidazoline derivative Human CSF Downregulated (46)
Ascorbate Salt of ascorbic acid Rat brain Downregulated (65)
Glutamate Amino acid Rat brain Downregulated (65)
Phosphocholine Choline derivative Rat brain Downregulated (65)
Glycerophosphocholine Choline derivative Rat brain Downregulated (65)
N-acetylaspartate Derivative of aspartic acid Rat brain Downregulated (65)

to discriminate patients with favorable (Glasgow Outcome
Scale extended 5-8) and unfavorable (Glasgow Outcome Scale
extended 1-4) outcome. In the discovery cohort, the performance
of the model reached an area under curve (AUC) of 0.90 (95%
CI 0.83-0.95) and in validation cohort an AUC of 0.84 (95% CI
0.75-0.89) (Table 2). The added value of the prognostic model
was studied together with the established CRASH prognostic
model (67), consisting of clinical variables. The stand-alone AUC
of the CRASH model was 0.74 in the validation cohort. When the
top-ranking metabolites (decanoic acid and pentitol-3-desoxy)
from prognostic metabolomic model were combined to CRASH
model, AUC reached 0.80. The results demonstrate that TBI is
associated with a specific metabolic profile, which is exacerbated
proportionally to the severity of TBI.

CONCLUDING REMARKS

A new era is emerging in the diagnostics of TBI. There is a
paradigm shift toward comprehensive “omics” studies leading to
proteomics and metabolomics profiling and fingerprint diagnos-
tics, in contrast to current clinical diagnostics with non-specific
and unreliable clinical markers. In the future, a confluence of
multi-time-point proteomics and metabolomics diagnostics and
advanced imaging studies will highly likely offer more precise
stratification and outcome prediction, while individual point-
of-care biomarker monitoring of the injured brain will provide
means for assessment of intervention efficacy.

At the moment, the number of papers on metabolomics in
TBI is small. The identified metabolites associated with TBI are
diverse and they have arises from studies that have employed
variable methods. Human TBI is in many ways different from
experimental TBI models that produce standardized injuries,
which never occur in humans. Animal models could be used to
evaluate the origin of some metabolites, but otherwise there is no
reason to expect why reproducibility between species would be
better for metabolomics compared to, e.g., protein biomarkers or

TABLE 2 | Serum metabolites of which levels distinguish between patients with
favorable and unfavorable outcome upon admission in a in two independent
cohorts of patients (n = 144 and n = 67, respectively) with full spectrum of
traumatic brain injury (64).

Metabolite name Description

Decanoic acid

Octanoic acid

Tryptophan

Butanal, 2,3,4-trishydroxy-3-methoxy
3-Oxobutanoic acid

Medium-chain fatty acid
Medium-chain fatty acid
Alpha-amino acid
Sugar derivative
Beta-keto acid

In addiition to the above metabolites, four unknown sugar derivatives, a phenolic
metabolite and an unknown amino acid form a model that predicts patient outcomes
with AUC of 0.84 (64).

pharmacological interventions in TBI, which have given disap-
pointing results from bench to bedside.

The search for clinically relevant TBI fingerprints has just
begun. The identified human serum “TBI metabotype” offers a
new avenue for the development of next generation diagnostic,
prognostic, monitoring and surrogate markers of broad spec-
trum of TBIs. At the moment, it is impossible to state that this
metabotype is brain-specific, but the current results show that the
key metabolites are significantly upregulated in patients with TBI
as compared to orthopedic controls.

Compared to earlier pursuits in finding a brain- and TBI-
specific single compound in blood, the value of metabolomics
is in partly avoiding limitations arising from BBB permeability.
Metabolomics provides a fingerprint profile of multiple processes,
which is important in complex diseases such as TBI. The next steps
require explorative studies for different types of injuries at different
points in time and correlating the results with clinical and imaging
parameters. These tasks will strongly rely on systems medicine
approaches and artificial intelligence to interpret the results in
different clinical settings. The ultimate challenge lies in validating
future metabolite panels for different clinical needs and at variable
time points in this vastly heterogeneous patient population.
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