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Abstract

Trauma is a major problem in the United States. Mortality from trauma is the number one cause of
death under the age of 45 in the US and is the third leading cause of death for all age groups.
There are nearly 200,000 deaths per year due to trauma in the US at a cost of over $671 billion in
combined health care costs and lost productivity. Unsurprisingly, trauma accounts for about 30%
of all life-years lost in the US. Due to immense development of trauma systems, a large majority
of trauma patients survive the injury but then go on to die from complications arising from the
injury. These complications are marked by early and significant metabolic changes accompanied
by inflammatory responses that lead to progressive organ failure, and ultimately, death. Early
resuscitative and surgical interventions followed by close monitoring to identify and rescue
treatment failures are key to successful outcomes. Currently, the adequacy of resuscitation is
measured using vital signs, noninvasive methods such as bedside echocardiography or stroke
volume variation, and other laboratory endpoints of resuscitation, such as lactate and base deficit.
However, these methods may be too crude to understand cellular and subcellular changes that may
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be occurring in trauma patients. Better diagnostic and therapeutic markers are needed to assess the
adequacy of interventions and monitor responses at a cellular and subcellular level and inform
clinical decision making before complications are clinically apparent. The developing field of
metabolomics holds great promise in the identification and application of biochemical markers
towards the clinical decision making process.
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Introduction

Trauma system development has substantially decreased the mortality from trauma in the
United States (1-4). However, trauma remains the number one cause of death for people
under the age of 45 in the US, and is the third leading cause of death for all age groups (5).
In fact, trauma accounts for about 30% of all life-years lost in the US and costs over $671
billion a year in combined health care costs and lost productivity (2013 USD) (6, 7). This is
despite major advancements in damage control surgery, resuscitation and intensive care in
the last fifty years.

While trauma systems have evolved to quickly identify critically injured patients and get
them to major trauma centers, a substantial number of patients still deteriorate and develop
systemic inflammatory response syndromes and acute organ failure despite availability of
24-hour surgical services and sophisticated intensive care. Thus, it becomes critical to
identify the injured patients who are going to deteriorate as early as possible. Traditionally,
we address this risk of deterioration by close clinical monitoring (8). However, conventional
labs and imaging may actually be too crude and reflect downstream events instead of
identifying early biochemical changes that precede physiologic changes. These methods
may be too little too late to allow for effective interventions (9-11). Thus, there is a huge
need to identify a set of markers that can be used to rapidly and accurately identify patients
who are starting to clinically deteriorate.

The recent development of the various “-omics” fields represent an opportune moment for
the science behind trauma care (12-16). Genomics, proteomics, metabolomics are fields of
increasing proximity to the clinical situation (or phenome) (Figure 1). Within the field of -
omics, metabolomics holds great promise as it can provide details about the current
biochemical status of a patient. Trauma is known to trigger biochemical responses resulting
in altered metabolism of proteins, carbohydrates, nucleic acids, amino acids and lipids and
result in a metabolic signature that represents the body’s final integrated response to the
pathophysiological insults (17-19). Thus changes in the metabolome precede clinical
deterioration and the ability to identify these critical metabolic changes can enable early and
proactive management of clinical conditions (20). The Human Metabolome Database by the
Metabolomics Innovation Centre, a Canadian publicly funded research and core facility
tracks nearly 42,000 such metabolites.
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In this review, we discuss the state of the field of metabolomics, the process of conducting
metabolomics investigation including data acquisition, processing and abstraction, and the
clinical applications of metabolomics to trauma research.

Metabolomics and Data Acquisition

The metabolome constitutes a large number of highly diverse group of biochemicals which
can be assayed from diverse body fluids including plasma, serum, cerebrospinal fluid and
urine. The study of the metabolome requires high-resolution analytical instruments to
acquire data as well specialized techniques and skills for data analysis and interpretation.
There are two possible analytical methods for investigational metabolomics — nuclear
magnetic resonance (NMR) and high-resolution tandem mass spectrometry with front-end
ultra-performance chromatographic separation (LC-HRMS). Both NMR and LC-HRMS
based analytical services are available commercially (e.g. West Coast Metabolomics Center,
Metabolon, etc.) which negates the need for developing high cost in-house infrastructure.

Traditionally, high-field NMR has been the method of choice in metabolomic investigations
(21-23). In fact, most of the published investigations involving the metabolic studies of
trauma have relied on H NMR (21-24). NMR is highly quantitative which allows the
acquired data to be extremely reproducible. NMR also allows unbiased identification of
metabolites of interest. However, NMR has significantly poor sensitivity compared to mass
spectrometry. While current NMR instruments can detect metabolites at a concentration of
1-2 yM range in volumes of 0.5 ml, early metabolic changes have to be detected at nM to
pM levels which is currently impractical through NMR analysis. The second option, LC-
HRMS, provides many advantages over NMR including very high sensitivity, high
resolution, and the ability to detect and quantify a wider range of metabolites. As such, LC-
HRMS is rapidly becoming the analytical technique of choice for metabolomic studies, and
is the focus of this review (25-28).

LC-HRMS instrumentation consist of a mass spectrometer, also called a mass analyzer,
which converts metabolites to gas phase ions and then separates them by mass to charge
(m/z) ratio (Figure 2). Nearly all current mass spectrometers consist of at least two mass
analyzers operating in tandem (tandem mass spectrometry) which are separated by a
collision cell. Following ionization of the metabolites at the source, the first mass analyzer
selects and accelerates a beam of ions with a specific mass/charge ratio (m/z) into the
collision cell. These ions are forced to collide in a controlled fashion with an inert gas,
usually either nitrogen or argon, within the collision cell. A part of the kinetic energy from
the collision is internalized. The resultant high energetic state leads to dissociation of bonds
giving rise to molecular fragments. Neutral species are lost from the ion beam and the
remaining species retaining the ionic charge are transmitted to the second mass analyzer
where they are separated according to their new mass to charge ratios and recorded as counts
per minute. These product ions are often characteristic of the precursor ion and aid in the
identification of the individual metabolites.

The most versatile tandem mass analyzer combination for metabolomic investigations are
the quadrupole/time of flight (QTOF) and Orbitrap families of mass analyzers (Figure 2).
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These provide highly accurate methods of detecting molecules and have now become the
standard for metabolomics studies (25, 26, 28). These mass analyzers consist of two separate
but tandemly operating quadrupole and time of flight mass analyzers (Figure 2A) or
quadrupole and Orbitrap mass analyzers (Figure 2B) separated by a collision cell. A
quadrupole mass analyzer consists of four parallel rods and operates by superimposing a
radio frequency (RF) and a direct current (DC) voltage between opposing rods. At a given
RF/DC ratio, only ions of specific mass/charge ratios will retain an oscillation path with
constant amplitude that allows them to move across the length of the quadrupole and into the
collision cell. Thus, although, a group of metabolite ions enters the quadrupole analyzer at
the same time, by cycling through a range of RF/DC ratios different ions with different m/z
ratios are forced to enter the collision cell resulting in a separation of the precursor
metabolite ions. These precursor metabolite ions collide with gas molecules in the collision
cell and as a result undergo fragmentation. Those fragment ions that still retain a charge, are
transmitted into either the time of flight (TOF) or Orbitrap mass analyzer (Figure 2A and
2B). The TOF mass analyzer operates by accelerating pulses of ions through a very low
pressure flight tube towards a detection terminal. Equicharged ions entering the time of
flight analyzer will possess the same kinetic energy but will have mass dependent velocities
(higher the mass, the lower the velocity). This effectively causes a temporal dispersion based
on the mass, leading to effective separation and detection, by mass, of similarly charged
ions. As a result of this efficient separation, mass measurements obtained from current time
of flight mass analyzers are within a few parts per million of a metabolite’s mass as
calculated from its chemical formula (theoretical mass). Thus time of flight mass analyzers
provide a very high confidence in the identity of the metabolite. Orbitrap mass analyzers, on
the other hand, force ions to move in an orbital motion around a central spindle and the
resultant ion current is converted to a mass spectrum via Fourier transformation of the
frequency signal. As a result, the Orbitrap m/z resolution tends to be superior to TOF mass
analyzers for low molecular weight compounds, although they take longer for data
acquisition compared to TOF mass analyzers.

The human metabolome and lipidome is postulated to contain more than 300,000 molecular
species with a majority having masses between 50 and 1500 Daltons. This makes mass
spectrometry alone insufficient for unambiguous identification. To overcome this challenge,
an additional orthogonal separation method such as ultra-performance liquid
chromatography (UPLC) is needed. This chromatographic method enable the separation of
metabolites by their chemical properties such as hydrophobicity and greatly help to resolve
different molecular species that have the same mass to charge ratio. When UPLC is
employed with HRMS techniques, a minimum of three degrees of confidence
(chromatographic retention time, metabolite precursor mass and metabolite product ion
masses) are employed in identifying the metabolite of interest. Additional orthogonal
separation techniques such as gas phase differential mobility are also available in newer
mass analyzers. In recent years, the combination of these orthogonal modes of separation
has led to an unparalleled degree of specificity in metabolomics studies, thus greatly
increasing their relevance for research in the clinical setting.

Shock. Author manuscript; available in PMC 2019 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Jayaraman et al.

Page 5

Figure 3 demonstrates a complete metabolomic workflow from sample collection, data
acquisition via mass spectrometry, statistical analysis, abstraction and application to address
clinical concerns.

Metabolomics and Data Processing

The diversity of the metabolome and the analytical capacity of the instruments generate
large quantities of data per sample (often in the range of hundreds of megabytes). This data
first needs to be processed using specific techniques prior to analysis including. These
include data filtering, peak detection, deconvolution, peak alignment and normalization (29).
The processed data is then analyzed to identify similarities and differences within the data
and to assess how those differences correlate to clinical outcomes. Due to the volume of
data, traditional univariate analysis comparing a single metabolite to a single outcome is
often too time consuming and unwieldy in the analysis of metabolomic data. The preferred
method of initial statistical investigations for metabolomic studies are unsupervised multi-
parametric techniques implemented via cluster analysis or principal component analysis
(Figure 4) (30). This statistical approach summarizes tendencies within the data such as
clustering or outliers. Furthermore, Cluster Analysis can reveal patterns of correlation
between clinical symptoms and metabolomic data that otherwise would be assessed as
outliers or not noticed at all.

A more powerful discriminant technique involves supervised data analysis, using tools such
as Partial Least Squares Discriminant Analysis (PLS-DA) and Orthogonal Partial Least
Squares Discriminant Analysis (OPLS-DA) (Figure 4) (17). However, these supervised
statistical analysis methods are more susceptible to false positives compared to unsupervised
techniques and need to be used with caution. Leave-One-Out-Cross-Validation approaches,
or bootstrap techniques can be used to test a subset of samples and validate findings. A
schematic of data processing in metabolomics is illustrated in Figure 4. These steps have to
be customized for different study designs.

The discovery of statistically significant metabolic and clinical variables is the first step
towards biomarker identification from metabolomic data. Logistic Regression and Area
under the Curve of the Receiver Operating Characteristic are useful tools to test the accuracy
of these variables in predicting outcomes. Implementation of such stringent statistical
methods increases confidence in the clinical relevance of any biomarkers identified using
metabolomics. Metabolites selected from these techniques are often important predictors of
metabolic disturbances in the patient and have a high tendency to correlate with
physiological events. Thus, they can be used to understand the underlying biochemical
changes that result in the clinical state (phenome). Thus a metabolomics workflow can lead
to identification of biomarkers as well as metabolic pathways involved in various clinical
situations.

Metabolomics and Data Abstraction

Lastly, metabolic changes have to be understood as they relate to affected metabolic
networks to be useful for creating diagnostic or treatment strategies. There are a large
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number of metabolomic databases that display metabolites in the context of their metabolic
pathways (31-35). These databases are useful to manually verify and understand the effects
of one or a few metabolic changes. However, they cannot practically be used for high
throughput analysis of large datasets with thousands of data points as currently produced by
sophisticated mass analyzers. Several software tools can manipulate metabolic data and
visualize relationships within them using described relationships from existing databases
(36). However, due to the relative novelty of the field of metabolomics, many pathways are
not well characterized or are simply unavailable within existing databases (37, 38). Some
options do allow customization of paths that do not fit standard/known pathways (39, 40).
Often, it is up to the investigators to interpret the data to determine links to known
biochemical networks.

Clinical Applications of Metabolomics in Trauma Research

The Inflammation and the Host Response Large Scale Collaborative Research Program
(Glue Grant) is the pre-eminent research collaborative that has led genomic and proteomics
research in trauma since its inception in 2001 with support from the National Institutes of
General Medical Sciences (41-43). The investigators of this program have refined
techniques to identify biomarkers that may correlate with survival(44), develop genomic
score predicting clinical trajectories in trauma patients(45-47), create a method for isolating
neutrophils to identify immune response to severe trauma and burn injury(48) and determine
key proteins involved in acute phase response signaling, the complement system, and
coagulation system pathways(49). The program has resulted in extensive knowledge and
insights into the metabolic stress response to burn injuries and has outlined potential
research opportunities using metabolomics, proteomics and genomics (50, 51).

Metabolomics is being increasingly studied in traumatic brain injury (TBI), severe trauma/
shock and burns in an attempt to create a metabolic fingerprint for each condition that can be
tracked prospectively. A review of the literature across these three areas demonstrates the
enormous potential of metabolomics for trauma research. The disruption of physiologic
homeostasis in TBI is thought to result in a ‘metabolic crisis’ that is reflected in the
metabolome (52-59). There may be nearly 2500 molecules that are affected by TBI and can
be identified in urine (60). Cerebrospinal fluid has also been studied as a source of
metabolomic data in TBI patients especially since intracranial monitoring and
extraventricular drains are often necessary for clinical care. Derangements of glycolysis and
the tricarboxylic acid cycle as well as changes in amino acids, and phospholipid and
pyrimidine metabolism have been shown in TBI patients (52, 53, 61, 62). Sphingolipids
ratios have been shown to correlate with traumatic brain injury (63). Significant differences
in levels of lactate, propylene glycol and glutamine have been noted compared to non-
injured controls (64). Several protease substrates such as cytoskeletal proteins, transcription
factors, cell cycle regulatory proteins, synaptic proteins, and cell junction proteins have been
found to be constantly exposed to activated proteases in TBI patients (65). A mouse model
of TBI examined via LC-MS approaches has demonstrated the negative effects on major
cellular processes and lipidomic changes in the visual system following repetitive mild TBI
(66). Markers of systemic metabolic derangement such as succinate, oxoproline, urate and
fatty acids might contribute to coagulopathies of trauma and neutrophil priming associated
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with acute lung injury (18). Succinate and hypoxanthine levels may be even more sensitive
biomarkers of post-shock metabolic derangement than lactate (67, 68). LC-MS lipidomic
approaches and genotyping for apolipoprotein E e 4 have shown decreased levels of several
major phospholipid classes in TBI, PTSD, and TBI with PTSD patients compared to
controls suggesting that phospholipid profiling may distinguish TBI and PTSD (69-71).

Several papers have described the potential impact of metabolic derangements on clinical
outcomes. Medium-chain fatty acids (decanoic and octanoic acids) and sugar derivatives
including 2,3-bisphosphoglyceric acid have been associated with the severity of TBI and
predicted patient outcomes in some studies (72). Decreased levels of methionine and its
metabolites in the plasma samples appear to correlate with severity in TBI patients (67). Yi
and colleagues have identified a biomarker panel using GC-MS of nine serum metabolites
(serine, pyroglutamic acid, phenylalanine, galactose, palmitic acid, arachidonic acid, linoleic
acid, citric acid, and 2,3,4-trihydroxybutyrate) which might be useful to discriminate
between TBI patients with and without cognitive impairment and healthy controls (73).
Metabolically targeted hypothermia seems to result in differences in brain metabolites and
reduction in mortality compared to body temperature targeted hypothermia treatment (74).
Other studies have addressed therapies that target lipid peroxidation in TBI (75-77).
Lusczek and colleagues using proton NMR have identified novel potential metabolomic
biomarkers associated with mortality (i.e. succinate, malonate), injury severity (i.e.
succinate, hypoxanthine) and the presence of trauma (i.e. hypoxanthine, 5-aminolevulinate)
with performance comparable to lactate (78). Spinal cord injury and the resultant effects on
metabolomics, lipidomics and targeted therapies have also been described by several
publications (79-82).

Hemorrhagic shock and organ failure as a result of trauma can have substantial metabolomic
underpinnings (18, 22, 83). This metabolic response has been demonstrated in several
animal models (21, 22, 84-87). Profound metabolic changes have been shown in small but
detailed analysis of critically injured adult trauma patients in the prehospital setting as well
as in refractory shock. Byproducts of glycolysis, lipolysis and proteolysis were substantially
elevated in both of these patient populations suggesting that resuscitation using these early
metabolic signals as guidelines could be a valuable area of investigation (83). An evaluation
of oxidation products and protein catabolites in trauma patients and healthy volunteers has
demonstrated that amino acid and nucleotide metabolism were initially suppressed but
gradually rose to catabolic range within 24 hours (88). Early changes in carbohydrate and
amino acid levels correlate with systemic inflammatory response syndrome followed by later
disturbances in fat metabolism that correlate with multi-organ dysfunction syndrome (18,
83, 89). Changes in tricarboxylic acid intermediates, glycolytic-gluconeogenic byproducts,
purine-pyrimidine catabolism and fatty acid oxidation are hallmarks of hemorrhagic shock
in a swine model (22). Furthermore, decreased lipid synthesis and urea cycle activity in the
liver as well as increased hyperglycemia and lactic- and keto-acidosis have been shown to
occur after injury (21, 90). These have been noted in fasting and fed states (24, 91, 92).
Clinical care can both affect the metabolic response after trauma and be informed by
changes in metabolic profiles. Several papers have studied resuscitation, coagulopathy and
nutrition and their metabolomic impact in trauma patients. Hypothermic resuscitation can
result in metabolic suppression in muscle (84). Some metabolic phenotypes may in fact
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predict sepsis risk in trauma patients (93). Fibrinolysis and associated proteins in trauma
have also been evaluated with LC-MS(94). LC-MS has also been used to study the
metabolomics of enteral and parenteral nutrition in critically ill, intensive care unit patients.
Enteral nutrition increases amino acid and antioxidants production, upregulates the urea
cycle and ribonucleic acid synthesis whereas parenteral nutrition only contributes to
increases in amino acid production (95).

In burn injuries, elevations in cytokines, intracellular and secretory proteins, and fatty acid
metabolites as measured through metabolomics and proteomics may have prognostic value
(15, 96-99). NMR spectra has been used to identify significantly increased levels of 12
metabolites in patients with severe thermal injury. These metabolites, regulated by over a
100 enzymes, including a-ketoisovaleric acid, 3-methylhistidine, and p-hydroxybutyric acid,
suggest that mitochondrial damage and carbohydrate, protein and fatty acid metabolism
disturbances are occurring during the early stage of burn injury (100). Qi and colleagues
showed that there is a significant increase in free fatty acids (FFAs) during the acute phase
after a burn, and that burn severity and age correlated with an impaired response in
unsaturated free fatty acids and pro-inflammatory cytokines. They found that elevated levels
of saturated and mono-unsaturated FFA are correlated with increased mortality. In non-
survivors, there were limited pro-inflammatory cytokines, despite high levels of saturated
FFA, suggesting that these patients lacked the appropriate physiologic inflammatory
response needed to react to the insult (101). Other markers of oxidative stress such as
hypoxanthine, indoxyl sulfate, glucuronic acid, gluconic acid, proline, uracil, nitrotyrosine,
uric acid, and trihydroxy cholanoic acid have been identified in rat models of burns
suggesting potential for distinguishing between septic and non-septic burn patients (102). In
addition, proteomics and metabolomics was used to profile the blister fluid from various
severity burns in pediatric populations (103).

These studies scratch the surface of metabolomics as it applies to trauma research but
uniformly suggest the utility of metabolomics for identifying specific biomarkers to predict
clinical outcomes in injured patients and allow for earlier, and therefore potentially more
effective, interventions. Other applications of metabolomics in injury care could involve
determination of the presence of medications — both prescription and illicit substances, in the
blood or urine (104). In an era where huge demographic shifts and medications such as
novel anticoagulants are becoming a standard part of clinical care, it is becoming common to
see injured elderly patients who have been on anticoagulation or numerous high-risk
medications (105-107). Metabolomic changes, determined at the point-of-care, can rapidly
identify critical medications and may prove to be a vital resource to the clinical team.

Limitations and Future Directions

The metabolome is constantly changing. To obtain the most accurate picture of a trauma
patient’s metabolism, the acquisition of the samples has to be done as close as possible to
the time of injury and processed immediately. However, several key limitations need to be
solved before metabolomic analyses can be transferred from the bench to bedside to support
clinical decisions in trauma care.
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Historically, LC-MS instruments as well as standard workflows have been aimed at basic
research and pharmaceutical applications and are extremely flexible and geared toward
achieving the highest levels of sensitivity and accuracy possible. However, this does not
allow for process efficiency, ease of use or instrument robustness, which limit applications in
a high-volume clinical lab. Currently, there are no automated and integrated LC-MS
workflows. Instrument components and testing workflows currently require continuous
manual interventions which take time and risk human error. In a typical LC-MS workflow
approach, a laborious manual centrifugation process, or a stand-alone, automated liquid
handler, is needed to perform the sample extraction. The sample identity data must be
manually written on the sample tubes or a worklist of barcode identification data must be
transferred to the liquid handler. After extraction, the sample must be manually transferred
to vials and the sample identity data again must be transferred. Once a sample has been
analyzed by the mass spectrometer, the results must be paired with the sample identity data
and all of the data must be uploaded manually into the patient medical record.
Manufacturers of LC-MS instruments are starting to recognize the value of automating these
workflows.

Batch-mode processing is another challenge. Currently, LC-MS processing occurs in batches
of samples, which while acceptable for research and pharmaceutical applications, is not
acceptable for clinical care where the results are needed as quickly as possible after each
sample is collected from an individual patient. Other limitations for clinical applicability are
large footprint and extensive operator training requirements. Staff performing the testing
must have in-depth knowledge of instrumentation and analytical chemistry techniques, and
must be proficient in the use of statistical data processing programs and to troubleshoot
clogs, leaks, improperly set fittings, pump failures and column performance degradation etc.

These limitations need to be addressed before the technology can be successful implemented
within a busy hospital where timely results are crucial for patient care. However, they are
likely to be transient challenges as rapid technological advances are taking place that will
improve system reliability, ease of use and throughput within the next few years.
Manufacturers of automated liquid handlers such as Hamilton are already producing systems
that process samples one at a time and directly inject them into the LC-MS systems.

Conclusion

Trauma initiates a series of events that pushes patients down a clinical trajectory that can end
in death or permanent disability. This begins at the time of the event but is currently not
recognized until the patient begins to have physiologic signs and symptoms from injury.
Clinical criteria are downstream events and interventions based on such downstream triggers
may not be early enough to be successful. Markers that plot the patient’s clinical trajectory
as early and with as few time points as possible can have great potential for expediting
interventions and saving lives. Metabolomics has an enormous role to play in this area. The
technology necessary to use metabolomics to personalize care of trauma patients is at an
exciting stage and available for such innovative uses. Since trauma continues to be a major
cause of death in the US, such cutting-edge technology may be useful to solve the associated
clinical problems for decades to come.
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Figure 1. Metabolomics and itsrelationship to the Clinical Situation
Flow of biochemical information proceeds from the genome through the transcriptome, to

the proteome and finally to the metabolome before presenting as the phenome (clinical
situation). The metabolome thus constitutes the final integrated response from the genome,
transcriptome and the proteome. It is also the last of the biochemical hierarchies before the
phenome that manifests as the clinical situation. Clinical situation is in a large part a
reflection of the accumulated changes of the metabolome. As such, presentation of the
clinical situation is preceded by marked and quantitatively detectable changes in the
metabolome which can act as early biomarkers for the clinical trajectory of trauma patients.
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(A) The schematic diagram of a Sciex TripleTOF quadrupole time of flight mass analyzer
(QTOF) is depicted with a quadrupole mass filter capable of 1 Dalton resolution as the first
mass analyzer and a time of flight mass analyzer as the second high resolution mass
analyzer. (B) The schematic diagram of a Thermo QExactive Orbitrap mass spectrometer is
depicted with a quadrupole mass filter capable of 0.4 Dalton mass resolution as the first
mass analyzer and an Orbitrap as the second high resolution mass analyzer. Both types of
mass analyzers are commonly employed in metabolomic research.
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Figure 3. The metabolome provides a window to the biochemical dysregulation that precedes
poor clinical outcomes

This figure depicts a metabolomic workflow that begins with sample collection from trauma
patients which progresses to untargeted analysis to identify changes in markers and
pathways. This drives hypothesis generation regarding specific markers, which are then
validated through targeted analysis to form the basis of diagnostic or therapeutic
interventions that enable better clinical outcomes.
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Figure4. A standard statistical analysis workflow for metabolomic data
Due to the complexity of metabolomic data, a combination of supervised and unsupervised

analytical methods are employed in the statistical analysis and validation. Principal
component analysis (PCA) and cluster analysis are the primary unsupervised analytical
strategies (processes A and B), whereas partial least squares discriminant analysis (PLS-DA)
and orthogonal partial least squared discriminant analysis (OPLS-DA) are the primary
supervised statistical analysis approaches (processes C and D). Additional analysis such as
2D clustering can be incorporated to further investigate the relevance of the early statistical
findings to clinical variables. Finally, validation and correctional statistics are employed to
allow multiple hypothesis testing. Process A —Hierarchical Cluster Analysis: To search for
cluster of patients when there is no class assignment in the study design. Process B —
Principal Component Analysis (PCA): Useful to visualize clusters’ separation (when the
groups are not previously assigned) or classes’ separation and determine metabolites that
better explain the data variability. Process C — Partial Least Squares Discriminant Analysis
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(PLS-DA) or Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA): PLS-DA
to visualize class-discrimination based in the identified metabolites when groups where
previously assigned in the study design and OPLS-DA to separate predictor’s variables from
non-correlated variables to maximize class-discrimination when there is high within-class
variation. Process D — ANOVA or t-Test: Helps to select the more important candidates’
metabolites as predictors of cluster separation. Process E — Variable Importance in
Projection (VIP): Helps to select the variables with more contribution to classes’ separation.
Process F — Combining predictor metabolites with classical clinical variables using
Hierarchical Cluster Analysis helps to associate metabolic findings to physiological states
and lead to discovery of within-group pathophenotypes. Process G — ANOVA or t-Test:
Application to outcomes of process F helps to select the more important predictors of
pathophenotypes. Process H — Logistic Regression to test which of these predictors of
pathophenotypes can be used to set a model of the pathology to select the more significant
ones and Area under the Curve (AUC) of the Receiver Operating Characteristic to determine
the accuracy of the selected predictors in the model determined by the predictors. Process |
— Cross-Validation: To test the model with its predictors’ variables using either with previous
separated test using leave-one-out cross-validation or a bootstrap approach. The final
outcome of the statistical workflow are the identities of the metabolites that can be used as
valid biomarkers and also the validated identities of the disease networks associated with the
trauma injury.
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