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Serum lipidome associates with neuroimaging
features in patients with traumatic brain injury

Ilias Thomas,1,2,10 Virginia F.J. Newcombe,3,10 Alex M. Dickens,4,5,10 Sophie Richter,3 Jussi P. Posti,6

Andrew I.R. Maas,7 Olli Tenovuo,8 Tuulia Hyötyläinen,9 András Büki,1 David K. Menon,3,11,* Matej Ore�si�c,1,4,11,12,*

and CENTER-TBI MR subgroup Participants and Investigators
SUMMARY

Acute traumatic brain injury (TBI) is associated with substantial abnormalities in lipid biology, including
changes in the structural lipids that are present in themyelin in the brain.We investigated the relationship
between traumatic microstructural changes in white matter from magnetic resonance imaging (MRI) and
quantitative lipidomic changes from blood serum. The study cohort included 103 patients from the Collab-
orative EuropeanNeuroTrauma Effectiveness Research in TBI (CENTER-TBI) study. Diffusion tensor fitting
generated fractional anisotropy (FA) and mean diffusivity (MD) maps for the MRI scans while ultra-high-
performance liquid chromatography quadrupole time-of-flight mass spectrometry was applied to analyze
the lipidome. Increasing severity of TBI was associated with higher MD and lower FA values, which scaled
with different lipidomic signatures. There appears to be consistent patterns of lipid changes associating
with the specific microstructure changes in the CNSwhitematter, but also regional specificity, suggesting
that blood-based lipidomics may provide an insight into the underlying pathophysiology of TBI.

INTRODUCTION

Traumatic brain injury (TBI) affects over 50 million people worldwide every year.1,2 Despite being so common, the dynamic pathophysiology

and determinants of outcome trajectories remain poorly understood; TBI has been described as the most complex disease in the most com-

plex organ.3 This is particularly true when attempting to understand the changes that may occur in circulating metabolites (including polar

metabolites and lipids) after a TBI. Understanding these metabolic abnormalities is critical, since such knowledge might allow us to design

and evaluate novel therapies. Indeed, we already know that TBI is associated with substantial metabolic abnormalities, which have been

mainly demonstrated in humans using positron emission tomography4,5 and magnetic resonance spectroscopy.6,7 However, these tech-

niques are expensive and logistically demanding.

Metabolomic and lipidomic analysis of blood provides one convenient approach to address this issue.We have previously reported exten-

sive changes in the circulating metabolome and lipidome resulting from TBI, including changes proportional to disease severity and associ-

atedwith patient outcomes.8–10 Thesemetabolic changes provide evidence of the systemic impact of TBI and provide ameans bywhich path-

ophysiological mechanisms in the brain may be explored by analysis of peripheral blood. One of the main metabolic changes we have

observed following a TBI is changes in lipids,10 which are known to be present in cell membranes in neurons and glia and are a component

of brainmyelin.Myelin is rich in lipids which constitute approximately 80% of the dry weight of myelin, and thismakes changes in lipid profile a

prime target for characterizing damage to myelinated white matter. This is critical since white matter damage is an important driver of

outcome in TBI.11

Magnetic resonance imaging (MRI) has the potential to characterize microstructural damage and improve our understanding of the path-

ophysiology underlying different lipidomic profiles after a TBI. In particular, advanced quantitative MRI, including diffusion tensor imaging

(DTI), has been shown to be sensitive to injury after a TBI and has been associatedwith the severity of injury and outcome.12–14 DTI in particular
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Table 1. Patient and control demographic characteristics

Patients with TBI Healthy controls

Number of participants 103 104

Age (years)a 43 (28.5–58) 39.5 (28.5–58)

Sex 77M/26F 61M/42F (1 missing)

Baseline GCSa 15 (11–15) –

68.9% mild TBI (GCS 13–15)

6.8% moderate TBI (GCS 9–12)

21.4% severe TBI (GCS %8)

Stratum 33 admission (32 mild, 1 moderate)

28 ER (27 mild, 1 NA)

42 ICU (23 mild, 6 moderate, 22 severe, 2 NA)

GOSEa 7 (6–8) –

Time from injury to MRI scan (hours)a 54.9 (35.2–303.2) –

MRI 62 positive/40 negative, 1 NA –

CT 54 positive/45 negative, 4 NA –

CT, computed tomography; ER, emergency room; GCS, Glasgow Coma Score; GOSE, Glasgow Outcome Scale Extended; ICU, intensive care unit; MRI, mag-

netic resonance imaging.
aMedian (interquartile range).
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is able to detect microstructural damage in the white matter, which may provide insights into the pathophysiology of injuries.15 Commonly

usedmeasures include fractional anisotropy (FA), amarker of whitematter integrity, andmean diffusivity (MD), a measure of themagnitude of

water diffusion, which reflects changes in cytotoxic and vasogenic edema acutely and neurodegeneration in the chronic phase. After TBI,

changes in diffusivity have been found to be associated with longer-term functional outcome,13,16 and the trajectory of imaging changes de-

tected are consistent with ongoing axonal degeneration.15,17 Blood levels of neurofilament light chain (NfL), a promisingmarker of this axonal

degeneration, are able to predict the ongoing neurodegeneration detected on neuroimaging.18,19 This indicates that the structural changes

seen on DTI and other advanced neuroimaging methods reflect pathophysiology that may be detectable using blood biomarkers.

Lipidomic profilingmay providemore information about themolecular processes that underlie whitematter integrity and, more generally,

brain health. For example, circulating lipids can be utilized as a biomarker for microvascular brain disease.20 We have previously shown that

the severity of TBI relates to the lipidomic signature in blood.10 In particular, choline phospholipids (lysophosphatidylcholines [LPCs], ether

phosphatidylcholines [PCs], and sphingomyelins [SMs]) were inversely associated with TBI severity and were among the strongest predictors

of patient outcomes.

Here we investigate the relationship between traumatic microstructural changes in the brain seen on MRI and quantitative lipidomic

changes in the blood in a subset of patients recruited to the MRI sub-study of the Collaborative European NeuroTrauma Effectiveness

Research in TBI (CENTER-TBI) study. Given that we have previously shown that the severity of TBI is associated with the lipidomic signature,

here we hypothesized that the extent of injury detected using DTI would be associated with changes in lipid measures from the blood with

regional specificity.

RESULTS

103 patients in CENTER-TBI had both an MRI scan within 28 days post-injury and blood samples available for lipidomic analysis within 24 h

post-injury. The demographics of the study patient population and healthy controls in which MRI was performed can be seen in Table 1, and

the study workflow is shown in Figure 1. In Table 1, we also provide details of a control group, which was the population used to harmonize the

patient images across the sites whereMRIs were taken. No lipidomic analysis was done in these control subjects. Themajority of patients were

male (TBI: 75%) with amedian age of 43 (range 18–82) years. ThemedianGlasgowComa Score (GCS) score was 15 (interquartile range 11–15),

and Glasgow Outcome Scale Extended (GOSE) score was 7 (interquartile range 6–8).

For the baseline MRI findings, there were 102 patients in the dataset that had an MRI report of visible lesions available, 62 of which had a

visible intracranial lesion (MRI positive). For the baseline CT scan, 45 had no intracranial lesion detectable on CT (CT negative). As it is known

that CT-negative patients may still have long-term sequelae after TBI21 and CT may miss lesions visible on MRI22,23 (in this analysis 11 of 45

were MRI positive), a separate model was developed for this subgroup of patients (n = 45).

DTI images were used to define 48 regions of interest (ROIs) for the white matter tracts and extract FA andMD values (Table S1; Figure S1).

In a separate analysis, segmentation of T1-weighted images was applied to calculate volumetric data for 51 ROIs (Table S2).

Following lipidomic analysis, 201 known lipids were quantified that belong to the major lipid functional groups including ceramides (Cer),

LPCs, PCs, SMs), cholesterol esters (CEs), and triacylglycerols (TGs).
2 iScience 27, 110654, September 20, 2024
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Figure 1. Flowchart of data acquisition and analysis

The final analysis included 103 patients who fulfilled the inclusion criteria, and the classification models included 102. The 4,509 patients are the overall patient

population of the CENTER-TBI study, and the 716 patients where the lipidomics analysis was performed is the same cohort as the main study population in

Thomas et al.10 Not all patients from the CENTER-TBI study that had MRI scans are included in the 716 patients. In total, 131 of those 716 patients had MRI

scans available. The inclusion criteria for the study were a clinical diagnosis of TBI, presentation to one of the 65 centers within 24 h of injury, MRI scanning

done within 28 days from injury (118 of 131 patients), and being at least 18 years old (103 of 118 patients). Informed consent was obtained from all study

participants or their legal representatives/next of kin, according to the local regulations of each center. The presence of severe, pre-existing neurological

disorders was an exclusion criterion.
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Classification models can detect patients with brain abnormalities based on lipidomic profiles

Penalized logistic regression models confirmed the discriminatory ability of the lipids for MRI positivity/negativity discrimination for all pa-

tients, with area under the curve (AUC) of 0.83–0.85 (Table S3). Furthermore, for the subset of patients with negative CT, it was still possible

to classify the patients with positive MRI, with lower AUC (0.70). All models had MRI positivity/negativity as dependent variable and the lipid

concentrations as independent variables.

Circulating lipidome associates with neuroimage findings and burden of injury

Overall, the results show that specific lipid classes are correlated with the findings of MRI scans. Patients showed reduced FA values

and increased MD values when compared to controls. FA abnormalities in patients mostly correlated with PCs and LPCs, and MD

mostly with SMs and PCs. The top 25 lipids for each set are shown in Table 2. In general, FA values have positive correlations

with the lipids, while MD have negative (Tables S4 and S5). Positive correlation in this context means that the FA and lipid

values move in the same direction, i.e., both are reduced. Negative correlation means that MD and lipid values move in opposite di-

rections. For the volumetric dataset, the classes that were overwhelmingly represented in significant correlations were PC, LPC, and TG

(Table 2), with changes in the volume of ROIs in patients with reference to control data showing variable relationships to lipid levels

(Table S6).

The ROIs where DTI metrics showed the most frequent significant correlations (frequency R10%) with lipids (201 total lipids)

are shown in Tables S4–S6, as frequencies of significant correlations to the lipids. The ROIs with the highest frequency of significant

correlations between FA and lipids were the corona radiata and the cerebellar peduncle. For MD data, the corticospinal tract and

the superior longitudinal fasciculus are the areas with the highest frequencies of significant correlations with lipid metabolite levels

(Table S4).
iScience 27, 110654, September 20, 2024 3



Table 2. Lipids that have the largest relative frequencies (number of correlations divided by the number of ROIs) of significant correlation to the

neuroimaging sets

Associations with FA Associations with MD Associations with volume

lipid [identification level] Freq lipid [identification level] Freq lipid [identification level] Freq

LPC(20:4) [1] 0.479 PC(O-36:4) [2] 0.354 PC(36:4) [2] 0.431

LPC(16:0) [1] 0.417 PC(O-38:4) [2] 0.333 TG(16:0/18:2/18:2) [2] 0.431

LPC(20:5) [2] 0.312 SM(d18:2/18:1) [2] 0.312 TG(54:6) [2] 0.373

LPC(16:0e) [2] 0.292 PC(O-22:1/20:4) [2] 0.271 CE fragment [3] 0.353

LPC(18:1) [1] 0.292 PC(34:3) [2] 0.250 PC(O-38:6) [2] 0.294

PC(34:3) [2] 0.292 PC(O-38:5) [2] 0.250 TG(18:2/22:5/16:0) [2] 0.216

PC(35:1) [2] 0.292 SM(d18:1/22:1) [2] 0.250 PC(O-40:6) [2] 0.196

PC(O-36:4) [2] 0.292 SM(d41:2) [2] 0.250 TG(54:6) [2] 0.196

PC(O-38:5) [2] 0.292 PC(O-40:6) [2] 0.229 PC(33:0) [2] 0.176

PC(O-40:6) [2] 0.292 TG (48:4) [2] 0.229 SM(d18:1/24:0) [2] 0.176

LPC(18:2) [1] 0.271 PC(P-18:0/18:1) [1] 0.208 LPC(16:0) [1] 0.157

PC(O-36:3) [2] 0.271 PC(O-40:5) [2] 0.208 LPC(16:0e) [2] 0.157

LPC(18:0) [1] 0.250 SM(d18:1/18:1) [1] 0.208 SM(d18:1/22:1) [2] 0.157

PC(36:4) [2] 0.250 PC(35:4) [2] 0.188 LPC(18:0) [1] 0.137

PC(40:8) [2] 0.250 SM(d16:1/23:0) [2] 0.188 LPC(20:5) [2] 0.137

PC(O-38:4) [2] 0.250 SM(d41:1) [2] 0.167 PC(38:1) [2] 0.137

SM(d36:2) [2] 0.250 TG(58:10) [2] 0.167 PC(O-40:5) [2] 0.137

TG (48:4) [2] 0.250 PC(36:4) [2] 0.146 PC(O-40:6) [2] 0.137

PC(35:4) [2] 0.208 SM(d40:1) [2] 0.146 PC(P-18:0/22:6) [1] 0.118

PC(37:4) [2] 0.208 PC(34:2) [2] 0.125 SM(d18:1/24:2) [2] 0.118

LPC(14:0) [2] 0.188 PC(O-36:3) [2] 0.125 LPC(22:6) [2] 0.098

LPC(22:6) [1] 0.188 SM(d18:1/24:0) [2] 0.125 TG (48:4) [2] 0.098

PC(O-34:2) [2] 0.188 SM(d38:2) [2] 0.125 LacCer(d18:1/16:0 [1]) 0.078

PC(O-40:5) [2] 0.188 LPC(14:0) [2] 0.104 LPC(18:1) [1] 0.078

PC(P-18:0/18:2) [2] 0.188 PC(35:1) [2] 0.104 LPC(18:2) [1] 0.078

The reported lipids are from the same dataset as in previous study10 and were identified at the levels 1 or 2 (as stated in the table) according to theMetabolomics

Standards Initiative (see STAR methods).
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Furthermore, for each ROI the values of the significant correlations were plotted as a beanplot. The correlations between lipid levels and

FA and MD data can be seen in Figure 2. For FA, the correlations between ROIs and lipids are mostly positive, and for MD predominantly

negative, similar to the volumetric data as seen in Figure S2 (also shown in Tables S4–S6).

A heatmap that shows the lipid class values related to the burden of injury (defined as the percentages of ROIs that showed significant

abnormalities in both FA andMDwhen compared to controls) in each of the 48 ROIs is shown in Figure 3. Overall, PS, TG, andCer havemostly

positive correlations to the burden of injury, while CE, PC, SM and LPC showmostly negative correlationsmeaning that lower concentration of

SM, PC, and LPC is related to higher burden of injury. This is consistent with previous findings,10 where TBI severity was found to be associated

with lower concentration of the same lipid groups.

TBI location is not related to lipidomic patterns

To evaluate if the high correlations of lipids with ROIs are related to the regional burden of injury, MD ROIs were mapped into the John Hop-

kins University (JHU) brain atlas,24 as shown in Figure 4A. The first row shows the frequency of MD abnormalities across the 103 patients in the

study, while the second row visualizes the average value of significant lipid correlations with specific ROIs. Figure 4B shows the same analysis

for FA data. Overall, no clear patterns were observed between regional lesion frequency and lipidomic abnormalities.

Correlation networks show discrete interactions between lipid classes and white matter parcellation

Finally, the top 40 lipids that correlated the most with FA and the top 40 for the MD set were grouped into their respective lipid classes

(extended from the top 25 shown in Table 2). For the FA and MD feature sets, the white matter tracts were parcellated into three classes:

midline, left, and right; and correlation networks were explored between lipid sets and DTI metrics in these ROI classes. These correlations
4 iScience 27, 110654, September 20, 2024
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Figure 2. Correlations of the white matter tracts to individual lipid concentrations

The beanpots of the correlation values between circulating lipid levels and DTI metrics show that fractional anisotropy (FA; left panel) shows mostly positive

correlations with lipid levels (average R �0.2), while mean diffusivity (MD; right panel) shows mostly negative correlations with lipid levels (average R �0.2).

Positive correlation in this context means that the FA and lipid values move in the same direction, i.e., both are reduced. Negative correlation means that

MD and lipid values move in opposite directions. All lipids were included in the calculations, and the correlations were aggregated per tract.
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were controlled for the time elapsed between injury and blood sample draw, time between the injury and the MR scan, propofol administra-

tion, and age. Only significant partial correlations were included in the network, as defined by an alpha level of 0.05.

The results for FA are shown in Figure 5A. PC, LPC, SM, and TG classes all show strong correlations with the different white matter tracts.

For the MD set, the most strongly related classes of lipids are PC and SM (Figure 5B). Lipid levels do not seem to be affected by the time

elapsed between injury and blood sample collection nor the time of scans, when controlled for in the networks.

DISCUSSION

Following TBI, we show specific associations between FA and MD abnormalities on DTI imaging and the concentrations of circulating lipids.

As expected, lower FA and higher MD values correlated with the severity of TBI and the magnitude of abnormality in lipids.25 We also

observed that the associations between lipidomic abnormalities for FA and MD were different, suggesting different metabolic specificities

for these two DTI metrics of white matter injury. LPCs associated mostly with changes in FA, while SMs associated with changes in MD. Only

PCs showed strong associations with both DTI metrics and with volumetric data.

FA has been shown to depict changes in the microstructure of the brain.26 However, connecting FA changes to specific brain microstruc-

ture changes is challenging due to the biologically nonspecific nature of FA.27 The primary associations with FA in our data were found with

LPCs. We found previously that decreased serum LPC concentrations associated with more severe disease and poorer outcomes in TBI.10 In

animal models of TBI, LPC has been identified as one of the key lipid classes that increased in the CNS following the injury28 and correlated

with the presence of MCP-1 in the hippocampus29—a key protein in attracting immune cells to the brain. However, none of these studies

measured the LPCs concentrations in the blood. There are known transporters of LPCs in the CNS,30 and decreased levels of circulating

LPC have been associated with poor outcomes in other CNS diseases.31 LPCs are also implicated in a wide range of inflammatory diseases.32

Given these previous findings, the positive associations of LPCs with FA as observed in our studymay either reflect an increased inflammatory

drive, or evidence of microstructural white matter disruption due to such inflammation (or other injury mechanisms).

SM is a key lipid class needed for the synthesis of myelin in the CNS.33 Decreased serum levels of SMs following a TBI and inverse asso-

ciations with MD changes suggest that SMs may be recruited for myelin repair following the membrane damage in TBI. Similar inverse
iScience 27, 110654, September 20, 2024 5
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The relationship between the lipidomic abnormalities and the frequency of injury in individual white matter tracts was examined in each tract across the study

population. The top left panel shows the color key to the correlation values. The main matrix shows this analysis across all tracts and lipid classes. The color scale

on the matrix shows correlations between individual white matter tracts (y axis) and lipid class (x axis). The dotted line shows a correlation of 0, and the solid line

the correlation value for each lipid class in each region. The dendrograms on the X and Y axis show that the correlation patterns show clustering across the range

of white matter tracts and lipid classes. (The analysis was controlled for age and sex. A linear regression model for the controls was fitted for each ROI, and ROIs

were defined as injured if both of the FA and MD values were outside the respective baseline range [one standard deviation] of healthy control values. The lipid

group values are unadjusted summed concentrations of the lipids within each group. The lipid groups clusters were based on correlation analysis. Overall, PS, TG,

and Cer have mostly positive correlations to the burden of injury, while CE, PC, SM, and LPC show mostly negative correlations. L, left; R, right).
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relationship between SMs levels and MD has been observed in Alzheimer’s disease.34 SMs are also converted to Cer in inflammatory condi-

tions, which could be another non-exclusive cause for reduced levels of circulating SMs.

The lipids, whichwere consistently associatedwith both the diffusion imaging and the volumetric data, were PCs. PCs are a key component

of cellular membranes, and therefore changes in brain microstructure will disrupt PC metabolism.35 PCs can also be broken down into free

fatty acids, which can be utilized as an energy source in the CNS. Other acute brain injuries have been shown to increase activity of enzymes

involved in fatty acid metabolism immediately following the injury.36 We have earlier shown that medium-chain fatty acids are associated with

the severity of TBI.9,10 Furthermore, TBI causes an energy crisis within theCNS37 and therefore the increased utilization of PCs could be related

to the severity of the energy crisis that is reflected in the poor imaging metrics.

The association with quantitative white matter imaging metrics and PCs was global as can be seen in Figure 3. This global distribution of

association is seen to a lesser extent with the TGs. In contrast, the Cer associations seem to form twomain clusters: one of more central fibers

with the strongest associations and the other of the longer tracts with lower association. Cer and PCs associations were also stronger with

these longer white tracts, while SMs were associated with more central tracts. The pathophysiology leading to these different predilections

for different types and regions of white matter is likely to be complex. An increase in Cer in the plasma has been associated with several
6 iScience 27, 110654, September 20, 2024
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Figure 4. Brain maps of lipid correlations and burden of injury with three different brain orientations (three columns)

The three orientations are the following (from left to right): anterior coronal, posterior coronal, and axial.

(A) The upper panel shows the frequency of MD abnormalities in different white matter tracts across the 103 patients in the study. The cumulative frequencies

depicted by color scale on the right have a maximum value of 103, the number of patients. A number of 37 would mean that 37 out of 103 patients showed

abnormalities in the specific ROI. The lower panel visualizes the average value of significant lipid correlations with specific ROIs, between �1 and +1. All

lipids that showed significant correlation with a specific ROI are included with their average correlation value shown.

(B) Same analysis as in (A), but for FA data. Overall, no clear relationships were observed between regional lesion frequency and lipidomic abnormalities.
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inflammatory and neurodegenerative diseases includingmultiple sclerosis38 and Alzheimer’s disease.39 The different roles Cer play in energy

balance may influence different patterns seen.40

The observed lack of lipid associations with specific brain regions in the graymatter suggests that changes in the levels of these circulating

lipids do not reflect the primary, non-contusion-related, cortical injury in TBI. In contrast, there were consistent associations with volumetric

data from deeper white matter structures whichmay be driven by axonal damage. These findings are in line with our previous work, where we

could see clear associations between polar metabolites and deeper brain volume changes.41 This suggests that the patterns of associations

between the volumes and metabolites regardless of type are more clear in the deep white matter regions, rather than the cortical mantle.

These regional differences in correlations with lipidomic signatures probably reflect changes in local cell types and are broadly in keeping

with the heterogeneity in cellular lipid composition between dissociated cells from a single brain region (cerebellum).42

This is the largest study to date combining serummetabolomics andMRI imaging including the diffusion-weighted imaging. However, the

sample size is still small and further validation studies are required to support our findings. The underlying reasons for the lipid changes

observed are also difficult to pinpoint due to the difficulty in obtaining tissue or fluid samples from within the CNS, and therefore studies

in suitable experimental models would be needed in order to understand the causes of the observed lipid changes.
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These networks display the individual lipid correlations to other lipids and the white matter tracts, controlled for time from injury to blood drawing, time from

injury to MRI scan, age, and if propofol was administrated to the patients. Red edges indicate negative correlations and dark blue edges positive. The 40 lipids

with the highest number of significant correlations are shownwith all 48 whitematter tracts. From top and clockwise the following groups are shown: CE, Cer, LPC,

PC, PS, SM, and TG, followed by the white matter tracks split into three groups (midline, left, right) and individual variables of interest (age, time from injury to

scan, time from injury to blood draw, and whether propofol was administered). For the lipids, each circle represents an individual lipid, colored by functional

group, and for the white matter tracts each triangle represents one tract, colored by location. The four variables of interest are represented by squares. The

functional groups of the lipids appear inside the circles (to the extent possible). The white matter tracts and the four control variables are denoted with

text outside their respective shapes; the colored lines denote their relationships with brain regions and variables as described earlier. (A) Relationship

with FA in white matter tracts. Overall, Cer and LPC have the highest correlation with FA in white matter tracts, and the timing of the samples, age, or

propofol administration does not correlate with the lipids. (B) Relationship with MD in white matter tracts. More significant correlations can be seen here,

compared to FA, and almost all groups have correlations with MD in white matter tracts. Abbreviations: CE, cholesterol ester; Cer, ceramide; LPC,

lysophosphatidylcholine; PC, phosphatidylcholine; PS, phosphatidylserine; SM, sphingomyelin; TG, triacylglycerol; FA, fractional anisotropy measures; MD,

mean diffusivity.
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In conclusion, we have identified groups of lipids which associate with specific MRI imaging metrics following TBI. There appears to be

consistent patterns of lipid changes associating with the specific microstructure changes in the CNS white matter. There is also a pattern

of lipids with regional specificity, suggesting that blood-based lipidomics may provide an insight into the underlying disease mechanisms

in TBI.

Limitations of the study

This was a multicenter study, and it was not possible to scan all patients within a specific time window after injury. Thus, the time difference

between injury and imaging is considered a limitation of this study. Our time window for MRI ranged from one to 28 days post-injury. As the

characteristics of traumatic intracranial findings evolve in this time frame, future studies should aim at determining optimal timing for MRI.43

This study did not investigate the association of lipidomic signature with TBI classification as it was investigated before.10 All data that were

available were used for this study and may be underpowered, and as such it needs replicating with larger numbers.
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11NeuroIntensive Care Unit, Department Neuroscience, IRCCS Fondazione San Gerardo dei Tintori, Monza, Italy.
12Department of Neurosurgery, Medical Faculty RWTH Aachen University, Aachen, Germany.
13Department of Anesthesiology and Intensive Care Medicine, University Hospital Bonn, Bonn, Germany.
14Department of Anesthesia & Neurointensive Care, Cambridge University Hospital NHS Foundation Trust, Cambridge, UK.
15Radiology/MRI department, MRC Cognition and Brain Sciences Unit, Cambridge, UK.
16Department of Neurosurgery, Antwerp University Hospital and University of Antwerp, Edegem, Belgium.
17Department of Neurosurgery, University Hospitals Leuven, Leuven, Belgium.
18Department of Circulation and Medical Imaging, Norwegian University of Science and Technology, NTNU, Trondheim, Norway.
19Department of Anaesthesiology and Intensive Therapy, University of Pécs, Pécs, Hungary.
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STAR+METHODS

KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Serum samples Thomas et al.10 N/A

Chemicals, peptides, and recombinant proteins

LC-MS lipidomics protocol Thomas et al.10 N/A

MRI protocol https://www.center-tbi.eu/project/

mri-study-protocols

N/A

Deposited data

Raw and analyzed data This manuscript Data deposited in CENTER-TBI repository,

access as described in ‘data and code availability’.

Custom code deposited in Mendeley data:

https://doi.org/10.17632/2gbs56tzpc.1

Software and algorithms

R (v4.1.2) https://www.r-project.org/ N/A

fsl https://fsl.fmrib.ox.ac.uk N/A

ANTS http://stnava.github.io/ANTs/ N/A
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Matej Ore�si�c

(matej.oresic@oru.se).

Materials availability

This study did not generate new unique reagents.

Data and code availability

� Data are accessible based on submission of a data access request through the CENTER-TBI website: https://www.center-tbi.eu/data.

CENTER-TBI is committed to data sharing and to responsible further use of the data. Hereto, we have a data sharing statement in

place: https://www.center-tbi.eu/data/sharing. The CENTER-TBI Management Committee, in collaboration with the General Assem-

bly, established theData Sharing policy and Publication andAuthorshipGuidelines to assure correct and appropriate use of the data as

the dataset is hugely complex and requires help of experts from the Data Curation Team or Bio-Statistical Team for correct use. This

means that we encourage researchers to contact the CENTER-TBI team for any research plans and the Data Curation Team for any help

in appropriate use of the data, including sharing of scripts. The complete Manual for data access is also available online: https://www.

center-tbi.eu/files/SOP-Manual-DAPR-20181101.pdf.
� This paper does not report original code, but custom codewas developed. All analysis used libraries available in R. Codes are available

on Mandeley data (Thomas, Ilias (2024), ‘‘TBI MRI-Lipidomics’’, Mendeley Data, V1, https://doi.org/10.17632/2gbs56tzpc.1)
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The CENTER-TBI study recruited 4509 patients from 18 European countries and Israel (https://www.center-tbi.eu/, registered at clinicaltrials.

gov NCT02210221).22 The CENTER-TBI database contains data from 65 centers whose data were collected betweenDecember 19, 2014, and

December 17, 2017. Ethical approval was obtained by each site in accordance with their local regulations (https://www.center-tbi.eu/project/

ethical-approval). Informed consent was obtained from all study participants or their legal representatives/relatives according to the local

regulations of each center. Clinical data was accessed via theNeurobot platform (RRID/SCR_017004, core data, version 3.0; International Neu-

roinformatics Coordinating Facility; released November 24, 2020).

Patients were included in the analysis for this study if they were agedR8 years, had blood samples taken within 24 h of injury analyzed for

lipidomics, and had anMRI scan performedwithin four weeks of injury. For patients who hadmultipleMRI scans, the earliest one was used. At
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each site which collectedMRI data healthy controls (104 in total) were also scanned using identical sequences to enable harmomisation of DTI

as well as comparison of quantitative metrics with patients. These healthy controls did not have blood sampling performed (Table 1). All se-

verities of TBI were included and patients who had serious preexisting neurological disorders were excluded. The population of the CENTER-

TBI study is predominantly Caucasian, and although this is reflective of the underlying European population served and similar to other large

European based observational studies, this serves as an important limitation. Looking at the participants in this specific analysis all self-iden-

tified as Caucasian except for two who seld-identified as individuals of east Asian descent.

In total there were 103 patients that had both an MRI scan and blood samples available for lipidomic analysis, where gender information

can also be found (Table 1). A flowchart of all the analyses and data acquisition can be seen in Figure 1.
METHOD DETAILS

Analysis of lipids

Single blood samples of the patients were drawn within 24 h of injury using gel-separator tubes for serum and centrifuged within 60 min.

Serum was processed, aliquoted (8 3 0$5 mL, one freeze-thaw cycle), and stored at �80�C locally and at the central CENTER-TBI biobank

(Pécs, Hungary)44 until shipment on dry ice to Örebro University, Sweden for analysis.

The lipidomic platform for data analysis in this study has been described in detail elsewhere.10 The analysis was performedwith an adjusted

version of the Folch procedure.45 The internal standards used, the calibration curves, the instrument description, and the sample analysis us-

ing ultra-high-performance liquid chromatography quadrupole time-of-flight mass spectrometry are the same as described previously.10

Shortly, the plasma samples were randomized 10 mL of serum was mixed with 10 mL 0.9% NaCl and extracted with 120 mL of CHCl3:

MeOH (2:1, v/v) solvent mixture containing internal standard mixture (c = 2.5 mg/mL; 1,2-diheptadecanoyl-sn-glycero-3-phosphoethanol-

amine (PE(17:0/17:0)), N-heptadecanoyl-D-erythro-sphingosylphosphorylcholine (SM(d18:1/17:0)), N-heptadecanoyl-D-erythro-sphingosine

(Cer(d18:1/17:0)), 1,2-diheptadecanoyl-sn-glycero-3-phosphocholine (PC(17:0/17:0)), 1-heptadecanoyl-2-hydroxy-sn-glycero-3-phosphocho-

line (LPC(17:0)) and 1-palmitoyl-d31-2-oleoyl-sn-glycero-3-phosphocholine (PC(16:0/d31/18:1)) and, triheptadecanoylglycerol (TG(17:0/17:0/

17:0)). The samples were vortexed and let stand on the ice for 30 min before centrifugation (9400 rcf, 3 min). 60 mL of the lower layer of was

collected and diluted with 60 mL of CHCl3: MeOH. The samples were kept at �80�C until analysis.

The samples were analyzed using an ultra-high-performance liquid chromatography quadrupole time-of-flight mass spectrometry

(UHPLC-QTOFMS from Agilent Technologies; Santa Clara, CA, USA). The analysis was carried out on an ACQUITY UPLC BEH C18 column

(2.1 mm3 100 mm, particle size 1.7 mm) byWaters (Milford, USA). Quality control was performed throughout the dataset by including blanks,

pure standard samples, extracted standard samples and control plasma samples. The eluent system consisted of (A) 10 mM NH4Ac in H2O

and 0.1% formic acid and (B) 10 mM NH4Ac in ACN: IPA (1:1) and 0.1% formic acid. The gradient was as follows: 0–2 min, 35% solvent B;

2–7 min, 80% solvent B; 7–14 min 100% solvent B. The flow rate was 0.4 mL/min.

Data were processed using the open source software package MZmine 2.53.46 The following steps were applied in this processing: (i)

Mass detection with a noise level of 1000, (ii) Chromatogram builder with a minimum time span of 0.08 min, minimum height of 1000 and

an m/z tolerance of 0.006 m/z or 10.0 ppm, (iii) Chromatogram deconvolution using the local minimum search algorithm with a 70%

chromatographic threshold, 0.05 min minimum RT range, 5% minimum relative height, 1200 minimum absolute height, a minimum ration

of peak top/edge of 1.2 and a peak duration range of 0.08–5.0, (iv), Isotopic peak grouper with an m/z tolerance of 5.0 ppm, RT toler-

ance of 0.05 min, maximum charge of 2 and with the most intense isotope set as the representative isotope, (v) Join aligner with an m/z

tolerance of 0.009 or 10.0 ppm and a weight for of 2, an RT tolerance of 0.15 min and a weight of 1 and with no requirement of charge

state or ID and no comparison of isotope pattern, (vi) Peak list row filter with a minimum of 10% of the samples (vii) Gap filling using the

same RT and m/z range gap filler algorithm with an m/z tolerance of 0.009 m/z or 11.0 ppm, (vii) Identification of lipids using a custom

database search with an m/z tolerance of 0.008 m/z or 8.0 ppm and an RT tolerance of 0.25 min. Identification of lipids was based on in

house laboratory based on LC-MS/MS data on retention time and mass spectra. The identification was done with a custom database,

with identification levels 1 and 2, i.e., based on authentic standard compounds (level 1) and based on MS/MS identification (level 2)

based on Metabolomics Standards Initiative. Quality control was performed by analysing pooled quality control samples (with an aliquot

pooled from each individual samples) together with the samples. In addition, a reference standard (NIST 1950 reference plasma), ex-

tracted blank samples and standards were analyzed as part of the quality control procedure. List of lipid standards is provided in

Table S7.

In total, 201 known lipids were quantified that belong to the major lipidomic functional groups including ceramides (Cer), lysophospha-

tidylcholines (LPC), phosphatidylcholines (PC), sphingomyelins (SM), and triacylglycerols (TG).
Image acquisition, processing, and harmonization

Patients underwent head CT scan on admission (within 24 h) and further CT scans were performed if necessary.

MRI scans were acquired on nine 3T MRI scanners across eight sites, using study specific protocols the details of which can be found at:

https://www.center-tbi.eu/project/mri-study-protocols.47 Sequences included volumetric T1-weighted MPRAGE (voxel size 1 mm), volu-

metric fluid-attenuated inversion recovery, T2-weighted, susceptibility-weighted imaging and DTI. Base values of DTI were 2-mm isotropic

voxels, 32 noncollinear directions, and a b value of 1000 s/mm2.
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The initial CT and MRI images were reported centrally for the visible presence of lesions according to the Common Data Element (CDE)

scheme for TBI (https://commondataelements.ninds.nih.gov/).48,49 Patients were classified as having a clinically abnormal MRI when at least

one intracranial lesion secondary to TBI was detected.

All imageswere processed on a TBI-specific pipeline.50 Images underwent neck cropping andwere corrected for bias field inhomogeneity.

Diffusion images were corrected for noise, artifacts (Gibbs, headmotion and eddy currents)51–54 and inhomogeneities in themagnetic field.55

Diffusion tensors were fitted via weighted least-squares to generate fractional anisotropy (FA) and mean diffusivity (MD) maps using fsl

(https://fsl.fmrib.ox.ac.uk). These were non-linearly co-registered using ANTS (http://stnava.github.io/ANTs/) to the JHU-ICBM FA tem-

plate24 to extract mean FA and MD measures for the regions of interest (Table S1).

Differences in sites and scanners were corrected for using ComBat harmonization,56,57 a statistical technique to minimize unwanted scan-

ner effect while preserving the biological variability, for the FA andMD sets (based on the healthy controls). The values of the volumetric data

interest were normalized per patient, dividing each patient’s ROI values by their respective total brain volume.

Image classification based on clinical definitions

Patients underwent head CT scan on admission and further CT scans were performed if necessary. Patients underwent MRI either during or

immediately after hospitalisation. Only the first CT and MRI scan were considered for this study. Centralised review of CT and MRI scans was

performed according to the Common Data Element (CDE) classification for TBI49 (https://commondataelements.ninds.nih.gov/).

Both CT and conventional MRI images were categorised as either negative or positive. For both modalities, negativity means that no trau-

matic intracranial changes were detected in the central reading.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses for this work were performed in the R statistical program version 4.1.2.

Classification models

We investigated whether lipidomic changes could classify whether intracranial lesions were detected on the MRI (MRI positive) or not (MRI

negative) in both the full set of patients (CT positive and negative, n= 102), and as a secondary analysis in patients with no abnormalities onCT

(n = 45).

A filtering process was applied to find a subset of lipids that had the highest association with theMRI findings. Two separate analyses were

run, the first using a Welch t-test to find the lipids with the highest abilities to separate MRI positive/negative based on the p-values and the

secondbased on a random forestmodel with the same task. For each of the algorithms, the top 30 lipids associatedwith theMRI findingswere

selected, and the intersect of these two results provided the final subset of lipids for further analysis.

The subset of lipids was used as predictors in penalized logistic regression models to assess their discriminatory ability. Performance

was assessed in a test set following the model fit to a training set (70%–30% split) where the subset of lipids was selected from the training

set. Two penalized models were selected lasso and ridge regression, and each set of the process was repeated 100 times (data split, sub-

set selection, model fit on training set, evaluation on the testing set), and the results of the performance for each penalized model were

aggregated.

The penalized models were also run on the full set of lipids to compare the performance between them and the reduced set, and to vali-

date the filtering process. Those analyses yielded eight under the curve values, four for the MRI positivity/negativity discrimination on the full

set of patients (CT positive and negative) and four for the MRI positivity/negativity discrimination for the subset of patients with negative CT.

Frequency matrices

A correlation analysis of the frequencies of the relationships was performed for the quantitative diffusivity metrics (FA and MD) features to

determine which ROIs were the most frequently correlated with the lipids; and to determine if there was a topological association between

the brain and the lipid concentrations. For each lipid/ROI combination the Pearson correlation was calculated together with the correspond-

ing p-values. Since the lipids were log transformed and standardized before analyzing it was deemed that Pearson correlation was an appro-

priate metric. The correlations that were not significant after Holm correction were filtered out, through the rcorr.adjust function in the

RcmdrMisc package. The final table had the 201 lipids and ROIs that had significant correlations with each lipid. The frequency table summed

the ROIs to ascertain which have the most frequent significant associations with the different lipids.

Furthermore, for each ROI, it was determined if it was overall positively or negatively associated with the lipid concentrations (based on the

mean value of correlations). A frequency beanplot of the ROIs was created to show the level of the associations of the ROIs with the lipids and

whether their values tend to increase or decrease in relation to the concentration values of the lipids.

Abnormalities at the individual patient level

A separate analysis was carried on the individual patients to investigate which ones had the highest level of abnormalities defined using FA

andMD. For those patients with the highest levels of abnormalities (see below for definition) an analysis was performed to investigatewhether

patients who exhibited the most damage in the white matter tracts also exhibit differences in lipid concentrations on the functional group

level.
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To identify which patients had the highest irregularities a comparison analysis was performed with the images of the healthy control par-

ticipants of the study. For each ROI, a linear regressionmodel was first fit with ROI as dependent variable and sex and age (fitted as a second-

degree polynomial) as predictors. The average values and a confidence internal (1 standard deviation frombaseline) for each rangewas calcu-

lated for the healthy controls ROI. Then, controlled for age and sex, for a particular ROI, if both of the FA and MD values were outside the

respective baseline range, the ROI value was designated as abnormal. The overall burden of injury was determined by calculating percent-

ages of abnormal ROIs for each patient.

The percentage burden of injury of the patients was correlated to the 48 ROIs to see if any patterns are shown for different brain areas. For

this analysis the raw concentration of the lipids within each groupwas added and used for a heatmapof concentration related to the burden of

injury (Figure 3).
Abnormalities at the aggregate level

To determine if the ROIs that were prominent in the frequency of associations to the lipids were related to the the initial TBI location, that is

whether the most frequent ROIs were the ones that were most affected in the injury, an abnormality frequency analysis of the ROIs was per-

formed. In this analysis the ROIs of the patients with TBI were compared with the respective ROIs of the healthy controls that undertook the

scans.

For this analysis, a two-sample Kolmogorov-Smirnov test was applied for each ROI separately for the FA and MD sets to test whether the

different ROIs were different between the patients with TBI and healthy controls. The p-values were corrected for multiple testing with the

false discovery rate method for each set separately. The average value of significant correlations was then extracted for each ROI and these

were projected on a brain map visualization using the CARIMAS58 software (https://turkupetcentre.fi/carimas/). For comparison, the fre-

quency of abnormalities of each ROI was also projected to visually evaluate if significant correlations of lipids to ROIs is related to burden

of injury.
Network analysis

For the construction of the partial correlation networks, a similar process as the construction of the frequencymatrices was applied. The tables

constructed in this case were 483 20 for the FA andMD feature sets and 513 20 for the volumetric set. The significant correlations between

the lipids and the ROIs of the three sets were filtered out and the frequency that each lipid appears in each table was summedup. The 40 lipids

with the most correlations were then selected (20% of the total amount of lipids), when 25 are shown in the frequency matrices (Table 2). The

aim of this analysis was to find the lipids to be included in the partial correlation network, while the analysis of the frequency matrices was

intended to visualize the patterns of relation between the ROIs and the lipids (Figure 2). The frequency matrices can point to the ROIs

that relate themost to the lipids (Tables S4–S6), while the partial correlation network can show how the lipids and the brain regions are related

to each other (Figure 5). These two analyses complement each other and elucidate the different ways that the brain regions and the circulating

lipidome connect following acute TBI.

For the partial correlation network, the library qgraph in R was used. The top 40 lipids for each feature set were used, together with the

ROIs. For the FA and MD feature sets the brain was split in three parts, midline, left and right and the correlations were controlled with the

inclusion of time elapsed between injury and blood sample draw, time between the injury and theMR scan, propofol administration and age.

Only the significant partial correlations are shown on the network with an alpha level of 0.05 for all sets.
ADDITIONAL RESOURCES

URL: https://www.center-tbi.eu/.

Clinical trial number: registered at clinicaltrials.gov NCT02210221.
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