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Abstract
Background

Patients with traumatic brain injury (TBI) are a heterogeneous population, and the most severely
injured individuals are often treated in an intensive care unit (ICU). The primary injury at impact, and
the secondary insults that occur during the first week of the ICU stay, will affect outcome in this
vulnerable group of patients. We aimed to identify clinical variables distinguishing disease trajectories

among patients with traumatic brain injury admitted to the ICU.

Methods

We included patients with TBI who were admitted to the ICU at centres participating in the European
multinational prospective observational Collaborative NeuroTrauma Effectiveness Research in TBI
(CENTER-TBI) study, ranging from large academic to smaller rural hospitals. For every patient, we
obtained pre-injury data and injury features, clinical characteristics on admission, demographics,
physiological parameters, laboratory features, brain biomarkers (S100B, NSE, NFL, tau, UCH-L1 and
GFAP), and ICP lowering treatments during the first 7 days of ICU stay. To identify temporal clinical
disease trajectories, we applied a novel clustering method to these data, which was based on a mixture
of probabilistic graph models with a Markov chain extension. The relation of clusters to the Glasgow

Outcome Scale (GOS-E) was investigated.

Findings

We included 1728 patients with TBl. We found that glucose variation (defined as the difference
between daily maximum and minimum glucose concentrations) and brain biomarkers (S100B, NSE,
NFL, tau, UCH-L1 and GFAP) were consistently the main clinical descriptors of disease trajectories
(defined as the leading variables contributing to and distinguishing clusters) in TBI patients in the ICU.

Although information related to patient’s outcome was not included in the clustering analysis,
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different disease trajectories had different outcome profiles. Trajectory membership (to which cluster
a patient is assigned in a model) was analysed as a predictor together with the variables of the IMPACT
model and improved prediction of both mortality, and unfavourable outcome (dichotomized GOS-E

levels < 5), increasing Nagelkerke’s R? with 0-09 (from 0-44 to 0-53 and 0-36 to 0-45, respectively).

Interpretation

First day ICU admission variables are not the only clinical descriptors of disease trajectories in patients
with TBI. With the addition of temporal variables in our study, variation of glucose was identified as
the most important descriptor of disease trajectories in the ICU, which should motivate further
research. Biomarkers of brain injury were consistently found to be top descriptors over time,

suggesting they may be important in future clinical practice.

Funding
European Union 7th Framework program, Hannelore Kohl Stiftung, OneMind, Integra LifeSciences

Corporation and NeuroTrauma Sciences.
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Introduction

Patients with traumatic brain injury (TBI) treated in an intensive care unit (ICU) are extensively
monitored and treated to minimise the risk of harmful secondary events. Thirty to forty percent of
patients with severe TBI deteriorate within ten days post-injury.! A fundamental question in
neurointensive care is how to monitor, identify and avoid secondary insult and further brain injury.
Unfortunately, TBI patients are a highly heterogeneous patient group regarding their initial
presentation and subsequent clinical trajectory or course. A recently published review? could only
identify two studies classifying subgroups of patients with severe TBI in the acute phase, based on pre-
injury and admission data, and it is unclear how these variables can be implemented into clinical

practice.

In a previous study, we identified six distinct pathophysiological subgroups—so-called endotypes—of
TBI patients in the ICU by applying unsupervised clustering methods on data obtained from the first
day post-injury.® These subgroups of patients had differences in composite metabolic responses,
particularly related to that of lactate and glucose. However, this work did not address the more

complex problem of differences in subsequent disease trajectories during the patient’s ICU stay.

Previous studies have shown that clear pathophysiological patterns may emerge during the first weeks
in ICU, such as different disease trajectories related to changes in Sequential Organ Failure Assessment
(SOFA) score.* In TBI patients, variability in intracranial pressure (ICP) trajectories have been described
and shown to correlate to the expression of an oedema-regulating gene, ABCC8.> Previous studies have
shown that TBI is associated with extracranial complications such as acute respiratory distress
syndrome (ARDS), acute kidney injury, myocardial injury, and coagulopathy.®® This has led us to
hypothesize that a multi-dimensional analysis of physiological, laboratory, and demographic variables
during the ICU stay may describe composite longitudinal disease trajectories after TBl. A complete
description must also include treatment factors, such as those described in the Therapy Intensity Level

(TIL)® scale, which otherwise confound physiological measurements. Multidimensional factors related
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to TBI disease trajectory have to date received relatively little attention, although Ghaderi et al.
recently identified three multivariable clusters or subgroups of time series data in TBI patients
exhibiting differences in physiological and haematological factors,'® suggesting different clinical

phenotypes or disease presentations, and trajectories or courses.

Therefore, the aim of this study was to identify clinical variables distinguishing disease trajectories
among TBI patients admitted to the ICU. The objective is to better understand disease progression and
to identify distinct trajectory-based subgroups of TBI patients, which may form the basis for future

targeted therapies.

Methods

Patients

The prospective observational study, Collaborative European Neuro Trauma Effectiveness Research in
TBI (CENTER-TBI, registered with ClinicalTrials.gov, number NCT02210221), enrolled 4,509 patients
from 65 centres across Europe between 2014 and 2018.!' All patients met the general inclusion
criteria: clinical diagnosis of TBI, presentation at hospital within 24 hours from injury and a clinical need
of a computed tomography (CT) scan. We included in this study all patients over 18 years old who were
admitted to the ICU at hospital admission. Version 3.0 of the CENTER-TBI dataset was used in this

study.

This study was approved by the CENTER-TBI management committee. Ethical approval was obtained
for each recruiting site. The list of sites and ethical approvals details are available online.!? Written or
oral informed consent was obtained from patients or their next of kin, according to local legislation,
for all patients recruited in the Core Dataset of CENTER-TBI and documented in an electronic case

report form (e-CRF). In the case of oral consent, written confirmation was requested.*?

Procedures
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Data collection

Data were collected through the Quesgen e-CRF (Quesgen Systems Inc, USA), hosted on the
International Neuroinformatics Coordinating Facility (INCF) platform and extracted via the INCF
Neurobot tool (INCF, town, Sweden). A subset of 59 candidate admission features and daily measures,
brain protein biomarkers, and interventions during the first seven days of ICU were extracted from the
database; these variables covered major aspects of neurological ICU monitoring and care
(Supplementary Table 1, pp 6-7). We did not extract data for pairs of features that are known to be
highly covariate. CT characteristics were based on central imaging review in CENTER-TBI. The brain
biomarker panel consisted of ubiquitin carboxy-terminal hydrolase L1 (UCH-L1), S100 calcium-binding
protein B (S100B), Tau, neurofilament light (NFL), glial fibrillary acidic protein (GFAP) and neuron-
specific enolase (NSE), as these were available in the CENTER-TBI dataset, and have shown potential in
neurological evaluation and prognostication.’>'* Blood samples were centrifuged within 60 minutes
from collection, stored at -80 °C and analysed in one round using the same batch of reagents. We refer

to the supplement (page 2) for further details.

Missing longitudinal data were imputed, either by interpolation set to 0 or by last observation carried
forward (LOCF; Supplementary Table 2, pp 8-14). If a patient was discharged or died during the first
week post-injury, all features on the following days were represented by “not available” (NA).
Continuous features were characterised by daily means and the daily difference between maximum

and minimum values if repeated measures of a feature occurred on one day.

The clustering model

Full details of the model are in the supplemental material (pp 3-5). In brief, to identify disease
trajectories during the first week of ICU stay, we used a clustering method based on a mixture of
probabilistic graph models to cluster patients based on baseline and longitudinal clinical features. Each
graph comprised the univariate probability distributions for all features on each day and joint

distributions for pairs of features that are directly correlated. Each cluster will represent a similar
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disease trajectory or course. To estimate cluster membership probabilities and parameter values in

1516 which calculates a

the clusters, we used the iterative Expectation Maximization (EM) algorithm,
probability for each patient’s membership of each cluster and estimates cluster means and variances

for continuous features and the relative frequency of categorical features.

We used an incremental clustering approach, starting with two clusters then adding one cluster at a
time. This was repeated 25 times (with different seeds) until 25 models had been picked, for each
cluster count from 2 to 12 (Fig 1).

To assess cluster stability, we calculated a cluster similarity index (CSI)Y’ (defined as the proportion of
patients with cluster assignment agreement) between all pairs of models of each number of clusters,

with a higher CSl indicating more stable clustering.

To investigate the importance of each feature for the model, we calculated mutual information (Ml),
which is a measure of how much the distributions of the values of a feature differ between clusters.*>*®
The average MI over all 25 trajectory cluster models of each number of trajectory clusters was
calculated. In addition, the average daily M| was calculated for each feature to assess the overall most

important features. A qualitative analysis of the trajectories with respect to the features with highest

average Ml was then made.

To ascertain whether a patient’s membership of a particular cluster, representing a disease trajectory,
was related to late functional outcome, we analysed scores at 6 months on the Glasgow outcome scale
extended (GOS-E). Scores on GOS-E range from 1 (dead) to 8 (good recovery), with an unfavourable
outcome defined as a GOS-E score of 4 or less. If GOS-E was missing at 6 months but available at one
or more of the other assessment timepoints (ie, 2 weeks, 3 months, and 12 months post-injury), the
value was imputed centrally in CENTER-TBI.1*® Moreover, we evaluated the improvement in outcome
predictions for mortality and unfavourable outcome beyond the International Mission for Prognosis
and Clinical Trials (IMPACT) model? by addition of trajectory assighments using logistic regression. The

improvement of predictions was evaluated by calculating Nagelkerke’s R2. The uncertainty in



166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

predictions were estimated by bootstrap sampling with replacement 1,000 times, and the results were
bias-adjusted to adjust for adding features in the model. To assess a potential site dependency of the
disease trajectories, M| was calculated between site and cluster label in a post-hoc analysis. The
models were created using open-source code developed in C++ by the authors and all subsequent

analyses were performed using R version 4.0.5.

In a previous study, we identified six distinct clusters in the CENTER-TBI ICU stratum cohort, using only
data from the first 24 h post-admission.> These admission clusters can be described as a composite of
GCS and systemic metabolic profiles—ie, high GCS and normal metabolism (A), intermediate GCS and
normal (B) or abnormal metabolism (C), low GCS and normal metabolism (D) or abnormal metabolism
with either a higher incidence of intracranial pathology (E) or systemic shock (F). To investigate if the
disease trajectories found in the present study could be predicted by the endotypes described at

admission, probabilities of following each disease trajectory were calculated for all admission clusters.

Role of the funding source
The funding sources had no role in data collection, analysis, interpretation, writing of the manuscript,

or the decision to submit for publication.

Results

2006 patients were initially eligible for the study, but 1728 patients were included in the final analysis
after excluding 278 patients due to missing GOS-E at six months (Fig 2). These patients were from 54
of the 65 recruiting sites in CENTER-TBI. The median GCS score at admission was 5 (interquartile range
(IQR) 3-7). 388 (22%) patients died, and 779 (45%) had unfavourable outcomes (defined as upper
severe disability or worse, GOS-E <4). The median age was 52 years (IQR 33-67) and 1269 (73%) were

male (Table 1, details in Supplementary Table 3, pp 16-22).
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No distinct peak was identified when comparing the median CSI between different numbers of clusters
(Supplementary Fig 1, page 27), which indicated that no particular number of clusters generated
significantly more stable models, suggesting more of a continuum between the values. Six clusters
(named a, B, v, 6, €, and ) were chosen to describe between-cluster differences, with numerous
sensitivity analyses done (Table 2, Supplementary Fig 2, page 28) to evaluate the stability of Ml of
variables with an increasing number of clusters. Supplementary Fig 3 (Supplement page 29) illustrates
the cluster assignments progress for increasing the number of clusters from two to twelve. The number
of patients in each of the six clusters in the best model was 438 in a, 506 in 3, 119 iny, 202 in §, 257 in
g, and 206 in {. Supplementary Fig 4 (Supplement page 30) and Supplementary Table 4 (Supplement

page 23) shows that most patients are assigned to their final cluster with high probability.

Relations of current clustered trajectories to previously identified admission clusters® were explored.
(Supplementary Fig 6, page 32; Supplementary Table 6, page 25). Admission cluster A (ie, patients
presenting with the highest GCS and normal metabolism) had the highest probability (57%) of following
a specific trajectory; the trajectory cluster associated with best outcome (a; GOS-E 7 (IQR 5-8) at 6
months). Interestingly, from admission cluster C with moderate TBI and affected metabolic profiles, a
substantially larger proportion of patients followed the T trajectory associated with a 65%
mortality, than admission D cluster with severe TBI and more normal metabolic profiles. In general,
all other than admission cluster A are seen to have more variable relations to ICU trajectories. This

suggests that clinical trajectory and course is affected by processes during the ICU period.

Generally if the clusters are ordered by outcome, from o to { GCS can be seen to be lower, biomarkers
higher and glucose variability higher towards the clusters with worse outcome. As there was no distinct
optimal number of clusters, six were chosen, as to compare movement between clusters derived from
first day data and that of adding information from temporal features. We refrain therefore from

further exploring characteristics of these specific six clusters and proceed with looking at descriptors
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(defined as the leading variables contributing to and distinguishing clusters) of cluster models ranging

from 2-12 clusters.

Glycaemic variation, brain biomarkers (Tau, UCH-L1, GFAP, S100B, NSE, and NFL), serum creatinine,
and oxygen saturation had the highest overall information content, expressed by weekly average Ml
between cluster index and feature, in describing trajectories during the first week of ICU stay in
patients with TBI (Fig 3, Table 2). A day-by-day analysis revealed these features as important on all
days. In contrast, mean ICP and sodium variation showed a greater importance on early days
(Supplementary Table 5, page 24). The results were consistent across models of 2 to 12 clusters.
Distributions of these features on each day are presented in Supplementary Fig 5 (Supplement page
31). Thus, glucose variability and brain biomarkers were consistently the main descriptors of ICU

trajectory in TBI patients.

To evaluate a potential site effect, Ml of cluster membership and site was calculated in a post-hoc

analysis and indicated an Ml value on par with the ninth most important clustering variable.

Although the primary aim was not to identify subgroups with different outcomes, the outcomes in the
different trajectory clusters differed substantially, with a, the most benign trajectory being associated
with a 6-month mortality of 4% (n=16) and a 6-month unfavourable outcome of 18% (n=78) and the
most pathological cluster ({) associated with 65% (n=134) mortality and 85% (n=174) unfavourable
outcome (Fig4). 41% of patients following trajectory C died within 7 days post-injury, while the majority
of patients following trajectory a were discharged at that timepoint. Similar patterns were seen in
models of all numbers of clusters (Supplementary Fig 7, page 26). Moreover, the cluster assignments
are seen to add substantial ability to discriminate both mortality and unfavourable outcome in logistic
regression models including the IMPACT prediction variables (Supplementary Table 7). The addition
of cluster assignments for twelve clusters was associated with the highest increase in bias-adjusted

Nagelkerke’s R?, from 0-44 to 0-53 (bootstrap SE +0-02) for mortality, and from 0-36 to 0-45 (+0-02) for

11
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unfavourable outcome — showing that unsupervised clustering discriminates trajectories that are

related to outcome.

Discussion

We have applied an unsupervised temporal clustering method to a large cohort of TBI patients treated
in the ICU to investigate trajectories. The main finding is that glucose variation and biomarkers are
consistently the best performing descriptors of ICU trajectories — features that have previously
received relatively little attention in clinical practice. In addition, ICP mean, CSF drainage volume,
creatinine, sodium variation and oxygen saturation were important descriptors of trajectories at earlier

periods of the ICU stay. These findings have possible clinical implications.

The importance of glycaemic variability, rather than absolute values, has received limited investigation
earlier, but has been shown to correlate with worse outcomes in general ICU cohorts and TBI ICU
cohorts.?r2 However, the mechanistic and causal relations between glycaemic variation and outcome
are little understood and have not impacted treatment practices. Possible mechanistic explanations
may be multifactorial representing several processes and include biological toxicity due to oxidative
stress triggered by changing glucose levels, neuronal and mitochondrial damage, modulation of
haemostasis, a direct association with greater sympathetic stimulation, a metabolic biomarker of injury
severity, or simply a reflection of less attentive care in general.?#?* This study suggests that glucose
variation, rather than absolute values is a key variable to distinguish ICU trajectories and warrants a
more extensive and targeted investigation in the future to better understand metabolic profiles,

causes and effects.

Serial biomarkers have earlier been related to both outcome and secondary insults in TBI patients, but

little has yet been implemented into clinical practice.'***?” Our study suggests a surprisingly high
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impact of biomarkers as descriptors of trajectories. Biomarkers levels can be assumed to represent
ongoing processes of brain injury reflecting both neuronal or glial release (depending on biomarker)
that alone or in combination?® could reflect disease evolution, treatment effects or both. This suggests
that levels and trajectories of biomarkers should also be further explored as surrogate outcome
measures in TBl. Our study demonstrates that the dynamic evolution of protein biomarkers are key
descriptors of trajectories and may provide an important first step towards individualised medicine in
TBI care, recognizing that the predictive value of serial biomarkers needs to be evaluated in external

data sets.

That sodium variation is an important descriptor of early ICU stay could be a biological effect, but
probably more reflects aggressive use of hypertonic saline boluses to treat increased intracranial
pressure. Harrois and colleagues have identified an association between sodium variability and
mortality,? and rapid changes in sodium levels may induce osmotic neuronal injury. We hypothesise
that as an important descriptor of ICU trajectories in TBI patients, sodium variation is more highly

related to treatment intensity than biological effects.

Outcome was concealed from our clustering approach. Despite this, the identified trajectories did have
a strong association with outcome. In the model of six clusters, the most benign trajectory () had a
mortality of 4%. In comparison, the most severe trajectory ({) exhibited a mortality of 65%. This
finding, combined with the fact that the cluster indices greatly improved outcome prediction using
canonical IMPACT variables, provides evidence that disease course and clinical trajectory during the
first week in ICU are independent markers of long-term outcome. The improvement in prediction of
functional outcome was 25% over baseline (an increase in Nagelkerke’s R? from 0-36-0-45 for
unfavourable outcome) - critical in conceptual terms, since the events post-admission are more readily

modifiable by therapy, and present more tractable targets to improve outcome.

We were unable to definitively specify an optimal number of trajectories. There is no guarantee of an

optimal count of clusters. In many situations a hierarchy of clusterings can be found, where each
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cluster can be further subdivided in smaller clusters, and it is subjective when to stop. Indeed, rather
than the absolute number of trajectories, the most important insights provided by our study relate to
the features that appeared to be of importance when describing trajectories during the first week of

ICU stay in a cohort of patients with TBI.

Cluster and site shared some information, with the mutual information on par with the ninth most
important cluster variable. The estimate of the mutual information is likely inflated since the covariate
"site" had 54 categories. Moreover, any site effect does not exclude a generalizable biological
underpinning of the cluster variables. Further explorations by site could potentially form a basis for

future comparative effectiveness research and precision medicine approaches.

We must address several limitations in our manuscript. Several of the features used in the analysis had
a large proportion of missing data (Supplementary Table 2, pp 8-14), as data were collected in the
context of the observational study CENTER-TBI, reflecting clinical practice, and it is impossible to be
certain this did not bias our results. For example, given the study’s observational nature, biomarkers
were more frequently sampled in patients with a more severe head injury, a subgroup with longer ICU
stays. In addition, follow-up CT scans had not been systematically reported in the version of the
CENTER-TBI dataset that we used and the strategy of last observation carried forward imputation may

have underestimated dynamic intracranial pathologies identifiable on CT scans.

Although the aim was to describe trajectories during the first week of ICU stay, we included patients
with less than seven days of stay. This might have biased the analyses as patients in this cohort with
short stays in ICU (£ 72 hours) have been shown to receive less ICP monitoring and mechanical
ventilation.®® However, as we did not feed the model with information of why a patient was discharged
(dead or discharged to a ward, either as a consequence of being stable enough not needing intensive
care or withdrawal of care), we believe the influence of ICU length of stay is limited. Our analysis
strategy provides important information about the behaviour of patients being discharged within one

week of ICU admission.
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Acknowledging these limitations, the clustering method used in our study identified dynamic disease
trajectories in TBI during the first week of ICU stay. Although a distinct number of clusters could not
be identified, the main descriptors of TBI trajectories in this large ICU cohort were highly consistent
over a range of cluster numbers. This is a clinically novel finding demonstrating that the patient course
is to some extent stereotyped. Importantly, glucose variation and temporal biomarker profiles were
the main clinical descriptors of ICU disease trajectories. Moreover, membership of a particular disease
trajectory cluster was related to outcome which suggests biological relevance. These results suggest
the need for more detailed investigation of the magnitude and mechanisms of which glucose values
and variation may impact outcome in TBl. We further demonstrate the substantial discriminating
power of serial biomarker measurements above clinical findings. This new result speaks to the clinical
utility of serial biomarker measurements as part of future monitoring of TBI patients in the ICU. Indeed,
the feature importance given to these suggests that consideration should be given to incorporating a
panel of serial biomarkers into routine clinical practice as our work demonstrates that the clinical state
is incompletely described without them. To prove clinical feasibility, the results need however to be
validated in external cohorts and whether these trajectories are actionable will require prospective
study. Nevertheless, these findings may be a first step to identify variables required to follow TBI
trajectories in the ICU and with which to inform future targeted medicine approaches in this vulnerable

patient group and complex disease.
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Figure 1: The modelling process. Models clustering two to twelve trajectories (clusters) were created
separately. To converge on the best models for every number of clusters, initially, ten models of two
clusters were created, with 100 patients randomly assigned to each of the two clusters from start. The
trajectory cluster assignments for patients in the model with highest log likelihood (represented by a
purple circle) was then used as seed to create models of three clusters — again, 100 randomly selected
patients in each cluster were randomly selected from start, and in addition, 100 randomly selected
patients were assigned to an incremental cluster. This optimization process was then repeated for up
to twelve clusters. To assess model stability, all steps were repeated 25 times to generate 25 models
of each number of clusters. Stability was assessed through cluster similarity index for each number of
clusters. Importance of features was then assessed by averaging mutual information (Ml) over the 25

models for each number of clusters. N=Number of clusters.

Figure 2: Flowchart of patient selection for the analysis. ER=Emergency room. ICU=Intensive care unit.

Figure 3: Distribution of features stratified by trajectory cluster and day. The features GCS Score,

Dead and Discharged were not included in the clustering, but are illustrated here for reference. All

values are normalized by (xs_dx). * indicates the ten features with highest mutual information.

Figure 4: Distribution of outcomes per cluster and admission patterns. A: o, the most benign
trajectory, had an overall mortality of 4% (n=16), while C, the most malign trajectory, had a mortality

of 65% (n=134). B: In trajectory o, most patients were discharged during the first week of ICU stay
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(86% (n=377)). Trajectory { had very few patients being discharged alive during the first week, but 42%

(n=86) died during the same period. Trajectory cluster € had the largest proportion of patients still in

ICU 7 days post-injury (70% (n=180)).
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Research in context

Evidence before this study

The PubMed database was searched with the string “traumatic brain injury” AND (“clustering” OR
“trajectory”) from database inception to July 17, 2023 to identify previous relevant studies. Several
cross-sectional studies have aimed to identify patients with a traumatic brain injury who might benefit
from different treatment approaches. Few studies have focused on the temporal evolution of TBI
during the first days after injury. We identified 14 studies describing disease trajectories in acute
traumatic brain injury. Most focused on single trajectories of intracranial pressure, biomarkers,
proteomics, or neuroinflammation, and only one previous multivariate time series study assessed
composite patterns. We identified one study that described pathophysiological trajectories in acute
TBI in the multicenter observational TRACK-TBI cohort. Three longitudinal disease trajectories were
found in this study by grouping patients according to a large number of clinical features, including
baseline demographics and time-series features. These trajectories were associated with different

clinical and outcome profiles. However, this study did not include brain injury biomarkers.

Added value of this study

To the best of our knowledge, our study is the first to describe pathophysiological trajectories in
traumatic brain injured patients requiring intensive care in a large multicenter cohort. We identified
the utility of glucose variation and a panel of brain biomarkers (ubiquitin carboxy-terminal hydrolase
L1 (UCH-L1), S100 calcium-binding protein B (S100B), Tau, neurofilament light (NFL), glial fibrillary

acidic protein (GFAP) and neuron-specific enolase (NSE)) as the key descriptors of disease trajectories.

Implications of all the available evidence
Multidimensional temporal patterns in disease trajectories can be identified in patients with TBI and
severe trauma using physiological parameters, adding valuable information towards outcome beyond

admission features alone. Although glucose levels are associated with TBI outcomes, glucose variability



has been less investigated. Glucose variation is found in our study to be the most important descriptor
of ICU trajectories warranting future study on pathophysiological mechanisms and potential treatment
targets. Moreover, our study, in combination with previous studies solely focusing on brain biomarker
longitudinal trajectories, highlights the utility of serial brain biomarkers in TBI, suggesting
incorporation of these measures in clinical care. The characterisation of disease trajectories and clinical

progression of TBI could be an important step towards future targeted therapeutic approaches.



Tables

Table 1: Patient characteristics.

N patients
Age
Sex

ICU Length of stay

Total ISS

GCS Total score at arrival
Pupil Reactivity

ICP monitoring

Intubated

Creatinine, max [pg/L]

Glucose, mean first day [mmol/L]
ICP, mean [mmHg]

SpO0,, arrival [%]

Sodium, mean [mmol/L]
Rotterdam CT score

Daily TIL, max

GOS-E at 6 months

Female
Male

Both reacting
One reacting

Both unreactive

1728
52 (33, 67)

459 (27)
1269 (73)
7(2, 16)
29 (25, 41)
9 (4, 14)

1403 (81)

114 (7)

211 (12)

749 (43)

1366 (79)

77 (64-5, 94)
7-7 (65, 9-2)
11-7 (8-2, 15-3)
99 (96, 100)
141 (139, 144)
3(3,4)

4 (1, 10)
5(3,7)



1 388(22:5)
20r3 268(15-5)
4 123(7-1)
241 (13-9)
214 (12-4)
229 (13-3)
265 (15-3)
IMPACT predicted mortality [%] 22-1(10-7, 40-2)

© N O Wn

Data are median (IQR) or n (%). ICU=Intensive care unit. ISS=Injury severity score. GCS=Glasgow coma scale. ICP=Intracranial pressure. SpO,=0xygen

saturation. TIL=Therapy intensity level. GOS-E= Glasgow outcome scale extended. IMPACT= International Mission for Prognosis and Analysis of Clinical trials

in TBI.



Table 2: The ten most important features describing trajectories in models of two to twelve clusters.

2

A Glucose
Creatinine
A Sp02
Tau

SpO,; mean
S100B

NFL
UCH-L1

A pH

GFAP

A Glucose
Creatinine
Tau
UCH-L1

A SpO,
GFAP

NFL

A pH
S100B

3

Sp0O; mean

A Glucose
Tau
Creatinine
UCH-L1
GFAP

A SpO,
NFL
S100B
NSE

4

Sp0O; mean

A Glucose
Tau
UCH-L1
GFAP
Creatinine
NFL
S100B

A SpO,
NSE

5

Sp0O,; mean

A Glucose
Tau
UCH-L1
GFAP

NFL
S100B
Creatinine
A SpO,
NSE

6

Sp0O,; mean

A Glucose
Tau
UCH-L1
GFAP

NFL
Creatinine
S100B

A SpO,
NSE

7

Sp0O,; mean

A Glucose
Tau
UCH-L1
GFAP

NFL
S100B
Creatinine
A SpO,
NSE

8

Sp0O,; mean

A Glucose
Tau
UCH-L1
GFAP
S100B
NFL
Creatinine
A SpO,
NSE

9

Sp0O,; mean

10
A Glucose
Tau
GFAP
UCH-L1
NFL
S100B
Creatinine
A SpO,
NSE

Sp0O,; mean

11

A Glucose
Tau

GFAP
UCH-L1
S100B
NFL
Creatinine
NSE

A SpO,
Lactate

12

A Glucose
Tau

GFAP
UCH-L1
NFL
S100B
Creatinine
A SpO,
NSE
Lactate

Feature importance was assessed with mutual information (Ml). Features or descriptors of trajectories are ranked in falling order of Ml values. The top ten

features are shown for models ranging from two to twelve clusters. Glycemic variation, the brain biomarkers Tau, UCH-L1, GFAP, S100B, NSE and NFL,

creatinine and oxygen saturation are seen to have the highest overall average information content in describing trajectories during the first week of ICU stay

in patients with TBI. The main parameters were largely consistent for models of two to twelve clusters and can be seen to additionally stabilize with an

increasing number of clusters with creatinine and oxygen saturation losing importance with an increasing number of clusters. SpO,=0xygen saturation.

NFL=Neurofilament light. NSE=Neuron-specific enolase. 5100B=5100 calcium-binding protein B. GFAP=Glial fibrillary acidic protein. UCH-L1=Ubiquitin carboxy-

terminal hydrolase L1.
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Patients in ER or
Admission stratum
N=2,371

Patients enrolled in
CENTER-TBI core study
N=4,509

<18 years old
N=132

A4

Patients in ICU stratum
N=2,138

Missing outcome at 6
months
N=278

N

N

Patients included in
analysis
N=1,728




e 2
e Sco‘e

OSE\J
Gosw,\o( Score
& N 39 Core

'\0““

(5\u00
% a““me
N
ar\

9\'\

° 20%
b\”"c’o{z
e

Feature

\'\\4959\1“ 5
“\a

e
0\665\’(\03 oo
X oLk

;\s t\e
N\ 6\
~ &\ —( p\\

;v

o<>‘“
o\‘\

B
Y
3
€
4
e\ﬂd“a
S
02
46
02
46
0
246 02
e 46
v 02
46
02
46

Nort
malized val
ue

Low
High




1.00

0.7

[}

Percentage
o
(é)]
o

0.2

[&)]

0.00

a B Y ) € 4
Trajectory

GOS-E 6 months

. 1

2,3

4
5
6
7
8

count

40

30

20

10

10

7

5

2

20

10

o

o

o

o

(=}

o

]

o

[¢)]

o

o

o

o

500

N
o

0

w
o

0

N
o

0

-
o

0

a B
Y 5

€ ¢
0 2 4 6 0 2 4 6

Timepoint

o

200

-
o

5

-
o

0

5

o

o

200

-
o

5

-
o

0

5

o

o

ICU Status

. Dead
. Discharged
B cu




Supplementary Material

Technological detils Of DIOMAIKEE QNIGIYSIS ..........cc.eeeueeiieeieeeeee ettt ettt ettt et s at e e at e s at et e bt e te e teesteeatteat e s at e e ut e eus e e bt e bt e bt e st e st e st et e eateeaseeuteautesutesueeaaeenseenseanseens 2
LR (VR =14 ol I Lo e L= OO SOOI 3
SUPPIEIMENTAIY TADIES ...ttt ettt ettt ettt et et e st et e st e a st s at e s at e et e et e e e bt e st e st e st e at e e et e e et e e ateeuteeueeeae e st e st e a st e a s e e ateeataeatesatasatesaeeabeebeeabeenteentasnsaeanesaes 6
Y07 eT o) (T aa Tl a 1 (e L e 1Y L =X OO OO TP 27
The CENTER-TBI pArtiCiDANES QNG INVESTIGALONS .......coueeeuieeeieeeieeieeeeee sttt ettt ettt s et sa e s ae e s st e aeete et e ateestesateeatesuteeae e st e te e ke e ateeatseatesat e eataeae et e e bt e e ease e st emtteateeatesasastnesseaaeen 33



Technological details of biomarker analysis

The biomarker analysis is described in detail in Czeiter E, Amrein K, Gravesteijn BY, et al. Blood biomarkers on admission in acute traumatic brain injury: Relations to severity,

CT findings and care path in the CENTER-TBI study. EBioMedicine 2020; 56: 1-11.

Blood samples were centrifuged within 60 minutes from collection and stored at -80 °C. S100B and NSE were measured using an electrochemiluminescence immunoassay kit
(ECLIA) (Elecsys S100 and Elecsys NSE assays) on the e 602 module of Cobas 8000 modular analyzer (Roche Diagnostics, Mannheim, Germany) at the University of Pecs
(Hungary). UCH-L1, GFAP, tau, and NFL were measured with an ultrasensitive immunoassay (Single Molecule Arrays, SiMoA) at the University of Florida (USA). To avoid

repeated thawing, separate aliquots were sent to the different sites, and all analyses were performed in one round of experiments using the same batch of reagents.



The clustering model

To cluster high-dimensional, longitudinal and heterogeneous data such as in this study is complex and provides substantial computational challenges. In this study we have used
a mixture of probabilistic graph models,!> which is well suited for this. In addition, it can handle both continuous and discrete features. Furthermore, by representing the

longitudinal features as Markov chains, only dependencies between consecutive days need to be considered, significantly reducing complexity.

Each graph comprised the univariate probability distributions for all features on each day. Compensating factors (involving the joint distributions) were introduced for pairs of
features on admission day with a correlation coefficient > 0-4 (i.e., age together with ASA-PS class pre-injury, age together with anticoagulant or anti-platelet treatment, and

base excess together with pH) as well as compensating factors for longitudinal features on consecutive days.

In a mixture model, the complete distribution over the observed features X is written as a weighted sum of component distributions, here interpreted as clusters:
P(X) = X;mP(X|c)) O]

where ¢; indicates that the cluster index is j and 7; is the probability of a sample to belong to that cluster. Each cluster distribution is in turn modelled as a probabilistic graph. In
a probabilistic graph model it is assumed that statistical dependencies between features can be described as an acyclic graph. Then the joint distribution over X can be expressed
as a product of powers of distributions over subsets of the features. More specifically, if L is the set of pairs of features (i , 7) in the acyclic graph, the joint probability of cluster

¢j is expressed as:

_ P(xi,lxi”|cj-)
P(X|¢;) = I P(xilep) Tgir irmyen R 2

A special case of this is when there is a (first order) Markov dependence between features, such that each feature is only directly dependent on the previous feature in an ordered

sequence of features Z; = {Zi,p s zi‘T}:

Mi-» P(Zi t—1 Zit) Cj)
- - 3
723 P(2i.c|c)) @)

P(Zi|Cj) = P(Zi,1|Cj) H?:z P(Zi,t|zi,t—1'cj) =



The reason for using a graph model, instead of using the joint distribution over all features (such as e.g. a multivariate Gaussian distribution), is that it dramatically reduces the
number of free parameters, which is critical for clustering stability. Furthermore, to avoid clusters tending to zero probability or zero variance (which is otherwise a common
problem in statistical clustering), a Bayesian approach was used: The distribution over the full dataset was used as a prior when estimating the distributions in each separate

cluster.

Finding the optimal number of clusters

Reliably finding clusters in high dimensional data is a challenging task. In this study, we used the expectation maximization (EM) algorithm!* to estimate cluster membership
probabilities and cluster parameters. One risk with the EM algorithm is that of getting stuck in local optima. One way to solve this is to run the algorithm several times from
random starting points, picking the result which fits the data the best (as defined by the highest log-likelihood). How many models to create in this way is a tradeoff between

computational time and optimality requirement.

To find a suitable count of clusters, we used a cluster stability approach (Fig 1). Ten models of two clusters were created with random starting points. The starting points were
acquired by randomly assigning a certain number (here 100) of patients to each cluster. EM will then iteratively reshuffle the patients between the clusters to try to find a better
fit. After running EM, the model with the best log likelihood out of the ten models was picked. In the next iteration, this selected model was used as a starting point for creating
ten new models, each with a third cluster added and initialized by randomly assigning patients to it. Again, after running EM the best of these ten models was picked. This
procedure was repeated, successively adding clusters up till 12 clusters per model. To be able to assess cluster stability, this entire procedure was repeated 25 times, yielding 25

picked models of each cluster count from 2 to 12.

We then calculated the median cluster similarity index* (CSI) for each number of clusters (defined as the proportion of patients with cluster assignment agreement, with a higher
CSI indicating more stable clustering), and a penalty of 1/n was subtracted to adjust for the higher CSI naturally expected with fewer clusters. The optimal number of clusters

was sought based on attempting to maximise CSI as well as clinical feasibility and sufficient cluster membership numbers.



Feature selection
To determine the importance of features included in the model, mutual information (MI)!* was calculated between values of each feature and trajectory cluster label. MI is a
measure of how much the distributions of the values of a feature differ between the clusters, and is defined as the difference between entropy (H) of a variable (trajectory cluster

label, X) and the conditional entropy of the same variable given another feature (clinical variable, ),

I(X;Y) = H(X) — HX|Y) (4)

A higher number indicates better discrimination between the clusters.

References

1 Holst A. The Use of a Bayesian Neural Network Model for Classification Tasks. 1997.

2 Akerlund CAI, Holst A, Stocchetti N, et al. Clustering identifies endotypes of traumatic brain injury in an intensive care cohort: a
CENTER-TBI study. Crit Care 2022; 26: 1-15.

3 Dempster AP, Laird NM, Rubin DB. Maximum Likelihood from Incomplete Data Via the EM Algorithm. Journal of the Royal
Statistical Society: Series B (Methodological) 1977; 39: 1-22.

4 Lange T, Roth V, Braun ML, Buhmann JM. Stability-based validation of clustering solutions. Neural Computation 2004; 16: 1299—
323.

5 Shannon CE. A Mathematical Theory of Communication. Bell System Technical Journal 1948; 27: 379-423.



Supplementary Tables

Supplementary Table 1: Features included in the model.

Pre-injury features

Age*

Sex

ASA-PS class pre-injury

Anticoagulants or antiplatelet treatment pre-injury

Clinical presentation
GCS Eye score

GCS Motor score*
GCS Verbal score
Pupillary reactivity*
Heart rate**

MAP**

ICP**

Body temperature®*

CT characteristics
TAI
EDH

aSDH

Injury characteristics
Type of injury

Cause of injury

Monitoring and treatments

ICP monitoring

Intubation

Fluid balance

Head elevation for ICP control

Nursed flat for CPP management

Sedation Therapy

Neuromuscular block for ICP management
Fluid loading for ICP management
Vasopressors

Hyperventilation therapy for ICP management
Mannitol bolus

Hypertonic saline bolus

Temperature control for ICP management
Surgery for ICP management
Decompressive craniectomy

CSF drainage volume

Lab
Lactate***
Base excess***
PaO**
SpO,**
PaCO**
pH* *
Albumin
Sodium**
Glucose**
Platelet count
Creatinine
Haemoglobin
S100B

NSE

GFAP
UCH-L1

Tau

NFL



Contusion Secondary insults

Rotterdam CT Score Seizures

Fisher CT classification Episode of hypocapnia
Episode of hypotension

Episode of hypoxia

ASA-PS=American society of anesthesiologists’ physical status classification. BMI=Body Mass Index GCS=Glasgow Coma Scale. MAP=Mean arterial pressure.
ICP=Intracranial pressure. TAI=Traumatic Axonal Injury. EDH=Epidural hematoma. aSDH=Acute subdural hematoma. CT=Computed tomography. CPP=Cerebral perfusion
pressure. CSF=Cerebrospinal fluid. PaO.=Arterial partial pressure of oxygen. SpO>=Oxygen saturation. PaCO,=Arterial partial pressure of carbon dioxide. S100B=S100
calcium-binding protein B. NSE=Neuron-specific endolase. GFAP=Glial fibrillary acidic protein. UCH-L1=Ubiquitin carboxy-terminal hydrolase L1. NFL=Neurofilament
light. *Feature included in the IMPACT core model, ** Daily mean and difference between daily max and min was included in the model, *** Only available at hospital

admission.



Supplementary Table 2: Description of features.

Feature

Description Unit Imputation

Type

Data available (before imputation)

Data available (after imputation)

Timepoint

Day post injury
(difftime("1969-12-
31",Date)

1

2

3

4

5

1

2

3

4

5

Patients in ICU

gupi

Discharged

Dead

Intub

ICPMonitor

ICPMonitorYes

GCSEyes
GCSMotor
GCSVerbal
GCSScore

PupilResponse

Seizures

Hypocapnia

Number of patients still in
ICU
ID

set to 1 on disch date and
later. Set to 0 if discharge
date > timepoint or
is.na(discharge date)

set to 1 on death date and
later. Set to 0 if death date >
timepoint or
is.na(death.date)

set to 1 on intubated days.
On TP=0, set to 1 if
EDAirways=5 or 6
(intubated or mechanical
ventilation)

0=No, 1=Ventricular,
2=Ventricular+Parenchymal,
3=Parenchymal,
99=Unknown. See below
table for explanation of
classification of other.
0=No.
1=ICPMonitorType>1.

If prehosp, "Best" LCF

If prehosp, derived variable LCF

If prehosp, "Best" LCF

LCF

Derived. Best score: 0=both NAO
reacting, 1=One unreacting,

2=both unreacting

Derived. 0=No. 1=Any type NAO
of seizure

Derived. 0=No. 1=Single or
multiple episodes of

hypocapnia

NAO

discr

discr

discr

discr

discr

cont

cont

cont

discr

discr

discr

1728

1728
1728

1728

1728

1728

1728

1304
1685
1300
1636
1633

1648

1683

1683
1683

1683

1683

1683

1683

894

840

573

567
984

994

972

1419

1419
1419

1419

1419

1419

1419

1180

1096

677

671
1293

1295

1295

1224

1224
1224

1224

1224

1224

1224

1025

941

559

555
1127

1131

1135

1093

1093
1093

1093

1093

1093

1093

896

817

469

463
990

1002

1010

1001

1001
1001

1001

1001

1001

1001

827

755

419

413
919

922

923

930

930
930

930

930

930

930

778

715

379

372
849

863

866

873

873
873

873

873

873

873

728

683

345

345
784

801

804

1728
1728

1728

1728

1728

1728

1304

1685

1300

1636
1728

1728

1728

1683
1683

1683

1683

1683

1683

1475
1654
1412
1608
1683

1683

1683

1419
1419

1419

1419

1419

1419

1372

1399

1272

1359
1419

1419

1419

1224
1224

1224

1224

1224

1224

1191

1207

1096

1169
1224

1224

1224

1093
1093

1093

1093

1093

1093

1066

1076

979

1039
1093

1093

1093

1001
1001

1001

1001

1001

1001

979

985

903

954
1001

1001

1001

930
930

930

930

930

930
910
915
839
886
930

930

930

873
873

873

873

873

873

855

859

790

835
873

873

873




Feature Description Unit Imputation Type Data available (before imputation) Data available (after imputation)
Timepoint 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
Hypotension  Derived. 0=No. 1=Single or NAO discr | 1707 1007 1311 1155 1025 938 878 819 1728 1683 1419 1224 1093 1001 930 873
multiple episodes of
hypotension
Hypoxia Derived. 0=No. 1=Single or NAO 1707 1007 1311 1155 1025 938 878 819 1728 1683 1419 1224 1093 1001 930 873
multiple episodes of hypoxia
HRMax Vitals CRF. First HR for min™! cont
TP=0
HRMin Vitals CRF. min’! cont
HRDiff Calculated: HRMax-HRMin ~ min™ interpol cont 0 1048 1369 1190 1055 973 905 848 0 1048 1377 1204 1072 982 912 848
HRMean min’! interpol cont 1560 1048 1369 1190 1055 973 905 848 1560 1592 1396 1204 1072 982 912 848
MAPMax Max calculated MAP from mmHg cont
Vitals and HV. SBP set to
NA if outside range 300-30,
DBP <10. (SBP+2*DBP)/3
MAPMin Min calculated MAP from mmHg cont
Vitals and HV
MAPMean Mean of HourlyValues mmHg interpol cont 1577 1065 1371 1191 1059 974 909 847 1577 1604 1393 1200 1068 979 910 847
calculated two-hourly MAP
MAPDiff mmHg interpol cont 0 570 944 858 750 697 635 579 0 570 955 870 773 712 645 579
ICPMax HourlyValues CRF. One mmHg cont
patient with comment
"EVD, ICP in mmH20", the
recorded ICP values were
divided by 1.3595 (cmH20 -
>mmHg). Set to NA if
outside range -10 - 140.
ICPMin HourlyValues CRF. One mmHg cont
patient with comment
"EVD, ICP in mmH20", the
recorded ICP values were
divided by 1.3595 (cmH20 -
>mmHg). Set to NA if
outside range -10 - 140.
ICPMean Mean of HourlyValues mmHg interpol cont 0 347 681 658 591 542 488 427 0 347 686 668 608 554 491 427

calculated two-hourly ICP.
One patient with comment
"EVD, ICP in mmH20", the
recorded ICP values were
divided by 1.3595 (cmH20 -
>mmHg). Set to NA if
outside range -10 - 140.




Feature Description Unit Imputation Type Data available (before imputation) Data available (after imputation)
Timepoint 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
ICPDiff ICPMax-ICPMin each day. mmHg interpol cont 0 347 681 658 591 542 488 427 0 347 686 668 608 554 491 427
TempMax  First temp for TP=0 °C cont
TempMin °C cont
TempMean Calculated if >1 temperature = °C interpol cont 818 970 1357 1179 1049 970 902 841 818 1286 1383 1203 1070 981 910 841
value each day
TempDiff Calculated: TempMax- °C interpol cont 0 970 1357 1179 1049 970 902 841 0 970 1368 1202 1070 981 910 841
TempMin
PaO:Max kPa cont
PaO:Min First PaO2 for TP=0 kPa cont
PaO:Mean If PaO2Mean>55, divided kPa interpol cont 967 799 1207 1014 909 838 790 733 969 1196 1241 1069 958 881 815 733
by 7.5 (conversion from
mmHg to kPa). If >100, set
to NA
PaO:Diff Calculated: PaO,Max- kPa interpol 0 799 1207 1014 909 838 790 733 0 799 1220 1067 958 880 814 733
PaO:Min
SpO:Max % cont
SpO:Min First SpO2 for TP=0 % cont
SpO:Mean  If Sp02<50, set to NA. % interpol 1510 1039 1368 1186 1051 967 900 844 1510 1577 1393 1203 1070 979 910 844
SpO:Diff Calculated: SpO.Max- % interpol 0 1039 1368 1186 1051 967 900 844 0 1039 1376 1203 1070 979 910 844
SpO:Min
PaCO:Max First PaCO; for TP=0 kPa cont
PaCO:Min kPa cont
PaCO:Mean If PaCO:Mean >15, divided  kPa interpol cont 969 799 1207 1016 910 841 790 733 969 1196 1244 1071 957 880 814 733
by 7.5 (conversion from
mmHg to kPa). If >30, set to
NA.
PaCO:Diff Calculated: PaCO,Max- kPa interpol 0 799 1207 1016 910 841 790 733 0 799 1221 1067 957 880 814 733
PaCO:Min
pHMax  First pH for TP=0. Set to cont
NA if <6
pHMin cont
pHMean interpol 969 803 1207 1013 908 839 792 733 967 1194 1242 1070 958 880 814 733
pHDiff interpol 0 803 1207 1013 908 839 792 733 0 803 1219 1066 958 881 815 733
AlbuminMin g/L cont
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Feature Description Unit Imputation Type Data available (before imputation) Data available (after imputation)
Timepoint 1 2 3 4 5 6 7 1 2 3 4 5 6 7
AlbuminMean  Set to NA if >100. g/L interpol cont 643 744 626 529 469 390 286 643 807 716 617 533 421 286
SodiumMax  First sodium for TP=0. Set mmol/L cont
to NA if >185.
SodiumMin mmol/L cont
SodiumMean Calculated if >1 sodium mmol/L interpol cont 1304 1273 1070 936 857 700 525 1304 1317 1118 987 892 717 525
value one day
SodiumDiff Calculated: SodiumMax- mmol/L  interpol cont 1304 1273 1070 936 857 700 525 1304 1317 1118 987 892 717 525
SodiumMin
GlucoseMax  First glucose for TP=0 mmol/L cont
GlucoseMin mmol/L cont
GlucoseMean Calculated if >1 glucose interpol cont 1249 1164 952 824 758 623 465 1249 1234 1027 900 812 644 465
value one day
GlucoseDiff Calculated: GlucoseMax- interpol cont 1249 1164 952 824 758 623 465 1249 1234 1027 900 812 644 465
GlucoseMin
PlateletMin *10°L cont
PlateletMean *10°/L interpol 1300 1284 1077 940 837 685 519 1300 1328 1128 985 884 706 519
CreatinineMax pmol/L cont
CreatinineMean  Set to NA if <10. umol/L interpol cont 1299 1259 1054 919 823 687 511 1299 1314 1123 985 880 706 511
HbMin Hb first for TP=0. Set to NA  g/L cont
if outside range 20-210.
HbMean g/L interpol cont 1322 1306 1092 955 860 703 529 1322 1339 1137 991 898 719 529
TAI  From central review. LCF discr 1340 142 19 13 4 3 2 1340 1246 1071 957 876 813 759
Derived: If missing, imputed
by last value carried
forward.
EDH From central review. LCF discr 1338 142 19 13 4 3 2 1338 1245 1071 957 876 813 759
Derived: If missing, imputed
by last value carried
forward.
aSDH  From central review. LCF discr 1337 141 19 13 4 3 2 1337 1242 1070 957 876 813 759
Derived: If missing, imputed
by last value carried
forward.
Contusion  From central review. LCF discr 1339 141 19 13 4 3 2 1339 1245 1070 956 875 812 758

Derived: If missing, imputed
by last value carried
forward.
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Feature

Description Unit

Imputation

Type

Data available (before imputation)

Data available (after imputation)

Timepoint

1

2

3

4

5

1

2

3

4

5

tSAH

From central review.
Derived: If missing, imputed
by last value carried
forward.

LCF

discr

1336

142

19

13

4

1336

1242

1067

953

873

810

757

RotterdamCTScore

MidlineShiftmm

MidlineShift
FisherClassification

TotalTIL
Position
PositionNursedFlat

SedationTherapy

NeuromuscBlock
CSFDrainageTherapy
CSFDrainageVol

FluidLoading

Vasopressor

HyperventTherapy

From central review

From central review. If >30 mm
mm, set to NA.
1=Yes, 0=No

From central review

Total Therapy Intensity
Level Score

Head elevation for ICP
control

Nursed flat for CPP
management

Derived. '0=No, 1=Low
dose required for mechanical
ventilation, 2=Higher dose
sedation for ICP control (not
aiming for burst
suppression), 3=Metabolic
suppression for ICP control
w high dose barbiturates or
propofol

Neuromuscular block.
0=No, 1=Yes.

0=No, 1=<120 ml/day, 2=
>=120 ml/day

Set to NA if ml
CSFDrainageTherapy==0
Fluid loading for
maintenance of cerebral
perfusion. 0 = No, 1=Yes
Vasopressor therapy
required for management of
cerebral perfusion

Derived. For ICP control:
0=No, 1=PaCO2 4.6-5.3 kPa
for ICP control, 2=PaCO2
4.0-4.5 kPa for ICP control,
3=PaC02<4 kPa for ICP
control

LCF
NAO

LCF

LCF

LCF

LCF

LCF

LCF

LCF

LCF

LCF

discr
cont

discr
discr
cont

discr
discr

discr

discr

discr

cont

discr

discr

discr

1353
402

402
1352
797

797

795

796

797

793

51

797

797

797

431
225

225
431
1157

1157

1154

1157

1157

1154

104

1156

1157

1156

64
52

52
64
1002

1004

1002

1002

1004

1001

129

1003

1003

1002

29
43

43
29
897

898

896

896

897

895

109

896

896

895

20
26

26
20

822

822

820

821

821

820

120

821

821

820

17
27

27
17
758

758

756

757

758

758

117

758

758

757

23

23

710

710

708

710

710

709

123

710

709

709

1728

1353
1683

402
1352
797

797

795

796

797

793

51

797

797

797

1276
1419

440
1275
1157

1193

1190

1193

1193

1191

108

1192

1193

1192

1098
1224

397
1097
1002

1076

1074

1076

1076

1075

133

1075

1076

1075

981
1093

369
980
897

975

973

975

975

974

123

974

975

974

897
1001

340
896
822

900

898

900

900

899

125

899

900

899

833
930

321
832
758

842
840

842

842
842
121

841

842

841

12

780
873

304
779
710

793

791

793

793

793

123

792

793

792




Feature Description Unit Imputation Type Data available (before imputation) Data available (after imputation)
Timepoint 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
Mannitol  Derived. 0=No, 1=Mannitol LCF discr 0 797 1157 1003 896 821 758 710 0 797 1193 1076 975 900 842 793
< 2g/kg/24h, 2=Mannitol
>2g/kg/24h
Saline  Derived. 0=No, LCF discr 0 797 1157 1002 896 821 758 710 0 797 1193 1076 975 900 842 793
1=Hypertonic saline
<0.3g/kg/24h, 2=Hypertonic
saline >0.3g/kg/24h
Tempcontrol Derived. 0=No, LCF discr 0 797 1157 1003 897 821 758 710 0 797 1193 1076 975 900 842 793
1=Treatment of temp >38C
or spont temp <34.5, 2=Mild
hypothermia for ICP control
(>35C), 3=Hypothermia
<35C
ICPSurgery Intracranial surgery for LCF discr 0 797 1157 1003 897 822 758 710 0 797 1193 1076 975 900 842 793
progressive mass lesion, not
scheduled on admission
DecomprCran Decompressive craniectomy LCF discr 0 798 1157 1006 899 823 759 710 0 798 1194 1077 976 901 843 794
extracted from surgeries
CRF.
FluidBal = FluidIn-(FluidOutUrine + interpol discr 0 728 1111 973 869 806 741 691 0 728 1133 1019 909 840 771 691
FluidOutGastric +
FluidOutCSFDrain +
FluidOutOther). Set to NA if
out of range -10000 - 15000
S100B ng/L interpol cont 0 522 1062 646 300 253 151 22 0 522 1098 677 311 262 151 22
NSE ng/mL interpol cont 0 538 1068 653 298 251 150 22 0 538 1102 682 309 262 150 22
GFAP ng/mL interpol cont 0 561 1019 596 280 240 128 4 0 561 1056 632 295 247 130 4
UCH-L1 pg/mL interpol cont 0 542 1037 604 278 234 127 4 0 542 1074 640 293 241 129 4
Tau pg/mL interpol cont 0 542 1032 619 284 235 127 4 0 542 1070 649 297 245 129 4
NFL pg/mL interpol cont 0 564 1068 623 281 232 119 4 0 564 1103 655 295 240 121 4
Age cont 1728 0 0 0 0 0 0 0 1728 0 0 0 0 0 0 0
Sex 1=Male, 2=Female cont 1728 0 0 0 0 0 0 0 1728 0 0 0 0 0 0 0
ASAClass discr | 1650 0 0 0 0 0 0 0 1650 0 0 0 0 0 0 0
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Feature Description Unit Imputation Type Data available (before imputation) Data available (after imputation)

Timepoint 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
InjType 1=Closed, 2=Blast, discr | 1698 0 0 0 0 0 0 0 1698 0 0 0 0 0 0 0
3=Crush, 5=Penetrating,
6=Penetrating-perforating,
7=Penetrating-tangential,
8=Closed with open
depressed skull fracture
InjCause 1=Road traffic incident, discr | 1601 0 0 0 0 0 0 0 1601 0 0 0 0 0 0 0
2=Incidental fall, 3=Other
non-intentional injury,
4=Violence/assault, 5=Act
of mass violence, 6=Suicide
attempt
GOSE6mo  Imputed score discr | 1728 0 0 0 0 0 0 0 1728 0 0 0 0 0 0 0
HeadISS discr | 1728 0 0 0 0 0 0 0 1728 0 0 0 0 0 0 0
ExtracranISSHighest discr | 1728 0 0 0 0 0 0 0 1728 0 0 0 0 0 0 0
TotallSS discr | 1695 0 0 0 0 0 0 0 1695 0 0 0 0 0 0 0
Lactate At arrival. Not available mmol/L cont 826 0 0 0 0 0 0 0 826 0 0 0 0 0 0 0
inhospital
Anticoags At arrival discr | 1626 0 0 0 0 0 0 0 1626 0 0 0 0 0 0 0
BE  Atarrival. Not available cont 905 0 0 0 0 0 0 0 905 0 0 0 0 0 0 0
inhospital
BMI At arrival kg/m? cont 1210 0 0 0 0 0 0 0 1210 0 0 0 0 0 0 0

All features extracted from the CENTER-TBI dataset. In case of imputation, the method is described. Data on missingness is also provided in the table. *=Not included in analyses.
ICU=Intensive care unit, [CP=Intracranial pressure, GCS=Glasgow Coma Scale, HR=Heart Rate, MAP=Mean arterial pressure,PaO>=Arterial partial pressure of oxygen,
Sp0O2=0Oxygen saturation, PaCO,=Arterial partial pressure of carbon dioxide, Hb=Hemoglobin, TAI=Traumatic axonal injury, EDH=Epidural hematoma, aSDH=acute subdural
hematoma, tSAH=traumatic subarachnoid hemorrhage, CT=Computed tomography, CSF=Cerebrospinal fluid, SI00B=S100 calcium-binding protein B, NSE=Neuron-specific
endolase, GFAP=Glial fibrillary atrial protein, UCH-L1=Ubiquitine carboxy-terminal hydrolase L1, NFL=Neurofilament light, ASAclass=American society of anaesthesiologists’
physical status classification, GOSE6mo=Glasgow outcome scale extended at 6 months post-injury, [ISS=Injury severity score, BE=Base excess, BMI=Body mass index, LCF=Last

carried forward, NAO=Missings are imputed by 0, interpol=interpolation, discr=discrete, cont=continuous.
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Supplementary Table 3: Patient characteristics of clusters.

All patients o B Y S € 4
N patients 1728 438 506 119 202 206
Age 52(33,67) 52 (35, 65) 50 (32, 66) 51 (32, 65) 57 (35, 68) 51 (33, 65) 53(32,72)
Sex
Female 459 (27) 104 (24) 120 (24) 26 (22) 57 (28) 95 (37) 57 (28)
Male 1269 (73) 334 (76) 386 (76) 93 (78) 145 (72) 162 (63) 149 (72)
GOS-E at 6 months 5@3,7) 7(5,8) 5@3,7) 5(3,6) 5(1,6) 3(1,5) 1(1,3)
1 388(22-5) 16 3-7) 85 (16-8) 22 (18-5) 54 (26:7) 77 (30) 134 (65)
20r3 268(155) 31(7-1) 88 (17-4) 22 (18-5) 27 (13-4) 72 (28) 28 (13-6)
4 123(7°1) 31(7-1) 38 (7-5) 14 (11-8) 11 (5-4) 17 (6-6) 12 (5-8)
5 241139 55 (12-6) 82 (16:2) 20 (16-8) 31(15-3) 37 (14-4) 16 (7-8)
6 214(12-4) 73 (16-7) 71 (14) 13 (10-9) 30 (14-9) 21(8-2) 6(2-9)
7 229(13-3) 94 (21-5) 70 (13-8) 16 (13-4) 24 (11-9) 20 (7-8) 5(2-4)
8 265(15-3) 138 (31-5) 72 (14-2) 12 (10-1) 25 (12-4) 13(5'1) 5(2-4)
ASA-PS classification pre-injury
1 922 (53-4) 244 (55°7) 277 (54-7) 65 (54-6) 112 (55-4) 134 (52-1) 90 (43-7)
2 545(31-5) 137 (31:3) 163 (32-2) 38(31-9) 53 (26:2) 87 (33-9) 67 (32°5)
3 170(9-8) 41 (9-4) 45 (8-9) 13 (10-9) 22 (10-9) 21 (8-2) 28 (13-6)
4 13(0-8) 5(1-1) 2(0-4) NA 1(0-5) 2(0-8) 3(1-5)
NA 78 (4'5) 11 (2-5) 19 (3-8) 3(25) 14 (6-9) 13(5'1) 18 (8-7)
Anticoagulant or anti-platelet treatment pre-injury 282 (16:3) 76 (17-4) 73 (14-4) 19 (16) 35(17-3) 38 (14-8) 41 (19-9)
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All patients a B Y S € 4
Type of injury
Closed 1575 (91-1) 402 (91-8) 444 (87-7) 114 (95-8) 184 (91-1) 247 (96-1) 184 (89-3)
Blast 2 (0-1) NA NA NA 1(0-5) NA 1(0-5)
Crush 45 (2-6) 5(1-1) 23 (4-5) 3(2:5) 8(4) 1(0-4) 5(2-4)
Penetrating 14 (0-8) 4(0-9) 6(1-2) NA 3(1:5) NA 1(0-5)
Penetrating-Perforating 8 (0-5) 2 (0-5) 1(0-2) 1(0-8) 3(1-2) 1(0-5)
Penetrating-Tangential 1 (0-1) NA NA NA NA NA 1(0°5)
Closed with open depressed skull fracture 53 (3-1) 13 (3) 20 (4) 1(0-8) 3(1°5) 5(1-9) 11(5-3)
NA 30(1-7) 12 (2-7) 12 (2-4) NA 3(1:5) 1(0-4) 2(1)
Cause of injury
Road traffic collission 745 (43-1) 163 (37-2) 221 (43:7) 52 (43:7) 90 (44-6) 133 (51-8) 86 (41:7)
Incidental fall 700 (40-5) 199 (45-4) 207 (40-9) 46 (38:7) 77 (38:1) 89 (34-6) 82(39-8)
Other non-intentional injury = 58 (3-4) 14 (3-2) 20 (4) 6(5) 6 (3) 10 (3-9) 2 (1)
Violence/Assault 61 (3-5) 22(5) 12 (2-4) 5(4-2) 7(3-5) 7(2:7) 8(3-9)
Act of mass violence 1 (0-1) 1(0-2) 9(4-4)
Suicide attempt = 36 (2-1) 7(1-6) 9(1-8) 1(0-8) 5(2-5) 5(1-9) 19 (9-2)
NA  127(7-3) 32(7-3) 37(7-3) 9(7-6) 17 (8-4) 13 (5-1)
Pupil Reactivity
Both reacting 1403 (81-2) 412 (94-1) 432 (85-4) 100 (84) 154 (76-2) 186 (72-4) 119 (57-8)
One reacting 114 (6-6) 19 (4-3) 28 (5-5) 4(3-4) 24 (11-9) 20 (7-8) 19 (9-2)
Both unreactive 211 (12-2) 7(1-6) 46 (9-1) 15 (12-6) 24 (11-9) 51(19-8) 68 (33)
Extracranial ISS, highest 9 (0, 16) 4(0,9) 9(0, 16) 9(0, 16) 9(1, 16) 9(0, 16) 9(0, 16)
Head ISS 25 (16, 25) 16 (9, 16) 25 (16, 25) 25 (16, 25) 25 (16, 25) 25 (25,25) 25 (16, 25)
Total ISS 29 (25,41) 24 (16, 29) 32(25,43) 32-5 (25, 43) 34 (25, 45) 34 (25, 50) 38 (25, 57)
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All patients o B Y S € 4
ICP monitoring 749 (43-3) 27 (6-2) 261 (51-6) 73 (61-3) 91 (45) 166 (64-6) 131 (63-6)
Surgery for ICP control 145 (8-4) 10 (2-3) 38(7-5) 17 (14-3) 16 (7-9) 39 (15-2) 25 (12-1)
Intubated 1366 (79-1) 175 (40) 462 (91-3) 105 (88-2) 170 (84-2) 253 (98-4) 201 (97-6)
GCS Total score at arrival 9 (4, 14) 14 (12, 15) 8(3,13) 7(3,13) 8(4,13) 6(3,8) 43,9
GCS Motor score at arrival 5(1,6) 6 (5, 6) 5(1,6) 4 (1, 6) 4 (1, 6) 2(1,5) 1(1,5)
GCS Verbal score at arrival 2(1,4) 4(2,5) 2(1,4) 2(1,4) 2(1,4) 1(1,2) 1(1,2)
GCS Eye score at arrival 2(1,4) 43,4) 2(1,4) 2(1,4) 2(1,4) 1(1,3) 1(1,3)
Base excess -2:9(-57,-09)  -1:5(-3-2,0-2) -2:5(-5,0) -3:6 (-6, -1-9) -3-7(-6,-1-2) -3-1(-59,-1) -5-5(-10-1,-1-9)
Lactate [mmol/L] 2-2(1-4,3-4) 1-7(1-2,2:7) 2-1(1-4,3-3) 2-4(1-5,3-5) 2:4(1-6,4-1) 1-9(1-2,3) 3-4(2,6-8)
Body mass index [kg*m?] 24-8 (229, 25-3(22-9,27-7) 24-8 (22-9,27-6) 25-1(22-9,29-5)  24-7(23,27-8) 24-7(22-2,27-6) 24-7(22-5,27-7)
Creatinine [pmol/L] 2
Firstday 75 (62, 89) 76 (64, 88) 71 (60, 87) 79 (68, 89) 76 (64, 90) 68 (57, 82) 87 (68, 105)
Max any days 77 (64-5, 94) 76 (65, 89) 75 (62:75, 89) 80-5 (66, 96-25) 785 (65, 97-25) 73 (61, 86) 97 (76, 131-5)
Albumin, first day [g/L] 37 (32,41) 40 (37,43) 38(33,42) 35(32, 40) 35(31, 38) 36 (31, 39) 35(30, 38)
Glucose, mean first day [mmol/L] 7-7(6°5,9-2) 7(6°1,82) 7-5(6°5,8-9) 8-1(69,10-3) 7-8(6:6,9:7) 8:2(7-1,9-6) 9:1(7-3,10-9)
Glucose, A first day [mmol/L] 0(0,0-8) 0(0,0-1) 0 (0, 0) 0(0,2:3) 0(0,1-7) 0-2(0,2) 0(0,2°6)

Hemoglobin, first day [g/L]

Heart rate, A first day [min™']

Heart rate, mean day of injury [min™]

Hypocapnic event, any day
Hypotensive event, any day

Hypoxic event, any day

130 (115, 142)
22 (12, 34)
82 (71, 99)

76 (4-4)
557 (32-2)
489 (28-3)

138 (126, 147)
21 (10, 32)
80 (71,91)

3(0°7)
45 (10°3)
48 (11)

131 (118, 141)
20 (10, 28)
80 (70, 100)

17 3-4)
176 (34-8)
122 (24°1)

130 (111, 142)
22 (15, 35)

85 (72, 100)

6(5)
56 (47°1)
47 (39-5)

126 (112, 139)
29 (16, 47)
82 (70, 100)

16 (7-9)
101 (50)
104 (51-5)

121 (105, 135)
22 (13, 34)

84 (70, 100)

14 (5-4)
80 (31-1)
75 (29-2)

121 (103, 136)
27 (16, 43)
90 (76, 110)

20 (9:7)

99 (48-1)
93 (45-1)
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All patients a B y 8 € ¢
Seizures
day of injury 103 (5-96) 23(5-3) 32(6:3) 10 (8-4) 10 (5) 16 (6-2) 12 (5-8)
anyday 192 (11-1) 31(7-1) 65 (12-8) 15 (12-6) 29 (14-4) 34 (13-2) 18 (8:7)
Fluid balance [ml]
Firstday 469 (-185, 120 (-374, 587) 742 (-6, 1715) 764 (-59, 1734) 743 (-223, 1756) 360 (-205, 1232) 1179 (-130, 3430)
First week ;9‘35()0 3525) 0(0,987) 721 (-442, 3930) 1839 (0, 4584) 869 (0, 3688) 1601 (0, 4846) 2036 (0, 5558)
ICP, mean [mmHg]
Firstday 11 (6, 16) 15 (9, 18) 10 (6, 14) 10 (7, 14) 9(3,15) 10 (6, 16) 16 (11,28)
All days  11-7(8:2,15:3)  10-8 (7, 13-3) 11-2 (8, 14:1) 11-5 (9, 15) 9-7(5-9,13-1) 11-5(7-8,15-4) 15-3 (12, 24-4)
Max all days 15 (11, 19) 13 (8, 17-25) 15 (11, 18) 15 (11, 17) 13 (9, 16-25) 16 (11, 19) 20 (16, 36)
ICP, A [mmHg]
Firstday 6 (3,12) 6(0,11) 6(2,11) 7(3,13) 6(3,9) 6(3,11) 8 (4, 16)
Max all days 17 (12, 24) 12 (8, 16-75) 17 (12, 24) 17 (13, 23) 15 (12, 19-25) 17 (12, 22) 26 (16, 44)

MAP, arrival [mmHg]
Body temperature, arrival [°C]
PaCQOg, arrival [kPa]

Pa0, arrival [kPa]

pH, arrival

SpOz, arrival [%]

Sodium, mean all days [mmol/L]

Sodium, max daily A [mmol/L]

Platelet count, lowest [*10°/L]

Mean all days

Max all days

97 (85, 110)
36 (354, 36°7)
5-5(4-8,6°2)
20-4 (116,
35-2)

7-35 (728,
7-39)

99 (96, 100)

141 (139, 144)
143-5 (141, 147
)

0(0,4)

150 (112, 195)

97 (87, 110)
36,4 (359, 369)
5:5(5,6°1)

19-1 (11°1,31-8)
7-37 (7-33,7-4)

98 (96, 100)

140 (138, 142)
141 (139, 143)
0(0,3)

190 (152, 231)

97 (85, 109)
36-2 (354,367
53(47,6°1)
22-7 (11-6, 37-6)
7-35 (7:31, 7-41)

99 (96, 100)

142 (140, 144)
144 (142, 147)
0 (0, 0)

140 (109, 174)

101 (89, 112)
36(35°3,36°6)
54 (48, 6°3)
20-6 (13-1, 34-7)
7-32(7-26, 7-38)

99 (97, 100)

140 (138, 143)
143 (140, 146)
2(0,5)

147 (109, 172)

98 (85, 112)
361 (35°3,36°7)
56 (4°8, 6°4)
18:9(12,37-3)
7-32(7-24,7-38)

98 (95, 100)

142 (138, 144)
144 (141, 148)
3(0,5)

148 (107, 192)

100 (87, 114)
36 (352, 36°6)
54 (48, 6)

195 (122, 34°1)
7-35(7-28, 7:39)

99 (97, 100)

142 (140, 145)
146 (142, 150)
4(1, 6)

142 (108, 174)

95 (79, 110)
356 (34+6, 36°3)
59(51,7)

19-2 (10-6, 289)
7-29 (7:17, 7-36)

98 (95, 100)

144 (140, 147)
147 (143, 153-5)
3(0,7)

129 (96, 184)
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All patients o B Y 8 € 4
CT characteristics
Rotterdam CT score 33,4 3(2,3) 33,4 33,95 33,4 4(3,5) 4(3,5)
Fisher Classification 2(2,4) 2(1,2) 2(2,4) 2(2,4) 2(2,3) 3(2,4) 2(2,4)
Midline shift 311 (18) 31(7-1) 82 (16-2) 27 (22°7) 45 (22-3) 79 (30-7) 47 (22-8)
Midline Shift in mm 0 (0, 0) 0 (0, 0) 0 (0, 0) 0(0,35) 0(0,2) 0 (0, 5) 0 (0, 4)
TAI 210 (12-2) 28 (1-6) 83 (4-8) 14 (0-8) 22(1-3) 36 (2-1) 27 (1-6)
aSDH 640 (37) 104 (6) 197 (11-4) 50 (29) 80 (4-6) 116 (6°7) 93 (5-4)
Contusion 756 (43-8) 138 (8) 254 (14-7) 50 (2-9) 96 (5-6) 126 (7-3) 92 (5-3)
EDH 250 (14-5) 66 (3-8) 71 (41 16 (0-9) 31(1-8) 3721) 29 (1-7)
tSAH 1002 (58) 194 (11-2) 316 (18-3) 73 (4-2) 124 (7-2) 160 (9-3) 135 (7-8)
Daily therapies any day
Daily TIL, max 4(1, 10) 0(0,2) 5(2, 10) 62, 12) 5(0,9) 8 (4, 13) 9 (4, 15)
Head elevation for ICP control 1066 (61-7) 160 (36-5) 347 (68-6) 80 (67-2) 135 (66-8) 192 (74-7) 152 (73-8)
Nursed flat for CPP management 139 (8) 4(0-9) 62 (12-3) 19 (16) 12 (5-9) 22 (8-6) 20 (9-7)
Fluid loading for maintenance of cerebral perfusion 586 (33-9) 42 (9-6) 175 (34:6) 49 (41-2) 79 (39-1) 140 (54-5) 101 (49)
Vasopressor therapy 815 (47-2) 54 (12-3) 267 (52-8) 71 (59-7) 103 (51) 180 (70) 140 (68)
Decompressive craniectomy 155 (9) 921 30(5-9) 22 (18-5) 21 (10-4) 40 (15-6) 33 (16)
Neuromuscular block 311 (18) 23 (5°3) 107 21-1) 30 (25-2) 32(15-8) 58 (226) 61 (29-6)
Temperature control 901 (52-1) 37 (8-4) 315 (62-3) 69 (58) 105 (52) 176 (68-5) 199 (96-6)
No 778 (45) 279 (63-7) 196 (38:7) 47 (39-5) 83 (41-1) 97 (37-7) 76 (36-9)
Treatment of temperature >38 °C or spontaneous 465 (26-9) 33(7-5) 202 (39-9) 45 (37-8) 62 (30-7) 84 (32:7) 39 (18-9)
temperature <34-5 °C
Mild hypothermia for ICP control (>35°C) 80 (4-6) 2(0-5) 22 (4-3) 6 (5) 8(4) 19 (7-4) 23 (11-2)
Hypothermia <35°C 92 (5°3) 23 (45) 4(3-4) 9 (4-5) 18 (7) 38 (18-4)
NA  313(181) 124 (28-3) 63 (12-5) 17 (14-3) 40 (19-8) 39 (15-2) 30 (14-6)
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Hypertonic saline for ICP control
No 1116 (64-6) 305 (69-6) 347 (68-6) 82 (68-9) 135 (66-8) 144 (56) 103 (50)
<0-3g/kg/24 h 195 (11-3) 5(1-1) 61 (12-1) 14 (11-8) 20(9-9) 46 (17-9) 49 (23-8)
>0-3g/kg/24h 104 (6) 4(0-9) 35(6°9) 6(5) 7(3-5) 28 (10-9) 24 (11-7)
NA 313 (18:1) 124 (28-3) 63 (12-5) 17 (14-3) 40 (19-8) 39 (15-2) 30 (14-6)
Mannitol for ICP control
No 1211 (70-1) 305 (69-6) 392 (77-5) 92 (77-3) 138 (68-3) 165 (64-2) 119 (57-8)
<2g/kg/24 h 165 (9-5) 921 46 (9-1) 9 (7-6) 20 (9-9) 41 (16) 40 (19-4)
>2g/kg/24 h 39 (2-3) 5(1) 1(0-8) 4(2) 12 (4-7) 17 (8-3)
NA 313 (18:1) 124 (28-3) 63 (12-5) 17 (14-3) 40 (19-8) 39 (15-2) 30 (14-6)
Sedation therapy
No 306 (17-7) 201 (45-9) 47 (9-3) 10 (8-4) 28 (13-9) 5(1-9) 15(7-3)
Low dose required for mechanical ventilation 531 (30-7) 91 (20-8) 199 (39-3) 40 (33-6) 66 (32-7) 91 (35-4) 44 (21-4)
Higher dose sedation for ICP control 276 (16) 8(1:8) 79 (15-6) 32(269) 39 (19-3) 70 (27-2) 48 (23-3)
Metabolic suppression for ICP control w high dose 302 (17-5) 14 (3-2) 118 (23-3) 20 (16-8) 29 (14-4) 52 (20-2) 69 (33-5)
barbiturates or propofol
NA 313 (18:1) 124 (28-3) 63 (12-5) 17 (14-3) 40 (19-8) 39 (15-2) 30 (14-6)
CSF Drainage therapy
No 1309 (75-8) 357 (81-5) 402 (79-4) 90 (75-6) 133 (65-8) 180 (70) 147 (71-4)
<120 ml/day 68 (3-9) 3(0-7) 13 (2:6) 6(5) 13 (6-4) 17 (6-6) 16 (7-8)
>=120 ml/day 134 (7-8) 5(1-1) 45(8-9) 8(6:7) 19 (9-4) 33 (12-8) 24 (11-7)
NA 217 (12-6) 73 (16-7) 46 (9-1) 15 (12-6) 37 (18:3) 27 (10-5) 19 (9-2)
Hyperventilation therapy for ICP control
No 829 (48) 285 (65-1) 231 (45:7) 45 (37-8) 90 (44-6) 90 (35) 88 (42:7)
PaCO: 4-6-5-3 kPa 377 (21-8) 25(5:7) 138 (27-3) 38(31-9) 54 (26-7) 81 (31-5) 41 (19-9)
PaCO: 4-0-4-5 kPa 161 (9-3) 4(0-9) 62 (12-3) 15 (12-6) 14 (6-9) 35(13-6) 31 (15)
PaCO:<4-0kPa 47 (2:7) 12 (2-4) 4(3-4) 3(1-5) 12 (4-7) 16 (7-8)
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All patients

a

p

Y

S

€

4

NA
Biomarkers, highest

UCH-L1 [pg/mL]
S100B [pg/L]
Tau [pg/mL]
NFL [pg/mL]

GFAP [ng/mL]

NSE [ng/mL]

IMPACT predicted mortality, median, %

Mortality, observed, n (%)

IMPACT predicted unfavorable outcome, %

Unfavorable outcome, observed, n (%)

314 (18-2)

353-4 (159-8, 7
38-3)

0-29 (016, 0-54
)

8-48 (398, 187
9)

765 (34°8, 177-
3)

20-2 (67, 515)

23-26 (16:61, 3
4-11)
22-1(10-7, 40-2
)

388 (22°5)

43-8 (21-8, 685

)
779 (45-1)

124 (28°3)

12316 (70-89, 20
3-02)
0-16 (0-1, 0-25)

3-345 (2:0625, 5-
65)

25-63 (13-58, 45-
96)

59(2-1, 141
17-48 (13-01, 22
59)

12:9 (7-2, 18-6)
16 3-7)

265 (143, 37-6)

78 (17-8)

63 (12°5)

451-73 (227-95,77
5-90)
0-33 (0-21, 0-56)

10-62 (5-41, 19-99
)

95-33 (52-65, 183-
54)

27-345 (10-55, 58-
30)

24-8 (1837, 34-11
)

22-1(12+9, 35-2)
85 (16°8)
43-8 (26°5, 62-7)

211 (41-7)

17 (14-3)

295-4 (165-65, 54
5-05)
0-25(0-17, 0-35)

7-49 (408, 13-24
)

869 (44-91, 180
72)

161 (7-36,29-24
)

20-43 (1628, 28
18)

22-1 (15-6, 45-5)
22 (18-5)

43-8 (318, 73-8)

58 (48-7)

41 (20-3)

420-68 (181-78, 83
5-33)
0-32 (0-16, 0-63)

8-61 (474, 17-09)
71-68 (3463, 201
01)

20-95 (730, 60-20
)

2543 (17-57, 353
3)

26 (129, 40-2)

54 (26°7)

502 (26°5, 68-5)

92 (45°5)

39 (15-2)

701-42 (3467, 10
467)
0-44 (0-25, 0-67)

16-26 (858, 30-2
5)

14668 (75-35, 24
8-74)

48-04 (21-41, 73-
57)

2816 (20-30, 41-
52)

30-4 (186, 50-9)
77 (30)
566 (37-6, 78-4)

166 (64-6)

30 (14-6)

717-47 (39053, 12
94-93)
0-58 (0256, 0-90)

18-08 (10-66, 35-26
)

191-02 (90-37, 367-
59)

44-13 (15-74, 8311

)
31-36(23-43,47-87

)

40-2 (22-1, 60-2)
134 (65)
685 (43-8, 85)

174 (845)

Description of patients, overall and stratified by trajectory- Data are in median (interquartile range) or n(%).GOS-E= Glasgow outcome scale extended, ASA-PS=American society of
anaesthesiologists’ physical status, ISS=Injury Severity Score, ICP=Intracranial pressure, GCS=Glasgow Coma Scale, MAP=Mean arterial pressure, PaCOz=arterial partial pressure of
carbon dioxide, PaO>=arterial partial pressure of oxygen, SpO>=0Oxygen saturation, CT=Computed tomography, TAI=Traumatic axonal injury, aSDH=acute subdural hematoma,
EDH=Epidural hematoma, tSAH=traumatic subarachnoid hemorrhage, TIL=Therapy Intensity Level, CPP=Cerebral perfusion pressure, CSF=Cerebrospinal fluid, UCH-
L1=Ubiquitine carboxy-terminal hydrolase L1, SI00B=S100 calcium-binding protein B, NFL=Neurofilament light, GFAP=Glial fibrillary atrial protein, NSE=Neuron-specific
endolase, , IMPACT= International Mission for Prognosis and Analysis of Clinical trials in TBI, NA=not applicable (missing).
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Supplementary Table 4: Probabilities (%) of cluster membership for patients assigned to each cluster, expressed as mean (SD).

Cluster Mean (SD) probability of cluster assignment (%)

a 98-9 (4-6)
B 97-8 (9:3)
y 99-3 (2:6)
b 98-8 (6°1)
& 97-0 (10-5)

¢ 98-6 (8-4)



Supplementary Table 5: Most prominent features day by day.

Admission
Lactate

SpO2 mean

GCS Motor score
pH mean

BE

Intubation

GCS Verbal score
PaCO: mean
GCS Eye score

Body temperature mean

Day 1

A Glucose
Creatinine
NFL

CSF drainage volume
ICP mean
GFAP

A SpO2
Tau
UCH-L1
A Sodium

Day 2

A Glucose
Creatinine
A Sodium
A SpO2
NFL

Tau

SpO2 mean
UCH-L1
S100B
ICP mean

Day 3

A Glucose
A SpO2
Tau
Creatinine
UCH-L1
NFL
S100B
ICP mean
SpO2 mean
GFAP

Day 4

A Glucose
Tau
S100B
UCH-LI1
GFAP
NFL
Creatinine
NSE

A SpO2
SpO2 mean

Day 5

A Glucose
Tau
GFAP
UCH-L1
SpO2 mean
S100B

A SpO2
Creatinine
A pH
NSE

Day 6

A Glucose
Tau
GFAP
S100B
UCH-L1
NSE

A pH
SpO2 mean
A PaO:

A SpO2

Day 7

A Glucose
GFAP
UCH-LI1
NFL

Tau

NSE
S100B
SpO2 mean
A pH

A SpO2

Most prominent features day by day, expressed as having highest mean mutual information between trajectory index and feature in the six cluster models. SpO.=Oxygen

saturation. GCS=Glasgow Coma Scale. BE=Base excess. PaCO>=Arterial partial pressure of carbon dioxide. NFL=Neurofilament light. CSF=Cerebrospinal fluid.

ICP=Intracranial pressure. GFAP=Glial fibrillary acidic protein. UCH-L1=Ubiquitin carboxy-terminal hydrolase L1. S100B=S100 calcium-binding protein B. NSE=Neuron-

specific enolase. PaO>=Arterial partial pressure of oxygen.
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Supplementary Table 6: Probabilities (%) of following the identified trajectories (column) if assigned to a certain cluster (row) in a previously described clustering

on admission features.

Trajectory o

57-14
16-41
10-42
18-37

s = 0 O w o o»

11-47

21-53
29-77
31-25
33-53
32-78
33-49

5-03
6-49
10-42
7-58
9-72
5-05

3-62
11-07
25-00
9-62
19-17

20-64

The admission clustering was performed on the same cohort as in the present study. Cluster A corresponds to a cluster with mild TBI and normal systemic metabolic profile,

cluster B moderate TBI with normal systemic metabolic profile, cluster C moderate TBI but deranged metabolism, cluster D, severe TBI with normal metabolism, cluster E

severe TBI with deranged metabolism and a distinct TBI profile, and cluster F severe TBI and deranged metabolism with mainly a systemic shock picture. This table is

illustrated in Supplementary Fig 7.
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Supplementary Table 7: Explained variance (Nagelkerke’s pseudo-R?) in outcome predictions by the IMPACT lab model features, with addition of cluster

assignments, mean and standard deviations of 1,000 bootstraps.

N clusters Mortality

1 NA

2 0-13(0-02)
3 021(0-02)
4 026(0-03)
5 0-25(0-03)
6 0-25(0-02)
7 0-30(0-02)
8 0-28(0-03)
9 0-28(0-03)

10 027 (0-02)
11 029 (0-02)
12030 (0-03)

Explained variance (Nagelkerke’s pseudo-R?) in outcome predictions of the IMPACT lab model, including the features age, Glasgow coma scale motor score, pupillary

Unfavorable outcome

NA

0-14 (0-02)
0-17 (0-02)
0-20 (0-02)
0-23 (0-02)
0-23 (0-02)
0-27 (0-02)
0-25(0-02)
0-28 (0-02)
0-26 (0-02)
0-26 (0-02)
0-30 (0-02)

IMPACT lab model (no
cluster indices)

0-44

Mortality

IMPACT lab model + cluster index

NA
0-43 (0-03)
0-48 (0-02)
0-51 (0-02)
0-50 (0-02)
0-51 (0-02)
0-51 (0-02)
0-51 (0-02)
0-51 (0-02)
0-50 (0-02)
0-51 (0-02)
0-53 (0-02)

IMPACT lab model (no
cluster indices)

0-36

Unfavorable outcome

NA
0-36 (0-02)
0-39 (0-02)
0-41 (0-02)
0-41 (0-02)
0-42 (0-02)
0-42 (0-02)
0-42 (0-02)
0-44 (0-02)
0-43 (0-02)
0-43 (0-02)
0-45 (0-02)

IMPACT lab model + cluster index

reactivity, Marshall CT classification, presence of traumatic subarachnoid hemorrhage, presence of epidural hematoma, hypoxic and hypotensive events, serum glucose and

hemoglobin. Logistic regression was performed — first, only with the original IMPACT variables as predictors, and second, with the IMPACT model variables and by adding

cluster assignment for three to twelve clusters. Twelve clusters lead to the highest increase in pseudo-R?, both in mortality prediction (0-44 to 0-53) and in unfavorable

outcome prediction (0-36 to 0-45). The results are index-corrected to adjust for the addition of features in the prediction model. The logistic regression was performed 1,000

times for each number of clusters, on bootstrapped subpopulations of the cohort. Values presented in the table are mean (standard deviation).
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Supplementary Figures
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Supplementary Figure 1: Median cluster similarity index (CSI) for 25 models vs number of clusters, IQR indicated in blue. The CSI is a measure of how many times all
pairwise combinations of patients appear in the same cluster, or in different clusters in all combinations of pairwise models, for each number of clusters. A: A discrete plateau
is seen in the decreasing CSI curve: at five to six clusters. B: A penalty of 1/n(clusters) is subtracted from the median CSI to adjust for the higher probability of high CSIs in

the case of fewer clusters. A peak in CSI can be seen at three clusters, with a discrete plateau between six and seven clusters. This can be interpreted as no cluster solution seem

to produce more stable results than any other.
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Supplementary Figure 2: 6-month outcome in incremental models, stratified per cluster. Outcome is represented by Glasgow outcome scale extended (GOS-E).

Although GOS-E was not known when creating the clusters, the outcome profiles were different between clusters, in all models of two to twelve clusters.



Cluster number

Number of clusters
Supplementary Figure 3: Distribution of patients in incremental models. Models were created by, as a first step, randomly assigning patients to two clusters. In the next

step, a new cluster with randomly assigned patients from both previous clusters was added, and the cluster algorithm was repeated until stability (i.e., when the probability

change of belonging to a certain cluster was under a set threshold of 10°, or a maximum of 1000 iterations). This was repeated for up to twelve clusters. This figure illustrates

how the cluster assignments are changing when extending the model with an additional cluster.
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Supplementary Figure 4: Probability of belonging to a trajectory cluster stratified by cluster assignment. Violin plots show the distributions of probabilities. The cluster
labels on the x axis represents the assigned cluster, and each subplot represents the probability of being assigned to that particular cluster. Almost all patients have a very high

probability of belonging to the cluster assigned, indicating good stability in the clustering.
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Supplementary Figure 5: Distributions of the most important features on all days by cluster. The features with highest mutual information, distributions per day and
cluster. Daily cluster means are represented by a red point. UCH-L1=Ubiquitin carboxy-terminal hydrolase L1. NFL=Neurofilament light. NSE=Neuron-specific enolase.
Sp02=0xygen saturation. GFAP=Glial fibrillary acidic protein. SI00B=S100 calcium-binding protein B.



F

Admission cluster Trajectory
Supplementary Figure 6: Probabilities of following a certain trajectory in clusters identified at admission. The admission clusters were described in a previous study
and developed in the same cohort. The width of each line represents the proportion of patients in each admission cluster following a trajectory. Admission cluster A (mild
TBI) had a large proportion of patients following trajectory o, while all other admission clusters (B (moderate TBI with normal metabolism), C (moderate TBI with deranged
metabolism), D (severe TBI with normal metabolism), E (severe TBI with deranged metabolism), and F (the cluster with severe TBI and most deranged metabolism)) most

likely followed B. In addition, 25% of patients in admission cluster C followed trajectory £, 24% in admission cluster E followed &, and 21% of admission cluster F followed

trajectory €. For more details, see Table 3.
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