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Abstract

Cross-sectional approaches to outcome assessment may not adequately capture heterogeneity in recovery after traumatic brain

injury (TBI). Using latent class mixed models (LCMM), a data-driven analytic that identifies groups of patients with similar

trajectories, we identified distinct 6 month functional recovery trajectories in a large cohort (n = 1046) of adults 18–70 years of

age with complicated mild to severe TBI who participated in the Citicoline Brain Injury Treatment Trial (COBRIT). We used

multinomial logistic fixed effect models and backward elimination, forward selection, and forward stepwise selection with

several stopping rules to explore baseline predictors of functional recovery trajectory. Based on statistical and clinical con-

siderations, the seven-class model was deemed superior. Visualization of these seven functional recovery trajectories revealed

that each trajectory class started at one of three recovery levels at 1 month, which, for ease of reference we labeled groups A–C:

Group A, good recovery (two classes; A1 and A2); Group B, moderate disability (two classes; B1 and B2); and Group C, severe

disability (three classes; C1, C2, and C3). By 6 months, these three groups experienced dramatically divergent trajectories.

Group A experienced stable good recovery (A1, n = 115) or dramatic decline (A2, n = 4); Group B experienced rapid complete

recovery (B1, n = 71) or gradual recovery (B2, n = 742); Group C experienced dramatic rapid recovery (C1, n = 12), no recovery

(C2, n = 91), or death (C3, n = 11). Trajectory class membership was not predicted by citicoline treatment ( p = 0.57). The

models identified demographic, pre-injury, and injury-related predictors of functional recovery trajectory, including: age, race,

education, pre-injury employment, pre-injury diabetes, pre-injury psychiatric disorder, site, Glasgow Coma Scale (GCS) score,

post-traumatic amnesia, TBI mechanism, major extracranial injury, hemoglobin, and acute computed tomographic (CT)

findings. GCS was the most consistently selected predictor across all models. All models also selected at least one demographic

or pre-injury medical predictor. LCMM successfully identified dramatically divergent, clinically meaningful 6 month recovery

trajectories with utility to inform clinical trial design.
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Introduction

Traumatic brain injury (TBI) is one of the most challenging

public health issues today: 2,800,000 people in the United

States seek hospital-based care for TBI annually,1 leading to an

estimated annual cost of > $75 billion.2 Despite progress in pre-

clinical TBI drug development, results of clinical trials have been

disappointing.3–5 There is growing consensus that a major barrier to

progress in the treatment and rehabilitation of TBI is that current

approaches to outcome assessment, such as 3 or 6 month binary
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functional outcomes (e.g., good vs. poor recovery), are inadequate

to capture the heterogeneous and evolving nature of TBI.3,6,7 To

improve evidence-based clinical trial design and targeted inter-

vention, careful characterization of the heterogeneous and evolving

nature of functional recovery trajectories after TBI, across the

spectrum of age and TBI severity, is critical. Additionally, re-

framing TBI outcome assessment around functional recovery tra-

jectories over time, rather than an arbitrary cross-sectional time

point (e.g., 6 months), may have more clinical relevance to indi-

vidual patients who may wish to know whether or not they should

expect continued recovery, and at what pace.

Additionally, current TBI stratification methods – such as those

based on the Glasgow Coma Scale (GCS) – are increasingly rec-

ognized as insufficient for precision diagnosis and clinical trial

stratification.6,7 Trajectory analysis may facilitate identification of

clinically and biologically relevant subgroups of patients. Sur-

prisingly, trajectory analysis has only rarely been applied to TBI

recovery, typically to model group-level outcome trajectories

according to pre-specified strata using conventional trajectory mod-

els.8–15 In most conventional trajectory models, the average group-

level trajectory is modelled. In order to study subgroups of patients,

the group must be manually divided according to pre-specified fea-

tures, and then the average of each pre-specified subgroup is mod-

eled. This approach, however, may lump together individual patients

with very different trajectories, thereby providing an incomplete

view of recovery patterns.

Data-driven trajectory analytics, on the other hand, hold great

promise for capturing the multiple distinct clinical trajectories that

coexist within a single TBI population without imposing a pre-

conceived, and possibly inadequate, stratification system.16–18 La-

tent class mixed modelling (LCMM),19 and other similar analytics

such as latent class growth analysis (LCGA) or latent growth mixture

modelling (LGMM), are data-driven analytics that identify groups of

patients with similar trajectories, thus facilitating identification and

visualization of multiple distinct outcome trajectories within a single

population. In the past 10 years, this approach has been applied to

TBI populations with compelling results, identifying distinct 1 year

or multi-year trajectories of cognitive, motor, mental health, post-

concussive, life-satisfaction, or global function after TBI in a variety

of subpopulations.14,15,20–30 To date, however, no study has applied

latent class trajectory analytics to identify granular 6 month global

functional outcome trajectories (Glasgow Outcome Scale Extended

[GOSE]), and associated baseline predictors of these trajectories, in a

very large clinical trial cohort of patients with TBI.

We hypothesized that LCMM may help elucidate the distinct

functional recovery trajectories experienced by patients in the first

few months following TBI. Additionally, LCMM may offer in-

sights into baseline predictors of recovery that may aid in the dis-

covery of heterogeneous biological mechanisms of recovery.

Finally, LCMM may inform the design of future acute TBI clinical

trials with refined population enrichment, participant stratification

criteria, end-points, and analytic strategies. Our primary aim in this

study was to apply LCMM to identify distinct functional recovery

trajectories in a large cohort of well-characterized adults with

complicated mild to severe TBI who participated in the negative

Citicoline Brain Injury Treatment Trial (COBRIT). Our secondary

aim was to describe the baseline characteristics of patients with

various functional recovery trajectories and then to perform ex-

ploratory analyses of key baseline clinical predictors of functional

recovery trajectory in order to simultaneously assess face validity

of the trajectories identified via LCMM and also to offer novel

insights into baseline predictors of 6 month recovery patterns.

Methods

Study design and ethics approval

This retrospective cohort study used existing longitudinal clin-
ical trial data which is available on the Federal Interagency TBI
Research (FITBIR) platform.31 This study was approved by the
University of California at San Francisco (UCSF) Committee for
Human Research. The need for informed consent was waived, as
these data are de-identified.

Data source

De-identified data from the COBRIT were obtained from the
TBI Endpoints Development (TED) Metadataset7 upon execution
of a data use agreement. The COBRIT study was a negative phase
3, double-blind randomized clinical trial of citicoline versus pla-
cebo to improve 3 month (primary) and 6 month (secondary) out-
come in 1213 adults presenting between July 20, 2007 and February
4, 2011 to one of eight participating United States level 1 trauma
centers within 24 h of complicated mild to severe TBI.4 COBRIT
inclusion criteria included: being 18–70 years of age and having
had an inpatient acute hospitalization for a non-penetrating, com-
plicated mild to severe TBI (defined subsequently) at one of eight
participating sites. Exclusion criteria were: bilaterally fixed and
dilated pupils, imminent death, current life-threatening illness,
being a prisoner/patient in custody, pregnancy, current participa-
tion in another study, acetylcholinesterase inhibitor use within the
past 2 weeks, or any pre-existing disabling neurological or psy-
chiatric condition that would impair the ability to complete out-
come assessments. For the present secondary data analysis, we
included all patients with at least one recorded functional outcome
assessment at 1 month, 3 months, or 6 months post-injury
(n = 1046). We did not include those who died or were lost to
follow-up before the first COBRIT outcome assessment at 1 month
(n = 167).

Classification of TBI

COBRIT classified TBI using a combination of GCS score and
specified computed tomographic (CT) findings. CT criteria were:
‡10 mm total diameter of all intraparenchwoymal hemorrhages,
acute extra-axial hematoma ‡5 mm thick, subarachnoid hemor-
rhage visible on at least contiguous 5mm slices or at least three
contiguous 3 mm slices, intraventricular hemorrhage present on
two slices, or ‡5 mm midline shift.4 Complicated mild TBI was
defined as GCS 13–15 meeting the abovementioned CT criteria.
Moderate to severe TBI were defined as pre-paralytic GCS 3–12
with motor score £5 or GCS 3–12 with motor score 6 (and meeting
any of the CT criteria), or post-paralytic GCS 3T–11T (and meeting
any of the CT criteria). Patients with mild, uncomplicated TBI (e.g.,
GCS 13–15 not meeting any CT criteria) were excluded from
COBRIT and, therefore, this analysis does not apply to those with
these milder forms of TBI.

Outcome

Although COBRIT’s primary outcome was a 3 month binary
composite metric of function and cognition, the primary outcome in
this analysis is functional recovery as measured at 1 month, 3
months, and 6 months after TBI according to the GOSE, the most
widely used functional outcome assessment in TBI research.32,33

The GOSE is an ordinal scale ranging from 1 to 8 as follows: 1-
dead, 2-in a vegetative state, 3-lower severe disability, 4-upper
severe disability, 5-lower moderate disability, 6-upper moderate
disability, 7-lower good recovery and 8-upper good recovery.
A total of 76.3% of patients had complete GOSE data at all three
time points; 15.8% of patients had one missing time point and 7.9%
of patients had two missing time points.
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Baseline predictors

Details of baseline data collection in COBRIT have been pre-
viously reported.4,34 For the present analysis, given our dual goals
of describing the baseline phenotype of patients with different
distinct recovery trajectories and demonstrating face validity and
key baseline predictors of LCMM-based trajectories, we studied
demographics, all coded comorbidities with at least a 5% overall
prevalence in the study cohort, and all coded baseline TBI and
injury variables that have been previously shown to be predictive of
cross-sectional functional outcome after TBI.35–38 These included
the following baseline demographics and pre-existing medical
conditions: age, sex, race, ethnicity, living situation, educational
attainment, employment status, cardiovascular disease, hyperten-
sion, psychiatric condition, and diabetes; the following TBI and
acute medical characteristics upon presentation: GCS score (< 9, 9–
12, 13–15), post-traumatic amnesia (PTA), TBI mechanism, in-
ternational normalized ratio (INR), hypotension (lowest systolic
blood pressure <90 mm Hg), hypoxia (lowest oxygen saturation
<90), highest glucose, hemoglobin, and presence of major extra
cranial trauma (non-head Abbreviated Injury Scale [AIS] score ‡3);
and the following pathoanatomical features on initial head CT:
midline shift, subarachnoid hemorrhage (SAH), intraparenchymal
hemorrhage (IPH), subdural hemorrhage (SDH), epidural hemor-
rhage (EDH), and compression of mesencephalic cisterns. We
additionally assessed for an effect of study site and treatment arm
(citicoline vs. placebo). It is of note that less than 1% of the study
population was coded as having a history of prior TBI, indicating
substantial under-reporting,39 and, therefore, this baseline predictor
was not included in the analysis.

Statistical analysis

All analyses were conducted using Stata 15,40 SAS 9.4,41 R
3.4,42 or RStudio 1.0 statistical software.

Data-driven discovery of trajectory classes and approach
to model selection. Using the LCMM 1.7.8 package in R
(https://arxiv.org/pdf/1503.00890.pdf),19 we used unconditional
LCMM19 for ordinal data to model GOSE functional recovery
trajectories over time and to classify patients into distinct latent
trajectory classes. The only variables used to infer latent class were
subject, GOSE, and time. We chose to use unconditional LCMM
(instead of conditional LCMM), because our primary aim was to
describe the ‘‘raw’’ latent GOSE trajectories in the population
without imposing any conditions/predictors on the model, whereas
our secondary aim was to then explore predictors of these uncon-
ditional trajectories. LCMM assumes that the population is het-
erogeneous and is divided into distinct groups, with each group
having its own trajectory of GOSE versus time. LCMM, like other
likelihood-based methods, can analyze data with missing obser-
vations. As long as missing observations are missing in a way that
depends only on observed values, then the estimates will be unbi-
ased.43 Starting with a one-class model, we fitted models with in-
creasing numbers of classes until we reached the inflection point of
the Akaike information criterion (AIC). The AIC is a way to
identify the point at which the benefits of improved model fit are
outweighed by the cost of model complexity. We additionally ex-
amined the log likelihood, a measure of goodness of model fit
regardless of model complexity, and the Bayesian information
criteria (BIC). The BIC is similar to the AIC but has a slightly
different threshold such that increased model complexity is pe-
nalized more heavily than it is in the AIC, generally resulting in an
inflection point at a less complex model. Next, we estimated the
posterior probabilities of membership for each patient in each tra-
jectory class using the maximum probability assignment rule of
Strauss and coworkers,44 and then assigned each individual patient
to the class with their highest predicted probability of membership.

We plotted the mean GOSE trajectory of all patients assigned to
each class for each of the models. We visualized the flow of patients
between classes in each successive model using a river plot.45 The
final model was then selected based on both statistical (log likeli-
hood, AIC, BIC) and clinical (class size, distinctness of class-
specific trajectories, likelihood of class membership based on
posterior probabilities, impact of missing GOSE time points)
considerations.

Model-based validation and identification of predictors
of trajectory classes. After selecting the final model and clas-
sifying each patient into a specific latent class, we used v2 tests for
categorical variables and Kruskal–Wallis tests for continuous
variables to examine baseline characteristics by trajectory class
including treatment effects and the interaction of treatment with
TBI severity (GCS <13 vs. 13–15). Next, multinomial logistic
models were used to investigate the role of different baseline pre-
dictors in predicting the heterogeneous trajectories (i.e., latent class
membership). Because there is no clear consensus regarding the
optimal approach or stopping rule for variable selection, we used
three different variable selection methods and three different
stopping rules to achieve our exploratory aim of identifying sig-
nificant independent baseline predictors of recovery trajectories, as
follows:

1. Backward elimination:46 we started with the maximum

model with all available baseline predictors and performed

backward elimination, omitting predictors with the largest p

value first. We ran the model three times with the following

stopping rules: (1) p < 0.05 and then best model selected

using AIC, (2) p < 0.05 only, and (3) p < 0.1 only. The ad-

vantage of backward selection is that all variables are ini-

tially allowed to compete or work all together in the model,

thus estimating their joint predictive capability.

2. Forward selection: we started with an intercept-only model

and performed forward selection, adding predictors with the

smallest p value (based on the score test47,48) first, and

stopping using the same three stopping rules described

previously. The advantage of forward selection is that it does

not depend on possibly ill-conditioned models with many

variables, and adding one variable at a time does not reduce

the sample size because of missing values of variables not

ultimately included in the model (which is not the case for

backward elimination).

3. Forward stepwise selection: This approach is similar to

forward selection except that variables may be dropped as

others are added. This model was run three times with the

same three stopping rules described previously.

Each variable selection model was run to select predictors of
membership across all trajectory classes and again to specifically
select predictors of a pairwise comparison between the largest tra-
jectory class and one other (determined based on clinical consid-
erations), so as to more granularly investigate the specific magnitude
and direction of the effect of the selected variables. Lastly, variables
selected via any of the selection models or stopping rules were then
included in a single final multivariable logistic regression model,
and odds ratios were estimated to illustrate the clinical impact of
each selected predictor on recovery trajectory.

Results

Model selection: Statistical considerations

After fitting a one- to eight-class LCMM model, the AIC iden-

tified an inflection point at a seven-class model, suggesting that the

SIX MONTH FUNCTIONAL RECOVERY TRAJECTORIES AFTER TBI 2523

https://arxiv.org/pdf/1503.00890.pdf


added complexity cost of an eight-class model outweighed the

added benefit in model fit (Table S1). Model fit (log likelihood)

continued to improve with increasing numbers of classes. BIC

identified an inflection point at a five-class model, suggesting that at

this more stringent threshold, the added complexity cost of a six-, or

seven-, or eight-class model outweighed the added benefit in model

fit (Table S1). The river plot of the flow of patients between classes

in each successive model identified a major split at the six-class

model in which the single largest class was split into two smaller

classes, suggesting that the five-class model chosen by the BIC may

be overly simplistic (Fig. S1). Substantial recategorization again

occurred on the river plot between the six-class and the seven-class

model chosen by the AIC, whereas only minimal recategorization

occurred from the seven-class to the eight-class model (Fig S1).

Overall, based on statistical parameters, the seven-class model was

considered the best model.

Model selection: Clinical considerations

After assigning each patient to a trajectory class based on

maximum predicted probability of class membership, we graphed

average GOSE trajectories for patients assigned to each trajectory

class for the two-class through eight-class models to better visu-

alize the clinical value of each model (Fig. S2). Deaths

(GOSE = 1; n = 12) were categorized into their own distinct and

very small class quite early (rudimentary three-class model);

therefore, we were unable to choose a model based on a class-size

cutoff, as proposed by Strauss and coworkers.44 As expected by

the visualization of the river plot described previously, the five-

class model selected by the BIC clustered nearly all of the patients

in the entire cohort into a single gradually improving class

(n = 917), whereas the six-class and seven-class models clearly

identified additional distinct trajectory classes and grouped pa-

tients into more distributed classes. Comparison of the six-class,

seven-class, and eight-class models revealed substantial clinical

differences from the six-class model to the seven-class model and

only minimal clinical differences from the seven-class model to

the eight-class model. The mean of the posterior probabilities of

class membership of patients assigned to each class for the seven-

class model ranged from 0.65 to 0.99 (Table S2),suggesting a high

confidence for most class assignments in the seven-class model.

Because 7.9% of patients in the cohort only had a single GOSE

time point, we re-ran the seven class model after excluding these

patients. We assigned each patient to the class with their highest

predicted probability of membership and plotted the mean GOSE

trajectory of all patients assigned to each class, as described

previously. The resultant seven GOSE trajectories of patients with

at least two GOSE time points were virtually identical to the

original seven-class model that included all patients. Specifically,

excluding patients with only one time point did not substantially

change either the appearance or classification of the trajectories,

and >96% of patients were categorized into the same trajectory

class as in the original model. It is of note that the model excluding

patients with only one time point assumes that data are missing

‘‘completely at random’’ (e.g., not depending on anything), whereas

the model including patients with only one time point assumes

that data are missing ‘‘at random’’ (e.g., depending on observed

data but not on unobserved data), a less stringent assumption. Our

findings indicate that the models are not sensitive to different

assumptions about missing data. Therefore, based on both sta-

tistical and clinical parameters, the seven-class model was chosen

as the final model.

Characterization of 6 month functional
recovery trajectories

Using the seven-class model, each patient was assigned to a

latent trajectory class based on their maximum posterior probability

of class membership. Average GOSE at each time point for patients

assigned to each class was calculated (Table 1)and graphed in order

to visualize distinct latent functional recovery trajectories (Fig. 1).

At 1 month post-injury, each of the seven trajectories started out at

one of three initial levels of recovery, which, for ease of reference

we labeled groups A-C: Group A had largely achieved good re-

covery (two trajectory classes, A1 and A2); group B had moderate

residual disability (two trajectory classes, B1 and B2); and group C

had severe residual disability (three trajectory classes, C1–C3). By

the 6 month time point, however, patients in each of these three

1 month groupings demonstrated dramatically divergent functional

trajectories (Fig. 1). Specifically, those in group A either experi-

enced stable recovery to slight decline (A1) or dramatic decline

culminating in moderate-severe disability or death (A2); those in

group B either experienced rapid complete recovery (B1) or more

gradual recovery to varying levels of disability or complete re-

covery (B2); and those in group C either experienced dramatic

rapid good recovery (C1), no recovery (C2), or death (C3).

Bivariate associations with 6 month functional
recovery trajectory

Baseline characteristics of patients by functional recovery tra-

jectory are shown in Table 2. It is of note that patients in each

functional recovery trajectory class significantly differed on race,

education, employment, diabetes, and nearly every measure of TBI

severity assessed. Citicoline treatment did not have statically sig-

nificant effects on functional recovery trajectory. We also did not

identify an effect of citicoline on functional recovery trajectory

among patients specifically with complicated mild TBI ( p = 0.318),

moderate TBI ( p = 0.514), severe TBI ( p = 0.455), or combined

moderate-severe TBI ( p = 0.698), which was investigated because

of the non-significant trend toward a differential treatment effect by

severity in the COBRIT study.4

Independent predictors of 6 month functional recovery
trajectory in multivariable models

Backward elimination, forward selection, and forward stepwise

selection with various stopping rules identified different but over-

lapping independent predictors of seven-class functional recovery

trajectory (Table 3), including age, race, education, pre-injury

employment, pre-injury diabetes, pre-injury psychiatric disorder,

site, GCS, PTA, TBI mechanism, major extracranial injury, he-

moglobin, mesencephalic cistern compression, SAH, IPH, and

SDH. To more granularly assess the direction of the effects of

baseline predictors on the most common functional recovery tra-

jectories, we re-ran variable selection for models comparing the

rapid recoverers (B1) to the gradual recoverers (B2; the largest

class). Backward elimination, forward selection, and/or forward

stepwise selection identified age, ethnicity, pre-injury employment,

GCS, and major extracranial injury as independent predictors of

rapid (B1) versus gradual (B2) 6 month recovery among patients

starting out with a similar 1 month GOSE score. Logistic regression

was then used to determine the direction of the effects of these

predictors of rapid (B1) versus gradual (B2) recovery (Table 4). This

demonstrated that older age, pre-injury unemployment/disability,

and more severe TBI by GCS were associated with slower

2524 GARDNER ET AL.



recovery, whereas Hispanic ethnicity, pre-injury retirement, and

presence of extracranial injury were associated with more rapid re-

covery. It is of note that GCS was the most consistently selected

predictor of recovery trajectory across all models, although all

models also selected at least one baseline demographic or pre-

injury medical predictor.

Discussion

We successfully applied LCMM to model functional outcome

trajectories in 1046 patients 18–70 years of age who presented

acutely with complicated mild to severe TBI and participated in the

negative COBRIT study. Given our large sample size across the

spectrum of TBI severity, we were able to identify seven clinically

meaningful classes of patients with distinct, and surprisingly di-

vergent, functional recovery trajectories from 1 to 6 months post-

injury, including two classes of extreme outliers with dramatic

unexpected decline or dramatic rapid good recovery, which warrant

further study. Our predictor selection models further identified

several well-established baseline predictors of functional recovery

including both pre-injury and injury characteristics, lending face

validity to this approach. It is of note that although the COBRIT

study’s primary end-point defined good functional outcome as a

3 month GOSE of 7–8, and then incorporated this dichotomized

outcome into a composite outcome metric that also incorporated

dichotomized neuropsychological test results, we observed that

many patients achieved substantial recovery, but did not neces-

sarily reach a GOSE of 7 by 3 or 6 months, whereas others expe-

rienced slight decline (e.g., from 8 to 7) by 6 months. Therefore,

analyzing GOSE as a cross-sectional dichotomous outcome may

miscategorize clinically relevant groups of improving or declining

patients.49 Our findings support the importance of conceptualizing

TBI as a highly heterogeneous and evolving condition.

Data-driven latent class trajectory analysis (e.g., LCMM,

LCGA, LGMM)16–18 has been applied to model TBI outcomes a

handful of times over the past 10 years. Three studies have applied

latent class trajectory analytics to relatively small samples of

children with moderate to severe TBI (n < 100)20,28 or mild TBI

(n = 186)21 to model functional, post-concussive, or cognitive tra-

jectories over ‡1 or year. These small studies generally identified

three or four latent trajectory classes, with one study reporting that

worse TBI severity was a significant predictor of worse functional

outcome trajectory.20 Some of the earliest studies to model indi-

vidual functional outcome trajectories in adults14,15 leveraged the

TBI Model Systems (TBIMS) database and used individual growth

curve analysis to model GOSE and Disability Rating Scale (DRS)

trajectories in a very large sample of adults with TBI admitted to

acute rehabilitation hospitals. This approach, however, is different

from latent class trajectory analysis, as growth models provide a

group-level trajectory for the entire cohort and trajectories of

subsets of patients may only be modelled by incorporating pre-

specified covariates. Therefore, this approach does not allow for the

‘‘agnostic’’ identification and visualization of a comprehensive set

of latent outcome trajectories present in the cohort.

More recently, several small (n < 250)23,25,29 and large (n = ‡
500)24,26,27,30 studies have applied latent class trajectory analytics

to model 1 year or multi-year outcome trajectories in subsets of

adult TBI patients. Each of these studies identified between three

and five latent classes of either functional outcome or other neu-

robehavioral outcome (e.g., post-concussive symptoms, headache,

post-traumatic stress disorder, depression, quality of life, life sat-

isfaction) trajectories. All of these studies investigated baseline

predictors of trajectories, with several identifying demographic/

pre-injury features (age, sex, race/ethnicity, employment status,

Medicare/Medicaid insurance, pre-injury medical comorbidities,

pre-injury headache, pre-injury psychiatric disorder, pre-injury

alcohol dependence) and injury features (more severe TBI, open

head injury, positive toxicology screen, hospital length of stay) as

significant predictors of outcome trajectory.

Our study expands the evidence base by applying LCMM to a

large clinical trial cohort with repeated assessment of GOSE just

within the first 6 months post-injury, thereby allowing for highly

Table 1. Glasgow Outcome Scale Extended (GOSE) at Each Time Point by Recovery Trajectory Class

Trajectory class Description
Time
point n

Mean (SD)
GOSE

Range
GOSE

A1: Stable good recovery to slight decline
(n = 115; 11.0%)

Good recovery / good
recovery – slight decline

1 month 111 7.41 (0.71) 5–8
3 month 110 7.31 (0.82) 4–8
6 month 101 7.00 (1.04) 4–8

A2: Dramatic unexpected decline (n = 4; 0.4%) Complete recovery / severe
disability/death

1 month 4 8.00 (0.00) 8–8
3 month 3 7.67 (0.58) 7–8
6 month 4 3.75 (1.89) 1–5

B1: Rapid complete recovery (n = 71; 6.8%) Moderate disability / complete
recovery

1 month 64 5.00 (1.14) 2–6
3 month 70 7.94 (0.23) 7–8
6 month 57 8.00 (0.00) 8–8

B2: Gradual variable recovery (n = 742; 70.9%) Moderate disability / gradual
recovery

1 month 717 4.59 (1.36) 2–7
3 month 662 5.66 (1.33) 3–8
6 month 577 6.28 (1.19) 3–8

C1: Dramatic rapid good recovery (n = 12; 1.2%) Severe disability / good recovery 1 month 12 2.83 (0.39) 2–3
3 month 12 4.83 (1.27) 3–6
6 month 12 7.83 (0.39) 7–8

C2: Marginal to no recovery (n = 91; 8.7%) Severe disability / minimal change 1 month 91 2.55 (0.52) 2–4
3 month 88 2.85 (0.44) 2–4
6 month 80 2.90 (0.38) 2–4

C3: Death (n = 11; 1.1%) Severe disability / death 1 month 10 3.00 (1.15) 2–6
3 month 11 2.00 (1.34) 1–5
6 month 11 1.00 (0.00) 1–1
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granular delineation of 6 month functional outcome trajectories

among patients with complicated mild to severe TBI. We identified

seven distinct, clinically meaningful, trajectories, which is more

than were identified by any prior latent class trajectory study of TBI

outcomes. We identified some of the same baseline demographic/

pre-injury predictors of outcome trajectory that had been identified

in prior studies with longer follow-up periods, including age, race,

employment status, medical comorbidities (specifically, diabetes),

and pre-injury psychiatric disorder. Similar to the prior study of

individual growth curve analysis of DRS from the TBIMS, we

identified education as an important baseline predictor of functional

outcome trajectory.14 Consonant with prior studies, we also iden-

tified a number of baseline injury features that were predictive of

functional outcome trajectory including study site, GCS, PTA, TBI

mechanism, major extracranial injury, hemoglobin, mesencephalic

cistern compression, SAH, IPH, and SDH. The identification of site

as a predictor suggests that there remains substantial heterogeneity

in acute management practices across level 1 trauma centers, which

may impact recovery up to 6 months post-injury.

Our logistic regression model, which allowed for determination

of the direction of the effect of each predictor on functional re-

covery rate in our largest identified group of patients (group B),

found that older age, pre-injury unemployment/disability, and

lower GCS were associated with a slower recovery trajectory,

lending face validity to our findings.30,35–38,50 Surprisingly, how-

ever, extracranial injury, pre-injury retirement, and Hispanic eth-

nicity were associated with a more rapid functional recovery

trajectory. We hypothesize that the appearance of a protective ef-

fect of extracranial injury may reflect rapid improvements in global

disability from extracranial injury – which may be captured by the

GOSE, a global disability measure – rather than from TBI. The

protective effect of retirement versus the deleterious effect of un-

employment/disability highlights the potential pitfalls of examin-

ing employment as a binary variable (employed vs. unemployed).
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FIG. 1. Functional trajectories. (A) Mean Glasgow Outcome Scale Extended (GOSE) is shown at each time point for all patients
assigned to each trajectory class. Dot size represents log count of sample size at each time point, with larger dots representing larger
sample size. At 1 month post-injury, the top two (Group A: red and orange), middle two (Group B: khaki and green), and lower three
(Group C: pink, teal, and purple) classes all start at similar levels of recovery or disability, but then experience dramatically divergent
recovery trajectories by 6 months. (B) Randomly selected raw GOSE data are plotted for up to 16 patients in each trajectory class.
Because these are raw GOSE data, all GOSE values are whole numbers ranging from 1 to 8. However, slight random jitter in GOSE (and
color) was introduced to improve visualization of each individual trajectory. For example, all patients in B1 actually achieved complete
recovery (GOSE = 8) by 6 months.
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Table 2. Characteristics of Patients by Recovery Trajectory Class

Baseline
predictor
column n(%)
or mean – SD

A1
Stable

recovery
(n = 115)

A2
Dramatic
decline
(n = 4)

B1
Rapid

complete
recovery
(n = 71)

B2
Gradual
variable
recovery
(n = 742)

C1
Dramatic

rapid
good

recovery
(n = 12)

C2
No

recovery
(n = 91)

C3
Death

(n = 11) p

Demographics
Age, y 42.0 – 17.2 49.8 – 14.9 37.4 – 16.0 39.6 – 15.5 35.4 – 18.7 39.0 – 15.9 50.4 – 13.6 0.080a

Female 32 (27.8%) 0 (0.0%) 17 (23.9%) 197 (26.5%) 3 (25.0%) 23 (25.3%) 2 (18.2%) 0.90b

Race 0.039b

White 101 (87.8%) 2 (50.0%) 59 (83.1%) 609 (82.1%) 11 (91.7%) 63 (69.2%) 8 (72.7%)
Black 11 (9.6%) 1 (25.0%) 10 (14.1%) 105 (14.2%) 1 (8.3%) 20 (22.0%) 3 (27.3%)
Other 3 (2.6%) 1 (25.0%) 2 (2.8%) 28 (3.8%) 0 (0.0%) 8 (8.8%) 0 (0.0%)

Hispanic 2 (1.7%) 1 (25.0%) 7 (9.9%) 32 (4.3%) 1 (8.3%) 3 (3.3%) 0 (0.0%) 0.057b

Pre-injury housing 0.88b

Alone 15 (13.0%) 0 (0.0%) 12 (16.9%) 123 (16.6%) 2 (16.7%) 13 (14.3%) 3 (27.3%)
With family/friends 98 (85.2%) 4 (100.0%) 59 (83.1%) 615 (82.9%) 10 (83.3%) 78 (85.7%) 8 (72.7%)
Other 2 (1.7%) 0 (0.0%) 0 (0.0%) 4 (0.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%)

Education 0.004b

<High school 8 (7.0%) 0 (0.0%) 8 (11.3%) 98 (13.3%) 1 (8.3%) 23 (26.4%) 1 (10.0%)
High school grad/GED 30 (26.1%) 2 (50.0%) 23 (32.4%) 256 (34.6%) 5 (41.7%) 36 (41.4%) 6 (60.0%)
Some college/technical 49 (42.6%) 2 (50.0%) 24 (33.8%) 260 (35.2%) 5 (41.7%) 19 (21.8%) 1 (10.0%)
College grad or greater 28 (24.3%) 0 (0.0%) 16 (22.5%) 125 (16.9%) 1 (8.3%) 9 (10.3%) 2 (20.0%)

Pre-injury employment 0.006b

FT employed/student 77 (67.5%) 2 (50.0%) 49 (69.0%) 522 (71.1%) 9 (75.0%) 57 (64.0%) 6 (60.0%)
PT employed/student 5 (4.4%) 0 (0.0%) 7 (9.9%) 61 (8.3%) 3 (25.0%) 9 (10.1%) 0 (0.0%)
Retired 12 (10.5%) 2 (50.0%) 7 (9.9%) 37 (5.0%) 0 (0.0%) 5 (5.6%) 2 (20.0%)
Unemployed/disabled 20 (17.5%) 0 (0.0%) 8 (11.3%) 114 (15.5%) 0 (0.0%) 18 (20.2%) 2 (20.0%)

Pre-existing conditions
Cardiovascular disease 11 (9.6%) 0 (0.0%) 6 (8.5%) 45 (6.1%) 0 (0.0%) 6 (6.6%) 3 (27.3%) 0.095b

Hypertension 24 (20.9%) 1 (25.0%) 10 (14.1%) 135 (18.2%) 1 (8.3%) 18 (19.8%) 5 (45.5%) 0.26b

Diabetes 8 (7.0%) 0 (0.0%) 6 (8.5%) 53 (7.1%) 1 (8.3%) 8 (8.8%) 4 (36.4%) 0.032b

Psychiatric disorder 14 (12.3%) 1 (25.0%) 4 (5.6%) 64 (8.6%) 0 (0.0%) 8 (8.8%) 3 (27.3%) 0.15b

Treatment
Citicoline treatment 61 (53.0%) 4 (100.0%) 38 (53.5%) 368 (49.6%) 6 (50.0%) 46 (50.5%) 5 (45.5%) 0.57b

Site NS NS NS NS NS NS NS 0.36b

TBI and acute medical characteristics
GCS <0.001b

13–15 (mild) 96 (83.5%) 3 (75.0%) 52 (73.2%) 401 (54.0%) 2 (16.7%) 7 (7.7%) 5 (45.5%)
9–12 (moderate) 8 (7.0%) 1 (25.0%) 7 (9.9%) 122 (16.4%) 1 (8.3%) 9 (9.9%) 2 (18.2%)
<9 (severe) 11 (9.6%) 0 (0.0%) 12 (16.9%) 219 (29.5%) 9 (75.0%) 75 (82.4%) 4 (36.4%)

PTA days <0.001b

0 49 (42.6%) 3 (75.0%) 14 (19.7%) 87 (11.7%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
1 16 (13.9%) 0 (0.0%) 9 (12.7%) 51 (6.9%) 0 (0.0%) 0 (0.0%) 1 (9.1%)
>1 45 (39.1%) 1 (25.0%) 37 (52.1%) 384 (51.8%) 4 (33.3%) 6 (6.6%) 0 (0.0%)
unknown 5 (4.3%) 0 (0.0%) 11 (15.5%) 220 (29.6%) 8 (66.7%) 85 (93.4%) 10 (90.9%)

TBI mechanism <0.001b

Motor vehicle accident 34 (29.6%) 2 (50.0%) 43 (60.6%) 427 (57.5%) 7 (58.3%) 67 (73.6%) 5 (45.5%)
Fall from moving 19 (16.5%) 0 (0.0%) 8 (11.3%) 60 (8.1%) 1 (8.3%) 7 (7.7%) 2 (18.2%)
Fall from stationary 38 (33.0%) 1 (25.0%) 14 (19.7%) 151 (20.4%) 2 (16.7%) 11 (12.1%) 3 (27.3%)
Assault 18 (15.7%) 1 (25.0%) 4 (5.6%) 74 (10.0%) 1 (8.3%) 1 (1.1%) 1 (9.1%)
Other 6 (5.2%) 0 (0.0%) 2 (2.8%) 30 (4.0%) 1 (8.3%) 5 (5.5%) 0 (0.0%)

Major extracranial injury 18 (15.7%) 3 (75.0%) 32 (45.1%) 313 (42.2%) 9 (75.0%) 54 (59.3%) 4 (36.4%) <0.001b

Hypotension 11 (9.6%) 0 (0.0%) 8 (11.3%) 114 (15.4%) 3 (25.0%) 26 (28.6%) 3 (27.3%) 0.005b

Hypoxia 8 (7.0%) 0 (0.0%) 10 (14.1%) 72 (9.7%) 1 (8.3%) 13 (14.3%) 2 (18.2%) 0.46b

INR <0.001b

£1.2 109 (94.8%) 4 (100.0%) 58 (81.7%) 606 (81.7%) 5 (41.7%) 57 (62.6%) 8 (72.7%)
1.3-2 4 (3.5%) 0 (0.0%) 11 (15.5%) 124 (16.7%) 7 (58.3%) 30 (33.0%) 3 (27.3%)
>2 2 (1.7%) 0 (0.0%) 2 (2.8%) 12 (1.6%) 0 (0.0%) 4 (4.4%) 0 (0.0%)

Hemoglobin 13.3 – 1.8 11.9 – 1.1 12.4 – 1.5 12.5 – 2.2 11.8 – 2.5 11.1 – 2.3 12.4 – 2.0 <0.001a

Glucose 134.0 – 43.2 122.5 – 82.4 147.7 – 42.1 159.0 – 53.7 166.3 – 29.2 187.7 – 59.7 184.6 – 98.6 <0.001a

(continued)
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This finding is consistent with a prior study that used LCGA to

characterize multi-year life satisfaction trajectories and predictors

after moderate-severe TBI in TBIMS, and identified a protective

effect of both worker status and leisure activities.30 Regarding the

role of ethnicity, at least one prior small study has identified worse

6 month functional outcomes among Hispanic patients versus non-

Hispanic white patients,51 although another small study identified

lack of health insurance as the primary driver of this association.52

A large population-based study of older adults with TBI admitted to

inpatient rehabilitation hospitals, however, found that Hispanic

patients were more likely than non-Hispanic white or black patients

to be discharged to home (rather than to an assisted living facility or

other institution),53 a large TBIMS study identified lower rates of

depression and higher rates of life satisfaction among Hispanic

patients with TBI compared with other racial/ethnic minorities up

to 2 years post-injury,54 and a single center study of nearly 400

adults with TBI identified slightly better outcomes among Hispanic

versus non-Hispanic patients at hospital discharge.55 These latter

studies, as well as our study, suggest a potential protective effect of

Hispanic ethnicity on functional outcome after TBI, which deserves

further research to determine mechanisms. Interestingly, one of the

two predictors that retained statistical significance in the multi-

variable logistic regression model was age, such that with every

10 year increase in age, patients had 30% higher odds of having a

slower (rather than rapid) recovery, even despite adjustment for

ethnicity, employment, GCS, and major extracranial injury. Al-

though this finding is consistent with prior studies from the TBIMS

showing slower daily functional gains in older versus younger

patients with TBI admitted to acute rehabilitation centers,56,57

mechanisms of this age-related difference in recovery trajectory

deserve further study to determine whether any modifiable or tar-

getable mechanisms exist.

Strengths of this study include the large size, generalizability to

acute TBI clinical trials cohorts that may have similar inclusion

criteria as the COBRIT study, and identification of seven distinct

functional outcome trajectories including extreme outliers that may

benefit from further intensive study of biological mechanisms.

However, we recognize several limitations. The age cutoff of 70

years limits generalizability to most older adults, who now have the

highest and fastest rising incidence of TBI in the United States and

several other countries worldwide.58 Three of the seven trajectories

identified had very small sample sizes, limiting the reliability of

these estimates, and highlighting the need for replication in other

studies. Injury severity as defined by the GCS was identified as an

Table 2. (Continued)

Baseline
predictor
column n(%)
or mean – SD

A1
Stable

recovery
(n = 115)

A2
Dramatic
decline
(n = 4)

B1
Rapid

complete
recovery
(n = 71)

B2
Gradual
variable
recovery
(n = 742)

C1
Dramatic

rapid
good

recovery
(n = 12)

C2
No

recovery
(n = 91)

C3
Death

(n = 11) p

Baseline head CT
Midline shift <0.001b

None 100 (87.0%) 4 (100.0%) 52 (73.2%) 586 (79.0%) 8 (66.7%) 55 (60.4%) 8 (72.7%)
0–5mm 12 (10.4%) 0 (0.0%) 18 (25.4%) 108 (14.6%) 2 (16.7%) 17 (18.7%) 2 (18.2%)
>5mm 3 (2.6%) 0 (0.0%) 1 (1.4%) 48 (6.5%) 2 (16.7%) 19 (20.9%) 1 (9.1%)

Mesencephalic cisterns <0.001b

No compression 103 (89.6%) 4 (100.0%) 53 (74.6%) 557 (75.3%) 7 (58.3%) 46 (50.5%) 9 (81.8%)
Effaced/compressed 12 (10.4%) 0 (0.0%) 15 (21.1%) 157 (21.2%) 3 (25.0%) 33 (36.3%) 1 (9.1%)
Obliterated 0 (0.0%) 0 (0.0%) 3 (4.2%) 26 (3.5%) 2 (16.7%) 12 (13.2%) 1 (9.1%)

SAH <0.001b

None 24 (20.9%) 2 (25.0%) 18 (25.4%) 190 (25.6%) 2 (16.7%) 17 (18.7%) 4 (36.4%)
Sulci or cisterns only 80 (69.6%) 3 (75.0%) 42 (59.2%) 437 (58.9%) 9 (75.0%) 39 (42.9%) 3 (27.3%)
Sulci and cisterns 11 (9.6%) 0 (0.0%) 11 (15.5%) 115 (15.5%) 1 (8.3%) 35 (38.5%) 4 (36.4%)

IPH 0.011b

None 73 (63.5%) 1 (25.0%) 35 (49.3%) 366 (49.3%) 6 (50.0%) 38 (41.8%) 7 (63.6%)
£25cc 41 (35.7%) 3 (75.0%) 36 (50.7%) 351 (47.3%) 4 (33.3%) 50 (54.9%) 3 (27.3%)
>25cc 1 (0.9%) 0 (0.0%) 0 (0.0%) 25 (3.4%) 2 (16.7%) 3 (3.3%) 1 (9.1%)

SDH <0.001b

None 91 (79.1%) 3 (75.0%) 48 (67.6%) 516 (69.5%) 6 (50.0%) 45 (49.5%) 5 (45.5%)
£25cc 22 (19.1%) 1 (25.0%) 20 (28.2%) 195 (26.3%) 5 (41.7%) 32 (35.2%) 4 (36.4%)
>25cc or evacuated 2 (1.7%) 0 (0.0%) 3 (4.2%) 31 (4.2%) 1 (8.3%) 14 (15.4%) 2 (18.2%)

EDH 0.75b

None 103 (89.6%) 4 (100.0%) 61 (85.9%) 637 (85.8%) 11 (91.7%) 79 (86.8%) 11 (100.0%)
£ 25cc 8 (7.0%) 0 (0.0%) 10 (14.1%) 78 (10.5%) 1 (8.3%) 8 (8.8%) 0 (0.0%)
>25cc or evacuated 4 (3.5%) 0 (0.0%) 0 (0.0%) 27 (3.6%) 0 (0.0%) 4 (4.4%) 0 (0.0%)

aBased on Kruskal–Wallis test.
bBased on v2 test.
SD, standard deviation; GED, general educational development test; TBI, traumatic brain injury; FT, full time; PT, part time; GCS, Glasgow Coma

Scale; PTA, post-traumatic amnesia; INR, international normalized ratio; CT, computed tomography; SAH, subarachnoid hemorrhage; IPH,
intraparenchymal hemorrhage; SDH, subdural hemorrhage; EDH, epidural hemorrhage.
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Table 3. Independent Predictors of Recovery Trajectory Selected with Each Variable Selection Model

Predictors of recovery
trajectory: All 7 classes

Predictors of recovery trajectory:
B1 (rapid recovery) vs. B2 (gradual recovery) only

Backward Forward Step Backward Forward Step

Demographics
Age A *A
Sex
Race *A
Ethnicity A * *
Living situation
Education A
Employment ** A

Pre-existing canditions
Cardiovascular disease
Hypertension
Diabetes **A **A **A
Psychiatric disorder *A *

Treatment
Citicoline treatment
Site **

TBI/acute medical characteristics
GCS A **A **A **A **A **A
PTA **A **A **A
TBI mechanism A
Major extracranial injury **A **A **A A
Hypotension
Hypoxia
INR
Hemoglobin **
Glucose

Baseline head CT
Midline shift
Mesencephalic cisterns *A
SAH A
IPH A
SDH *A **
EDH

Stopping rules for each model are designated as follows: *p < 0.1; **p < 0.05 (all variables selected with stopping rule of p < 0.05 were also selected
with stopping rule of p < 0.1); A, Akaike information criterion (AIC).

PMH, past medical history; GCS, Glasgow Coma Scale; PTA, post-traumatic amnesia; TBI, traumatic brain injury; INR, international normalized
ratio; SAH, subarachnoid hemorrhage; IPH, intraparenchymal hemorrhage; SDH, subdural hemorrhage; EDH, epidural hemorrhage.

Table 4. Final Multivariable Predictor Model of Odds of Slower (‘‘Gradual’’ B2) versus Faster

(‘‘Rapid’’ B1) Recovery

Predictor Level OR (95% CI) Odds of gradual recovery p

Age in decades - 1.3 (1.1–1.6) 0.011
Ethnicity Non-Hispanic (Ref)

Hispanic 0.5 (0.2–1.2) 0.120
Employment Full time (Ref)

Part time 0.8 (0.3–1.8) 0.910
Retired 0.3 (0.1–0.8) 0.020
Unemployed/disabled 1.3 (0.6–2.9) 0.070

GCS 13–15 (Ref)
9–12 2.6 (1.1–6.1) 0.339
<9 3.1 (1.5–6.3) 0.085

Major extracranial injury No major extracranial injury (Ref)
Major extracranial injury 0.6 (0.4–1.1) 0.081

OR, odds ratio; CI, confidence interval; Ref, reference value; GCS, Glasgow Coma Scale.
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important predictor of GOSE trajectory; the construct used by

GOSE to define recovery, however, may be biased toward injury

severity and may not adequately capture important patient-centered

metrics of recovery such as adaptive strategies and social support.

A related limitation is the lack of detailed information about several

potentially important predictors of 6 month outcome such as socio-

economic status, access to care, comprehensive past medical history,

and pre-injury exposures. For example, <1% of the cohort reported a

prior history of TBI (therefore, this predictor was not included in our

analyses), suggesting likely incomplete exposure ascertainment.39

Lastly, this study is limited by lack of follow-up beyond 6 months and

lack of more frequent time points, with the earliest time point being

1 month post-injury. Recently completed and ongoing cohort studies,

such as the Transforming Research and Clinical Knowledge in TBI

(TRACK-TBI) study that includes 2 week, 3 month, 6 month, and

12 month time points,59 will provide an opportunity for more granular,

longer-term trajectory analysis across multiple outcome domains.

Conclusion

Identification of dramatically divergent trajectories among pa-

tients who had similar GOSE scores at 1 month post-injury high-

lights the critical importance of conceptualizing of TBI as a highly

heterogeneous evolving condition. Functional end-points for TBI

clinical trials that take these heterogeneous trajectories into account

should be developed. For example, ordinal analysis, such as pro-

portional odds analysis or the sliding dichotomy approach, may

capture clinically relevant changes in highly heterogeneous TBI

populations better than dichotomized end-points.60 Identification of

several pre-injury predictors of recovery trajectory, including pre-

injury employment, diabetes, and psychiatric disorders, highlight

the critical importance of incorporating pre-injury health status into

TBI outcome prediction models. Identification of race, ethnicity,

and site as predictors of recovery trajectory warrant further research

to determine underlying mechanisms of these associations such as

guideline adherence variability across centers, access to care, fi-

nancial resources, or social or cultural practices and preferences

(both of patients/families and providers). LCMM may be a valuable

tool for identifying extreme outliers that warrant further research

into mechanisms of unexpectedly good or poor outcomes. Based on

our findings, we therefore recommend LCMM, and other similar

approaches to latent-class trajectory modeling, as powerful ana-

lytical tools to resolve heterogeneity of longitudinal outcomes and

predictors in TBI populations. Given the data-driven and somewhat

exploratory nature of these analytics, however, we do not recom-

mend that they be used in prospective clinical trials to define

end-points without further validation. Rather, findings from ob-

servational studies that apply these data-driven analytics to rich,

multimodal, longitudinal TBI data sets may accelerate identifica-

tion of important predictors, biological mechanisms, and outcomes

that may then be applied to enrich, stratify, and design improved

end-points for TBI clinical trials.
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