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Abstract
There is an unquestionable need for quantitative biomarkers of mild traumatic brain injuries. Something that is particularly true for adolescents – where the recovery from these injuries is still poorly understood. However, within this
population, it is clear that the vasculature is distinctly affected by a mild traumatic brain injury. In addition, our group
recently demonstrated how that effect appears to show a progression of alterations similar but in contrast to that found
in severe traumatic injuries. Through measuring an adolescent population with transcranial Doppler ultrasound during a
hypercapnia challenge, multiple phases of hemodynamic dysfunction were suggested. Here, we create a generalized
model of the hemodynamic responses by fitting a set of inverse models to the dominant features from that work. The
resulting model helps define the multiple phases of hemodynamic recovery after a mild traumatic brain injury. This can
eventually be generalized, potentially providing a diagnostic tool for clinicians tracking patient’s recovery, and ultimately,
resulting in more informed decisions and better outcomes.
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Introduction
The complexities of traumatic brain injuries (TBI)
impede not only their diagnosis but their treatment
as well. Adding to this is the relatively coarse classifications of severe, moderate, and mild that belie the
heterogeneity of these injuries. However, one commonality between these classes is that the neurovasculature
is affected in each.1–13 Unfortunately, the similarity
ends there. Recent results from our group14 and
others,12,15–17 have suggested that in the mild or concussive classification (mTBI), the vascular and hemodynamic alterations contrast those found in moderate
and severe cases. An understanding of that disparity as
well as a better depiction of the vascular recovery after
an mTBI is essential for developing diagnostic and
prognostic biomarkers.
Current methods of diagnosing an mTBI rely on
functional biomarkers (i.e. symptom reporting and
neurocognitive testing). However, it is now apparent

that a physiological dysfunction leaving patients
vulnerable to successive injuries may still exist in the
absence of measurable symptoms.18 In particular, it has
been found that cerebral blood flow (CBF) alterations
can remain after clinical symptoms have subsided.19–21
But before a comprehensive biomarker based on vascular dysfunction can be utilized, a more complete
understanding of the underlying pathophysiology is
needed. In this work, we are presenting a hypothesis
of the hemodynamic progression adolescents undergo
after suffering a concussion as measured by transcranial Doppler (TCD) ultrasound. To facilitate this, we
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fit inverse models to the significant features extracted
from a previous population level study.14 The resulting
series of models provides a generalized system for
describing how TCD can capture the different phases
of hemodynamic dysfunction after a concussion.
The intention is that this model will not only result in
testable hypotheses but also the start of a diagnostic aid
for clinicians to evaluate patient recovery.

Materials and methods
Participants
Subjects between the ages of 14 and 19 years old were
recruited from clinics and high schools in the Los
Angeles, California area. The cases consisted of clinically diagnosed mTBI evaluated by independent physicians. There were a total of 70 subjects in this group
(64% male), with some scanned multiple times over the
course of their recovery. This resulted in a total of 187
scans, with a median of two scans per subject, spanning
1 h to 30 days after the injury. The control group was
composed of 109 age matched subjects (89% male),
who had no history of a head injury in the preceding
12 months. Data collection and processing were
approved by Western Institutional Review Board
(IRB #20141111).

Figure 1. Experimental protocol and representative response.
Example of measured CBFV values during an experiment for a
single subject, solid black trace. The initial baseline period is
followed by four breath-hold challenges indicated by the two
solid vertical black lines. The low-pass filtered signal used for BHI
calculations is overlaid by the solid white line. With the baseline
mean velocity indicated by the dashed gray line. The peak used
for CVR calculations is marked by the red circle labeled PBH. Beat
level features (inlay): The pulsatile analysis is completed on the
baseline beats. The example beat, solid black trace, illustrates the
systolic peak (P1), the diastolic valley (D), and second peak (P2).
The beat mean velocity is indicated by the dashed gray line
labeled V B .

Data collection

Analysis

TCD data were collected with 2 MHz ultrasound
probes held in place by an adjustable headband.
The middle cerebral arteries were insonated transtemporally by ultrasound technicians. A breath-holding
protocol was initiated after a 5-min baseline period of
normal breathing. To ensure compliance with the
breath-holding, end-tidal CO2 was collected through a
nasal cannula using a Nonin RespSense Capnometer.
The data streams and clinical measures were collected
with a custom codebase running on the Windows
operating system.

The analysis of the baseline section of the examinations
began with the identification of individual beats – completed with a software package developed in Python.
The two features explored in this work were the
Gosling Pulsatility Index (PI) and the P2 Ratio (P2R).
These are computed using the pulse features illustrated
in Figure 1.
PI is a complex metric that is modulated by a combination of cerebral perfusion pressure, cerebrovascular
resistance, arterial bed compliance, heart rate, and the
pulse amplitude.23 It is calculated by

Protocol
The breath-holding protocol was comprised of the sections illustrated in Figure 1. This started with a 5-min
baseline section where subjects were instructed to
breathe normally through their nose. Normal inspiration can help limit the Valsalva effect which would
cause an initial decrease in CBF and lead to an underestimation of reactivity.22 During the breath-holding
portion of the protocol, subjects were instructed to
take a normal breath and hold it for 25 s, followed
by a 35-s period of normal breathing. This was repeated four times.

PI ¼ ðP1  DÞ=V

(1)

where P1 is the systolic peak, D is the diastolic valley, and
V is the mean velocity of the pulse. P2R is a metric that
relates the second observed waveform peak, P2, with the
systolic peak referred to here as P1. It is possibly related
to distal bed compliance but currently there is no clear
physiological link to changes in P2R. It is computed using
P2R ¼ P2 =P1

(2)

To evaluate the cerebrovascular reactivity (CVR),
the Breath-Hold Index (BHI) is computed by first
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extracting the highest peak, PBH , between the four
breath-hold regions from the low-pass filtered cerebral
blood flow velocity (CBFV); see Figure 1. The mean
velocity over the entire baseline, V BL , is computed, and
the BHI can then be found from
BHI ¼

PBH  V BL
V BL

(3)

Statistical analysis of the population data was completed using the Scipy library.24 Cases and controls
were compared using the Wilcoxon–Mann–Whitney
two-sample rank-sum test. Model fitting was completed
by the Levenberg–Marquardt nonlinear least squares
minimization method using the lmfit library.25 The different candidate inverse models were compared using
the Bayesian information criterion (BIC).26 In this case,
the models were selected from different classes of functions and compared using the BIC. This inherently
penalizes free parameters but a specific emphasis was
placed on reducing the opportunity for over-fitting
when selecting the functions to be considered.
The goal was to select inverse models that offered the
best opportunity for generalization when applied to
individual subjects in the future. As models were
explored, free parameters were added and compared
with previous models using the BIC. If the change
was small, the model was discarded in favor of the
simpler option. Confidence intervals were computed
for the model fit for 95% confidence using the
method described by Wolberg27 implemented in the
lmfit library.

Results
Population results
The population results were previously published in
Thibeault et al.,14 but are reported here for completeness. There was no significant difference in age between
the two groups (controls: 16 years, mTBI: 16.21 years,
U ¼ 0.18, P ¼ 0.86). As the extracted features are
grouped by days post-injury, two phases of injury progression appear. The first is captured within the initial
48 h where both the PI (P < 0.01) and P2R (P < 0.01)
values are significantly different than the controls,
(Figure 2(a) and (b)). In addition, during this
period PI and the P2R were uncorrelated based on
Pearson’s correlation analysis (rp ¼ –0.36; P ¼ 0.23).
After 48 h these are no longer distinguishable from
the healthy controls.
This delineates the second phase of recovery that is
captured by the BHI, see Figure 2(c). During the period
immediately following injury, the BHI is no different

Figure 2. Population results: (a) PI, (b) P2R, and (c) BHI.
**P < 0.01, *P < 0.05. The dashed black lines represent the
control population mean with interquartile range marked by the
surrounding solid black lines.

than the controls (P ¼ 0.67). However, two days after
injury there is an increase in BHI that is significantly
different than the controls (P < 0.01). This increase
decayed over days 4–5 (P ¼ 0.014) and days 6–7
(P ¼ 0.018). Finally, at days 8–9 the injured population
is no longer statistically differentiable from the controls.

Feature model development
Using these three features from the population results
above, a set of models was developed to describe, in
general, how these variables change over the course of
recovery. For PI, a model of the form
PI ¼ a þ

b
b þ eat

(4)

was fit to the population data. Here, t is the time in
days and a, b, and a are the model coefficients fit by the
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Levenberg–Marquardt minimization. Figure 3(a)
presents the model curve with the 95% confidence
intervals. For this model the best fit parameters were
a ¼ 0:158, b ¼ 5:784, and a ¼ 0:997. Similarly, P2R
was found using an inverted form of the PI model
P2R ¼ a 

b
b þ eat

(5)

The variables have the same definitions as in equation (4) and the results of the model fit are illustrated in
Figure 3(b). The best fit resulted in the values
a ¼ 1:769, b ¼ 16:946, and a ¼ 0:288. Finally, the
BHI was fit with a model of the form
BHI ¼ a þ bteat

(6)

where, t, a, b, and a are the same as in equations (4)
and (5). Figure 3(c) illustrates the resulting model and

Figure 3. Model fits: (a) PI, (b) P2R, and (c) BHI. Solid white lines
are the best fit lines. The ribbons are the 95% confidence intervals for the best fit model.

the best fit
and a ¼ 0:45.

variables

are

a ¼ 0:42,

b ¼ 0:13,

Recovery model
Using the results above, we are proposing that there are
three phases of hemodynamic alterations captured with
TCD after an mTBI that can be described by these
models. Plotting the feature models in terms of
percent change from controls reveals this generalized
progression of hemodynamic recovery; see Figure 4.
This overall model is suggesting that in the stereotypical case, subjects will go through two phases before
reaching hemodynamic stability in phase III. In the
other cases, we are hypothesizing that this third
phase will mark a transition into a chronic period of
dysfunction not observed in this dataset.
Phase I. The immediate symptoms of a concussion are
generally attributed to microstructural changes in the
neural tissue.13 During the initial phase of hemodynamic dysfunction, we are hypothesizing that that
mechanical insult noticeably affects the distal vasculature. These proposed alterations to the arterioles are
captured by either PI, P2R, or both. PI has historically
been associated with cerebrovascular resistance28,29 as
well as the remote vasculature.23 Similarly, P2R has
been theorized to be associated with the compliance
of those resistance vessels.30 These are both areas that
could be affected by a sufficient biomechanical force.
This is the first time this phase of dysfunction has been
proposed in mTBI.
In the population measured here, PI had a higher
percent change of controls than P2R. This suggests
that PI has more predictive utility. Our previous
work demonstrated that these features were also

Figure 4. Model of hemodynamic recovery after concussive
injury. The models are represented in percent change from
controls. The separation of the three hemodynamic phases of
recovery is illustrated by the blocks with corresponding labels
along the x-axis.
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uncorrelated during this period.14 Something we
hypothesized may be indicative of different aspects,
or types of injuries, being captured by TCD.
How this manifests into a stronger change in PI is
unclear but is something that is being explored further
in future studies.
Phase II. The transition to phase II in this model is identified by an increase in reactivity and a return of PI and
P2R to basal levels. Previously we have hypothesized
that this was related to the neurometabolic cascade that
occurs after a TBI. There are a number of metabolic
responses to a head injury, and in severe injuries there
is a disruption of the nitric oxide signaling pathway of
the vasculature. However, in those cases the smooth
muscle cells still respond to nitric oxide but endothelial
cells do not produce enough nitric oxide synthase
(NOS). Ultimately, resulting in a reduction of CVR.
It is tempting to suggest an analogous, although opposite, dysfunction in the NOS pathway for mTBI.
An increase in NOS in the endothelium was proposed
by Militana et al.12 and would result in an increase in
reactivity. However, the process resulting in this
increase is not clear. This is something that will be
explored in future studies.
Phase III. The transition to phase III is marked by a
return to normal CVR. In this instance, the model is
reaching a basal level similar to the onset of the injury.
However, it is more likely that subjects do not return to
the same level of reactivity as pre-injury. This will be
explored further in future studies. For this population,
the mTBI subjects were no longer differentiable after
day 7 but, in general, mTBI patients appear to recover
within 7–14 days after injury.18,31 The shorter time
scale observed here is likely a byproduct of the relatively mild injuries suffered by the population. Of the
70 mTBI subjects only six reported loss of consciousness in the 12 months preceding the scan. Of those, one
subject reported having to be hospitalized, four lost
consciousness for less than 1 min, and one subject
chose to not provide a response. As this model is
refined, or applied to individuals as part of recovery
tracking, the heterogeneity of the injuries will be captured. We hypothesize that regardless of the time
course of recovery, concussive injuries will result in
these hemodynamic phase transitions.
This model fails to elucidate how chronic subjects
transition into phase III. Studies have shown that
patients suffering from chronic symptoms have lowered
CVR.16 Additionally, this has been found using TCD
in the study by Bailey et al.10 The third phase of hemodynamic recovery presented by this model represents
an eventual plateau to a healthy basal CVR.
For chronic subjects, this would be a transition into a
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hyporeactive phase. The time course of that transition
is unclear; however, future studies will include a chronic population to help fill in the recovery model.

Discussion
The most surprising and novel aspect of this model is
the initial period of dysfunction and how it differs
from other studies of hemodynamics in mTBI.
The hyperacute dataset provides a unique insight into
the progression of the CBFV response that has not
been demonstrated before. Combined with the acute,
and subacute scans, a progression of hemodynamics
after concussion emerges.
Although the dysfunction described in phase I has
only been demonstrated in our previous work,14 other
studies of hemodynamics have recently revealed similar
increases in CVR (as shown in phase II of the recovery
model). In a pilot study of seven subjects using magnetic resonance imaging (MRI), Militana et al.12 also
found hyperreactivity. Similarly, the small CVR study
utilizing MRI from Mutch et al.16 showed that two of
the acute stage subjects with relatively severe injuries,
measured at days 7 and 13 post-injury, had an increase
in CVR. However, in a subsequent study that group
found increased CVR for multiple concussed adolescents using MRI.17 In each of these studies, time
since injury was not considered, only that the subjects
were still symptomatic.
There have also been a number of studies that have
found differences in concussed subjects utilizing TCD.
Len et al. found alterations in CVR under both hypocapnia11 and hypercapnia.15 Similarly, Bailey et al.10
showed lowered CVR in a population suffering from
chronic mTBI.
An aspect that this model fails to take into account
is the differences in individuals or the heterogeneity
of their injuries. The broad classification of mTBI
encompasses a variety of injuries that likely affect the
vasculature differently. These differences include both
the amplitude of the dysfunction and the time course of
recovery. Although we hypothesize that these phases of
recovery are generalizable, the coefficients of the population models are likely not. It appears, however, that
this model of hemodynamic recovery can accurately
predict the injury progression. A follow-up study is
exploring how well these models fit subjects with
high-density longitudinal data. Additionally, the age
of the population driving this model is a limiting
factor. The dependence on age in CBF regulation has
been demonstrated and in general clinicians need to be
aware of those when managing pediatric patients.32,33
It is not clear if the responses found in this model are
applicable to other populations.
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There is a clear need for biomarkers of dysfunction
after concussive injuries to aid clinicians.34 The results
of this study illustrate the potential for TCD in collecting actionable information that could be the foundation for diagnostic and prognostic biomarkers.
Clinically, the models presented here may one day
help healthcare professionals treating adolescents interpret the different phases of dysfunction. With a better
understanding of the progress patients are making,
more informed decisions on treatments, as well as
return to activity timing, can be made. As a monitoring
tool, the free parameters of these models could be fit to
an individual’s recovery data to continuously observe
progress. This would add a quantitative measure of
vascular function and expected recovery to complement the current standard of care. In addition, this
method could help identify patients who deviate from
that expected model who may require additional
intervention.
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