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ORIGINAL ARTICLE IMAGING

Vibrational Spectroscopy for the Triage of Traumatic
Brain Injury Computed Tomography Priority
and Hospital Admissions

Ashton G. Theakstone,1,*** Paul M. Brennan,2,*** Katherine Ashton,3 Endre Czeiter,4–6 Michael D. Jenkinson,7,8

Khaja Syed,7 Matthew J. Reed,9 CENTER-TBI Participants and Investigators,** and Matthew J. Baker10,*

Abstract

Computed tomography (CT) brain imaging is routinely used to support clinical decision-making in patients

with traumatic brain injury (TBI). Only 7% of scans, however, demonstrate evidence of TBI. The other 93% of

scans contribute a significant cost to the healthcare system and a radiation risk to patients. There may be

better strategies to identify which patients, particularly those with mild TBI, are at risk of deterioration

and require hospital admission. We introduce a blood serum liquid biopsy that utilizes attenuated total

reflectance (ATR)-Fourier transform infrared (FTIR) spectroscopy with machine learning algorithms as a

decision-making tool to identify which patients with mild TBI will most likely present with a positive

CT scan. Serum samples were obtained from patients (n = 298) patients who had acquired a TBI and

were enrolled in CENTER-TBI and from asymptomatic control patients (n = 87). Injury patients (all severi-

ties) were stratified against non-injury controls. The cohort with mild TBI was further examined by strat-

ifying those who had at least one CT abnormality against those who had no CT abnormalities. The test

performed exceptionally well in classifications of patients with mild injury versus non-injury controls

(sensitivity = 96.4% and specificity = 98.0%) and also provided a sensitivity of 80.2% when stratifying

mild patients with at least one CT abnormality against those without. The results provided illustrate

the test ability to identify four of every five CT abnormalities and show great promise to be introduced

as a triage tool for CT priority in patients with mild TBI.
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Introduction

Population-based studies from numerous countries have

estimated the global incidence of traumatic brain injury

(TBI) to be 50–60 million new cases annually. In the

United Kingdom (UK), in England and Wales*1.4 mil-

lion persons with TBI visit the Emergency Department

(ED) annually.1 Of these, the majority (*68%) have a

mild TBI,2 as defined as a score of 13 to 15 on the Glas-

gow Coma Scale (GCS).2,3

Optimal management benefits from accurate assess-

ment of TBI severity and prediction of likely outcome,

most commonly from assessment of consciousness. Con-

sciousness is most often assessed with the GCS. Combi-

nation of GCS with other variables—for example, pupil

responses (GCS-P)—can enhance prediction of six-

month death and functional impairment.4 A combination

of GCS-P, patient age, and CT findings further bene-

fits outcome predictions, using a combined effects ap-

proach.5 These outcome prediction tools are most useful

in the moderately and severely brain injured patient. In

mild head injury, poor outcomes are very infrequent,

and outcomes of interest are more likely to be hospital

admission or length of stay.

Computed tomography (CT) brain scanning is a stan-

dard investigation to identify intracranial pathology that

might portend clinical deterioration and possible require-

ment for operative intervention, or to exclude significant

pathology and expedite discharge. The CT imaging fol-

lowed by at home self-observation can reduce healthcare

costs by avoiding unnecessary hospital admission of

those with mild TBI. As reported by Geijerstam and asso-

ciates,6 the option of CT followed by earlier discharge

can save up to £280,000 per million in the UK’s National

Health Service (NHS) as opposed to in-hospital ob-

servations.

An estimated 7% of patients who undergo CT imaging

have evidence of TBI7 and therefore a large proportion

of the remaining 93% of scans may be unnecessary. Fur-

ther, all patients are exposed to radiation, which confers a

brain tumor risk; even as few as 2–3 scans as a child can

triple the risk, and each additional CT scan increases the

incidence rate ratio by 0.16.8

Strategies to triage patients with mild head injury

are needed that reduce radiation exposure and unneces-

sary imaging while maintaining economic savings from

early discharge. This is especially important given the in-

creasingly lower thresholds for CT, especially in patients

receiving antiplatelet medication, advocated in recent

head injury guidelines.1 Predictors of high risk in mild

head injury include headache, loss of consciousness/

amnesia, and alcohol intoxication,9 but lack both sensi-

tivity and specificity.

Numerous blood-based biomarkers have been assessed

as prognostic markers, but with little clinical impact. In

2018 the U.S. Food and Drug Administration (FDA)

approved the use of glial fibrillary acidic protein

(GFAP) and ubiquitin carboxy-terminal hydrolase L1

(UCH-L1) assays to aid in TBI evaluations.10,11 Hand-

held devices such as the Abbott i-STATTM have been de-

veloped for rapid, point-of-care measurements; however,

prognostic impact currently remains largely unknown.11

The ALERT-TBI study assessed these two blood-

based brain biomarkers (GFAP and UCH-L1) in 1977

in patients presenting a GCS score of 9–15 within 12 h

of injury.12 A combination of the two biomarkers pre-

dicted CT abnormalities with high sensitivity, but low

specificity.12 More recently, a study from the Collabora-

tive European NeuroTrauma Effectiveness Research in

TBI (CENTER-TBI) team explored the relationship be-

tween six different blood biomarkers (S100B, neuron-

specific enolase [NSE], GFAP, UCH-L1, neurofilament

light chain protein [NfL], and t-tau) with brain injury se-

verity and CT findings.13 Only GFAP performed well

in predicting CT abnormalities (area under the curve

[AUC] = 0.89), but requires external validation.13

There is a need for a rapid, low cost, sensitive and spe-

cific test to triage head injured patients in the ED. Rather

than assaying single molecules, our strategy uses attenu-

ated total reflectance-Fourier transform infrared (ATR-

FTIR) spectroscopy for assessment of more than 20,000

molecules in serum, surveying the brain and systemic re-

sponse to head injury. This phenotypic method quantifies

molecular absorption of mid-infrared light and results in a

spectrum that provides information on the overall composi-

tion of the sample.14 Molecules such as lipids, carbohy-

drates, nucleic acids, and proteins are easily recognizable

by absorption at specific wavenumber regions.14–16

The methodology is rapid, commercially available, and

involves silicon internal reflection elements (SIREs),

which allows for multiple sampling points, is relatively

low cost, and suitable for investigative use at high

throughput.17–19 Our group previously demonstrated this

platform technology performs with high sensitivity and

specificity for brain tumor detection in symptomatic pa-

tients.20 We therefore hypothesized that spectral data

from patient serum can be used as a triage method to

identify patients with mild TBI most likely to have a

CT abnormality.

Methods

Two hundred and ninety-eight serum samples were

obtained from CENTER-TBI for spectroscopic analysis.

The CENTER-TBI study was a prospective observational

clinical study conducted in 65 sites from 17 European

countries and Israel between December 19, 2014, and

December 17, 2017. Patients with all severities of TBI

presenting to a study center within 24 h of injury and

scheduled for CT scanning were enrolled. The only ex-

clusion criterion was severe pre-existing neurological

disorder.
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All the measured 298 samples were randomly selected

on admission samples from the CENTER-TBI serum bio-

bank, collected within 24 h post-injury in 11 of the 65 par-

ticipating clinical sites of the CENTER-TBI project. The

samples underwent two freeze-thaw cycles before analy-

sis, because serum aliquots were primarily used for other

biomarker tests by the CENTER-TBI group. Of these,

222 patients were analyzed who had both GCS scores

recorded from the time of injury and Extended Glasgow

Outcome Scale (GOSE) values at six months post-injury.

The 222 cohort samples were compared with those of 87

asymptomatic controls whose serum samples were

obtained from Royal Preston Hospital (Preston, UK).

The TBI patient cohort had a mean age of 50.7 years

and were represented in a 70:30% male to female ratio.

The asymptomatic controls had a mean age of 34.4

years and a 55:45% female to male ratio. At the time of

injury, 49% (108) of patients presented with a mild

head injury, 14% with moderate head injury, and 37%

with severe head injury. These classifications were

based solely on GCS score: mild 13–15, moderate 9–

12, and severe 3–8.

From the CT imaging, 23% of patients with TBI had

no abnormalities. The remaining 77% with abnormalities

presented with one or more of the following six: small

hyperdense lesions, extradural hematoma, acute subdural

hematoma, contusion, subarachnoid hemorrhage, or basal

cisterns absent compressed. Six months post-injury, 21%

of patients had died as a result of their injury, while 20%,

18%, and 41% had severe, moderate, or good recoveries,

respectively. A summary of patients included within the

study is outlined in Table 1.

A Perkin Elmer Spectrum 2 FTIR spectrometer (Per-

kin Elmer, UK) was used for all serum spectral data col-

lection. This involved a Specac Quest ATR accessory

unit with a specular reflectance puck (Specac Ltd, UK),

allowing a Dxcover optical sample SIRE (Dxcover Ltd)

to be positioned directly on top of the aperture. Nine

spectra were collected for each patient within the wave-

number range of 4000–450 cm�1, at a resolution of

4 cm�1, with 1 cm�1 data spacing and 16 co-added

scans; resulting in a total of 2781 spectra acquired. For

nine repeats and background, each patient took approxi-

mately 15min for data collection.

The data analysis was completed using either MAT-

LAB R2020a or R Statistical Computing Environment

software with the PRFFECT toolbox,21 a principal

component analysis (PCA) code written in house, a re-

ceiver operating characteristic (ROC) curve code writ-

ten in house, or a partial least squares-discriminant

analysis (PLS-DA) bootstrapping code for permutation

analysis.

Data pre-processing was a trial-and-error iterative ap-

proach utilizing the PRFFECT toolbox and was com-

pleted before each PCA or classification. The optimum

pre-processing techniques for these data involved a min

max normalization, a binning factor of 8, cutting to the

spectral region of 1800–1000 cm�1, and an extended

multiplicative signal correction (EMSC) that used the av-

erage spectrum of 10 background measurements of the

SIRE as a reference.

Three classifications within the PRFFECT toolbox

were chosen including random forest (RF), PLS-DA,

and support vector machine (SVM). Patients were split

randomly into training (70%) and test sets (30%) where

the models were tuned on the training set and then used

to make predictions for the spectra within the test set.

A five-fold cross-validation on the training set was per-

formed on a per-spectra basis. To ensure that the models

were trained and validated correctly, spectra from a sin-

gle patient’s sample could only appear in one cross-

validation fold, and in either the training or test set.

The consensus vote among the nine spectra that were an-

alyzed for each patient was reported as the diagnostic out-

come. The 51 reiterations reshuffle the training and test

sets to ensure all patients are included within the test

set at least once.

Because of the imbalance between the two groups (in-

jury and non-injury), a synthetic minority oversampling

technique (SMOTE) was used for all classifications.

The SMOTE sampling technique is an oversampling ap-

proach that creates synthetic data for the minority class to

create a class balance, and it is used widely for high di-

mensional data.22 Sensitivity, specificity, and balanced

accuracies contribute to the performance of each algo-

rithm23 while a ROC curve can measure performance

capabilities and the AUC represents a degree of separa-

bility.24 The statistical significance of the classification

was obtained by an empirical p value, where 1000

Table 1. Patients Included within the Study

Factor Value (%)

No. of injury patients 222
Age range (years) 3–92
Mean age (years) 50.7
IQR (years) 34
Gender M/F 156/66 (70/30)
GCS score

13–15 (Mild) 108 (49)
9–12 (Moderate) 32 (14)
3–8 (Severe) 82 (37)

6-month GOSE
Mortality 46 (21)
Severe disability 44 (20)
Moderate disability 41 (18)
Good recovery 91 (41)

No. of healthy patients 87
Age range (years) 20 - 69
Mean age (years) 34.4
IQR (years) 17
Gender M/F 39/48 (45/55)

IQR, interquartile range; GCS, Glasgow Coma Scale; GOSE, extended
Glasgow Outcome Scale.
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permutation tests with randomized labels were com-

pleted. This was done with a PLS-DA classification

model with SMOTE sampling and 1000 bootstrapping

validations.25

Analysis first involved comparison between injury pa-

tients (all severities) and a healthy volunteer non-injury

control group. Following this, patients who presented

with a mild GCS score were compared with non-injury

controls, and, finally, comparisons were made between

patients with mild GCS scores with at least one CT ab-

normality against mild patients with GCS scores with

no CT abnormalities. Patient age and gender were also

investigated to establish any influence on test accuracy

because of these two variables.

Results

Exploratory and classification analysis was completed

on the total cohort (n = 222) of head injury patients (all

severities) against non-injury controls (n = 87). For the

exploratory analysis, PCA was completed to explain

any variance between the two classes of patients (head in-

jury and non-injury) and is shown in Figure 1. The PCA

plot illustrates a separation between the injury and non-

injury patients along the first PC with the top 10 wave-

numbers responsible for this separation highlighted.

The top 10 wavenumbers range between approximately

1400 cm�1 and 1600 cm�1, which demonstrates that the

variation between classes comes from the Amide I and

Amide II region of the spectrum.

Three different classification models (PLS-DA, SVM,

and RF) were explored to stratify between the two

classes, with PLS-DA resulting in the greatest predictive

ability. Sensitivity (96.0%), specificity (98.1%), and bal-

anced accuracy (97.1%), shown in Table 2, are all greater

than 95% in stratifying between injured and non-injured

patients.

We next examined patients with mild head injury

symptoms. Exploratory and classification analysis was

completed on a group of patients (n = 108) who were cat-

egorized as mild through their GCS rating. The PCA plot

of mild injuries against non-injuries illustrated a similar

trend to the total cohort, with a slight separation between

the classes within the first dimension. The wavenumbers

that are deemed important for this separation correspond

well with the total cohort, reiterating the importance of

the Amide I and Amide II spectral region for discrimina-

tion (Fig. 2).

THE PLS-DA once again performed the greatest of the

three classification models (PLS-DA, SVM, and RF) with

sensitivity (96.4%), specificity (98.0%), and balanced ac-

curacy (97.2%) remaining above 95%, as shown in

Table 3.

FIG. 1. Principal component analysis (PCA) of the first and second dimensions with all injury patients in

yellow and healthy controls in blue. The eclipses represent a 95% confidence interval. Values in parentheses

are the total explained variance in each PC. Inset are the top 10 wavenumbers that contribute to the

separation of the two classes within the first dimension. Color image is available online.
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For the mild head injury patients and non-injury con-

trols, a ROC curve was completed to display the diagnos-

tic capability of the PLS-DA classification model, with

the AUC calculated as 0.998 (Fig. 3). The classification

model can be tuned by altering the threshold (p) to

favor either sensitivity or specificity. Point A represents

the greatest sensitivity, point B represents the greatest

specificity, and point C is the optimum threshold for

both excellent sensitivity and specificity.

A PLS-DA classification model with 1000 bootstrap-

ping validations was completed to assess the statistical

significance of the classification findings and to complete

a permutation analysis. The correct classification rate

(CCR) for the patients with mild injury versus controls

was calculated as 0.96, which demonstrates excellent

separation between the null and observed distributions.

Figure 4 illustrates the null and observed distribu-

tions where a clear separation is visible, supporting the

machine learning classifications. The null hypothesis

(which states that the separation happened by chance)

can be rejected because the classification results are

deemed genuine. A p-value was calculated ( p =<0.001)

from this analysis to demonstrate statistical significance

and to give further evidence against the null hypothesis.

A confusion matrix calculates the true positives (TP),

false positives (FP), true negatives (TN), and false

Table 2. Sensitivity, Specificity, and Balanced Accuracies for All Patients with Head Injury versus Controls with the Partial Least
Squares-Discriminant Analysis, Random Forest, and Support Vector Machine Classification Models
with 95% Confidence Intervals Included

Model

Sensitivity (%) Specificity (%) Balanced accuracy (%)

Mean SD 95% CI Mean SD 95% CI Mean SD 95% CI

PLS-DA 96.0 3.4 –0.9
95.1–96.9

98.1 2.6 –0.7
97.4–98.8

97.1 2.1 –0.6
96.5–97.7

RF 95.7 3.9 –1.1
94.6–96.8

95.3 4.0 –1.1
94.2–96.4

95.6 2.5 –0.7
94.9–96.3

SVM 97.5 2.9 –0.8
96.7–98.3

95.7 4.2 –1.2
94.5–96.9

96.6 2.5 –0.7
05.9–97.3

SD, standard deviation; CI, confidence interval; PLS-DA, partial least squares-discriminant analysis; RF, random forest; SVM, support vector machine.

FIG. 2. Principal component analysis (PCA) of the first and second dimensions with patients with mild

injury in yellow and healthy controls in blue. The eclipses represent a 95% confidence interval. Values in

parentheses are the total explained variance in each PC. Inset are the top 10 wavenumbers that contribute

to the separation of the two classes within the first dimension. Color image is available online.
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negatives (FN) of the two classes from the machine learn-

ing classification. Class 1 represents the mild injury pa-

tient cohort while class 2 is the non-injury controls.

From the confusion matrix (Fig. 5), the TP represents

94.8% of patients with mild injury correctly identified,

with 5.2% assumed to be a non-injury control and identi-

fied as a FP. The TN represents 96.9% of non-injury con-

trols correctly identified with 3.1% deemed to have a

mild injury and is a FN.

The mild injury cohort was further explored by sepa-

rating the group into two subgroups: patients who pre-

sented with no CT abnormalities and patients with at

least one CT abnormality. These two subgroups were

subjected to the same exploratory and classification anal-

ysis. The unsupervised PCA indicated little separation

between the two (Supplementary Fig. S1), while the clas-

sification model PLS-DA gave high sensitivity and lower

specificity as outlined in Table 4.

The high sensitivity illustrates that this technique cor-

rectly identifies CT abnormalities in 80% of the patients

with mild head injury who do, in fact, have a CT abnor-

mality. The lower specificity indicates that only one third

Table 3. Sensitivity, Specificity, and Balanced Accuracies for Patients with Mild Head Injury versus Controls
with the Partial Least Squares-Discriminant Analysis, Random Forest, and Support Vector Machine Classification
Models with 95% Confidence Intervals Included

Model

Sensitivity (%) Specificity (%) Balanced accuracy (%)

Mean SD 95% CI Mean SD 95% CI Mean SD 95% CI

PLS-DA 96.4 3.7 –1.0
96.4–97.4

98.0 2.9 –0.8
97.2–98.8

97.2 2.2 –0.6
96.6–97.8

RF 95.5 3.3 –0.9
94.6–96.4

97.4 2.7 –0.7
96.7–98.1

96.4 2.2 –0.6
95.8–97.0

SVM 96.3 3.5 –1.0
95.3-97.3

93.8 4.0 –1.1
92.7–94.9

95.0 2.7 –0.7
94.3–95.7

SD, standard deviation; CI, confidence interval; PLS-DA, partial least squares-discriminant analysis; RF, random forest; SVM, support vector machine.

FIG. 3. Receiver operating characteristic curves with area under the curve (AUC) for patients with mild

head injury classified against healthy controls. Nine patient repeats and 51 reiterations with partial least

squares-discriminant analysis model.
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of patients indicated by the blood test to have a CT abnor-

mality will actually have one on brain imaging.

Finally, an exploratory and classification analysis was

completed on two patient variables (gender and age) to

prove their hypothesized lack of influence on these clas-

sification models to ensure the methods developed here

are applicable to all patients with head injury. Explora-

tory PCA as well as the three classification algorithms

(PLS-DA, SVM, and RF) were completed when patients

were separated by gender or age. The PCA plot of fe-

male and male patients (Supplementary Fig. S2) shows

no separation between the two classes. A similar result

is observed with patients under 40 years of age were com-

pared with patients more than 60 years of age (Supple-

mentary Fig. S3).

The classification results have sensitivities, specific-

ities, and balanced accuracies less than 70% (Supplemen-

tary Table S1). This indicates little variations between the

classes and can confidently suggest that patient age or

gender does not influence the classification of mild inju-

ries and will not need to be considered an influencing var-

iable with patient assessment.

Discussion

We have demonstrated that we can achieve accurate dis-

crimination of patients with head injury from non-injury

controls using ATR-FTIR. This technique proved ex-

ceptional for the stratification of all severities versus

controls as well as mild only versus controls. Screening

the entire serum composition clearly identifies the dif-

ferences that are likely because of the body’s systemic

response to the injury acquired. Stratifying mild patients

further into CT positive or CT negative proved less ac-

curate, however; the high sensitivity accounts for 80%

of all CT abnormalities being identifiable with this

method. The optimal balance of sensitivity and specific-

ity from model calibration may vary depending on local

triage pathways and clinical preferences for reducing

FN and FP results.

Because 93% of brain images performed in TBI are

predicted to be ‘‘normal,’’ this technique has the potential

FIG. 4. Null (orange) and observed (blue) distribution classification rates for patients with mild head injury

against healthy controls with a partial least squares-discriminant analysis classification model after 1000

bootstraps. Color image is available online.

FIG. 5. Confusion matrix illustrating the

percentage of true positive (TP), false positive

(FP), false negative (FN), and true negative (TN)

between the patients with mild head injury

(Class 1) and healthy controls (Class 2). Partial

least squares-discriminant analysis classification

model after 1000 bootstraps.
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to reduce hospital admissions, CT scans, and costs,

and limit exposure to ionizing radiation. Future stud-

ies will explore enhancing test accuracy through the

combination of patient and clinical features with spec-

troscopy data, as well as refinement of the machine

learning algorithm.

While 7% of CT scans demonstrate evidence of TBI,

there is an array of CT findings in TBI including hema-

toma collection and diffuse contusional injury. Many

patients with mild CT TBI changes will not require ad-

vanced head injury care and/or operative management

and will make an uneventful recovery with little interven-

tion. Similarly, there are some patients without CT TBI

changes that have persistent post-head injury concus-

sional symptoms who have changes on other imaging

modalities such as MRI. It is as yet unknown whether

our test is able to better identify patients with more signif-

icant CT abnormalities and also whether the FP signals

identified by the blood test may, in fact, indicate brain in-

jury unable to be identified on CT.

While the clinical value of our test is likely to be in bet-

ter acute triage of TBI and possible rationalization of CT

brain imaging, it remains to be seen whether it may also

have a role in prognostication and prediction of patients

at risk of longer term complications. A potential limita-

tion of our study is that we considered the significance

of CT brain imaging based simply on the number of ab-

normalities. This risks misclassifying the severity of any

individual abnormality. We previously demonstrated,

though, in a study of more than 10,000 patients with

TBI, that in a trade-off between predictive yield and sim-

plicity, reducing the number of CT groupings maintained

most of the predictive yield.5

Current clinical assessment of TBI is heavily depen-

dent on CT brain imaging, despite many scans being un-

remarkable and few identified abnormalities impacting

patient care. Patients might be better assessed without

the risks and cost of ionizing radiation.26 The potential

risks of CT radiation exposure have been correlated

with cancer incidence. Pearce and coworkers8 retrospec-

tively investigated patients in the UK who had CT brain

imaging between 1985 and 2002. They identified a signif-

icant linear association with imaging and brain tumors.27

Reducing CT imaging reduces this risk.28,29

Using patient serum, this technique provides a rapid,

low-cost stratification of the likelihood of CT abnormal-

ity. In patients with mild head injury, this permits assess-

ment before brain injury referral. Importantly, factors

such as patient age and gender do not influence test

results and therefore can be widely applied to all patients

with TBI. The healthy volunteer control group in our

study was not age and gender matched to the TBI group.

This will not have impacted the study outcome.

In future prospective validation studies, we will ex-

plore performance of the test algorithm in patients with

TBI compared with non-TBI patients with other cranial

pathology, such as stroke and brain tumor. While blood

biomarker tests do not replace thorough clinical assess-

ment and decision making, the test is an adjunct to this

process. Future work will assess the effect on test perfor-

mance in combination with current assessment tech-

niques, such as GCS and pupil reactivity.

Conclusion

Here we have introduced a blood based liquid biopsy that

can be utilized for the triage of CT priority when patients

present to the ED with an acquired TBI. Alongside the

traditional clinical assessment, the ATR-FTIR spectros-

copy technique has the potential to aid in clinical decision

making, which can save costs and remove radiation risks

of unnecessary CT imaging. Stratification of injury pa-

tients (both all severities and mild only) versus healthy

controls gave excellent sensitivities, specificities, and

balanced accuracies. The differentiation between mild

patients with one or more CT abnormality versus mild pa-

tients with no CT abnormalities provided an accurate

identification of 80% of all CT abnormalities. Further,

the test is not influenced by patient age or gender.
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Table 4. Sensitivity, Specificity, and Balanced Accuracies for Patients with Mild Head Injury with at Least One Computer
Tomography Abnormality versus Patients with Mild Head Injury with No Computer Tomography Abnormalities. Partial
Least Squares-Discriminant Analysis, Random Forest, and Support Vector Machine Classification Models with 95%
Confidence Intervals Included

Model

Sensitivity (%) Specificity (%) Balanced accuracy (%)

Mean SD 95% CI Mean SD 95% CI Mean SD 95% CI

PLS-DA 80.2 9.2 –2.5
77.7–82.7

33.2 14.4 –4.0
29.2–37.2

56.7 7.2 –2.0
54.7–58.7

RF 62.5 14.1 –3.9
58.6–66.4

46.6 15.3 –4.2
42.4–50.8

54.5 8.5 –2.3
52.2–56.8

SVM 61.1 13.4 –3.7
57.4–64.8

42.8 17.9 –4.9
37.9–47.7

52.0 10.0 –2.7
49.3–54.7

SD, standard deviation; CI, confidence interval; PLS-DA, partial least squares-discriminant analysis; RF, random forest; SVM, support vector machine.

780 THEAKSTONE ET AL.



Data for the CENTER-TBI study has been collected

through the Quesgen e-CRF (Quesgen Systems Inc., Bur-

lingame, CA), hosted on the INCF platform and extracted

via the INCF Neurobot tool (INCF, Stockholm, Sweden).

Versions 2.1 and 3.0 of the CENTER-TBI dataset were

used in this article.
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