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Measures of Intracranial Injury Size Do Not Improve
Clinical Decision Making for Children With Mild
Traumatic Brain Injuries and Intracranial Injuries

BACKGROUND: When evaluating children with mild traumatic brain injuries (mTBIs) and
intracranial injuries (ICIs), neurosurgeons intuitively consider injury size. However, the
extent to which such measures (eg, hematoma size) improve risk prediction compared
with the kids intracranial injury decision support tool for traumatic brain injury (KIIDS-TBI)
model, which only includes the presence/absence of imaging findings, remains unknown.
OBJECTIVE: To determine the extent to which measures of injury size improve risk
prediction for children with mild traumatic brain injuries and ICIs.
METHODS: We included children ≤18 years who presented to 1 of the 5 centers within
24 hours of TBI, had Glasgow Coma Scale scores of 13 to 15, and had ICI on neuroimaging.
The data set was split into training (n = 1126) and testing (n = 374) cohorts. We used
generalized linear modeling (GLM) and recursive partitioning (RP) to predict the com-
posite of neurosurgery, intubation >24 hours, or death because of TBI. Each model’s
sensitivity/specificity was compared with the validated KIIDS-TBI model across 3 decision-
making risk cutoffs (<1%, <3%, and <5% predicted risk).
RESULTS: The GLM and RP models included similar imaging variables (eg, epidural
hematoma size) while the GLM model incorporated additional clinical predictors (eg,
Glasgow Coma Scale score). The GLM (76%-90%) and RP (79%-87%) models showed
similar specificity across all risk cutoffs, but the GLM model had higher sensitivity (89%-
96% for GLM; 89% for RP). By comparison, the KIIDS-TBI model had slightly higher
sensitivity (93%-100%) but lower specificity (27%-82%).
CONCLUSION: Although measures of ICI size have clear intuitive value, the tradeoff
between higher specificity and lower sensitivity does not support the addition of such
information to the KIIDS-TBI model.

KEY WORDS: Minor head trauma, Intracranial hemorrhage, Risk prediction modeling, Clinical decision support
tools, Pediatrics, Child
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M ild traumatic brain injury (mTBI) is one
of the most common health problems
affecting children.1-3 Although mTBI

can have long-term health effects, its acute evalu-
ation is primarily focused on identifying and ap-
propriately managing the presence of radiographic

intracranial injury (ICI). Most children with mTBI
and ICI remain neurologically stable, but a mi-
nority experience neurological decline and require
neurosurgical or other advanced critical care in-
terventions.4-6 Therefore, matching patient risk to
an appropriate level of care is essential for ensuring
close neurological monitoring for those at increased
risk while avoiding the emotional burden and re-
source use associated with unnecessary intensive
care unit admission.7,8

Difficulty in risk-stratifying children with
mTBI and ICI has contributed to variable treat-
ment practices that primarily reflect individual
physician judgment and institutional culture.4,9

To advance safe, evidence-based practices, several
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clinical decision support (CDS) tools have been proposed for
managing this population.4,6,10 One of these tools, the kids in-
tracranial injury decision support tool for TBI (KIIDS-TBI), was
developed and externally validated in 2 large multicenter cohorts and
is summarized in Supplemental Figure 1 in the Supplemental
Digital Content, http://links.lww.com/NEU/C813.11 The KIIDS-
TBI tool builds on long-standing evidence demonstrating the im-
portance of integrating clinical and radiological findings to risk-stratify
patients with TBI.12 The clinical implementation of these findings
may improve patient safety and reduce resource use.
Nonetheless, the KIIDS-TBI tool does not include quantitative

imaging measures reflecting ICI size (eg, hematoma size), poten-
tially limiting its predictive ability. By comparison, some researchers
using smaller study populations have suggested risk-stratification
algorithms that incorporate such quantitative measures.13,14 It is
currently unknown whether and to what extent such information
improves risk prediction. This question holds significance for CDS
intended to be used in emergency settings by multidisciplinary
providers with differing levels of neuroimaging experience. Spe-
cifically, when radiology reports are relayed verbally in emergency
settings, they may not provide detailed measurements of traumatic
findings and vary based on local radiology capabilities. Therefore,
incorporating quantitative measures of ICI size may preclude CDS
use by nonneurosurgeons who may not be comfortable performing
such detailed imaging measurements.15

Given the potential tradeoff between ease of use and improved
risk prediction, the primary objective of this study was to use a large
multicenter data set to investigate the value added by including
quantitative measures of ICI size in the risk-stratification of children
with mTBI and ICI. To aid interpretation of the results of logistic
regression modeling,16 the secondary objective was to visually
evaluate the relationship between ICI size and patient risk.

METHODS

Study Data Set
The data set for this analysis was taken from the Pediatric TBI Research

Consortium. The details regarding data collection have been published

previously.11 In brief, this data set included children who presented to 1 of
the 5 hospital emergency departments with blunt head trauma between
2006 and 2019. Data were collected through retrospective medical record
review by site investigators at each participating institution, and a shared
operations manual was used to standardize variable definitions. De-
identified data were stored in a centralized research electronic data capture
database and were subject to further quality control.17

Inclusion Criteria
We included children 18 years or younger who presented to a par-

ticipating emergency department within 24 hours of blunt head trauma,
had Glasgow Coma Scale (GCS) scores of 13 to 15, and had ICI on
computed tomography or MRI. Consistent with previous studies, ICI
was defined as intracranial hemorrhage, cerebral edema, midline shift,
pneumocephalus, skull fracture depressed by at least the width of the
skull, traumatic infarction, herniation, or venous sinus thrombosis.11,18

Patients were excluded if they had penetrating head trauma, current brain
tumors, premorbid cognitive impairment, a ventricular shunt, coagul-
opathy, or imaging suggesting a subacute or chronic ICI.

Predictor Variables
The full list of potential predictors with the proportion of missing data

is summarized in Supplemental Table 1 in the Supplemental Digital
Content, http://links.lww.com/NEU/C813. Imaging variables were
captured by site investigators by reviewing radiology reports alone (1 of 5
centers) or in conjunction with primary computed tomography/MRI
images (4 of 5 centers) from patients’ first neuroimaging scans. Extra-
axial, subdural, and epidural hematoma sizes were defined based on the
maximum perpendicular distance from the skull. Extra-axial hematomas
referred to lesions that could not be confidently distinguished as subdural
vs epidural. Cerebral contusion size was defined based on the ABC/2
method, using the maximum hemorrhage dimensions in 3 planes.19

Fracture depression was measured from the inner table of the skull to the
inner cortex of the depressed fracture fragment.

Primary Outcome
The primary outcome was the composite of neurosurgical intervention,

death because of TBI, or intubation formore than 24 hours because of TBI.
We defined neurosurgical intervention as craniotomy for intracranial he-
matoma evacuation or lobectomy, repair of cerebrospinal fluid leak, cra-
niotomy for elevation of a depressed skull fracture, intracranial pressure
monitor or external ventricular drain placement, or decompressive cra-
niectomy. These outcomes have been reported previously.4

Statistical Analysis
Missing predictor variables were imputed using the missForest package

in R,20 and the study data set was randomly divided into training (75%)
and testing (25%) data sets based on outcome event rates. There were no
missing outcome data. We evaluated 2 statistical approaches to model
creation: multivariable generalized linear modeling (GLM) and binary
recursive partitioning (RP). These methods were selected because of their
high clinical interpretability and strong foundation in the CDS litera-
ture.21,22 For the GLM model, we tested all injury size predictors and
GCS score, given its clinical importance and prominent role in the
KIIDS-TBI tool. For continuous variables, polynomial and spline
transformations were evaluated. In addition, given the large number of
potential predictors, we used adaptive lasso to limit and select other
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potentially influential predictors. Adaptive lasso is a form of penalized
regression that has been shown to have desirable statistical properties for
variable selection compared with some traditional approaches, such as
stepwise selection.23 We also decided a priori to test for an interaction
between the amount of midline shift and epidural hematoma size. Variables
with P < .10 were retained in the final model. RP involves sequentially
identifying the most important predictors and optimal cutoffs, continuing
to build a model in a tree-like fashion until further splitting does not
improve model accuracy. We graphically evaluated the marginal risk for
each imaging variable retained in the final GLM model using the ggeffects
package in R.24 In this context, marginal effects refer to model-based
predictions for a variable of interest, holding other model variables constant.

For the RP analysis, we assigned a relative cost of 75:1 for failure to
identify a patient who experienced the composite outcome and used a
minimum terminal node size of 25 to prevent overfitting. Ten-fold cross-
validation was used to select the final model.

We evaluated 3 different risk cutoffs for considering a patient “low risk”
(<1%, <3%, or <5%). The performance of each model was investigated by
measuring the sensitivity, specificity, and positive and negative predictive values
of each threshold. Model calibration was assessed graphically using observed vs
predicted values. The performance of the GLM and RP models was compared
with the validated KIIDS-TBImodel. All analyses were conducted in R version
4.0.1 (R Foundation).25 The adaptive lasso was performed using the glmnet
package,26 RP was performed using the rpart package,27 and splines were

TABLE 1. Patient Characteristics

Characteristic

Training cohort Testing cohort

No serious neurological
event (n = 1044)

Serious neurological
event (n = 82)

No serious neurological
event (n = 347)

Serious neurological
event (n = 27)

Median age, y (IQR) 4 (10.5) 5.5 (6.8) 4 (10.6) 7 (7)
Age ≥2 y 639 (61.2) 64 (78.0) 217 (62.5) 22 (81.5)
Median (range) hours from injury to ED 1.3 (2.5) 2.8 (3) 1.7 (2.6) 2.6 (3.1)
Patient race
White 875 (83.8) 71 (86.6) 290 (83.6) 25 (92.6)
Black 124 (11.9) 16 8 (9.8) 39 (11.2) 2 (7.4)
Others 45 (14.4) 3 (3.7) 18 (5.2) 0 (0)

Sex
Male 660 (63.2) 51 (62.2) 235 (67.7) 20 (74.1)
Female 384 (36.8) 31 (37.8) 112 (32.3) 7 (25.9)

Mechanism of injury
Fall 534 (51.1) 37 (45.1) 174 (50.1) 12 (44.4)
Moving object struck head 70 (6.7) 12 (14.6) 16 (4.6) 3 (11.1)
Motor vehicle collision 124 (11.9) 7 (8.5) 38 (11.0) 2 (7.4)
Motorcycle/all terrain vehicle accident 54 (5.2) 6 (7.3) 20 (5.8) 1 (3.7)
Others 262 (25.1) 20 (24.4) 99 (28.5) 9 (33.3)

Presenting GCS score
13 42 (4.0) 7 (8.5) 15 (4.3) 1 (3.7)
14 112 (10.7) 15 (18.3) 46 (13.3) 3 (11.1)
15 890 (85.2) 60 (73.2) 286 (82.4) 23 (85.2)

Noncranial significant injury 119 (11.4) 9 (11.0) 50 (14.4) 6 (22.2)
Severe mechanism of injury 373 (35.7) 38 (46.3) 120 (34.6) 12 (44.4)
Concern for nonaccidental trauma 100 (9.6) 7 (8.5) 42 (12.1) 4 (14.8)
History of post-traumatic seizure 73 (7.0) 5 (6.1) 16 (4.6) 3 (11.1)
CT findings
Subdural hematoma, n (%) 375 (35.9) 6 (7.3) 129 (37.2) 5 (18.5)
Subdural hematoma median size (IQR) 4 (2) 7.5 (3.3) 3.6 (2) 5.1 (4)
Subarachnoid hemorrhage 306 (29.3) 14 (17.1) 99 (28.5) 5 (18.5)
Epidural hematoma 111 (10.6) 39 (47.6) 39 (11.2) 13 (48.1)
Epidural hematoma size, median (IQR) 6 (4.2) 15 (11.5) 5 (2) 15 (8)
Contusion 163 (15.6) 9 (11.0) 46 (13.3) 6 (22.2)
Contusion median size (IQR) 0.18 (0.33) 0.19 (0.46) 0.17 (0.67) 0.37 (0.50)
Skull fracture depressed≥thewidth of the skull 54 (5.2) 42 (51.2) 16 (4.6) 14 (51.9)
Amount of fracture depression, median
(IQR)

3 (1.4) 6.2 (3) 3 (4) 5 (1.9)

Midline shift 39 (3.7) 27 (32.9) 13 (3.7) 7 (25.9)
Amount of midline shift, median (IQR) 3 (3) 4 (3.5) 3 (2.0) 4 (4)
Extra-axial hematoma 99 (9.5) 8 (9.8) 36 (10.4) 1 (3.7)
Extra-axial hematoma median size (IQR) 3 (3) 4 (2.1) 4 (2) 2 (NA)

CT, computed tomography; ED, emergency department; GCS, Glasgow Coma Scale; IQR, interquartile range.
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evaluated using the splines package.28P-values <.05were considered statistically
significant. Waivers of informed consent and institutional review board ap-
proval were obtained at each site.

RESULTS

There were 1126 children included in the training data set and
374 in the test data set, including 82 (7.3%) and 27 (7.2%) with
the composite outcome, respectively. The proportion with a serious
noncranial injury (11% vs 15%), a serious mechanism of injury
(37% vs 35%), and a GCS score of 15 (84% vs 83%) was similar in
the training and testing cohorts. Demographic characteristics,
clinical history, and imaging findings are summarized in Table 1

GLM Model

Outside of the measures of ICI size and patient GCS score, the
following variables were identified as potential model predictors in
the adaptive lasso: age younger than 2 years; severe mechanism of
injury; and size of the patient’s second epidural hematoma (if
present). The final GLM model is presented in Table 2 and in-
cluded epidural hematoma size, amount of midline shift, extra-axial
hematoma size, amount of fracture depression, GCS score, severe
mechanism of injury, and the interaction between epidural size
and midline shift. Using a spline transformation for continuous
predictors led to a negligible change in overall model fit (data not
shown). The marginal risk for each quantitative predictor (ie, the
change in predicted risk holding other model variables constant) is
shown graphically in Figure 1. When accounting for other model
variables, most predictors showed a small change in risk at small
lesion sizes with a steep increase in risk at moderate to large sizes.

RP Model

The final RP model is shown in Figure 2, which shows the most
influential variables and model-identified cutoff values for dis-
tinguishing risk groups. The model identified a skull fracture

depressed by ≥3 mm, an epidural hematoma >4 mm, midline
shift ≥2 mm, and extra-axial hematoma size ≥2 mm as key pre-
dictors. This model led to 5 risk groups ranging from 0.2% to 49%
risk, with 72% of patients classified into the lowest risk category.

Model Predictive Performance

The predictive performance of the GLM and RP models is
summarized in Tables 3 and 4. In the training data set, the GLM
model and RP models showed similar performance, although the
RP model had slightly higher sensitivity across the 3 risk thresholds
(94%-98% vs 90%-96%). However, there was a notable drop in
the sensitivity of the RPmodel in the testing data set (89% at all risk
levels), whereas there was little change in the GLM model sensi-
tivity (89%-96%). Both models had high specificity in both the
training and testing data sets (76%-90% for GLM and 78%-86%
for RP in the testing data set). The calibration of both models is
shown in Supplemental Figure 2A and 2B in the Supplemental
Digital Content, http://links.lww.com/NEU/C813.
The predictive performance of the KIIDS-TBImodel—which uses

only categorical predictors—is compared with the GLM and RP
models in Tables 3 and 4. In both the training and testing data sets,
the KIIDS-TBI model had the highest sensitivity at all 3 risk
thresholds (range 93%-100% in the testing data set). Although the
magnitude of the difference varied substantially by risk cutoff, the
GLM model showed higher specificity (with nonoverlapping 95%
CI’s) compared with the KIIDS-TBI model at each decision-making
cutoff. For example, the specificity of the KIIDS-TBI model was
substantially lower than the GLMmodel at a cutoff of <1% predicted
risk (27% vs 76%, respectively). By comparison, the specificity of the
KIIDS-TBI and GLM models were similar when using a threshold
of <5% risk for clinical decision making (82% vs 90%).

DISCUSSION

We developed and internally-validated 2 risk models that used
both quantitative measures of injury size and clinical history to
predict the risk of neurosurgical intervention, prolonged intubation

TABLE 2. Full Results of the Multivariable GLM Model

Variable Beta coefficient (95% CI) Odds ratio (95% CI) P-value

Age 2 y or older 0.89 (0.06 to 1.8) 2.4 (1.1 to 6.0) .04
Epidural hematoma size 0.38 (0.29 to 0.48) 1.5 (1.3 to 1.6) <.01
Midline shift amount 0.53 (0.24 to 0.79) 1.7 (1.3 to 2.2) <.01
Extra-axial hematoma size 0.28 (0.10 to 0.46) 1.3 (1.1 to 1.6) <.01
Amount of fracture depression 0.91 (0.74 to 1.09) 2.5 (2.1 to 3.0) <.01
Severe mechanism of injury 0.85 (0.12 to 1.6) 2.3 (1.1 to 4.9) .02
GCS score = 15 �0.85 (�1.7 to 0.07) 0.43 (0.18 to 1.07) .06
Epidural sizea midline shift a a <.01

GCS, Glasgow Coma Scale.
aGiven the complexity of representing the interaction between 2 continuous variables, this interaction is displayed graphically in Figure 1.
Estimates are based on the model defined in the training data set.
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for TBI, or death from TBI in children with mTBI and ICI. We
found that the GLM model showed better performance than the
RP model in the testing data set. However, compared with the
KIIDS-TBI model using only categorical predictors, the GLM
model had lower sensitivity but higher specificity, suggesting that
quantitative imaging measures added marginal clinical benefit.
A large body of literature has demonstrated that increasing CDS

complexity is associated with a lower likelihood of clinical use.29-31

Despite progress in artificial intelligence, 32,33 automated quanti-
fication of intracranial hemorrhage is typically not available in

routine clinical workflow. Therefore, clinicians would need to assess
quantitative imaging measurements used for CDS. While adding
time, this requirement would not affect the tool’s accessibility for
neurosurgeons. However, as highlighted in recent interviews with
multidisciplinary neurotrauma providers, detailed imaging mea-
sures may be a barrier for some physicians in specialties less ac-
customed to reading neuroimaging studies (eg, emergency
medicine).15 Furthermore, decreased use by nonneurosurgeons
would be a barrier to using CDS to expand risk knowledge across
specialties, 1 potential benefit identified in qualitative analyses.15

FIGURE 1. Themarginal risk associatedwith each quantitative imaging predictor included in the final logistic regressionmodel. For each variable, predicted risk
is showing across lesion severity while holding other model variables constant. A, Amount of midline shift as a function of epidural hematoma size; B, epidural
hematoma size as a function of amount of midline shift; C, extra-axial hematoma size; and D, amount of skull fracture depression. MLS, midline shift.
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Consequently, the value added by quantitative imaging measures
must be weighed against the challenges created.
Using a large multicenter data set, we found that a GLMmodel

incorporating quantitative measures of ICI size showed higher
specificity but lower sensitivity compared with the KIIDS-TBI
model, indicating the GLM model may miss more children with
the composite outcome. In addition, although the GLM model
was validated internally, its performance has not been tested in a
new patient population. Taken together, these results suggest that
the KIIDS-TBI model is best able to support practical, evidence-
based care decisions. In addition, the simplicity of the KIIDS-TBI
model may increase its popularity in guiding resource use for
multidisciplinary frontline providers in diverse clinical settings.
Although quantitative imaging measures added marginal value

to attempts to identify low-risk patients, evaluating the marginal
risk predictions shown in Figure 1 can help expand clinical in-
tuition and provide new insights about our results. For example,
the effect of midline shift on risk of the composite outcome is

substantially lower in patients without any epidural hematoma vs
those with a moderate or large (eg, 10 or 15 mm) epidural he-
matoma. In addition, the wide CI associated with some predic-
tions (eg, extra-axial hematoma larger than 10 mm) is indicative of
the small number of patients with those characteristics in the
study data set. It is likely that such low numbers at higher lesion
volumes also explained why spline transformations for continuous
variables did not substantially improve model fit. Therefore, al-
though we used a large data set that included 1500 patients, a
much larger population may be needed for precise predictions of
infrequent radiographic findings in this population.
Although the relative rarity of some findings limited their value

in predictive modeling, our results do not negate the clear clinical
importance of considering quantitative imaging measures in
appropriate contexts. For example, CDS is not intended to guide
the management of a large acute subdural hematoma with mass
effect, an undoubtedly a high-risk lesion where clinical experience
certainly outweighs evidence-based guidance.

FIGURE 2. The final recursive partitioningmodel, which sequentially identified themost influential predictors and cutoff
points for each. As themodel-building tree moves downward, patients with previously identified risk factors are separated for
purposes of identifying subsequent influential predictors. Within each oval is the number of patients who experienced the
composite outcome out of the number at risk. Terminal nodes at the bottom of the figure reflect distinct risk groups.
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Limitations
This study has several limitations. First, although each study site

attempted tominimize potential bias, the data set relied on retrospective
chart review, which may have limited the accuracy with which some
variables were recorded.34 Nonetheless, both model predictors and
outcome variables were generally objective imaging findings or major
events well-documented in the record, lessening the impact of the
retrospective review. In addition, although we evaluated 2 rigorous
prediction methods, it is possible that other approaches, such as ma-
chine learning algorithms, could have superior performance.35,36 This
possibility should be explored in future work. Third, this analysis was
restricted to children with mTBI where neurosurgery is rare, and the

results may vary in children with more severe injuries. Finally, although
our data set was much larger than those used in previous studies, the
sample size limited both the precision of some measurements and also
the power of the “testing” validation data set.37 Future efforts should
explore opportunities to expand collaborative research networks in
pediatric TBI to address these and other important questions.

CONCLUSION

Analyzing a large, multicenter data set, we found that considering
the size of epidural or extra-axial hematoma, midline shift, and
amount of fracture depression improved specificity but decreased

TABLE 3. Performance of the Quantitative GLM Model vs the CHIIDA Model in the Training Data set

Training data set (n = 1126)

GLM RP KIIDS-TBI

<1% <3% <5% <1% <3% <5% <1% <3% <5%

High acuity disposition
Composite outcome 79 76 75 80 80 77 82 80 78
No composite outcome 235 130 106 230 230 141 752 314 192

Low acuity disposition
Composite outcome 3 6 7 2 2 5 0 2 4
No composite outcome 809 914 938 814 814 903 292 730 852

Sensitivity (95% CI) 0.96
(0.90-0.99)

0.93
(0.85-0.97)

0.91
(0.83-0.96)

0.98
(0.91-1.0)

0.98
(0.91-1.0)

0.94
(0.86-0.98)

1.0
(0.96-1.0)

0.98
(0.91-1.0)

0.95
(0.88-0.99)

Specificity (95% CI) 0.77
(0.75-0.80)

0.88
(0.85-0.89)

0.90
(0.88-0.92)

0.78
(0.75-0.80)

0.78
(0.75-0.80)

0.86
(0.84-0.89)

0.28
(0.25-0.31)

0.70
(0.67-0.73)

0.82
(0.79-0.84)

PPV (95% CI) 0.25
(0.20-0.30)

0.37
(0.30-0.44)

0.41
(0.34-0.49)

0.26
(0.21-0.31)

0.26
(0.21-0.31)

0.35
(0.29-0.42)

0.10
(0.08-0.12)

0.20
(0.16-0.25)

0.29
(0.24-0.35)

NPV (95% CI) 0.996
(0.99-1.0)

0.99
(0.99-1.0)

0.99
(0.98-1.0)

0.998
(0.99-1.0)

0.998
(0.99-1.0)

0.99
(0.99-1.0)

1.0
(0.99-1.0)

0.997
(0.99-1.0)

0.995
(0.99-1.0)

CHIIDA, Children’s Intracranial Injury Decision Aid; GLM, generalized linear modeling; KIIDS-TBI, kids intracranial injury decision support tool for traumatic brain injury; NPV, negative
predictive value; PPV, positive predictive value; RP, recursive partitioning.

TABLE 4. Performance of the Quantitative GLM Model vs the CHIIDA Model in Testing Data set

Testing data set (n = 374)

GLM RP KIIDS-TBI

<1 <3 <5 <1 <3 <5 <1 <3 <5

High acuity disposition (%)
Composite outcome 26 25 24 24 24 24 27 26 25
No composite outcome 85 43 36 73 73 46 255 114 62

Low acuity disposition
Composite outcome 1 2 3 3 3 3 0 1 2
No composite outcome 262 304 311 274 274 301 92 233 285

Sensitivity (95% CI) 0.96
(0.81-1.0)

0.93
(0.76-0.99)

0.89
(0.71-0.98)

0.89
(0.71-0.98)

0.89
(0.71-0.98)

0.89
(0.71-0.98)

1.0
(0.87-1.0)

0.96
(0.81-1.0)

0.93
(0.76-0.99)

Specificity (95% CI) 0.76
(0.71-0.80)

0.88
(0.84-0.91)

0.90
(0.86-0.93)

0.79
(0.74-0.83)

0.79
(0.74-0.83)

0.87
(0.83-0.90)

0.27
(0.22-0.31)

0.67
(0.62-0.72)

0.82
(0.78-0.86)

PPV (95% CI) 0.23
(0.16-0.32)

0.37
(0.25-0.49)

0.40
(0.28-0.53)

0.25
(0.17-0.35)

0.25
(0.17-0.35)

0.34
(0.23-0.47)

0.10
(0.06-0.14)

0.19
(0.13-0.26)

0.29
(0.20-0.39)

NPV (95% CI) 0.996
(0.98-1.0)

0.99
(0.98-1.0)

0.99
(0.97-1.0)

0.99
(0.97-1.0)

0.99
(0.97-1.0)

0.99
(0.97-1.0)

1.0
(0.96-1.0)

0.996
(0.98-1.0)

0.99
(0.98-1.0)

CHIIDA, Children’s Intracranial Injury Decision Aid; GLM, generalized linear modeling; KIIDS-TBI, kids intracranial injury decision support tool for traumatic brain injury; NPV, negative
predictive value; PPV, positive predictive value; RP, recursive partitioning.
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sensitivity compared with the externally validated KIIDS-TBI
model. Given this tradeoff and the barriers to use created by
quantitative measurements, these results do not support the ad-
dition of measures of ICI size to the KIIDS-TBI CDS tool.
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Supplemental Table 1. Potential predictors (and % missing) considered during
model development.
Supplemental Figure 1. The KIIDS-TBI clinical decision support tool for
managing children with mTBIs and intracranial injuries. Risk estimates are based
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on the combined derivation and validation cohorts. Reused with permission from
John Wiley and Sons, Greenberg et al.
Supplemental Figure 2. Calibration plot comparing observed vs expected risk of
the composite outcome across risk groups for the GLM (A) and RP (B) models.
The number of patients in each risk group is also shown in the bottom of the figure.

COMMENT

T he authors have presented a thorough analysis of the effects of
traumatic lesion size on primary neurological outcomes. This study is

exploratory to assess if adding more detailed, quantitative imaging
findings about lesion size would improve the predictions of the
KIIDS-TBI tool, which is a more anatomically descriptive tool. Based on
this analysis, injury size alone appears to add little to the value of the tool.
The authors appropriately summarize that the more variables to be added

into a tool, the more difficult the tool is to use. Because the KIIDS-TBI
tool is designed to assist the physician in clinical decision management, it
is unlikely that further management refinement (eg, ICU admission,
surgery, etc) will result by addition of lesion size to the tool. The study
exemplifies the real-world scenario in which the multifactorial aspects of
clinical decision making in mild pediatric traumatic brain injury, par-
ticularly by frontline, nonneurosurgical clinicians, are likely to be pri-
marily influenced by the presence or absence of neurological and
neuroanatomic abnormalities rather than more quantitative, imaged-
based measures of neurological injury, the latter being of primary im-
portance to the neurosurgeon in operative decision making in more severe
pediatric TBI.

Pedro Aguilar
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Tucson, Arizona, USA
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