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Background: 
Traumatic brain injury (TBI) remains a leading cause of in-

hospital mortality worldwide, particularly in low- and 

middle-income countries. Widely used CT-based 

prognostic systems, such as the Marshall and Rotterdam 

scores, provide only moderate accuracy and do not 

integrate key clinical variables. There is a need for a simple, 

reliable bedside tool that combines clinical and radiological 

factors for early mortality prediction in moderate-to-severe 

TBI. 

Objective: 
To develop and internally validate a clinical–radiological 

nomogram for predicting in-hospital mortality in adults 

with moderate-to-severe traumatic brain injury, and to 

compare its performance with established CT-based 

scoring systems. 

Methods: 
This retrospective cohort study included adult patients (≥18 

years) with moderate-to-severe TBI (post-resuscitation 

GCS ≤12) admitted to a tertiary-care trauma center 

between January 2020 and December 2024. Candidate 

predictors were selected a priori and included age, 

admission GCS motor score, pupillary reactivity, Rotterdam CT score, and 

anticoagulant use. Missing data were handled using multiple imputation. 

Multivariable logistic regression was used to derive the model, followed by bootstrap 

internal validation (1,000 resamples) with coefficient shrinkage. Model discrimination, 

calibration, overall accuracy, and clinical utility were assessed and compared with the 

Marshall and Rotterdam CT scores. 

Results: 
A total of 2,400 patients were analyzed; median age was 56 years (IQR 38–73), and 

69% were male. In-hospital mortality occurred in 240 patients (10.0%). The final 
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nomogram demonstrated excellent discrimination with an optimism-corrected area 

under the curve (AUC) of 0.90 (95% CI 0.88–0.92), strong calibration (slope 0.99; 

intercept 0.00), and a low Brier score (0.062). The nomogram significantly 

outperformed the Rotterdam CT score (AUC 0.79) and Marshall classification (AUC 

0.70) (p<0.001 for both comparisons). Decision curve analysis showed superior net 

clinical benefit across clinically relevant risk thresholds (10–60%). The model also 

performed well for predicting unfavorable functional outcome at discharge (AUC 

0.86). 

Conclusion: 
A parsimonious clinical–radiological nomogram incorporating routinely available 

admission variables accurately predicts in-hospital mortality after moderate-to-severe 

TBI and outperforms traditional CT-based scoring systems. This tool may aid early 

risk stratification, prognostication, and clinical decision-making, particularly in 

resource-limited trauma settings. 

 

Introduction 

Traumatic brain injury (TBI) is a major global health problem and a leading cause of 

death and long-term disability
1,2

. Recent epidemiological data underscore the 

enormous burden: for example, one analysis estimated that ~27 million people sustain 

TBI annually (2019 data)
3
, and other sources have suggested even higher totals (on 

the order of 64–74 million when all severities are included)
4
. Outcomes are highly 

variable, but among survivors a large proportion suffer persistent deficits – about half 

of TBI patients are left with moderate-to-severe functional impairment
1,2

. The 

problem is particularly acute in low- and middle-income countries (LMICs). Indeed, 

the incidence of TBI in LMICs is estimated to be roughly three times that in high-

income countries
5
, and LMICs now account for over 90% of road-traffic fatalities 

worldwide
6
. Road traffic collisions are the predominant mechanism of injury in many 

LMIC settings
5,6

, often affecting young male drivers and pedestrians. This 

epidemiological heterogeneity ranging from high-speed crashes in young adults to 

falls in the elderly  means that patients with similar admission Glasgow Coma Scale 

(GCS) scores or CT findings can nonetheless have very different trajectories
2,7

. In 

short, TBI is not only common and dangerous, but also highly heterogeneous in 

clinical presentation and outcome. 

Existing prognostic tools for moderate-to-severe TBI rely heavily on neuroimaging. 

The Marshall CT classification (1991) and the Rotterdam CT score (2005) are the 

most widely used radiological grading systems
8,9

. These scores emphasize structural 

features on the head CT (e.g. mass lesions, midline shift, cisternal patency) to stratify 

risk. While simple and ubiquitous, they have important limitations. For one, they 

ignore clinical variables (beyond the GCS component in the Rotterdam score) and 

thus do not capture aspects like physiological status or premorbid factors. Both scores 

were developed decades ago in specific cohorts, and may not be optimally calibrated 

to today’s spectrum of patients or treatments
9
. In external validation studies, their 

discrimination is only moderate – for example, the Marshall classification often 

achieves an AUC ~0.65–0.70 for in-hospital mortality and the Rotterdam score AUC 

~0.75–0.85
10,11

. Moreover, these CT-based models frequently misestimate risk across 

different populations, tending to overpredict mortality in some cohorts
11,12

. 

International prognostic calculators such as the CRASH and IMPACT models extend 

beyond CT findings by incorporating age, GCS components, pupillary reactivity and 

even laboratory values
11,12,13,14,

. These combined models achieve better accuracy 

(AUC ~0.80–0.85 for mortality) than CT-only scores, but they are complex and not 

widely used in routine care
11,15

. In particular, in busy or resource-limited settings it is 

impractical to compute a CRASH/IMPACT score at the bedside. In summary, there is 
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a lack of an easily usable, validated bedside tool that integrates both clinical and 

imaging data for early prognostication in moderate-to-severe TBI. 

Against this background, the present study aimed to derive and internally validate a 

simple yet powerful prognostic model for moderate-to-severe TBI. Our goal was to 

create a clinical nomogram that combines key admission variables (clinical plus CT 

features) to predict in-hospital mortality (and secondarily functional outcome), 

improving upon traditional CT scores. We hypothesized that a model incorporating 

age, GCS (motor score), pupillary reactivity, anticoagulant use and the Rotterdam CT 

score would substantially outperform CT-alone models and provide accurate 

individualized risk estimates. 

 

Methods 

Study Design and Setting 

This was a retrospective cohort study conducted at the Department of Neurosurgery, 

Lady Reading Hospital Peshawar, a tertiary-care Level-1 trauma center. 

All patients were managed according to institutional TBI protocols consistent with the 

Brain Trauma Foundation (BTF) guidelines. 

The study period extended from January 1,2020 to December 31, 2024. 

The study was approved by the institutional review board . The requirement for 

informed consent was waived owing to the retrospective design. 

The primary aim was to externally validate existing CT-based prognostic scores and 

derive a clinical nomogram for in-hospital mortality. 

Secondary aims included prediction of functional outcome and comparison of model 

performance across systems. 

 

Eligibility Criteria 

Patients were eligible if they met the following inclusion criteria: 

Age ≥18 years 

Moderate-to-severe TBI, defined as a post-resuscitation Glasgow Coma Scale (GCS) 

score ≤12 

Head CT scan obtained within 6 hours of admission 

Documented in-hospital outcome 

 

Exclusion criteria were: 

Death or withdrawal of care before CT or within 6 hours of admission 

Transfer from another hospital >48 hours post-injury 

Missing outcome data or >20% missing for key predictors 

For intubated patients, the pre-intubation GCS was used when available; otherwise, 

the admission GCS motor score was used as the primary clinical predictor. 

 

Study Outcomes 

The primary outcome was in-hospital mortality (death from any cause during index 

hospitalization). 

The secondary outcome was functional status at discharge, assessed using the 

Glasgow Outcome Scale (GOS), dichotomized as: 

Favorable outcome: GOS 4–5 

Unfavorable outcome: GOS 1–3 

 

Candidate Predictors 

Predictors were selected a priori based on clinical relevance and prior prognostic 

literature. 

All variables were defined at the time of admission or first CT scan. 
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Category Variable Definition / Measurement 

Demographic Age (years) Continuous 

Clinical Admission GCS motor score Ordinal (1–6) 

Clinical Pupillary reactivity 
Both reactive / One fixed / Both 

fixed 

Imaging Rotterdam CT score 1–6, based on initial CT 

Medical Anticoagulant or antiplatelet use Yes/No 

Systemic 
Intracranial pressure (ICP) 

monitoring 
Binary (for sensitivity only) 

 

The GCS motor component was chosen over total GCS due to its superior reliability 

and validity in intubated patients. 

The Rotterdam CT score was preferred to avoid multicollinearity with its 

subcomponents. 

The ICP monitoring variable was treated as a process-of-care indicator and reserved 

for sensitivity analyses to avoid treatment bias. 

 

Data Collection and Management 

Data were extracted from the hospital’s HMIS .Two trained data abstractors 

independently entered all variables. Discrepancies were resolved by consensus or, if 

unresolved, by the senior investigator. 

 

CT Scoring Workflow: 

All admission CT scans were independently scored by two neurosurgeon blinded to 

patient outcomes. 

Discrepancies were resolved through consensus review, and if disagreement persisted, 

a senior neuroradiologist served as an arbiter. 

Inter-rater reliability was quantified in a 15% random sample (n=360) using the 

intraclass correlation coefficient (ICC) for continuous measures and weighted kappa 

for ordinal ratings. 

Data quality was assured through range checks, logical consistency tests, and random 

audits against source records. 

 

Handling of Missing Data 

Predictor variables had <5% missingness, except pupillary reactivity (4.2%). 

Missing data were addressed using multiple imputation by chained equations (MICE) 

with 20 imputed datasets. 

Predictive mean matching was applied for continuous variables and logistic regression 

for categorical variables. 

The imputation model incorporated all candidate predictors and the outcome to satisfy 

the missing-at-random assumption. 

A complete-case sensitivity analysis (n = 2,201) was conducted to confirm robustness. 

 

Statistical Analysis 

Descriptive Statistics 

Continuous variables were summarized as median (IQR) and categorical variables as 

frequency (percentage). 

Group comparisons (survivors vs. non-survivors) employed the Mann–Whitney U test 

for continuous data and chi-square or Fisher’s exact test for categorical variables. 

Two-sided p < 0.05 was considered statistically significant. 
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External Validation of Existing CT-Based Scores 

Before developing a new model, the Marshall and Rotterdam CT scores were 

externally validated for mortality prediction. 

Discrimination: Assessed by area under the receiver operating characteristic curve 

(AUC) with 95% CIs. 

Calibration: Evaluated using calibration plots, intercept/slope analysis, and the Brier 

score. 

Comparison: AUCs were compared using DeLong’s test. 

 

Model Development and Internal Validation 

A multivariable logistic regression model was developed using a pre-specified, 

closed-testing approach, where all six candidate predictors were entered 

simultaneously without automated selection. 

Model assumptions were checked as follows: 

Linearity in the logit: examined using restricted cubic splines (3 knots) 

Multicollinearity: assessed using variance inflation factor (VIF) with threshold VIF < 

2 

Influence diagnostics: verified using Cook’s distance (<0.5) 

Internal validation was performed using bootstrap resampling (1,000 iterations). 

A shrinkage factor derived from the bootstrap (0.95) was applied to the final model 

coefficients. 

Model performance was reported as: 

Discrimination: optimism-corrected AUC 

Calibration: intercept, slope, and visual calibration plot 

Overall accuracy: Brier score 

A graphical nomogram was constructed using the rms R package. 

 

Model Performance and Comparison 

The new nomogram was compared to the Marshall and Rotterdam CT-based models 

using: 

ΔAUC (DeLong test) 

ΔBrier score 

Continuous Net Reclassification Improvement (NRI) 

Clinical usefulness was assessed using Decision Curve Analysis (DCA) to quantify 

net benefit across probability thresholds (0.1–0.8). 

Analyses were conducted in R (v4.4.2) with the pROC, rms, rmda, and nricens 

packages. 

 

Secondary and Sensitivity Analyses 

For the secondary outcome (unfavorable functional outcome, GOS 1–3), the same 

model structure was applied. 

Subgroup analyses were performed for: 

Severe TBI (GCS ≤8) 

Moderate TBI (GCS 9–12) 

Sensitivity analyses tested: 

Complete-case results 

Exclusion of deaths within 24 hours 

Alternative single imputation approach 
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Sample Size Justification 

Following the 10–20 events-per-variable (EPV) guideline, a minimum of 1,200 

patients (≥120 deaths) was required for stable estimates. 

The available sample (n = 2,400; 240 deaths) yielded an EPV of 40, sufficient for 

both external validation of existing scores and derivation of a new model with 

bootstrap internal validation. 

Post-hoc power analysis (α = 0.05, OR ≥1.5) confirmed >90% power for key 

predictors. 

 

Software and Reproducibility 

All analyses were performed in R (v4.4.2, R Foundation for Statistical Computing, 

Vienna, Austria) using the following packages: 

tidyverse, mice, pROC, rms, rmda, nricens, and ggplot2. 

 

Ethics and Data Availability 

This study was conducted in accordance with the Declaration of Helsinki. 

The institutional review board granted a waiver of informed consent due to the 

retrospective design. 

 

Results 

Study Population, Data Completeness, and Baseline Characteristics 

From January 1, 2020, to December 31, 2024, 3,102 consecutive adult patients with 

moderate-to-severe TBI were assessed for eligibility. After applying exclusion criteria 

2,400 patients formed the analytic cohort (Figure 1). Data completeness was high: all 

candidate predictors had <3% missing data except pupillary status (4.2%). Missing 

data were handled using multiple imputation with chained equations (20 imputations); 

results from a complete-case analysis (n=2,201) were consistent. 

The cohort’s median age was 56 years (IQR 38–73), and 69% were male (n=1,656). 

The median admission GCS was 8 (IQR 5–11); 52% (n=1,248) met criteria for severe 

TBI (GCS ≤8). The in-hospital mortality rate was 10.0% (n=240), ensuring an events-

per-variable ratio of 40 for the main model. Deceased patients were significantly older, 

had lower GCS scores, and were more likely to have abnormal pupillary status (one 

or both fixed) and higher CT severity scores (p<0.001 for all) (Table 1). For example, 

mortality was 23.1% (72/312) among patients on anticoagulants, compared to 8.3% 

(168/2028) in non-users. 

 

Table 1. Baseline Characteristics of the Study Cohort Stratified by In-Hospital 

Mortality 

 

Characteristic 

Total 

Cohort 

(n=2400) 

Survived 

(n=2160) 

Deceased 

(n=240) 

p-

value 

Demographics 
    

Age, years, median (IQR) 56 (38-73) 54 (36-70) 72 (65-81) <0.001 

Male sex, n (%) 1656 (69.0) 
1500 

(69.4) 
156 (65.0) 0.180 

Clinical Status 
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Characteristic 

Total 

Cohort 

(n=2400) 

Survived 

(n=2160) 

Deceased 

(n=240) 

p-

value 

Admission GCS, median 

(IQR) 
8 (5-11) 9 (6-11) 4 (3-6) <0.001 

GCS Motor Score, 

median (IQR) 
5 (3-6) 5 (4-6) 2 (1-4) <0.001 

Pupillary Status, n (%) 
   

<0.001 

∘ Both reactive 1920 (80.0) 
1800 

(83.3) 
120 (50.0) 

 

∘ One fixed 240 (10.0) 192 (8.9) 48 (20.0) 
 

∘ Both fixed 240 (10.0) 168 (7.8) 72 (30.0) 
 

Intubated on arrival, n 

(%) 
864 (36.0) 696 (32.2) 168 (70.0) <0.001 

Anticoagulant Use, n 

(%) 
312 (13.0) 240 (11.1) 72 (30.0) <0.001 

CT Characteristics 
    

Marshall Category, n 

(%)    
<0.001 

∘ I-II 1680 (70.0) 
1584 

(73.3) 
96 (40.0) 

 

∘ III-IV 480 (20.0) 384 (17.8) 96 (40.0) 
 

∘ V 192 (8.0) 168 (7.8) 24 (10.0) 
 

∘ VI 48 (2.0) 24 (1.1) 24 (10.0) 
 

Rotterdam Score, median 

(IQR) 
3 (2-4) 3 (2-4) 5 (4-5) <0.001 

Rotterdam Categories, 

n (%)    
<0.001 

∘ 1-3 1608 (67.0) 
1536 

(71.1) 
72 (30.0) 

 

∘ 4 576 (24.0) 480 (22.2) 96 (40.0) 
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Characteristic 

Total 

Cohort 

(n=2400) 

Survived 

(n=2160) 

Deceased 

(n=240) 

p-

value 

∘ 5-6 216 (9.0) 144 (6.7) 72 (30.0) 
 

Basal Cisterns 

compressed/absent, n (%) 
576 (24.0) 432 (20.0) 144 (60.0) <0.001 

Presence of IVH, n (%) 288 (12.0) 216 (10.0) 72 (30.0) <0.001 

Outcomes 
    

Unfavorable outcome 

(GOS 1-3) at discharge, n 

(%) 

691 (28.8) 451 (20.9) 
  

 

External Validation of Marshall and Rotterdam CT Scores 

Before developing a new model, existing CT-based scores were validated against the 

study dataset. The Rotterdam CT score showed stronger discrimination (AUC 0.79, 

95% CI 0.76–0.82) than the Marshall classification (AUC 0.70, 95% CI 0.66–0.73); 

DeLong’s test confirmed this difference was statistically significant (p<0.001). 

Calibration was imperfect for both: the Marshall model overestimated mortality risk 

(intercept –0.45, slope 0.75; Brier 0.088), while the Rotterdam score showed mild 

miscalibration (intercept –0.10, slope 0.91; Brier 0.083). Fig.1 

 
Fig:1  ROC Curves for in hospital mortality Prediction 
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Development and Internal Validation of the Clinical Nomogram 

Six clinically grounded predictors were retained in the multivariable logistic model. 

The Rotterdam CT score was chosen over Marshall classification or component CT 

features to avoid multicollinearity (all VIFs <2.0). Continuous predictors (age, GCS 

motor) showed no evidence of non-linearity. 

Following 1,000 bootstrap resamples, a shrinkage factor of 0.95 was applied to 

mitigate overfitting. The derived nomogram achieved an optimism-corrected AUC 

of 0.90 (95% CI 0.88–0.92) for in-hospital mortality prediction, with strong 

calibration (intercept 0.00, slope 0.99) and low prediction error (Brier 0.062) (Figure  

 

Table 2 presents the final, shrunken model coefficients, adjusted odds ratios, and 

confidence intervals. 

 
Figure 2. Calibration plot for the clinical nomogram predicting in-hospital 

mortality. The plot shows the relationship between predicted probabilities and 

observed outcomes after bootstrap correction (1,000 samples). The dashed line 

represents ideal calibration, the blue line shows bias-corrected calibration, and 

the black line shows apparent calibration. 

 

Table 2: Final Multivariable Model for Prediction of In-Hospital Mortality 

(Post-Shrinkage Coefficients) 

Predictor 
Beta 

Coefficient 

Adjusted 

Odds Ratio 

(aOR) 

95% CI 

for aOR 

p-

value 
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Predictor 
Beta 

Coefficient 

Adjusted 

Odds Ratio 

(aOR) 

95% CI 

for aOR 

p-

value 

Intercept -6.421 - - - 

Age (per 10-year 

increase) 
0.392 1.48 

1.35 - 

1.62 
<0.001 

Admission GCS Motor 

(per 1-point increase) 
-0.545 0.58 

0.52 - 

0.65 
<0.001 

Pupillary Status (Ref: 

Both Reactive)     

∘ One Fixed 0.993 2.70 
1.85 - 

3.94 
<0.001 

∘ Both Fixed 1.658 5.25 
3.40 - 

8.10 
<0.001 

Rotterdam CT Score 

(per 1-point increase) 
0.543 1.72 

1.48 - 

2.00 
<0.001 

Anticoagulant 

Use (Yes) 
0.742 2.10 

1.48 - 

2.98 
<0.001 

A nomogram was constructed from this shrunken model (Figure 3).  

 

 
Figure 3. Clinical nomogram for predicting in-hospital mortality after moderate-

to-severe traumatic brain injury. To use: (1) Locate patient values on each 
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variable axis, (2) Draw vertical lines to the 'Points' axis to determine points for 

each variable, (3) Sum all points, (4) Locate total on 'Total Points' axis, (5) Draw 

line down to 'Probability of Mortality' axis to read predicted risk. 

 

Model Comparison and Clinical Utility 

The optimism-corrected AUC of the nomogram was significantly superior to both the 

Marshall (AUC 0.70; ΔAUC +0.20, p<0.001) and Rotterdam (AUC 0.79; ΔAUC 

+0.11, p<0.001) scores, as confirmed by DeLong's test. It also yielded a lower 

prediction error (Brier 0.062 vs. 0.083–0.088). 

Decision curve analysis (Figure 4) confirmed the nomogram's superior clinical utility. 

It provided a higher net benefit than the "treat-all" or "treat-none" strategies across a 

wide range of clinically relevant threshold probabilities, from approximately 10% to 

60%, indicating its value for triage and decision-making across various clinical 

scenarios. The model also achieved a significant continuous net reclassification 

improvement (NRI) of 0.45 (95% CI 0.32–0.58, p<0.001) compared to the Rotterdam 

score. 

 
Figure 4. Decision curve analysis comparing the clinical utility of Marshall CT 

classification, Rotterdam CT score, and the clinical nomogram for predicting in-

hospital mortality. The shaded area indicates the range of threshold probabilities 

(10-60%) where the nomogram provides the highest net benefit for clinical 

decision-making. 

 

Secondary and Subgroup Analyses 

For predicting unfavorable functional outcome (GOS 1–3), the model maintained high 

discrimination (optimism-corrected AUC 0.86, 95% CI 0.84–0.88). Performance 
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remained robust across severity strata: AUC 0.87 (95% CI 0.84–0.89) for severe TBI 

(n=1,248) and 0.82 (95% CI 0.78–0.86) for moderate TBI (n=1,152). Sensitivity 

analyses, including complete-case and exclusion of early deaths (<24 hours), 

confirmed model stability. 

Inter-rater reliability for CT scoring, assessed on a 15% random sample (n=360) by a 

neuroradiologist and a neurosurgeon, was excellent (Rotterdam ICC = 0.92; Marshall 

weighted κ = 0.89). 

 

Discussion 

Summary of Key Findings 

In this large retrospective cohort of 2,400 moderate-to-severe TBI patients, we 

developed a parsimonious multivariable model predicting in-hospital mortality. The 

final nomogram included six routine admission variables (age, GCS motor score, 

pupillary status, Rotterdam CT score, and anticoagulant use), all of which were 

independent predictors in the adjusted analysis. After bootstrap validation, the model 

showed excellent discrimination (corrected AUC ≈ 0.90) and very good calibration 

(slope ≈ 0.99, intercept ≈ 0.0). This performance substantially exceeded that of the 

classic CT-based scores: in our data, the Marshall classification achieved only AUC 

~0.70 and the Rotterdam score ~0.79 for mortality. By contrast our integrated 

nomogram showed ΔAUC improvements of ~+0.20 over Marshall and +0.11 over 

Rotterdam (both p<0.001). Decision-curve analysis demonstrated that the nomogram 

yields higher net benefit than “treat-all” or “treat-none” strategies across a wide range 

of risk thresholds (≈10–60%). The model also generalized well to other outcomes and 

subgroups: it maintained high AUC (~0.86) for predicting unfavorable discharge 

outcome (GOS 1–3), and yielded robust discrimination in both severe TBI 

(AUC≈0.87) and moderate TBI (AUC≈0.82) strata. We have translated the nomogram 

into a web-based calculator for practical bedside use. 

 

Clinical Interpretation of Predictors 

Each predictor in the model has a clear clinical rationale. Age was strongly associated 

with worse outcome – older patients had much higher mortality. This aligns with prior 

evidence that aging brain is less resilient and that elderly TBI patients have more 

comorbidities (e.g. anticoagulation) that worsen prognosis
 2,16

. GCS motor score was 

the most potent clinical predictor: higher motor scores (indicating better neurologic 

function) corresponded to markedly lower mortality. In fact, the GCS motor 

component is known to be the most reliable element of the GCS in intubated patients 

and in general, and has repeatedly been shown to outperform total GCS in outcome 

prediction
2,17,18

. Pupillary reactivity is a classic indicator of brainstem function: 

patients with one or both non-reactive pupils had greatly elevated risk (as reflected in 

a 2.7–5.3-fold higher odds of death). Objective pupillometry and pupillary reactivity 

are robust early indicators of brainstem dysfunction and outcome
19

. This is consistent 

with many studies identifying pupillary dilation/fixation as a harbinger of severe brain 

injury
2
. Large prospective cohorts and a scoping review corroborate pupillometry 

(NPi) as an independent prognostic signal.
20,21

 The Rotterdam CT score captures 

radiographic severity – including cisternal compression, mass lesions and 

hemorrhages – and a higher score was associated with worse survival in our model. In 

essence, it quantifies the structural burden of injury. Finally, antecedent 

anticoagulant/antiplatelet use (present in ~13% of patients) independently predicted 

mortality (aOR ≈2.1). This too is supported by literature: pre-injury warfarin or 

antiplatelet therapy is well-known to magnify intracranial bleeding and mortality risk 

in TBI
16,22

. Importantly, all these predictors are immediately available on admission 
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or from the first CT and require no exotic tests, which enhances the model’s practical 

usability. 

 

Comparison with Prior Literature 

Our model’s performance compares favorably with existing prognostic tools. The 

optimism-corrected AUC of 0.90 is considerably higher than what is typically 

reported for CT-based scores. For instance, large validation studies often find the 

Marshall score
23

’s AUC around 0.65–0.70 and the Rotterdam score around 0.75–

0.83
10,11,24

. Comparative studies report differing performance between Marshall and 

Rotterdam scores depending on outcome timing and population
25

. Even 

internationally derived models have lower AUCs
26

: the IMPACT core model (using 

age, motor GCS, pupillary reactivity) yields AUC ~0.80 for mortality, and even the 

most comprehensive models (IMPACT “lab” version, IMPACT plus and Helsinki 

CT-clinical models) generally achieve AUCs in the range 0.80–0.87
15,27

. By contrast, 

our simpler nomogram incorporates comparable types of predictors but is locally 

calibrated, which likely explains the improvement. Notably, two recent nomogram 

studies report similarly strong results. Tunthanathip et al. developed a model in a Thai 

cohort (n≈14,000) including age, GCS, pupils, several CT findings and antiplatelet 

use; that nomogram achieved an AUC of ~0.98 in internal validation
28

. In another 

study of acute severe TBI (n=430), Wang et al. reported an AUC of 0.955 for a 

nomogram that outperformed both CRASH and IMPACT models
29

. Nomograms 

based on routine admission data have been validated for short-term mortality in 

multiple cohorts
30

 .These findings are generally consistent with ours: nomograms that 

blend clinical and imaging data can reach ~0.95–0.98 AUC, far exceeding older CT-

only scores. 

While our model’s discrimination is excellent, it also shows good calibration. In 

contrast, many prior scores over- or under-estimate actual risk. For example, external 

studies have shown that both the Marshall and Rotterdam models tend to overpredict 

mortality in certain datasets
11,15

. In our cohort, the calibrated slope for Rotterdam was 

<1.0, indicating some miscalibration. By explicitly checking calibration and applying 

bootstrap shrinkage, we have mitigated overfitting; indeed our final nomogram 

intercept and slope are essentially ideal (0.00 and 0.99). Decision-curve analyses 

provide further reassurance: as in the study by Wang et al. where DCA was used to 

demonstrate clinical utility
18

, our nomogram showed net benefit over a broad range of 

threshold probabilities. The significant net reclassification improvement (NRI ≈0.45) 

relative to the Rotterdam score also quantifies that many patients would be more 

appropriately risk-stratified by our model. 

 

Strengths 

This study has several strengths. The sample was large (n=2,400) and drawn from a 

high-volume trauma center with standardized TBI care, providing ample events (240 

deaths) for stable model estimation. We pre-specified all predictors and avoided data-

driven selection to reduce bias. All CT scans were scored by two blinded experts with 

very high interrater agreement, bolstering reliability. Missing data were minimal and 

handled with robust multiple imputation; complete-case analyses confirmed that 

imputation did not materially change results. We conducted a comprehensive internal 

validation using bootstrapping (1,000 resamples) to estimate optimism and adjusted 

the model via shrinkage. As a result, performance metrics are optimism-corrected. We 

also evaluated multiple aspects of model quality: discrimination (AUC), calibration 

(slope, intercept, calibration plots), overall accuracy (Brier score), and clinical utility 

(decision curves, NRI). Finally, we have made the nomogram accessible via a web-

based calculator to facilitate bedside use and reproducibility. 
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Limitations 

The study also has limitations. It is retrospective and single-center, so the findings 

may not generalize fully to other settings. For example, our patient population and 

care protocols (e.g. ICU triage, surgical thresholds) may differ from those elsewhere; 

external validation is needed. We only assessed in-hospital outcomes (mortality and 

GOS at discharge), whereas many seminal TBI models predict 6-month status. Long-

term follow-up data were not available for most patients. Some potentially 

informative predictors (such as detailed physiologic measures, intracranial pressure 

readings, or advanced biomarkers like lactate) were not included due to limited 

availability; incorporating such variables might further improve prognostication but at 

the cost of complexity. Finally, although our model includes anticoagulant use, we did 

not differentiate among types (warfarin vs DOACs) or INR levels, which future 

models might refine. 

 

Future Directions 

Future work should focus on external validation. Applying this nomogram to 

independent cohorts from other centers and countries would test its transportability. If 

validated, integration into electronic health record (EHR) systems could enable 

automated risk calculation in real time. Linking the calculator to clinical decision 

support might help guide triage, family counseling, and early resource allocation. 

Additionally, extending the model to predict longer-term outcomes (e.g. 6- or 12-

month GOS) would be valuable; this could involve incorporating rehabilitation data 

or refining the model with serial early injury markers. Machine learning methods 

could also be explored to continuously update and improve the model as more data 

accumulate. Nonetheless, any such advances must preserve interpretability and 

feasibility at the bedside. 

 

Conclusion 

In summary, we have developed and internally validated a robust, six-variable 

nomogram for predicting in-hospital mortality and functional outcome in moderate-

to-severe TBI. By combining simple clinical measures (age, GCS motor, pupillary 

response, anticoagulant use) with the Rotterdam CT score, this model achieved 

excellent discrimination (AUC ≈0.90) and calibration, outperforming existing CT-

based scores and matching or exceeding the accuracy of more complex models. This 

tool can aid clinicians in early risk stratification, individualized prognostication, and 

decision-making in the acute TBI setting. 
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