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Abstract 
Background: Traumatic brain injury (TBI) has a disproportionate burden on low- 

and middle-income countries (LMICs) and cost-effective and culturally relevant 

measures are necessary to improve TBI care. This study aims to characterize emergency 

healthcare providers’ decision making when treating TBI patients, develop a machine 

learning-based model to predict TBI patient outcome, and conduct a decision curve 

analysis (DCA) to evaluate model clinical applicability. Methods: This study is twofold: 

1) a secondary analysis of a TBI data registry with 4142 patients and 2) a survey 

examining physicians decision-making in treating 50 TBI patients in real time. Results: 

Five machine learning models were developed with AUCs ranging from 70.86% (Single 

C5.0 Ruleset) to 85.67% (Ensemble Model). DCA showed that all models exhibited a 

greater net benefit over ranges of clinical thresholds. The survey collected information 

on 50 patients providing insight on tools used by physicians in real-time when treating 

TBI patients as well as the unmet need patients at KCMC faced. Conclusions: This study 

is the first to use machine learning modeling and DCA in the context of TBI prognosis in 

Sub-Saharan Africa. Prognostic models have great potential within the decision-making 

process for treating TBI patients in LMIC health systems and such utility can be 

expanded through determining different threshold probabilities for various 

interventions.  
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1. Introduction  
1.1 The Landscape of Traumatic Brain Injuries in LMICs 

Traumatic brain injury (TBI) has been dubbed as the “silent epidemic” which 

contributes to more worldwide deaths and disabilities than any other traumatic injury. 

Annually, there are more than 70 million new cases of TBI (1) and it is the leading cause 

of mortality in young adults (2). However, the incidence and distribution of TBI across 

geographical and socioeconomical divides are not equivalent. There is a 

disproportionate burden of disability and death occurring in low- and middle-income 

countries (LMICs) with health care systems in LMICs encountering nearly 3x as many 

total TBIs as those in high-income countries (HICs) and patients in LMICs being 2x as 

likely to die following TBI compared to those in HICs (3). This is due to a variety of 

factors including less access to resources, such as diagnostic technologies including CT 

machines, to offer comprehensive or timely care, and a lack of a sufficient number of 

trained providers. 

The World Health Organization and the Lancet Neurology Commission on TBI 

have stressed that any delays or inappropriate intervention at any points along the chain 

of trauma care can reduce quality of care and lead to increased risk of mortality and 

morbidity. Hence, health system strengthening, with the implementation of LMIC-

specific culturally relevant measures, to improve trauma and TBI care in LMICs has 

great long-term implications in improving morbidity and mortality rates of TBI in 
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LMICs. In the short term, target interventions to reduce delays to TBI care have also 

shown to be cost-effective and applicable to LMICs especially in terms of care for 

moderate and mild cases of TBI. Such interventions include that of prognostic models, 

which have been shown in previous studies to be cost-effective decision making tools in 

the healthcare setting (4). 

1.2 Utility of Prognostic Tools in Clinical Decision Making  

Prognostic models are statistical models that combine two or more input 

variables of patient information to predict a clinical outcome (5). These models have the 

potential to prevent delays and optimize TBI patient care in LMICs and are well 

received by physicians and health systems. Previous surveys including physicians from 

LMICs found that 81% of respondents worry about accurately assessing TBI prognosis 

in the acute setting (6) and 37% of respondents thought that they currently assess 

prognosis of patients with TBI accurately (5).  

 However, very few prognostic models had been developed using data from 

LMICs which is an important consideration as models developed for HICs may perform 

poorly when extrapolated to lower socioeconomic and different cultural settings (7). So 

far, most TBI risk stratification models have required data input from complex clinical 

indicators or biomarkers from imagining diagnostics that were primarily available in 

HICs (8). Other models such as the CRASH (Corticosteroid Randomization after 

Significant Head Injury) risk calculator used data from both HICs and LMICs and were 
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found to be the most robust at the time in predicting TBI outcomes in LMIC settings (9). 

The CRASH model was externally validated to data from Sub-Saharan Africa (SSA), a 

region known to have one of the highest rates of TBIs within LMICs (10). However, the 

CRASH model had its limitations as it was developed with large datasets collected from 

randomized control trials (RCTs) which often led to limitations in external validity and 

generalizability.  

With the gaps of the CRASH model in mind, GEMINI Research Center faculty 

developed a novel machine-learning (ML) prognostic model from a TBI registry 

collected at a regional referral hospital in Moshi, Tanzania, Kilimanjaro Christian 

Medical Center (KCMC). This KCMC model demonstrated a high level of accuracy in 

identifying a patient’s risk of poor TBI outcome and demonstrated better discrimination 

properties compared to the CRASH model for data from Tanzania, Rwanda and Brazil 

(11). While the KCMC model shows great potential, its limitations include its lack of 

external validation, restriction to acute outcome prediction, and narrow set of patient 

data from a single institution.  

1.3 Vickers et al’s Decision Curve Analysis  

Translating a ML-based risk stratification algorithm to a clinically relevant 

decision-making tool has great implications on supporting decision making when 

treating TBI patients or transferring patients from local to referral hospitals in LMICs. 

While model development has gained steadily growing attention, less focus has been 
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placed on the translation of such models into clinical practice (5). Translation indicates 

providing a clinical utility to the risk probability scores that are produced by ML 

algorithms and further contextualizing the values to the reality of the decision makers 

and the clinical setting.  

One common approach is identification of a risk decision threshold, which is 

defined as the range of the risk probability originated by the ML algorithm, where a 

clinical decision should be triggered. These different clinical decision thresholds would 

be identified with a subjective evaluation of the benefit and harm ratio while taking into 

account cultural characteristics and resource availability and then used to inform a 

clinical decision (12).  

1.4 Purpose of this study  

The aims of this study are twofold: 1) to characterize emergency healthcare 

providers’ decision making when treating TBI patients, 2) retrain the prototype KCMC 

model with new patient data from KCMC to improve its predictive ability, and 3) 

conduct a DCA to examine the net benefit of the models and their potential in 

contributing to clinical management. We hope that after a feasibility and 

implementation assessment of this tool, it will be able to be integrated into the care of 

TBI patients at KCMC and local clinics. Furthermore, we believe that this method of 

developing prognostic models and calculating decision thresholds can be expanded to 

small health clinics in remote rural areas of LMICs to further guide TBI patient care and 
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transportation where physician shortages and lack of resources are more severe than 

that seen at KCMC.  
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2. Methods 
2.1 Study Setting and Population 

This study collected data from Kilimanjaro Christian Medical Center (KCMC) in 

Moshi, Tanzania. KCMC, the primary referral hospital for northeastern Tanzania with a 

catchment area of 15 million people, is a 630-bed tertiary care hospital that serves a 

population of over 15 million people in Northwest Tanzania. KCMC is the primary point 

of treatment for TBI in Tanzania with patients being evaluated and triaged in the 

emergency department (ED). Overall, TBI patients represent approximately 6% of all 

emergency department visits at KCMC (13). The ED is staged with one residency-

trained emergency medicine (EM) physician and general surgery interns. General 

surgery interns, residents under the training of general surgery, and attendings conduct 

basic neurosurgical procedures such as burr hole procedures, craniotomies, and 

craniectomies. Furthermore, as of January 2022, there is a neurosurgical trained 

attending physicians KCMC.  

The initial assessment of injury severity and risk of a poor outcome is largely 

based on the healthcare provider’s skill and intuition with minimal use of calculators 

such as the Glasgow Coma Scale (GCS), Canadian CT Head Injury/Trauma Tool, New 

Orleans Head Injury/Trauma Tool, and others. The use of resource intensive diagnostics, 

such as head CT, is limited by cost, as the patient or family must provide payment 

before delivery of service, availability, or functionality. As a result, the decision to 
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transfer a patient from the ED to the intensive care unit (ICU), operating room, or 

surgical ward is determined by availability of resources or healthcare provider 

evaluation. Due to high patient burden, moderately and mild TBI patients are often 

considered second priority to critically ill or severe TBI patients leading to delays in care 

which may have implications for increased chances of poor outcomes or worse long-

term effects (2). 

2.2 Procedures 

 

Figure 1: Study design and analysis diagram 

2.3 Primary Data Collection  

Two EM physicians and two ED research assistants from KCMC were consulted, 

through virtual meetings, email connection, and in-person meetings, in the development 

of the physician survey. After review and approval by all four collaborators, the survey 
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was then uploaded into a REDCap database and briefly reviewed again by collaborators 

for ease of use, formatting, and readability. The finalized survey examined drivers of 

decision making in treating TBI patients that triggered physicians to administer medical 

management, order CT imaging, conduct surgery, initiate hospital transfer for higher 

level of care, or withhold or withdraw life-sustaining interventions. Furthermore, the 

survey also provided insight on the usage of clinical decision-making tools by 

physicians at KCMC and the restrictions and barriers physicians face when making 

clinical decisions.  

The cleared and finalized survey (Appendix A) was then distributed by research 

assistants to EM providers at KCMC. Participants included all emergency medicine 

physicians, residents, and interns working in the ED treating TBI patients. The target 

sample size was determined as 50 points of data, one for each TBI patient being treated 

in real time. This target was determined considering 1) the amount of funding available 

to hire data collection research assistants, 2) the predicted number of TBI patients that 

present at KCMC during the months of July, August, and September, and 3) the 

available workforce that could be interviewed. One scenario to be considered was that 

although an EM physician is on call during night shifts, they do not always come to the 

hospital further limiting opportunities for TBI patient data collection.  

Ultimately, for each TBI patient entering the KCMC triage area, the main 

physician examining the patient was asked to complete the survey in real time in the ED 
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while treating the patient. The survey was conducted by a research assistant in English 

through REDCap after gaining consent from physicians. Participants were allowed to 

decline completing any portion for any reason. Appendix A provides further 

information on the contents of the survey.  

2.4 Secondary Data Analysis   

This study used three de-identified, prospectively collected registries (14)(13)(15) 

collectively composed of 4351 TBI patients admitted for TBI at KCMC since 2013 (Table 

1). Patients admitted with TBI had their information collected from a REDCap survey 

that included information on demographics, vital signs, characterization of injury, 

treatment received, and characterization of outcomes.  

Table 1: TBI, PRACT, and TOC registries used to collect TBI patient data at 
KCMC and conduct secondary data analysis 

Dataset Years of data collection # of TBI patients  
KCMC TBI 2013-2018 3693 

KCMC TOC 2018-2020 259 
KCMC PRACT 2020-ongoing 399 

 The three registries were downloaded as csv files and imported in R. Each 

dataset included one row per TBI patient in triage and was filtered to only include the 

outcome and prognostic variables. The datasets were then manually harmonized into 

one dataset for missing value imputation and preprocessing for model building. This 

study followed the Transparent Reporting of a Multivariable Prediction Model for 
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Individual Prognosis or Diagnosis (TRIPOD) reporting guideline for prognostic studies 

(16).  

2.4.1 Outcome Variable  

The primary outcome was the Glasgow Outcome Scale-Extended (GOSE) score at 

patient discharge. This is the same outcome variable used for the original KCMC model 

developed in 2018 (11). Healthcare providers calculated the GOSE score for all patients 

at hospital discharge unless a patient died during hospitalization. The GOSE is an 

ordered outcome ranging from 1 (death) to 8 (upper good recovery). As there were few 

patients with moderate outcomes in our data, we decided to dichotomize the outcome 

with a poor outcome being GOSE scores of 1-6 and a good outcome being GOSE scores 

of 7-8. Using this dichotomization improved the balance between patients with good 

and poor outcomes in our dataset.  

2.4.2 Predictor Variables 

The predictor variables used for the model are the same as the ones selected for 

the original KCMC model developed in 2018 (11). Variables initially selected for the 

KCMC model were selected based on emergency medicine and neurosurgery expert 

consensus. Variables only considered practical for the low-resource setting were used 

with “practical” indicating not requiring resource intensive equipment, available shortly 

after patient presentation to the hospital, and collectable by low- and high-skilled 

personnel. Due to inconsistent access to CT scanners at KCMC and local clinics of 
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Tanzania, we decided to develop this model to predict under conditions where CT 

scanning is unavailable. Thus, CT findings were not included in the model.  

The initial list of predictor variables used by the 2018 model were: age, sex, 

mechanism of injury (MOI), intention of injury, presence of alcohol, initial vital signs 

collected in the ED (temperature, respiratory rate, pulse, systolic blood pressure, 

diastolic blood pressure, pulse oxygenation), glucose level, AVPU status (alert, 

responsive to pain stimulus, responsive to verbal stimulus, or unresponsive), pupils’ 

size and reactiveness (pupils equal, round and reactive to light and accommodation 

[PERRLA]), initial Glasgow Coma Scale (GCS) score, surgery for the TBI, surgery 

unrelated to TBI, and disposition location after ED. After harmonization, variables that 

were not used during the initial collection for each registry were removed. Hence, 

glucose level was removed as a predictor variable for this study with the rest of the 

variables being the finalized list of predictor variables.   

2.4.3 Preprocessing Data for Model Building  

All data were processed using the statistical language R (version 4.1.1). After 

data harmonization and cleaning, we conducted a missing data analysis. As none of the 

predictor variables had more than 80% of missing cases, we did not remove any of the 

predictor variables during this step. Next, we performed multiple imputation using 

chained equations (MICE) (using the R package mice) to impute missing values from the 

rest of the predictor variables. Each predictor variable underwent a different imputation 
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approach based on its measurement level. This imputation of all predictor variables 

underwent 10 iterations resulting in the final dataset.  

A high correlation analysis and box plot outlier analysis was conducted to 

identify any high correlation variables or outliers in the data. No variables were 

dropped during this step and the following cases were removed: age > 75 years, 

respiratory rate > 75, and systolic blood pressure > 220 mm Hg.  

As many predictor variables were ordinal or categorical, we conducted dummy 

variable conversion where an initial group of 19 variables was expanded to 48. We then 

investigated the data for the presence of near zero variance, high correlation, and linear 

combos. Through these processes, 16 variables were dropped after the near zero 

variance, 5 after high correlation analysis, and after the linear combo analysis. The final 

processed database contained 4142 patients and 27 variables. 

2.4.3 Machine Learning   

We separated the dataset into a training set (70% random sample) and testing set 

(30% random sample). The training set was used to develop 4 ML models and a greedy 

ensemble model to predict the probability of a good outcome (GOSE = 7 or 8). All 

models were validated using an internal patient-based cross validation with 10 folds and 

five repetitions for data splitting. As there was an imbalance between good and poor 

outcomes among the dataset, we used a regularization for imbalanced procedure called 

Synthetic Minority Over-sampling Technique (SMOTE) (17). We tested the following 
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models: (1) neural network, (2) Bayesian generalized linear model, (3) single C5.0 

ruleset, and (4) random forest (18). Finally, studies have shown that the assembly of the 

results of different ML algorithms has the potential to outperform any single model. We 

applied this methodology by training a greedy ensemble (using the R package 

caretEnsemble) of the probabilities of each of the four previously stated ML algorithms, 

which we called the Ensemble Model.  

We used the area under the receiver operating characteristic (ROC) curve (AUC) 

metric to assess the performance of the models and calculated the variable importance of 

each model to gain insight into the contribution of each predictor variable to the models. 

Furthermore, a DeLong test (19) was used to compare ROC curves with 2-sided P <.05 

being considered as statistically significant. Finally, we also used the following metrics 

for comparison among the five models based on confusion matric statistics: sensitivity, 

specificity, positive predictive value, and negative predictive value.  

2.4.4 Decision Curve Analysis   

Decision curve analysis (DCA) is a novel method of evaluating prediction 

models by identifying a range of threshold probabilities in which a model was of value, 

or provided a net benefit, to a decision making process (20). DCA was performed (using 

the R package dcurves). The analysis was performed for all five ML models (random 

forest, neural net, Bayesian generalized linear model, single C5.0 ruleset, and ensemble) 
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and then visualized by plotting the net benefit of each model over a range of threshold 

probabilities as a decision curve.   

2.5 Data Analysis  

All survey data and KCMC patient registries collected via REDCap were 

downloaded as CSV files and imported into RStudio Version 4.1.1 for analysis using the 

statistical language R (R Foundation for Statistical Computing).  

2.6 Study Ethics 

This study was approved by the Institutional Review Boards (IRBs) of Duke 

University Medical Center, KCMC, and NIMR. This study poses a minimal level of risk 

to participants. Furthermore, informed consent was obtained from all participants before 

administering the physician survey. All participants were notified at the start of the 

survey that they could choose to not answer any questions at any time without 

repercussions. Finally, the data used in this study for secondary analysis, collected in 

three previous studies, were also approved by Duke University Medical Center, KCMC, 

and NIMR institutional review boards. 
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3. Results 
In total, the three databases collected data for 4141 TBI patients at KCMC since 

2012. Of the patients, 3310 (79.9%) had a good recovery and 831 (20.1%) had a poor 

recovery (Table 1). Both good and poor recovery groups were predominantly male 

(82.2% and 88% respectively) with unintentional injuries (82.4% and 89.6% respectively) 

and had similar mean ages (30.9 and 33.4 respectively)  

Vital signs between the good and poor recovery groups were comparable to each 

other but the same was not the case for clinical examination variables. The average GCS 

score for patients with a good recovery was 14 whereas those with a poor recovery had 

an average score of 10.5. Furthermore, there were differences in pupil reactivity between 

the two groups as 98.6% and 98.9% of patients with good recovery had reactivity in right 

and left pupils respectively while 84.2% and 86.6% of patients with poor recovery had 

reactivity in right and left pupils respectively. A higher proportion of patients with poor 

recovery were admitted to the ICU (13.9% to 1.4%) and underwent TBI surgery (38.2% to 

22.3%). Finally, analysis of mechanism of injury indicated that a higher proportion of 

patients with poor recovery obtained their injury from a RTI (78.3% to 68%) compared to 

obtaining injury from an assault (9.5% to 16.1%). Nonetheless, RTIs were the more 

predominant mechanism of injury for patients of both groups.  
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Table 2: Predictor variables and outcome distribution of TBI patients in 
KCMC 

Variables All Patients Good Recovery 
(GOSE = 1-6) 

Poor Recovery 
(GOSE = 7-8) 

No. of patients (%) 4142 3314 (80) 828 (20) 
Mean age (SD) 31.4 (14.9) 30.9 (15) 33.4 (14.4) 
Male sex (%) 3454 (83.4) 2725 (82.2) 729 (88) 
Intention of Injury 

Unintentional 3473 (83.8) 2731 (82.4) 742 (89.6) 
Self-inflicted 4 (0.1) 2 (0.1) 2 (0.2) 
Inflicted by others 642 (15.5) 568 (17.1) 74 (8.9) 
Unknown 23 (0.6) 13 (0.4) 10 (1.3) 

Alcohol presence (%) 
Yes 1109 (26.8) 803 (24.2) 306 (37) 
No 1826 (44.1) 1516 (45.7) 310 (37.4) 
Unknown 1207 (29.1) 995 (30.1) 212 (25.6) 

AVPU (%) 
Alert 3220 (77.7) 2844 (85.8) 376 (45.4) 
Responds to verbal 168 (4.1) 125 (3.8) 43 (5.2) 
Responds to pain 532 (12.8) 300 (9.1) 232 (28) 
Unresponsive 222 (5.4) 45 (1.3) 177 (21.4) 

Vital signs, mean (SD) 
Temperature in C 36.5 (0.7) 36.5 (0.6) 36.6 (0.9) 
Respiratory rate in breaths per 
min 

21.6 (3.9) 21.4 (3.7) 21.8 (4.8) 

Heart rate in beats per min 88 (18) 87.5 (17) 90 (21.4) 
Systolic BP in mmHG 121.3 (20.1) 121.3 (19.3) 121.2 (23.3) 
Diabolic BP in mmHG 72.2 (14.9) 72.3 (14.4) 71.7 (16.5) 
Pulse oximetry in % 95.7 (7.1) 96.5 (5) 92.5 (11.8) 

Total GCS score, mean (SD) 13.3 (3.2) 14 (2.3) 10.5 (4.5) 
Pupil reactivity, no. (%) 

Right nonreactive 153 (3.7) 33 (1) 120 (14.5) 
Right reactive  3966 (95.8) 3269 (98.6) 697 (84.2) 
Right unknown 23 (0.5) 12 (0.4) 11 (1.3) 
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Left nonreactive 122 (2.9) 23 (0.7) 99 (12) 
Left reactive 3995 (96.5) 3278 (98.9) 717 (86.6) 
Left unknown 25 (0.6) 13 (0.4) 12 (1.4) 

PERRLA, no. (%) 
Yes 1875 (45.3) 1420 (42.8) 455 (55) 
No 94 (2.3) 29 (0.9) 65 (7.9) 
Unknown 2173 (52.4) 1865 (56.3) 308 (37.1) 

Disposition from ED, no. (%) 
ICU 161 (3.9) 46 (1.4) 115 (13.9) 
Surgery 3503 (84.6) 2859 (86.3) 644 (77.8) 
Operating theater 17 (0.4) 12 (0.4) 5 (0.6) 
Home 21 (8.9) 362 (10.9) 6 (0.7) 
Death 368 (0.5) 1 (0.03) 20 (2.4) 
Unknown 72 (1.7) 34 (1) 38 (4.6) 

TBI surgery, no. (%) 
Yes 1055 (25.5) 739 (22.3) 316 (38.2) 
No 2719 (65.6) 2211 (66.7) 508 (61.4) 
Unknown 368 (8.9) 364 (11) 4 (0.5) 

Mechanism of injury, no (%) 
Road traffic injury 2902 (70.1) 2254 (68) 648 (78.3) 
Assault 613 (14.8) 534 (16.1) 79 (9.5) 
Drowning 3 (0.1) 2 (0.1) 1 (0.1) 
Fall injury 398 (9.6) 321 (9.7) 77 (9.3) 

Other 226 (5.5) 203 (6.1) 23 (2.8) 

 

3.1 Prediction of GOSE outcome  

We tested four different ML models on the dataset and developed a greedy 

ensemble model from the four individual models. The AUC of the models varied from 

70.86% (Single C5.0 Ruleset) to 84.82% (Bayesian generalized linear model) (Figure 2). A 

confidence interval analysis of the AUCs identified the Bayesian generalized linear 
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model as the best method to categorize and predict outcomes among the four ML 

models (Table 3). Based on data from TBI patients who received care at KCMC, this 

model produces an AUC of 84.82% and a 95% CI of 82.10% - 87.54%. Furthermore, the 

Bayesian generalized linear model had a sensitivity of 0.8340 and specificity of 0.6122 

(Table 4). Finally, for the ensemble model, we saw that the AUC performed better than 

any of the other models with an AUC of 85.67% at a confidence interval of 83.08% - 

88.25% (Figure 3).  

Table 3: Prediction ability of models 

Model AUC (%) 95% CI 
Random forest 84.79% 82.13% - 87.45% 
Bayesian generalized linear model  84.82% 82.10% - 87.54% 
Neural network 80.11% 76.90% - 83.32% 
Singe C5.0 ruleset  70.86% 67.47% - 74.24% 
Ensemble Model  85.67% 83.08% - 88.25% 

 

Table 4: Confusion Matrix values for each of the models 

Model Sensitivity Specificity PPV NPV 
Random forest 0.9196 0.4904 0.8764 0.6080 
Bayesian generalized linear model  0.8340 0.6122 0.8942 0.4841 
Neural network 0.7977 0.7684 0.9312 0.4915 
Singe C5.0 ruleset  0.9055 0.5241 0.8821 0.5853 
Ensemble Model  0.8078 0.7594 0.9296 0.5013 



 

19 

 

Figure 2: Comparison of ML models applied to predict TBI outcomes using 
ROC plots with AUC values displayed 
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Figure 3: ROC plot of Ensemble Model with AUC value displayed 

3.2 Variable Importance   

We also extracted the variable importance weighted sums of the predictor 

variables in each model. Variable importance refers to how much a given model uses a 

variable to make accurate predictions making it such that the more a model relies on a 

variable to make predictions, the higher importance the variable has for the model. For 

the Bayes generalized linear model, which performed the best among the four ML 
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models, the top three most important variables for predicting whether a TBI patient will 

have a good outcome or not were the total GCS score, pulse oxygenation, and having an 

alert status. For the ensemble mode, the top three predictors of outcome for a TBI patient 

were total GCS score, having an alert status, and having an unresponsive status (Figure 

4). 
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Figure 4: Variable importance of the bayes generalized linear model and ensemble 
model 



 

23 

3.3 Decision Curve Analysis   

The DCA shows the clinical usefulness of the predictive models to predict a good 

outcome (being a GOSE score of 7 or 8) for a TBI patient based on the predictor variables 

for the internally validated dataset. The net clinical benefit of using each of the ML 

models and the Ensemble Model in clinical decision-making procedures was computed 

and presented as a net benefit curve for each prognostic model (Figure 5). In this case, 

the net benefit is defined as the minimum probability of a certain outcome at which 

further intervention should be conducted. The models all resulted in profiles that are 

higher than the “treat all” and “treat none” profiles for more than 50% of the decision 

threshold with the random forest model having the greatest net benefit of the four ML 

models over most of the decision threshold and the ensemble model not actually 

outperforming any of the individual models in terms of net benefit. Decision threshold 

probabilities can be determined arbitrarily based on the weights of the relative harms of 

false-positive and false-negative results. In this case, we decided to examine the net 

benefit across a range of threshold probabilities from 0-50%. Beyond 50%, a TBI patient 

most likely would be considered to have a high chance of having a poor outcome and 

require intervention. The treatment referred to in “Treat All” and “Treat None” is 

simply the usage of the model in the decision-making process for a TBI patient at 

KCMC.  
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Figure 5: DCA of ML models in predicting TBI patient outcomes displayed in a net 
benefit ratio graph 

3.4 Survey Results  

From the survey examining clinical gestalt, we were able to gain a deeper insight 

into the cultural and environmental context of emergency medicine healthcare provision 

at KCMC as well as the barriers that physicians face when treating TBI patients. We saw 

that clinical decision-making tools were used often by KCMC healthcare providers with 

GCS being the most used (Table 5). Furthermore, a comparison of the type of care 

provided to each TBI patient with the care that the physicians believed the patient 

needed was done. Physicians were asked what treatments or tests they would 

administer for the patient under the context of having no limitations or restrictions in 
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resource or workforce. It was found that there were great barriers to providing surgical 

treatments to TBI patients (Figure 6) as there were 19 instances in which physicians 

believed a patient needed surgery but could not provide it. Furthermore, among these 

19 patients who physicians believed needed surgery but did not receive any, physicians 

rated them a 7.42/10 in terms of sickness on average. The other 31 patients received an 

average sickness rating of 6.13/10. Finally, there were 5 instances in which physicians 

believed a patient should get a CT scan but could not order. These results highlight 

potential points in the continuum of care for which net benefit thresholds can be 

calculated and implemented into a decision curve with the developed prognostic 

models.  

Table 5: Tools used by physicians at KCM when examining TBI patients 

Tools # of patients 
GCS 48 

Canadian CT Tool 14 
FAST  13 

Canadian C-spine Rule  7 
NEXUS 4 

Kampala Trauma Score 2 
New Orleans CT Tool  1 
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Figure 6: Analysis of treatments physicians believed that TBI patients needed but 
could not provide due to barriers and restrictions at KCMC 
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4. Discussion 
To the best of our knowledge, this study is the first to use ML modeling and 

DCA in the context of TBI prognosis in Sub-Saharan Africa. Of the four different ML 

techniques used in predicting TBI patient outcomes at KCMC in Moshi, Tanzania, 

random forest, Bayesian generalized linear models, neural networks, and single C5.0 

ruleset, the Bayesian generalized linear model performed the best with an AUC of 

84.82% and a 95% CI of 82.10% - 87.54%. Furthermore, a greedy ensemble of the four 

models was developed and proved to perform better than any of the individual models 

with an AUC of 85.67% at a confidence interval of 83.08% - 88.25%. However, as the 

confidence intervals of the two models overlap, the performance of the Ensemble model 

is not necessarily that significant of an improvement compared to that of the Bayesian 

generalized linear model indicating that there may be nuances in clinical application and 

choosing which model to use on a case-by-case basis. A DCA was conducted for the four 

different ML techniques and found that the net benefit curve of all the ML models lie 

well above the “treat all” with random forest having the greatest net benefit. Finally, a 

physician survey conducted at KCMC provided insight on the usage of clinical decision-

making tools in the ED with GCS being the most used as well as the barriers and 

limitations to providing care to TBI patients with surgery having the greatest unmet 

need.  
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4.1 Study strengths and limitations  

The ML models achieved high predictive performance using data that is 

routinely available at the time of triage (e.g. vital signs and mechanism of injury). 

Furthermore, the patient dataset used to train the models were robust with imputation 

methods used to account for missing values. The patient registries were prospectively 

collected and had relatively few missing values. Furthermore, they did not contain 

clinical trial data making the registries high-quality databases of patient information 

from Sub-Saharan Africa. Previous studies applying ML techniques to predicting TBI 

patient outcomes used retrospectively collected datasets resulting in ML prognostic 

models with AUCs of 85.54% (21), which is comparable to the Bayesian generalized 

linear model (AUC of 84.82%) and even underperforms by some degree compared to the 

ensemble model (AUC of 85.67%) developed in this study using prospectively collected 

data.  

However, weaknesses of this study include potential biases from the lack of 

internal validity regarding the measurement of certain variables and through the 

harmonization process of the three registries. While vital sign information was collected 

with robust measurement tools at KCMC, the measurement of other variables such as 

mechanism of injury, disposition location after ED, and TBI surgery is not robust.  

Furthermore, although the ML models were tested with the split dataset, they 

were not used to predict outcomes of TBI patients from other tertiary healthcare clinics 
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in other locations or countries. As such, we cannot confirm the extent of the 

generalizability of the models. However, research on the epidemiology of TBI in Sub-

Saharan Africa shows that the TBI patient information used for this study is comparable 

to that of similarly prospectively and retrospectively collected data from tertiary care 

centers in Malawi (22), Kenya (23), Uganda (24) in terms of basic vital signs, mechanism 

of injury, demographics, and disposition after ED. This indicates that although the 

internal validity of certain measures may not be as robust, the patient data used is not 

necessarily compromised. Although there was no explicit testing on external datasets, 

the similarity of TBI patient information among various Sub-Saharan Africa countries 

indicates the potential to generalize the developed models to other similar health 

systems. That being said, as all patient data used to train and test the models came from 

the patient registries collected at KCMC, more data from different settings would still be 

conducive to broadening the applicability of the model.  

Another weakness was an imbalance in the distribution of the outcome variable 

among the patients with a larger percentage of patients having a good outcome. While 

this imbalance was considered with the SMOTE technique and classification of GOSE 

scores, the incorporation of more data and patients can help mitigate this issue and 

improve model performance.   

Finally, a limitation of the study is the limited number of responses to the 

physician survey (n = 50) as well as lack of clear defining of what “barriers and 
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limitations” allude to. Due to the introspective nature of the question, anything that 

physicians believed should be considered as a barrier or limitation to their ability to 

provide care for their patients should have been considered when answering the 

question. However, it is possible that physicians considered different aspects of barriers 

to care and answered accordingly. Nonetheless, the data from the question still provides 

great insight into what the unmet need is at KCMC, and which procedures or treatments 

are more difficult to provide.  

As the survey was administered in real time, research assistants may not have 

been able to conduct the survey during the exact time of patient triage. Specifically, 

during night shifts, research assistants may not have been working in the ED. As such, 

some entries were conducted directly after the patient had been seen or the following 

morning if the patient arrived overnight when research assistants were not working. As 

such, it is possible that subjective understandings of the question and recall bias could 

have impacted or influenced the results of the survey. 

4.2 Implications for policy and practice  

“The decision is more important than the incision” (25). This statement 

highlights the importance of treating patients on a case-by-case basis and conducting 

risk/benefit analyses for each individual patient. As ML methods have made their rise in 

medicine, studies have shown that they have the potential to increase the efficiency and 

precision of decision-making, especially regarding neurosurgical interventions such as 
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TBI (26). However, such prediction models can only provide the probability of an event 

based on set prognostic factors (27) and cannot provide information on whether a model 

provides clinical utility or which of two models is preferable to using in the decision 

making process (28). As such, we utilized DCA, which indicated that for patients with 

an approximate 5% to 50% risk of a poor outcome the usage of the random forest, 

Bayesian generalized linear, and neural net models posed a net benefit in the clinical 

decision-making process.  

The physician survey provided insight on the use of clinical decision-making 

tools in KCMC showing that physicians are receptive to such tools with diagnosing and 

treating patients. Furthermore, the usage of tools such as the Canadian and New Orleans 

CT and head injury tools highlights the need to develop and implement tools based on 

patient data from low-resource areas that better suit the environmental and cultural 

contexts of KCMC, a gap that this study fills. Furthermore, we can see that surgery is a 

highly unmet need that physicians at KCMC believe TBI patients can benefit from. This 

highlights the necessity to examine environmental and cultural contexts when 

determining threshold probabilities.  

4.3 Clinical management applicability 

 Unsurprisingly, research on TBI in Sub-Saharan Africa indicates that there are 

delays at all points of care for patients. Specifically, there are delays in seeking 

neurotrauma care, reaching a neurotrauma facility, and receiving general health care. 
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Along with these delays, many studies also report a lack of resources which tends to be 

the primary cause of nonadherence to internationally recommended TBI guidelines (29). 

As such, prehospital care is a vital aspect of TBI patient care and a target area of 

improvement where the prognostic models and DCA conducted in this study can be 

applied. One aspect of prehospital care noted in literature is long delays between injury 

and hospitalization with the majority of TBI patients in many LMIC health systems 

being unable to arrive at a neurotrauma care facility on the same day of incurring the 

injury (30). In addition, due to the lack of consistent access to a CT scanner, there is no 

method or process to prioritize patients who are more severely injured for expedited 

transferred. If patients who are only suffering minor injuries bypass local clinics, then 

tertiary clinics will be overwhelmed leading to a strain on healthcare systems that are 

already scarce on financial and human resources. In the same vein, if patients with more 

severe TBI are treated at local clinics rather than being stabilized and rapidly 

transported to facilities with higher levels of trauma care, then avoidable deaths may 

occur (31). To tackle these issues regarding prehospital care and triage prioritization, the 

decision-making process could extend beyond professionally trained emergency 

medicine physicians to first responders and healthcare providers working at referral and 

local clinics through using the models developed.  

 Regarding clinical utility of the model, we can look at the positive and negative 

predictive values that were calculated for each model. Although we know that in terms 
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of predicting whether a TBI patient will have a good or bad outcome that the Bayes 

generalized linear model and ensemble model perform the best, measuring clinical 

utility requires a deeper dive. From confusion matrix values, we found that the models 

all had higher PPV values (0.8764 – 0.9312) compared to NPV values (0.4841 – 0.6080). 

This indicates that the models are significantly better at predicting good outcomes 

correctly compared to predicting poor outcomes correctly. We can be confident that 

patients who are predicted to have a good outcome will present as such with proper 

medical management. On the other hand, patients who are predicted to have a poor 

outcome may not necessarily present as so over time. Overall, this indicates that while 

we can utilize the model in ensuring that patients with a good outcome do not overflow 

higher level hospitals, given that they can receive proper care at local clinics, there still 

may be an over triage of patients supposedly predicted to have a bad outcome due to 

the low NPV values of the model. 

 When using this model in the clinical setting, both physician and patient should 

utilize the DCA to reflect the preferences of both parties. In a hypothetical scenario in 

which we understand that surgical treatment leads to improved health outcomes for TBI 

patients but face a shortage of resources and personnel, all factors including the 

shortages, physician perception of patient sickness, and individual preferences of the 

patient would be utilized to inform a threshold probability (12). Using this threshold 

probability, the patient’s information would be entered into the model with a predictive 
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probability being returned. If this probability is greater than the decided-upon threshold 

and is also indicated by DCA to pose a net benefit, noted as being above the “treat all” 

and “treat none” curves, then the physician and patient would be advised by the clinical 

decision-making model to proceed with surgical intervention. Similarly, when facing 

prehospital care and triaging of patients among local and referral hospitals, we can 

utilize the DCA and ML models to inform and guide decisions in triaging and 

transporting TBI patients who incurred more moderate and sever injuries to a higher 

level of care and those with milder injuries to remain at local clinics where patients first 

arrived at.   

4.4 Implications for further research 

Moving forward, there are steps that can be taken to further improve the 

predictive ability of the prognostic models and expand their clinical utility. To improve 

the prognostic models, patient data collection should be expanded to local clinics where 

TBI patients first arrive at and there is a larger shortage of high specialized and trained 

physicians and lack of materials and resources. TBI patient data can also be collected 

from various sites in other countries or health systems to increase the number of 

observations with poor outcomes and a more diverse range of TBI severity. By doing so, 

the NPV of the models can be improved as well as the utility of the models in guiding 

transportation and triaging decisions at local clinics. Appending data from other 

locations will also improve the generalizability of the model and provide opportunities 
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for further external validation of the models and expansion to use in healthcare systems 

outside of Tanzania.   

To expand the clinical utility of the models and expand on DCA, more threshold 

probabilities need to be determined from interviewing physicians at KCMC to gain 

more insight on reasonable ranges depending on intervention. In choosing these ranges, 

all that is necessary is a general idea of what are considered reasonable. These can be 

derived by framing interview questions in terms of “numbers needed” (12). Reasonable 

ranges should also be decided based on factors that the patient wants to consider as 

previously mentioned. Such factors include cultural, religious, or monetary 

considerations. Upon reaching an agreement between physician and patient, 

appropriate decision thresholds can be determined and the DCA can be performed to 

guide decision making for specific interventions.  
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5. Conclusion 
ML and DCA are both relatively new and efficient methods in prognostic 

modelling, especially in the context of TBI in Sub-Saharan Africa. While previous work 

has shown excellent results in predicting clinical outcomes, this study contributes an 

application of DCA on ML-based prognostic models in a novel setting. Furthermore, this 

study highlights the need for a culturally relevant clinical decision guiding tool for 

physicians working in low-resource settings. As TBI is a leading cause of death and 

disability in LMICs, ML-based models with the incorporation of DCA have the potential 

to improve clinical management of patients and strengthen health systems at all levels of 

care. 
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Appendix A 

To be filled out by the healthcare provider in real time while caring for the patient in the KCMC 
emergency department (ED) 
 
#1. How sick do you think your patient is from 0-10:   
 

0 ————————————  5 ———————————— 10 
     Not at all serious                Serious      Extremely serious/life-threatening 

 

#2. What diagnostics tests and/or treatments did you order during this patient encounter? 
� None (discharge) 
� Non-surgical / Medical management 

• If yes, select all that apply: analgesic medication (tylenol, motrin, 
toradol, opioids, ketamine), mannitol, hypertonic saline 

� CT scan  
• If yes, select all that apply: CT head non-contrast, CT head with 
contrast, CT cervical spine non-contrast, CT cervical spine with contrast 

� Surgery 
• If yes, select all that apply: burr hole, extraventricular drain placement, 
craniotomy, craniectomy   

� Transfer to another hospital for higher level of care 
� Withholding or withdrawal of life-sustaining interventions 
 
#3. Assuming NO restrictions and NO barriers, do you think this patient may benefit from any 
of the following? 
� Non-surgical / Medical management 

• If yes, select all that apply: analgesic medication (tylenol, motrin, 
toradol, opioids, ketamine), mannitol, hypertonic saline 

� CT scan  
• If yes, select all that apply: CT head non-contrast, CT head with 
contrast, CT cervical spine non-contrast, CT cervical spine with contrast 

� Surgery 
• If yes, select all that apply: burr hole, extraventricular drain placement, 
craniotomy, craniectomy  

� Transfer to another hospital for higher level of care 
� Withholding or withdrawal of life-sustaining interventions 
 
#4. Where do you think this patient should be dispositioned to after the KCMC ED? 
� Discharge home 
� Admit to the floor ward 
� Admit to SubICU 
� Admit to ICU 
� Take directly to the theatre/operating room 
� Transfer to another hospital for higher level of care 
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� Death 
#5. What tools did you use to guide your clinical-decision making in this patient encounter? 
� Glasgow Coma Scale (GCS) 
� Kampala Trauma Score 
� Canadian CT Head Injury/Trauma Tool 
� New Orleans Head Injury/Trauma Tool 
� Canadian C-spine Rule 
� NEXUS Criteria for C-spine Imaging 
� Focused Assessment with Sonography for Trauma (FAST) 
� Other: _______________ 
� None 
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