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ABSTRACT 

Objective: To develop a model to predict the bleeding source and identify the cohort 

amongst patients with acute gastrointestinal bleeding (GIB) who require urgent 

intervention, including endoscopy.  Patients with acute GIB, an unpredictable event, 

are most commonly evaluated and managed by non-gastroenterologists.  Rapid and 

consistently reliable risk stratification of patients with acute GIB for urgent 

endoscopy may potentially improve outcomes amongst such patients by targeting 

scarce healthcare resources to those who need it the most.   

Design & Methods:  Using ICD-9 codes for acute GIB, 189 patients with acute GIB 

and all available data variables required to develop and test models were identified 

from a hospital medical records database.  Data on 122 patients was utilized for 

development of the model and on 67 patients utilized to perform comparative 

analysis of the models.  Clinical data such as presenting signs & symptoms, 

demographic data, presence of co-morbidities, laboratory data and corresponding 

endoscopic diagnosis and outcomes were collected.  Clinical data and endoscopic 

diagnosis collected for each patient was utilized by to retrospectively ascertain 

optimal management for each patient.  Clinical presentations and corresponding 

treatment was utilized as training examples.  Eight mathematical models including 

artificial neural network (ANN), support vector machine (SVM), k-nearest neighbor, 

linear discriminant analysis (LDA), shrunken centroid (SC), random forest (RF), 

logistic regression, and boosting were trained and tested.  The performance of these 

models was compared using standard statistical analysis and ROC curves. 
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Results:  Overall the random forest model best predicted the source, need for 

resuscitation, and disposition with accuracies of approximately 80% or higher 

(accuracy for endoscopy was greater than 75%).  The area under ROC curve for RF 

was greater than 0.85, indicating excellent performance by the random forest model. 

Conclusion:  While most mathematical models are effective as a decision support 

system for evaluation and management of patients with acute GIB, in our testing RF 

model consistently provided the best accuracy.  Amongst patients presenting with 

acute GIB, mathematical models may facilitate the identification of the source of 

GIB, need for intervention and allow optimization of care and healthcare resource 

allocation; these however require further validation.  

Key words: class prediction, cross validation, gastrointestinal bleeding, machine 

learning
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1. INTRODUCTION 

Acute gastrointestinal bleeding (GIB) is an increasing healthcare problem due to rising 

NSAID use and an aging population [1].  Further reductions in mortality will most likely 

require introduction of novel strategies to aid identification of the cohort requiring 

aggressive resuscitation and endoscopic intervention to prevent complications and 

death from ongoing bleeding [2,3].  Delays in intervention usually result from failure to 

adequately recognize the source and severity of the bleed.  Although several models 

and scores have been developed to risk-stratify patients, no single model aids the 

identification of the subgroup of patients presenting with acute upper or lower GIB most 

likely to benefit from urgent intervention [4,5].  Our goal was to utilize mathematical 

models to formulate a decision support system utilizing clinical and laboratory 

information available within a few hours of patient presentation to predict the source, 

need for intervention and disposition in patients with acute upper, mid and lower GIB.  

There are a number of well-known classification tools for analyzing data, including 

artificial neural networks (ANN), k-nearest neighbor (kNN), decision trees, support 

vector machines (SVM), and shrunken centroid (SC) [6,7].  These classification tools 

are supervised learning methods where the algorithm learns from a training set and 

establishes a prediction rule to classify new samples using statistical approaches for 

class prediction.  Logistic regression, an alternative to these classification methods, and 

Fisher’s linear discriminant analysis (LDA) are both parametric approaches.  Logistic 

regression and LDA do not differ in functional form, and differ only in the estimation of 

coefficients; LDA assumes normal distribution of the explanatory variables, while logistic 

regression does not.   If the Gaussian assumptions are met, then LDA is a more 
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powerful and efficient model than logistic regression.  Standard statistical model building 

relies on an a priori collection of predictor variables for identifying outcomes of clinical 

interest.   Often it may be computationally impossible for standard models to overcome 

the complexities of problems with large dimensionality.  Support Vector Machines 

(SVM), introduced by Vapnik (1995) can overcome the high dimensionality problem 

computationally and is consistently a good classifier and hence widely utilized as a 

classification method.  Following the recent introduction of ensemble-voting 

approaches, two ensemble voting methods, boosting and bagging, have also gained 

wide popularity [8,9].  An ensemble uses the predictions of multiple base classifiers 

through majority voting.  Boosting, a meta-classifier, combines weak classifiers and 

takes a weighted majority vote of their predictors.  Breiman (2001) developed the 

random forest (RF) method by combining classification tree predictors [10].  The 

bagging algorithm in RF uses bootstrap samples to build base trees.  Each bootstrap 

sample is formed by randomly sampling, with replacement, the same number of 

observations as the training set.  The final classification produced by the ensemble of 

these base classifiers is obtained using equal weight voting. 

The study objective was to develop and compare the performance of eight classification 

models as described above to predict clinical outcomes in patients presenting with 

acute GIB.   
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2. METHODS 

2.1 Definitions 

Upper GIB refers to gastrointestinal blood loss whose origin is proximal to the ligament 

of Treitz; mid GIB whose source was below the ligament of Trietz but proximal to the 

ileocecal valve and lower GIB referred to gastrointestinal blood loss emanating from a 

source distal to the ileocecal valve [11].  Acute GIB was defined as bleeding of less than 

5 days duration.  Acute upper GIB was diagnosed if there was hematemesis, "coffee 

ground" colored emesis, the return of red blood via a nasogastric tube, and/or melena 

with or without hemodynamic compromise or hematochezia (bright red blood per rectum 

in patients with brisk upper GIB) and the presence of a bleeding source in the upper GI 

tract at endoscopy.  Patients with melena and/or hematochezia along with clinical 

evidence of bleeding (hemodynamic instability, anemia) and positive findings of a 

bleeding source at enteroscopy or capsule endoscopy were designated as mid GIB.  

Lower GIB was defined as the identification of a source of bleeding in the lower GI in 

patients presenting with hematochezia.  Hypotension was defined as systolic blood 

pressure of less than 100, tachycardia as heart-rate of greater than 100 beats/minute, 

orthostasis as a drop of systolic blood pressure of greater than 20mm Hg and an 

increase in heart rate of greater than 20 mmHg, 2 minutes after sitting upright from 

recumbency with legs dangling from the side of the bed.  Urgent endoscopy was 

defined as a procedure that was performed within 24 hours for upper GIB and within 48 

hours for lower GIB.  

2.2 Patients  
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Patients with acute GIB were identified from the hospital medical records database 

using ICD-9 codes for GIB.  The study was carried out in compliance with all institutional 

human investigations committee guidelines.  Eligible patients were those presenting 

with clinical manifestations of acute upper or lower gastrointestinal bleeding and those 

who had undergone endoscopy within 24 hours for suspected upper GIB and within 48 

hours for suspected lower GIB or if upper endoscopy was negative.  If no obvious 

source of GIB was identified at either upper or lower endoscopy, the patient should 

have undergone small bowel enteroscopy or capsule endoscopy within 1 week of the 

initial episode of acute GIB.  Records of patients for whom a definite source of bleeding 

could not be identified or those with missing clinical variables required for model 

building and testing were discarded.  A total of 189 patients meeting inclusion and 

exclusion criteria were identified retrospectively in hospital electronic medical records.  

Clinical data on each patient was entered into a scannable data entry form which was 

scanned into an SQL database and manually reviewed for errors.  Variables to 

ascertain clinical outcomes corresponding to patient data included clinical and 

endoscopic data as listed in Box 1.  Variables that correlate with and are predictive of 

clinical outcomes amongst patients with acute GIB were identified from a review of the 

literature [12, 21].  Initially only 70 patient data were available when first building and 

testing the models.  This was followed by building and testing models using a total of 

122 patients which resulted in an insignificant improvement in performance of the 

models (data not shown).  A sample size of 122 patients was therefore deemed to be 

adequate for building models.  An additional 67 patient database was utilized for testing 

and validation of the models. 
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2.3 Selection of independent variables to predict outcomes for test cases 

Several studies in the past have evaluated variables predictive of adverse outcomes, 

predictive of source, severity and outcomes in patients with acute upper and lower GIB.  

Clinical correlates of source, severity and outcomes amongst patients with acute 

gastrointestinal bleeding were reviewed and listed as in Box 3 [17-29]. 

Bleeding source: The definitive source of bleeding was the irrefutable identification of 

a bleeding source at upper endoscopy, colonoscopy, small bowel enteroscopy or 

capsule endoscopy.  Variables utilized to predict the source of GIB included past 

medical history & presenting symptoms (prior history of GIB, hematochezia, 

hematemesis, melena, syncope/presyncope), risk factors (risk for stress ulceration, 

cirrhosis, ASA/NSAID use) physical exam and laboratory tests (blood pressure 

(SBP/DBP), heart rate (HR), orthostasis, NG lavage, rectal exam, platelet count (Plt), 

creatinine (Cr), BUN, and INR). 

Blood resuscitation:  Urgent blood resuscitation referred specifically to the 

administration of blood and blood products to correct loss of intravascular volume and 

presence of coagulopathy.  Variables utilized to predict this outcome included 

symptoms (hematochezia, hematemesis, melena, duration of symptoms, 

syncope/presyncope), prior history (unstable CAD), physical exam and laboratory tests 

(blood pressure, heart rate, orthostasis, NG lavage, rectal exam, hematocrit (Hct), drop 

in hematocrit, creatinine, BUN, and INR). 

Urgent endoscopy:  Variables to predict need for urgent endoscopy included 

symptoms (hematochezia, hematemesis, melena, syncope/presyncope, duration of 

symptoms), risk factors (cirrhosis, ASA/NSAID use) and physical exam and laboratory 
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tests (blood pressure, heart rate, orthostasis, NG lavage, rectal exam, hematocrit, 

hematocrit drop, platelet count, creatinine, BUN, and INR). 

Disposition:  Variables utilized to predict disposition included patient demographics 

(age), presenting symptoms (hematochezia, hematemesis, melena, duration of 

symptoms, syncope/presyncope), comorbidities (unstable CAD, COPD, CRF, risk for 

stress ulcer, cirrhosis), clinical exam/blood tests (blood pressure, heart rate, orthostasis, 

NG lavage, rectal exam, hematocrit, drop in hematocrit, platelet count, creatinine, BUN, 

and INR). 

2.4 Algorithm for analysis of clinical data to ascertain outcomes for training set 

The algorithm to ascertain the source of bleeding and appropriate clinical management 

for each patient is as illustrated in Figure 1 and was determined jointly by authors (AK, 

BH, BK) after careful analysis of the clinical and endoscopic data for each patient, in 

accordance with current evidence and standard of care [13-15].  Source was 

ascertained by review of endoscopic findings for each patient [16].  Patients with 

findings of active bleeding or other high-risk stigmata at endoscopy were reasoned as 

requiring intensive resuscitation, urgent endoscopy and admission to the medical 

intensive care unit.  Patients with low-risk stigmata at endoscopy and hemodynamic 

instability (hypotension, tachycardia, orthostasis), elevated coagulation parameters 

and/or hematocrit <30, were reasoned to require intensive resuscitation but no urgent 

endoscopy.  Conversely, patients under 60 years of age with no active bleeding or high-

risk stigmata and no co-morbidities were reasoned as suitable for discharge to home, 

while patients with co-morbidities were categorized as requiring admission to general 

inpatient.  Example: A 60 year old patient with acute onset of profuse hematemesis, 
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melena, dizziness, tachycardia, hypotension, positive nasogastric lavage, hematocrit of 

24, is admitted to the regular floor and undergoes endoscopy greater than 24 hours 

after admission. Endoscopy reveals an oozing blood vessel within an ulcer bed.  Since, 

in retrospect the patient should have been resuscitated urgently with blood, undergone 

urgent endoscopy and admitted to the ICU, the patient was classified as requiring 

urgent resuscitation, endoscopy and admission to the ICU.  Each case was similarly 

analyzed to identify the corresponding optimal outcome and the database thus 

developed was utilized to train the models.  

2.5 Importance of each variable 

For RF and ANN, the variable importance option was selected to see if these variables 

were significant for ascertaining outcomes by the computer models.  Variable 

importance for RF is given in terms of the mean decrease in accuracy, hence higher the 

number, greater the importance of the variable.  ANN provides data about the 

importance of a variable without any ranking.  Hence the variable importance feature for 

ANN was repeated ten times in order to obtain rankings for the variables and the 

number of times a variable was shown to be important was counted; the closer the 

number was to 10, the more important the variable.  In addition, distributions of the 

variables as well as correlation between variables were examined.   

2.6 Models & Statistical Analysis 

Eight predictive models including random forest (RF), support vector machines (SVM), 

shrunken centroid (SC), linear discriminant analysis (LDA), k-nearest neighbor (kNN), 

logistic regression (logistic), boosting, and artificial neural networks (ANN) were trained 

and their performances compared [8,9].  All models were run in R (version 2.3.0, 
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downloadable from http://cran.cnr.berkeley.edu) except for ANN, which was run in 

STATISTICA (version 7.1, Statsoft, Inc, Tulsa, OK).   

Model training was performed on a randomly selected subset of patients and testing on 

the remaining patients of a total of 122 patient database.  The primary approach was to 

use the selected explanatory variables to predict the response variable discarding any 

patients with missing data.  In addition, for predicting resuscitation and endoscopy, an 

alternative strategy was adopted.  The predicted value of “source of bleeding” and 

selected input variables (hematochezia, hematemesis, syncope/presyncope, blood 

pressure, heart rate, orthostasis, NG lavage, and INR) were utilized to predict the need 

for resuscitation and endoscopy.  Categorical variables were changed accordingly to 

indicator variables.   

Model Evaluation Step: Ten runs of 10-fold cross validation (CV) were performed for 

each iteration to obtain a reliable result with low mean square error (MSE) and bias [30].  

The MSE is a function of bias and variance and when the estimator is unbiased, MSE 

reduces to variance because the bias term in MSE becomes zero.  Each run of cross 

validation is comprised of independent training and testing database, where 90% of the 

data is put in the training set and the remaining 10% of the data is put into the test set.  

For every 10-fold CV, the following statistics were calculated: sensitivity (SN), specificity 

(SP), accuracy (ACC: the sum of correct predictions divided by total predictions), 

positive predictive value (PPV: probability that the patient is truly positive given a 

positive prediction), and negative predictive value (NPV: probability that a patient is truly 

negative given a negative prediction).  For each classification model, statistical results 

of 10 repetitions of 10-fold CV were averaged and reported.  
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ROC curves were calculated and areas under the curve were compared for each of the 

eight models.  The Mann-Whitney statistic was calculated, which is equivalent to the 

area under an ROC curve [31].  Additionally, performance measures between models 

were compared using McNemar’s test.  Using the Bonferroni correction to account for 

multiple comparisons of models, an appropriate alpha value was used for each test to 

control the error rate.  For example, there were 8 models for the resuscitation response; 

hence there were 28 pair-wise comparisons.  Thus for an original alpha value of .05, the 

new alpha used for a two-sided test was .05/28=.0018.  A normal approximation and 

Central Limit Theorem was used for underlying assumptions for the test. 

Model Validation Step:  After models had been trained using a 122 patient database, 

an unseen before 67 patient database was utilized as a test set to validate the model.  

Accuracies were compared for both the evaluation step and the validation step.   

2.7 Individual Model Parameters 

Random forest (package Random Forest): All default settings were used (500 trees 

were grown and the number of variables randomly sampled at each node was 

p where p is the number of explanatory variables).  The variable option of importance 

was set to true. To predict the outcome of a certain patient, voting was done without 

normalizing. 

Support vector machine (package e1071): All default settings were used, variables 

were scaled, tolerance value to terminate algorithm was set to .001, epsilon set to 1 (for 

insensitive-loss function).  Both the radial basis (default) and linear kernels were 

considered, but only the radial basis function is included in this comparison because the 

two kernels gave similarly high accuracies. 
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Shrunken centroid (package pamr):  An optimal threshold value for each response 

was found by cross validation.  The best threshold value was one that gave the highest 

accuracies – a threshold of .2 was used for all responses.   

Linear discriminant analysis (package sma), kNN (package class), and logistic 

regression (package stats) models: All default settings were used. Depending on 

what response variable was being classified, a different k was used for kNN. By 

performing CV on several different k values, the k that yielded the highest accuracy was 

chosen. The final values chosen were k=7 for source and resuscitation, k=11 for 

endoscopy, and k=3 for disposition. 

Boosting (package boost): No features were pre-selected (presel=0), boosting ran for 

10 iterations (mfinal=10).  The optimal settings were found by trying different 

combinations of presel and mfinal.  The R Boosting package contains four different 

approaches:  AdaBoost, LogitBoost, L2Boost and BagBoost.  AdaBoost was excluded, 

as often it did not classify patients correctly.  Performance of the other three boosting 

methods were similar.  Among these three approaches, LogitBoost is included in the 

comparison.  

ANN (Neural Networks package): Multilayer perceptrons with back propagation was 

performed.  The error function used was the cross entropy function.  A linear synaptic 

function was used and a combination of the following four activation functions were 

used: linear, hyperbolic, softmax, and logistic.  The number of epochs to train the model 

was set to 100 although the network always converged in less number of epochs.  The 

learning rate was set to .01 and there was one hidden layer in the network.  For the 

source of bleeding response, there were 30 input neurons, 11 hidden neurons (neurons 
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in the hidden layer), and 3 output neurons.  For the resuscitation response, there were 

28 input neurons, 10 hidden neurons, and 1 output neuron.  For the endoscopy 

response, there were 31 input neurons, 12 hidden neurons, and 1 output neuron.  For 

the disposition response, there were 34 input neurons, 34 hidden neurons, and 1 output 

neuron.   

3. RESULTS 

3.1 Models 

Tables 1 through 4 summarize the results for each outcome prediction variable for the 

evaluation step.  Eight models were run (only six of the eight models were utilized to 

predict source, since logistic regression and boosting can be only used for 2-way 

classification problems (while output source included three outcomes-upper, mid and 

lower) using the primary approach.  Figures 2 through 5 depict the accuracies obtained 

from each individual model and each response variable for the evaluation step.  Overall, 

accuracies obtained using SVM, RF, and LDA were numerically superior to others, with 

these models correctly predicting the source of bleeding, need for resuscitation, and 

disposition correctly 88%-94% of the time.  The need for endoscopy was correctly 

predicted about 80% of the time using SVM, SC, and LDA; accuracy using RF was just 

under 80% at 79%.  Logistic regression did well for predicting resuscitation and 

endoscopy, however it did not do well for disposition.  This is because the algorithm for 

obtaining the model rarely converged, that is, it was unstable (results not shown).  

Accuracies using boosting were worst of all models.  Accuracies obtained ANN model 

was inferior to SVM, RF and LDA.  At a significance level of α=0.05, kNN performed the 

worst for predicting source and resuscitation.  The linear discriminant analysis model 
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appeared to demonstrate a good overall performance with regards to sensitivity 

specificity, PPV, NPV and accuracy (Tables 1 through 4).  Boosting, on the other hand, 

revealed an imbalance between sensitivity and specificity.  ROC curves were 

constructed (Figures 6 through 9 and Tables 1 through 4), and overall RF and ANN 

have the highest AUC (area under the curve), followed by SVM and LDA.   For 

predicting resuscitation and endoscopy, the logistic model had excellent AUC.  In the 

validation step, RF consistently predicted responses with higher accuracies as 

compared to the other models (Table 6).  Overall, data from evaluation and validation 

steps suggests that the RF model consistently performs the best.  

3.2 Importance of variables 

The importance of each variable in predicting outcomes in ascertaining relevant 

outcomes when using random forest and ANN respectively are shown in Table 7 (using 

122 patient database).  About half the variables to predict outcomes were of common 

importance to both RF and ANN models.  For predicting source, explanatory variables 

hematemesis through HR (heart rate) had significant weights and hence importance.  

The remaining variables were of variable importance aside from ASA/NSAID, which did 

not appear to have great influence on the performance of the models.  For predicting 

resuscitation, both models utilized the variables syncope, orthostasis, hematocrit, 

hematocrit drop, blood pressure, heart rate, hematemesis and melena as important 

predictor variables. The remainder of the variables was of limited and variable 

importance in predicting outcomes.  
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4.  DISCUSSION AND CONCLUSION 

Although superior healthcare outcomes may be expected if gastroenterologists manage 

all patients with acute GIB [32], it is logistically impossible for every patient with acute 

GIB to be emergently evaluated and treated by a gastroenterologist, as the onset of 

acute GIB is unpredictable.  It is also impractical and economically unjustifiable to 

subject every patient with acute GIB to intensive resuscitation and urgent endoscopy as 

only 20% of patients with acute GIB may require urgent intervention and furthermore 

because healthcare resources are expensive and limited.  “Expert systems” may 

potentially substitute for a specialist amongst patients with acute GIB and facilitate 

triage the cohort most likely to benefit from urgent resuscitation and endoscopy.  

“Machine learning” or computer-assisted predictive models have been successfully 

utilized to optimize treatment and predict clinical outcomes in a variety of other 

conditions [33-36], such as computerized interpretation of the electrocardiogram [37], to 

help streamline and optimize care of patients with acute myocardial infarction [38], 

especially in a busy practice or in the emergency room [39].  Our objective was to 

develop a system to provide diagnostic and specific treatment recommendations for 

patients presenting with acute GIB.  Such models have previously been shown to 

accurately predict the need for colonoscopy in patients with acute lower GIB [5].  

However, they have not been used for all patients with acute GI bleeding.  The 

recommendations were designed to be in agreement with current evidence based 

guidelines for management of acute GIB.  Our models successfully provided patient 

specific recommendations with accuracies exceeding 70-80%.  In the present study, RF 

performed well in classification of the four response variables, in agreement with 
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previous studies that have demonstrated the robustness of such models.  RF and SVM 

are designed for high-dimensional data with a large feature space (large number of 

predictor variables) compared to the sample size and are likely to outperform other 

methods for high-dimensional data unlike the current GIB data set [40].  Logistic 

regression is a widely used standard regression model for binary data, and it can be 

expanded to data with more than two classes.  However, it often shows computational 

instability such as failure to converge or the predicted value being extremely close to 1 

or 0 due to the nature of the model.  Our results also support the conclusion by Ahn et 

al. in previous studies, that boosting strategies in general provide poor accuracies [40].  

Furthermore, given its complexity, these are also cumbersome and unwieldy as 

compared to other methods.  Although not relevant to our problem, LDA and kNN 

require a variable pre-selection for an optimal performance unlike RF or SVM for high-

dimensional data.   

Statistical variable selection is often dependent on the criteria and is computer 

intensive.  With regards to the analysis of the importance of variable, we show that both 

the RF and ANN models considered half of the variables to be important with the 

remaining half being of varied importance.  This appears to be consistent with prior 

knowledge in regards to importance of variables identified to predict source and severity 

of acute GIB.  Every pre-selected variable was important for one model or the other and 

therefore consistent with their identification in prior multivariate analysis.  Different 

models assigned varied importance to different variables due to the different methods 

for evaluating variable importance.  In RF, for every tree grown in the forest, test 

samples are used to count the number of votes cast for the correct class.  RF randomly 
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permutes the values of a selected variable in the test set and put these cases down the 

tree.  It finds the number of votes for the correct class in the data with this permuted 

variable.  It subtracts this number from the number of votes for the correct class in the 

original data without permutation.  The average of this number of all trees in the forest is 

the raw importance score for the variable.  ANN uses a Connection Weight Approach to 

quantify variable importance.  Given that a minimal variable set to predict outcomes is 

desirable, overall our dataset appears to be optimal to predict clinical outcomes relevant 

to management of patients with acute GIB. 

Since the output utilizes training examples which are developed by individuals, bias can 

potentially be introduced through using inaccurate training examples.  The authors have 

the ability to influence the recommendations by modulating outcomes associated with 

each training example.  Since, examples are utilized to train the models, flaws in 

examples may lead to flaws in the model output: garbagae in-garbage out.  Despite 

these flaws, such systems have the potential to facilitate and standardize the care of 

patients presenting with acute GIB.  Given that computer based tools are more likely to 

work if integrated with clinical care, prospective validation and integration of such a 

model into an electronic medical record may potentially enhance care of patients with 

acute GIB.  It is also possible to train the model using fresh examples so as to adapt to 

changing guidelines and varied clinical scenarios, allowing these predictive models to 

be portable to a broad range of locales.  The prospective development and testing of a 

model using a larger patient cohort prospectively, its implementation and comparison of 

its performance to physicians is underway. 
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In summary, predictive models such as shown above, allow the identification of the 

high-risk cohort amongst patients presenting with acute GIB to allow optimal allocation 

of resources to patients who may potentially benefit the most from urgent resuscitation, 

endoscopy and intensive clinical care.
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Box 2. Output variables 
 

Source:   
Upper, Mid, Lower 
Resuscitation: 
Yes or No 
Endoscopy:  
Yes, No 
Disposition: not ICU (home, 
floor, monitor); ICU 

Box 1:  Independent variables 

Presentation: 

Hematemesis/Coffee Grounds 
Hematochezia/Melena  
Duration of symptoms 
Syncope/presyncope 

Demographics: 

Age, gender 

Past history: 

Prior GIB, Unstable CVD (MI, 
CHF), COPD exacerbation, CRF, 
Risk of Stress Ulcer, Cirrhosis 

ASA/NSAID use, PPI, prior history 
of GIB  

Clinical Exam: 

SBP/DBP, HR, orthostasis, NG 
lavage, rectal exam 

Laboratory Data: 

Hematocrit, drop in Hct., platelet 
count, creatinine, BUN, PT/INR 

Box 3: Explanatory variables used for each output 
 
Source of bleeding: prior history of GIB, hematochezia, hematemesis, melena, 
syncope/presyncope, risk for stress ulcer, cirrhosis, ASA/NSAID use, blood pressure, 
heart rate, orthostasis, NG lavage, rectal exam, platelet count, creatinine, BUN, INR 
 
Resuscitation: hematochezia, hematemesis, melena, duration of symptoms, 
syncope/presyncope, unstable CAD, blood pressure, heart rate, orthostasis, NG lavage, 
rectal exam, hematocrit, drop in hematocrit, creatinine, BUN, INR 
 
Endoscopy: hematochezia, hematemesis, melena, duration of symptoms, 
syncope/presyncope, cirrhosis, ASA/NSAIDs, blood pressure, heart rate, orthostasis, NG 
lavage, rectal exam, hematocrit, drop in hematocrit, platelet count, creatinine, BUN, INR 
 
Disposition: age, hematochezia, hematemesis, melena, duration of symptoms, 
syncope/presyncope, unstable CAD, COPD, CRF, risk for stress ulcer, cirrhosis, blood 
pressure, heart rate, orthostasis, NG lavage, rectal exam, hematocrit, drop in hematocrit, 
platelet count, creatinine, BUN, INR 
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Figure 1. Schematic of training examples for classification  

MANAGEMENT –RESUSCITATION, ENDOSCOPY AND DISPOSITION 
Upper 
Ulcer with High risk stigmata: Active bleeding, non-bleeding visible vessel, overlying clot, oozing. 
Varices: Active bleeding or stigmata of recent bleed.  
AVM/Dieulafoy’s/MW tear: ongoing bleeding/oozing recent bleeding. 
Lower 

Diverticula/Colitis/AVM/Dieulafoys’s/Varices: active bleeding, visible vessel, overlying clot. 

Symptoms 

Dizzy, unstable CAD, SBP<90, 
orthostasis, Hct <30, INR >1.5  

 

No Yes 

No 

Yes 

URGENT 
RESUSCITATION 

 

ASCERTAINING SOURCE OF BLEED 
Requires endoscopic evidence of a bleeding 
source  
Upper: Proximal to ligament of treitz. 
Mid: Distal to ligament of treitz & proximal to 

ileo-cecal valve. 
Lower: Distal to ileo-cecal valve. 
 

Any stigmata of bleeding (active 
bleeding, visible vessel, overlying clot, 
oozing, pigmented spot, ulcer), varices 
with stigmata of bleed (cherry red spot, 
angioectasia, red wale signs), AVM’s, 
MW tear, dieulafoys’s, diverticula. 

Yes 

URGENT 
ENDOSCOPY 

 

Yes 

Yes or No 

ELECTIVE 
ENDOSCOPY 

 

INTENSIVE 
CARE UNIT 

 

ADMIT TO 
FLOOR 

 

DISCHARGE 

HOME 

 

Age < 60, no 
comorbidities 

No Yes 

No 
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 Figure 2. Accuracies for output-bleeding source (evaluation step) 
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Figure 3. Accuracies for output-resuscitation (evaluation step) 
Accuracies for resuscitation
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Figure 4. Accuracies for output-endoscopy (evaluation step) 

0.79
0.80

0.81

0.83

0.80

0.78
0.79

0.63

0.60

0.65

0.70

0.75

0.80

0.85

0.90

RF SVM SC LDA kNN ANN logistic LogitBoost

Model Type

A
cc

u
ra

cy

 



Decision support system to facilitate management of patients with acute GIB     Page 26 of 41,   Chu, et al 

Figure 5. Accuracies for output-disposition (evaluation step) 
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Figure 6. ROC curves for predicting source of bleeding (evaluation step) 
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Figure 7. ROC curves for predicting resuscitation (evaluation step) 
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Figure 8. ROC curves for predicting endoscopy (evaluation step) 
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Figure 9. ROC curves for predicting disposition (evaluation step) 
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Table 1. Evaluation step–performance of models for output source of bleeding (standard 

error) 

 ACC SN SP PPV NPV AUC 

RF 0.943 
(0.007) 

0.980 
(0.004) 

0.932 
(0.007) 

0.967 
(0.005) 

0.959 
(0.006) 

0.998 

SVM 0.930 
(0.007) 

0.965 
(0.005) 

0.945 
(0.007) 

0.973 
(0.005) 

0.932 
(0.007) 

0.979 

SC 0.914 
(0.008) 

0.965 
(0.005) 

0.890 
(0.009) 

0.946 
(0.007) 

0.927 
(0.008) 

0.978 

LDA 0.931 
(0.007) 

0.965 
(0.005) 

1.000 
(0.000) 

1.000 
(0.000)  

0.935 
(0.007)  

0.987 

kNN 0.697 
(0.013) 

0.901 
(0.009) 

0.287 
(0.013) 

0.717 
(0.013) 

0.591 
(0.014) 

0.658 

ANN 0.917 
(0.008) 

0.972 
(0.005) 

0.936 
(0.007) 

0.968 
(0.005) 

0.944 
(0.007) 

0.999 
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Table 2. Evaluation step–performance of models for output resuscitation (standard error) 

 ACC SN SP PPV NPV AUC 

RF 0.932 
(0.007) 

0.937 
(0.007) 

0.923 
(0.008) 

0.954 
(0.006) 

0.894 
(0.009) 

0.982 

SVM 0.941 
(0.007) 

0.938 
(0.007) 

0.945 
(0.007) 

0.968 
(0.005) 

0.899 
(0.009) 

0.964 

SC 0.915 
(0.008) 

0.929 
(0.007) 

0.891 
(0.009) 

0.936 
(0.007) 

0.879 
(0.009) 

0.920 

LDA 0.922 
(0.008) 

0.904 
(0.009) 

0.955 
(0.006) 

0.972 
(0.005) 

0.852 
(0.010) 

0.937 

kNN 0.884 
(0.009) 

0.903 
(0.009) 

0.852 
(0.010) 

0.914 
(0.008) 

0.835 
(0.011) 

0.890 

ANN 0.921 
(0.008) 

0.927 
(0.008) 

0.910 
(0.008) 

0.946 
(0.007) 

0.880 
(0.009) 

0.993 

logistic 0.923 
(0.008) 

0.939 
(0.007) 

0.895 
(0.009) 

0.940 
(0.007) 

0.897 
(0.009) 

0.985 

LogitBoost 0.647 
(0.014) 

0.916 
(0.008) 

0.184 
(0.011) 

0.662 
(0.014) 

0.481 
(0.014) 

0.381 
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Table 3. Evaluation step–performance of models for output endoscopy (standard error) 

 ACC SN SP PPV NPV AUC 

RF 0.790 
(0.012) 

0.854 
(0.010) 

0.671 
(0.014) 

0.828 
(0.011) 

0.712 
(0.013) 

0.871 

SVM 0.803 
(0.011) 

0.859 
(0.010) 

0.700 
(0.013) 

0.842 
(0.011) 

0.728 
(0.013) 

0.820 

SC 0.811 
(0.011) 

0.838 
(0.011) 

0.760 
(0.012) 

0.866 
(0.010) 

0.717 
(0.013) 

0.801 

LDA 0.833 
(0.011) 

0.821 
(0.011) 

0.857 
(0.010) 

0.914 
(0.008) 

0.720 
(0.013) 

0.843 

kNN 0.796 
(0.012) 

0.876 
(0.010) 

0.648 
(0.014) 

0.822 
(0.011) 

0.737 
(0.013) 

0.766 

ANN 0.778 
(0.012) 

0.801 
(0.012) 

0.733 
(0.013) 

0.849 
(0.010) 

0.665 
(0.014) 

0.913 

logistic 0.787 
(0.012) 

0.871 
(0.010) 

0.831 
(0.014) 

0.815 
(0.011) 

0.726 
(0.013) 

0.853 

LogitBoost 0.627 
(0.014) 

0.891 
(0.009) 

0.138 
(0.010) 

0.658 
(0.014) 

0.403 
(0.014) 

0.404 
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Table 4. Evaluation step–performance of models for output disposition (standard error) 

 ACC SN SP PPV NPV AUC 

RF 0.883 
(0.009) 

0.907 
(0.008) 

0.843 
(0.011) 

0.908 
(0.008) 

0.841 
(0.011) 

0.967 

SVM 0.887 
(0.009) 

0.929 
(0.007) 

0.816 
(0.011) 

0.896 
(0.009) 

0.872 
(0.010) 

0.922 

SC 0.897 
(0.009) 

0.916 
(0.008) 

0.866 
(0.010) 

0.921 
(0.008) 

0.858 
(0.010) 

0.891 

LDA 0.897 
(0.009) 

0.891 
(0.009) 

0.909 
(0.008) 

0.943 
(0.007) 

0.830 
(0.011) 

0.901 

kNN 0.876 
(0.010) 

0.923 
(0.008) 

0.798 
(0.012) 

0.886 
(0.009) 

0.858 
(0.010) 

0.881 

ANN 0.850 
(0.010) 

0.829 
(0.011) 

0.889 
(0.009) 

0.928 
(0.007) 

0.752 
(0.013) 

0.972 

LogitBoost 0.584 
(0.014) 

0.819 
(0.011) 

0.184 
(0.011) 

0.629 
(0.014) 

0.377 
(0.014) 

0.324 
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Table 5. Evaluation step–accuracies of predicting resuscitation and endoscopy using 

source as a variable (standard error) 

 RF SVM  SC LDA 

Resuscitation 0.934 
(.007) 

0.935 
(.007) 

0.909 
(.008) 

0.922 
(.008) 

Endoscopy 0.783 
(.012) 

0.787 
(.012) 

0.809 
(.011) 

0.818 
(.011) 

     

 kNN ANN logistic LogitBoost 

Resuscitation 0.883 
(.009) 

0.915 
(.008) 

0.918 
(.008) 

0.631 
(.014) 

Endoscopy 0.794 
(.012) 

0.783 
(.012) 

0.792 
(.012) 

0.631 
(.014) 
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Table 6. Validation step–Predictive accuracies using a 67 patient database 

 Source of 
bleeding 

Resuscitation Endoscopy Disposition 

RF 0.928 0.851 0.753 0.797 

SVM 0.826 0.791 0.681 0.783 

SC 0.855 0.866 0.696 0.768 

LDA 0.768 0.821 0.681 0.797 

kNN 0.783 0.821 0.667 0.783 

ANN 0.884 0.821 0.638 0.754 

logistic N/A 0.791 0.710 N/A 

LogitBoost N/A 0.567 0.551 0.362 
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Table 7. Variable importance using RF and ANN 

SOURCE RESUSCITATION 

 RF ANN  RF ANN 

Hematemesis 0.1388  10 Syncope 0.1097  10 

NG Lavage 0.0692  10 Orthostasis 0.0782  10 

Hematochezia 0.0611  10 Hct. Drop 0.0495  10 

BUN 0.0484  10 DBP 0.0276  10 

Rectal 0.0374  10 Hct. 0.0232  10 

Melena 0.0221  9 HR 0.0139  10 

Orthostasis 0.0116  10 SBP 0.0114  10 

Hx. of GIB 0.0088  8 Hematemesis 0.0052  10 

HR 0.0066  10 Melena 0.0032  10 

Cr 0.0055  7 Cr 0.0019  1 

SBP 0.0051  4 NG Lavage 0.0019  9 

DBP 0.0043  9 BUN 0.0018  6 

Syncope 0.0032  9 Hematochezia 0.0015  10 

INR 0.0031  5 Duration 0.0011 6 

Plt 0.0010  6 INR 0.0009  6 

Risk for Stress 
Ulcer 

0.0008  10 Rectal 0.0006  7 

Cirrhosis 0.0004  10 Unstable CAD -0.0016  5 

ASA NSAID -0.0010 1    

 

ENDOSCOPY DISPOSITION 

 RF ANN  RF ANN 

Syncope 0.0507  10 Orthostasis 0.0585  10 

Orthostasis 0.0259  10 HR 0.0431  10 

Hct. 0.0223  10 Hct. 0.0340  10 

HR 0.0213  9 SBP 0.0287  10 

Hct. Drop 0.0188  10 Syncope 0.0271  10 

DBP 0.0178  9 DBP 0.0217  10 

Hematemesis 0.0133 10 Hct. Drop 0.0189  10 

Rectal 0.0054  9 Rectal  0.0094  10 

BUN 0.0051  5 Age 0.0070  10 

SBP 0.0046  9 NG_Lavage 0.0055  8 

INR 0.0043  2 BUN 0.0054  8 

Cirrhosis 0.0039  8 INR 0.0051  4 

Melena 0.0022  9 Risk for Stress 
Ulcer 

0.0037  8 

Plt. 0.0020  3 Plt. 0.0036  6 

Risk for Stress 0.0015  9 Melena 0.0026  9 
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Ulcer 

Duration 0.0008 8 Hematochezia 0.0022 6 

Cr. 0.0003  2 Hematemesis 0.0010  7 

ASA NSAID 0.00008  4 Cirrhosis 0.0007  8 

Hematochezia 0.00001 9 COPD 0.0006  8 

NG Lavage -0.0004 8 CRF 0.00007  4 

   Duration 0.00001  4 

   Cr. -0.00006  3 

   Unstable CAD -0.0002  5 
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