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Abstract
Background

Upper gastrointestinal (Gl) bleeding is a common emergency department (ED) presentation with
substantial morbidity and mortality. Endoscopy is the diagnostic and therapeutic cornerstone, yet pre-
endoscopic risk-stratification tools such as the Glasgow-Blatchford Score (GBS) are highly sensitive but
suffer from low specificity, leading to a high rate of negative endoscopies. We aimed to develop and
internally validate supervised machine-learning (ML) models to predict endoscopically confirmed active
bleeding (Forrest la/Ib) using routinely available admission data, with the goal of improving specificity
and reducing unnecessary endoscopic procedures.

Methods

A retrospective, observational, cross-sectional, analytical study was conducted in the ED of a tertiary-
care academic hospital after ethics committee approval. Patients aged = 18 years who presented
between 1 January 2015 and 1 August 2022 with a working diagnosis of upper Gl bleeding and
underwent endoscopy were screened. Demographics, vital signs, digital rectal examination findings,
comorbidities, complete blood count, biochemistry, coagulation, venous blood gas parameters, GBS, and
endoscopic Forrest classification were extracted. Active bleeding was defined as Forrest 1a or 1b. A
priori power analysis indicated a target sample size of 1146; 1009 patients met inclusion criteria, of
whom 666 (= 70%) were randomly allocated to the training set and 343 (= 30%) to the internal
validation/test set using Python v3.9.0. Five ML algorithms — Gaussian Naive Bayes (GNB), K-Nearest
Neighbors (KNN), Support Vector Machines (SVM), Random Forest, and Logistic Regression — were
trained on admission features and evaluated on the held-out set. Performance was summarised by
sensitivity, specificity, positive and negative likelihood ratios, positive and negative predictive values
(PPV/NPV), and accuracy. Group comparisons in the test set were performed with Chi-square/Fisher’s
exact, independent-samples t and Mann-Whitney U tests in SPSS v24.0 (two-sided p < 0.05).

Results

Of 343 patients in the test set, 30 (8.7%) had endoscopically confirmed active bleeding. Compared with
the no-active-bleeding group, patients with active bleeding had significantly higher GBS (13.07 + 1.93 vs.
12.19 £2.36; p = 0.039) and lower platelet counts (224.37 £+ 95.58 vs. 267.65+ 118.78 x 103/yL; p =
0.049). Other admission parameters (age, sex, vital signs, hemoglobin, BUN, INR, pH, lactate) did not
differ significantly. Forrest classification in the 153 patients with positive endoscopic findings was
Forrest 3 in 58.2%, Forrest 1b in 17.0%, Forrest 1a in 2.6%, Forrest 2a in 8.5%, Forrest 2b in 8.5%, and
Forrest 2c in 5.2%. Compared against the reference standard, the GNB, SVM, Random Forest, and
Logistic Regression models showed a statistically significant association with active bleeding (p = 0.017,
p<0.001,p<0.001, p<0.001, respectively), whereas the KNN model did not (p = 0.241). Random Forest
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achieved the highest sensitivity (80.0%) and NPV (97.0%), Logistic Regression sensitivity 70.0% / NPV
95.86%, and SVM sensitivity 63.33% / NPV 95.14%. KNN had the highest specificity (99.36%) and
accuracy (90.96%) but very low sensitivity (3.33%).

Conclusions

In ED patients undergoing endoscopy for suspected upper Gl bleeding, ML models trained on routinely
collected admission data — particularly Random Forest, Logistic Regression and SVM — achieved high
negative predictive values (= 95%) for endoscopically confirmed active bleeding. Given the 8.7%
prevalence of active bleeding in our cohort, these models may help safely identify patients who can defer
urgent endoscopy and complement, rather than replace, existing risk scores such as the GBS.
Prospective multicentre validation is required before clinical deployment.

BACKGROUND

The annual incidence of upper gastrointestinal (Gl) bleeding ranges from approximately 103 to 172
cases per 100,000 population, with reported mortality of 2-—10% [1]. The condition is more common in
men and incidence rises with age [2]. Morbidity varies with bleeding severity, baseline health status, and
the timeliness of intervention; early diagnosis and effective haemostatic treatment are critical [3, 4].

Upper Gl endoscopy is the cornerstone of both diagnosis and therapy. Early endoscopy identifies the
bleeding source in 90-95% of acute cases and enables definitive intervention through thermal,
mechanical and injection techniques, reducing length of stay and re-bleeding [5-7].

The Glasgow—-Blatchford Score (GBS) is the most widely used pre-endoscopic risk-stratification tool. It
integrates hemoglobin, systolic blood pressure, level of consciousness, comorbidities, and overt
bleeding signs to classify patients [8]. Although highly sensitive for identifying low-risk patients suitable
for outpatient management, its specificity is low, resulting in many endoscopies being performed on
patients without endoscopically actionable bleeding [9].

Machine-learning (ML) algorithms are increasingly applied to large clinical datasets to derive prediction
models that outperform traditional scoring systems in selected emergency presentations [10, 11]. Their
ability to capture non-linear interactions among admission variables makes them attractive candidates
for refining the indication for emergent endoscopy in upper Gl bleeding.

Because the specificity of existing scores and guidelines is suboptimal, a non-trivial fraction of
endoscopies performed for suspected upper Gl bleeding are negative, with attendant resource and
workforce cost [9]. We hypothesised that supervised ML models trained on routinely available admission
data from our ED population could achieve higher specificity than the GBS while maintaining a high
negative predictive value, thereby reducing unnecessary endoscopies without missing active bleeders.
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METHODS
Study Design and Setting

This was a retrospective, observational, cross-sectional, analytical study conducted in the ED of Kanuni
Sultan Sileyman Training and Research Hospital, a tertiary academic centre in Istanbul, Turkey. The
study commenced on 1 October 2022 after approval by the institutional ethics committee (University of
Health Sciences, Kanuni Sultan Siileyman TRH; approval no. KAEK/2022.08.188). The study was
conducted in accordance with the Declaration of Helsinki. No external funding was received, and the
authors declare no conflicts of interest.

Participants
Inclusion criteria

adults aged = 18 years who presented to the ED between 1 January 2015 and 1 August 2022 with a
working diagnosis of upper Gl bleeding and underwent upper Gl endoscopy after evaluation by the
relevant specialty (gastroenterology, general surgery), and whose data were complete in the hospital
information system.

Exclusion criteria

age < 18 years; lower Gl bleeding; and patients with incomplete or missing records.

Patient Flow

A total of 1120 candidate cases were identified. Ninety-three were excluded because their archival
records could not be accessed and a further 18 were excluded for missing information, yielding 1009
eligible patients. As described below, the dataset was then randomised into a model-training set of 666
patients (= 70%) and an internal validation/test set of 343 patients (= 30%) (Fig. 1).

Data Collection

Admission vital signs, presenting complaints, comorbidities and digital rectal examination findings were
recorded on a structured case report form (CRF) by emergency-medicine residents and attending
physicians. Laboratory parameters captured were hemoglobin (HGB), platelet count (PLT), neutrophil
percentage (NEUTP), albumin, blood urea nitrogen (BUN), international normalised ratio (INR), pH, lactate
and base excess (BE), all measured in the ED laboratory and the central hospital laboratory under
standard calibration. Endoscopy reports authored by gastroenterology or general-surgery specialists
were transcribed into the CRF, and findings were graded using the Forrest classification. Forrest 1a and
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1b were pre-specified as the “actively bleeding” group; all remaining categories were classified as “no
active bleeding.” The GBS was calculated at admission from the recorded variables.

Units and reference ranges used for all laboratory and vital-sign variables are presented in Table 1.
Personal identifiers were removed before analysis and data were transferred to a secure computerised
system.

Units and normal reference ranges of IaborTa?glrf/ :ests and vital signs recorded at admission.
Test/Vital Unit Normal Range
Systolic Blood Pressure mmHg 120-139
Diastolic Blood Pressure mmHg 80-89
Pulse /min 60-100
Hemoglobin (HGB) g/dL 13-17.5 (Male); 11.5-15.5 (Female)
Platelet (PLT) x103/pL 100-400
Neutrophil percentage (NEUTP) % 45-78
Albumin g/L 39-49
Blood urea nitrogen (BUN) mg/dL 6—21
INR — 0.8-1.2
pH — 7.35-7.45
Base excess (BE) mmol/L -
Lactate mmol/L 0.5-2.0
HGB: hemoglobin; PLT: platelet; NEUTP: neutrophil percentage; BUN: blood urea nitrogen; INR:
international normalised ratio; pH: potential of hydrogen; BE: base excess.

Sample Size

A priori power analysis was performed in reference to Wang et al. [12], assuming a = 0.05, power 1 - B =
0.8, an AUC difference of 0.026, and a one-tailed alternative hypothesis. The minimum required sample
size was 1146 patients, with 343 in the validation set and 803 in the training set. Following that template,
70% of eligible patients (666) were randomly assigned to model training and 30% (343) to internal
validation/testing using Python v3.9.0.

Machine-Learning Pipeline
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All preprocessing, training and evaluation were performed in Python v3.9.0 using the Spyder IDE and
Kaggle Notebook. Continuous predictors were standardised; categorical variables were one-hot
encoded. Random allocation into training and test sets was carried out using stratified random sampling
on outcome status. Five supervised classifiers were trained and compared: Gaussian Naive Bayes (GNB),
K-Nearest Neighbors (KNN), Support Vector Machines (SVM), Random Forest, and Logistic Regression.
Default hyperparameters of scikit-learn were used as the baseline; the threshold for binary classification
was set at 0.5. Models were trained on the 666-patient training set and evaluated on the 343-patient
held-out test set against the endoscopic reference standard. For each model, sensitivity, specificity,
positive and negative likelihood ratios (PLR/NLR), positive and negative predictive values (PPV/NPV),
and overall accuracy were computed.

Statistical Analysis

Categorical data are reported as counts and percentages. Normality of continuous variables was
assessed using the Kolmogorov—Smirnov and Shapiro—Wilk tests together with skewness and kurtosis.
Normally distributed variables are reported as mean * standard deviation (SD); non-normally distributed
variables are reported as median with interquartile range (IQR). Categorical comparisons used the Chi-
square or Fisher's exact test, as appropriate; continuous comparisons used the independent-samples t-
test or the Mann-Whitney U test. Model-reference-standard concordance was tested with Chi-square or
Fisher's exact tests on 2x2 tables. Analyses were performed in IBM SPSS Statistics v24.0 (IBM Corp.,
Armonk, NY, USA), with a two-sided a of 0.05.

Study Termination Criterion

Data collection ended upon reaching the pre-specified target number of cases.

RESULTS
Study Population

Of the 1009 eligible patients, the 343 internally validated/test cases included 313 patients without active
bleeding and 30 (8.7%) with endoscopically confirmed active bleeding (Forrest 1a/1b). Mean age was
56.0 £ 19.26 years in active bleeders versus 51.07 + 20.18 years in non-bleeders (p = 0.202). Male sex
predominated (218 patients, 63.6%); the sex distribution did not differ between groups (p = 0.244)

(Table 2).
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Table 2

Comparison of demographic, clinical and laboratory variables according to endoscopically confirmed
active bleeding (Forrest 1a/1b) in the internal validation/test set (n = 343).

Variable No Active Bleeding (n Active Bleeding (n = p-value
=313) 30)

Continuous variables — Mean + SD (Median [IQR])

Age (years) 56.0+19.26 (61 51.07 £20.18 (46 0.202
[27.5)) [32.5])

Systolic BP (mmHg) 119.25+20.34 (115 117.23+21.20 (120 0.687
[25]) [15])

Diastolic BP (mmHg) 71.50+12.07 (70[20])  69.80+13.20 (70[12])  0.829

Pulse (beats/min) 88.10+16.18 (85[21])  91.40 +19.02 (87 0.494

[37.5])
Glasgow—-Blatchford Score 12.19+2.36 (13 [3]) 13.07+1.93 (13 [3]) 0.039*
Hemoglobin (g/dL) 9.69+3.41(8.5[4.8)  9.61+3.17(10.2 0.919
[5.25])

Platelet (x103/pL) 267.65+118.78 (240 224.37 £+95.58 (214 0.049*
[145]) [99.5])

Neutrophil (%) 70.68+12.89 (72.2 71.75x11.14 (72.8 0.738
[19.35]) [16.65])

Albumin (g/L) 34.04 +6.44 (34.1 34.27 +5.85 (34.5 0.747
[8.7]) [8.85])

BUN (mg/dL) 28.92 +21.72 (25.23 37.81+31.27 (25.23 0.071
[20.02]) [24.07])

INR 1.41+1.30(1.16 1.63+1.11(1.18 0.296
[0.31]) [0.57])

pH 7.37 +0.06 (7.37 7.38+0.06 (7.37 0.708
[0.07)) [0.05])

Base excess (mmol/L) [—04]1)7 +4.15(-0.2 0.46+4.42 (1.3 [5.1]) 0.423
4.6

Lactate (mmol/L) 2.28+1.60 (1.95 1.88+0.92 (1.68 0.215
[1.48]) [1.06])

Categorical variables — n (%)
Male sex 196 (62.6) 22 (73.3) 0.244

Data are mean * SD (median [IQR]) for continuous variables or n (%) for categorical variables. *p <
0.05. GBS: Glasgow—-Blatchford Score; BP: blood pressure; BUN: blood urea nitrogen; INR:
international normalised ratio; BE: base excess.
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Variable No Active Bleeding (n Active Bleeding (n = p-value
=313) 30)

Continuous variables — Mean t SD (Median [IQR])

Digital rectal examination — 151 (48.2) 21 (70.0) 0.123
Melena

Digital rectal examination — 13 (4.2) 0 (0.0) 0.123
Hematochezia

Digital rectal examination — 76 (24.3) 4 (13.3) 0.123
Normal stool

Digital rectal examination — Empty 73 (23.3) 5(16.7) 0.123
ampulla

Syncope 9(2.9) 0(0.0) 0.434
Liver failure 17 (5.4) 4(13.3) 0.099
Congestive heart failure 54 (17.3) 4(13.3) 0.584

Data are mean = SD (median [IQR]) for continuous variables or n (%) for categorical variables. *p <
0.05. GBS: Glasgow—Blatchford Score; BP: blood pressure; BUN: blood urea nitrogen; INR:
international normalised ratio; BE: base excess.

Clinical and Laboratory Features

Melena was the most common digital rectal examination finding (172/343, 50.1%), followed by normal
stool (80/343, 23.3%), empty ampulla (78/343, 22.7%) and hematochezia (13/343, 3.8%); the distribution
did not differ between bleeding groups (p = 0.123) (Table 2). Syncope was rare (n =9, 2.9%; p = 0.434).
Liver failure (5.4% vs. 13.3%; p = 0.099) and congestive heart failure (17.3% vs. 13.3%; p = 0.584) were
not significantly more frequent in either group. Vital signs at admission did not differ between groups
(systolic BP p = 0.687; diastolic BP p = 0.829; heart rate p = 0.494). Among laboratory parameters, only
platelet count was significantly lower in the active-bleeding group (224.37 +95.58 vs. 267.65+118.78 x
103/uL; p = 0.049). Hemoglobin, neutrophil percentage, albumin, BUN, INR, pH, BE and lactate did not
differ significantly (all p > 0.05). The GBS was significantly higher in patients with active bleeding (13.07
+1.93vs. 12.19+2.36; p = 0.039) (Table 2).

Endoscopic Findings

Endoscopic findings were present in 153 of 343 patients (44.6%). The Forrest distribution was 4 (2.6%)
Forrest 1a, 26 (17.0%) Forrest 1b, 13 (8.5%) Forrest 2a, 13 (8.5%) Forrest 2b, 8 (5.2%) Forrest 2c, and 89
(58.2%) Forrest 3; no bleeding or lesions were found in 190 patients (55.4%) (Table 3).
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Table 3

Distribution of Forrest classification among patients with
positive endoscopic findings (n = 153).

Forrest Classification Number (n) Percentage (%)
Forrest 1a 4 2.6

Forrest 1b 26 17.0

Forrest 2a 13 8.5

Forrest 2b 13 8.5

Forrest 2c 8 5.2

Forrest 3 89 58.2

Total 153 100.0

Machine-Learning Model Performance

Compared against the endoscopic reference standard in the held-out 343-patient test set, the GNB, SVM,
Random Forest and Logistic Regression models all showed a statistically significant association with
active bleeding (p=0.017, p<0.001, p<0.001 and p < 0.001, respectively); the KNN model did not (p =
0.241) (Table 4).
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Table 4

Cross-tabulation of machine-learning model predictions against the endoscopic reference standard for
active bleeding (test set, n = 343).

Model Model prediction Active Bleeding (reference) Total p-value
No Yes

GNB No 231 16 247 0.017*
Yes 82 14 96

KNN No 311 29 340 0.241
Yes 2 1 3

SVM No 217 11 228 <0.001*
Yes 96 19 115

Random Forest No 195 6 201 <0.001*
Yes 118 24 142

Logistic Regression No 210 9 219 <0.001*
Yes 103 21 124

*p < 0.05 (Chi-square / Fisher’s exact). GNB: Gaussian Naive Bayes; KNN: K-Nearest Neighbors; SVM:
Support Vector Machines.

Per-model operating characteristics were: GNB — sensitivity 46.67%, specificity 73.80%, PLR 1.78, NLR
0.72, PPV 14.67%, NPV 93.48%, accuracy 71.43%; KNN — sensitivity 3.33%, specificity 99.36%, PLR 5.22,
NLR 0.97, PPV 33.48%, NPV 91.42%, accuracy 90.96%; SVM — sensitivity 63.33%, specificity 69.33%, PLR
2.07,NLR 0.53, PPV 16.61%, NPV 95.14%, accuracy 68.80%; Random Forest — sensitivity 80.00%,
specificity 62.30%, PLR 2.12, NLR 0.32, PPV 17.00%, NPV 97.00%, accuracy 63.85%; Logistic Regression
— sensitivity 70.00%, specificity 67.09%, PLR 2.13, NLR 0.45, PPV 17.03%, NPV 95.86%, accuracy 67.35%
(Table 5).
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Table 5
Operating characteristics of machine-learning models for detecting active bleeding (test set, n = 343).

Model Sensitivity Specificity PLR NLR PPV NPV Accuracy
(%) (%) (%) (%) (%)
GNB 46.67 73.80 1.78 0.72 14.67 03.48 71.43
KNN 3.33 99.36 522 097 33.48 91.42 90.96
SVM 63.33 69.33 2.07 0.53 16.61 95.14 68.80
Random 80.00 62.30 212 032 17.00 97.00 63.85
Forest
Logistic 70.00 67.09 2.13 0.45 17.03 95.86 67.35
Regression
PLR: positive likelihood ratio; NLR: negative likelihood ratio; PPV: positive predictive value; NPV:
negative predictive value; GNB: Gaussian Naive Bayes; KNN: K-Nearest Neighbors; SVM: Support
Vector Machines.

DISCUSSION

In this retrospective single-centre study of patients undergoing endoscopy for suspected upper Gl
bleeding, four of five supervised ML models — GNB, SVM, Random Forest and Logistic Regression —
predicted endoscopically confirmed active bleeding with statistical significance, while KNN did not. The
Random Forest model showed the highest sensitivity (80%) and NPV (97%), and SVM and Logistic
Regression also achieved NPVs above 95%, suggesting that these algorithms can robustly identify
patients without active bleeding from routinely available admission data.

The 16.33% rate of active bleeding among patients selected for endoscopy in our overall cohort is close
to the 22.4% reported by Koruk et al. in 951 endoscoped patients [13]; the modest difference may reflect
operator-dependent variability in endoscopy practice across centres.

Our GBS values (12.19 + 2.36 in non-bleeders versus 13.07 + 1.93 in active bleeders) are higher than the
10.19 + 3.78 reported by Gokgek et al. in a mixed cohort comparing GBS and Rockall scores in 423
patients [14]. This likely reflects the fact that we included only patients who proceeded to endoscopy,
enriching the cohort for moderate-to-high GBS scores.

The distribution of Forrest classes in our cohort (Forrest 3 most common at 58.2%, Forrest 1a 2.6%, 1b
17.0%, 2a 8.5%, 2b 8.5%, 2¢c 5.2%) is broadly consistent with Saglik et al., who reported Forrest 3 in 47.8%
of endoscoped patients [15]. Across the published literature Forrest 3 remains the most prevalent
finding, in keeping with our results.

Demographically, our cohort mean age of 56.0 + 19.26 years sits between the younger 39.64-year mean
reported by Kececi et al. [16] and the older 59.2-year mean reported by Yenigiin et al. [17]; the 63.6%
male predominance is comparable to the 55.1-74.5% reported elsewhere [16, 18]. Melena was the most
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common digital rectal examination finding (50.1%), again consistent with prior series that have reported
melena rates from 68.9% t0 91.2% [17, 19].

Syncope occurred in only 2.9% of our patients versus 12.1% in the cohort of Gokgek et al. [14], a
discrepancy plausibly explained by differences in patient reporting and timing of ED presentation. Mean
admission vital signs and the prevalence of chronic heart and liver disease in our cohort were similar to
published series [17, 20]. Laboratory values (hemoglobin, platelets, albumin, BUN, neutrophil percentage,
INR, lactate) were in the ranges reported by Tomizawa et al., Zhuang et al., Shingina et al. and Gulen et al.
[19,21-23].

From a methodological perspective, the principal contribution of our study is the head-to-head
comparison of five supervised ML algorithms on a uniformly processed dataset derived from a single
ED. The high NPVs of the Random Forest, Logistic Regression and SVM models (97%, 95.86% and
95.14%, respectively) are particularly relevant in the ED setting, where the most clinically consequential
question is whether endoscopy can be safely deferred. Given the 8.7% prevalence of active bleeding in
our cohort, these high NPVs suggest that an ML-based triage tool could meaningfully reduce the burden
of negative endoscopies while preserving safety. KNN, in contrast, showed unacceptably low sensitivity
(3.33%) despite high specificity and accuracy, illustrating that overall accuracy is misleading in the
presence of low outcome prevalence — a well-known limitation of nearest-neighbour approaches in
imbalanced settings.

Limitations

This study has several limitations. First, it is a single-centre, retrospective analysis with a relatively
limited number of outcome events (n = 30 active bleeders in the test set); multicentre prospective
validation is necessary to generate robust performance estimates. Second, our dataset did not include
detailed data on chronic medications (including antiplatelet and anticoagulant therapy), substance-use
habits, or pre-ED treatments, which are known to influence both presentation and bleeding risk. Third,
endoscopy was performed by multiple gastroenterology and general-surgery specialists, and the
threshold for proceeding to endoscopy may have varied between ED attendings and consultants,
introducing potential ascertainment and operator-related variability. Fourth, model calibration was not
formally assessed; future work should incorporate calibration plots and net-benefit analyses. Fifth, the
prevalence of active bleeding observed here (8.7%) is population-dependent and may not generalise to
other settings.

CONCLUSIONS

Supervised machine-learning models trained on routinely available ED admission data — particularly
Random Forest, Logistic Regression and SVM — predicted endoscopically confirmed active upper Gl
bleeding with high negative predictive value (= 95%) in our cohort. These results support the potential of
ML-based decision-support tools to complement existing risk scores such as the GBS in identifying
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patients in whom emergent endoscopy may safely be deferred. Hospitals will likely benefit from training
such models on their own patient populations; prospective multicentre validation, formal calibration
analysis, and assessment of clinical impact and workforce/cost outcomes are the necessary next steps
before clinical implementation.

ABBREVIATIONS
AUC

Area under the curve

BE

Base excess

BUN

Blood urea nitrogen

CRF

Case report form

ED

Emergency department
GBS
Glasgow-Blatchford Score
Gl

Gastrointestinal

GNB

Gaussian Naive Bayes
HGB

Hemoglobin

INR

International normalised ratio
IQR

Interquartile range

KNN

K-Nearest Neighbors

ML

Machine learning

NEUTP

Neutrophil percentage
NLR

Negative likelihood ratio
NPV

Negative predictive value
PLR
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Positive likelihood ratio
PLT

Platelet

PPV

Positive predictive value
ROC

Receiver operating characteristic
SD

Standard deviation

SVM

Support Vector Machines.
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Figures
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patients presenting with upper Gl
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1027 &=
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Patient flow diagram. From 1120 candidate cases, 93 were excluded because their archival records
could not be accessed and 18 were excluded for missing information, yielding 1009 eligible patients. Of
these, 666 patients (=<70%) were randomly allocated to the model-training data set and 343 patients
(=30%) to the test/statistical data set.
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