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Abstract

Background: Computed tomography (CT) angiography (CTA) is an 
essential imaging tool in gastrointestinal (GI) bleeding but lacks clear 
guidance for use among hospitalized patients who develop new or 
worsening bleeding after admission, where hemodynamic findings and 
endoscopic visualization are often equivocal. These “gray-zone” cases 
create uncertainty about whether CTA will yield actionable results. We 
aimed to develop and evaluate an interpretable machine learning (ML) 
model to estimate the probability of a positive CTA in this inpatient 
context and support selective, evidence-based imaging decisions.

Methods: We retrospectively analyzed 11,938 patients with GI bleed-
ing from the MIMIC-IV database, a publicly available inpatient da-
tabase from Beth Israel Deaconess Medical Center. Among 890 CTA 
studies, 140 met inclusion criteria after excluding non-bleeding indi-
cations and incomplete laboratory data, including 32 CTA-positive 
and 108 CTA-negative examinations. A logistic-regression model 
with Synthetic Minority Oversampling Technique (SMOTE) upsam-
pling was trained using seven routine laboratory features—hemo-
globin, hematocrit, international normalized ratio (INR), blood urea 
nitrogen, and platelets—measured within the 24 h preceding the CTA 
order. Model performance was assessed using F1 score, recall, and 
area under the receiver operating characteristic curve (ROC-AUC).

Results: The model achieved an F1 score of 0.71, recall of 0.68, and 
ROC-AUC of 0.71, outperforming random forest and XGBoost clas-
sifiers. Key predictors included Δ-hemoglobin, Δ-hematocrit, and 
maximum INR, which captured physiologic patterns associated with 
active bleeding.

Conclusions: This proof-of-concept model demonstrates that routine 
inpatient laboratory data can predict the likelihood of a positive CTA 
among patients with suspected GI bleeding during hospitalization. By 
quantifying imaging yield using data already available in the elec-
tronic health record, the model offers a practical, interpretable frame-
work to guide selective CTA utilization, reduce unnecessary scans, 
and improve multidisciplinary decision-making.

Keywords: Gastrointestinal bleeding; CT angiography; Machine 
learning; Decision support; Predictive modeling

Introduction

Gastrointestinal (GI) bleeding remains a common and high-
impact clinical problem, with mortality ranging from 5% to 
10% depending on severity and source [1]. Rapid localization 
of bleeding is essential to guide timely endoscopic or interven-
tional management.

Standard diagnostic evaluation follows a structured hier-
archy: initial clinical assessment and stabilization, endoscopic 
evaluation when feasible, and selective imaging for patients 
with ongoing or recurrent bleeding. Computed tomography 
(CT) angiography (CTA) serves as a rapid, noninvasive tool 
capable of detecting active arterial extravasation, localizing 
bleeding sites, and guiding transcatheter embolization or sur-
gical therapy [2–4]. Current ACG consensus recommendations 
support CTA when scoping is delayed, inconclusive, or im-
practical in the context of active bleeding [2].

Nevertheless, CTA is not indicated for all presentations of 
GI bleeding. Its selective use must balance diagnostic yield 
against risks—contrast nephropathy, radiation exposure, and 
cost—as well as operational constraints such as scanner avail-
ability and radiology throughput [3–5]. Overuse increases pa-
tient and system burden, while underuse risks missed oppor-
tunities for timely localization. Consequently, CTA occupies a 
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targeted role within the diagnostic algorithm—most valuable 
when endoscopic visualization is limited or when rapid locali-
zation is needed to guide therapy [6].

The greatest uncertainty arises in the clinical “gray 
zone”—patients who are neither frankly unstable nor entirely 
stable. Many such patients are already hospitalized for other 
conditions and subsequently develop new or worsening signs 
of GI bleeding after initial stabilization, often reflected by 
evolving hemoglobin trends or subtle hemodynamic shifts. 
In these inpatient scenarios, clinicians must decide whether 
the available laboratory and clinical data justify CTA. While 
current guidelines provide hemodynamic thresholds for insta-
bility, they offer little direction for these intermediate, post-
admission decisions.

Within the broader field of GI bleeding research—now 
encompassing more than 12,000 publications worldwide [7]—
most studies emphasize endoscopic or interventional outcomes 
rather than pre-imaging triage. Yet this decision critically in-
fluences diagnostic yield, timing of therapy, and healthcare 
resource utilization.

To address this gap, we developed an interpretable ma-
chine-learning (ML) model that predicts the likelihood of a 
positive CTA using routine inpatient laboratory data available 
up to the time a CTA is being considered (Fig. 1). The model 
is designed specifically for hospitalized patients who develop 
suspected GI bleeding ≥ 24 h after admission, when serial 
laboratory values already exist. By quantifying the probability 
of a positive imaging result based on physiologic trends such 

as Δ-hemoglobin and international normalized ratio (INR), 
the model aims to support selective, evidence-informed CTA 
utilization in this inpatient gray-zone setting—complementing 
clinical judgment rather than replacing it.

Materials and Methods

Study design and objective

This retrospective model-development study aimed to simu-
late a real-world clinical decision-support tool for patients 
who develop new or worsening GI bleeding during hospitali-
zation and are hemodynamically indeterminate. In such cases, 
clinicians often face diagnostic uncertainty about whether to 
order CTA to localize bleeding. Our goal was to develop an 
interpretable ML model that predicts the probability of a posi-
tive CTA based on routine laboratory data available during the 
onset of new or worsening bleeding, thereby guiding imaging 
decisions for inpatient bleeds.

This framework differs from conventional diagnostic-
accuracy studies of CTA yield. Rather than evaluating all 
hospitalized patients or those presenting to the emergency 
department, we focused specifically on the post-admission 
population—patients already hospitalized for another condi-
tion who subsequently developed signs or symptoms of GI 
bleeding. The model is thus intended for use after a clinician 

Figure 1. Proposed clinical workflow for implementation of the model. This diagram outlines a step-by-step integration of the 
machine learning model into clinical practice. Starting with patient presentation and lab draw, the model ingests key laboratory 
values (e.g., hemoglobin, INR, BUN) to generate a predicted probability of a positive CTA. Based on this probability and clinical 
context, the model stratifies patients into high- and low-likelihood categories, guiding providers on whether to pursue immediate 
CTA or consider alternative diagnostics. This approach supports real-time, evidence-informed decision-making for intermediate-
risk cases. BUN: blood urea nitrogen; CTA: computed tomography angiography; INR: international normalized ratio.
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identifies possible bleeding and before a CTA order is placed, 
serving as a triage aid for gray-zone decision-making.

Data source and initial cohort identification

We used the publicly available, de-identified MIMIC-IV data-
base of inpatient encounters at Beth Israel Deaconess Medical 
Center [8]. Among 11,938 hospitalizations with documenta-
tion of GI bleeding, we identified all abdominal CTAs per-
formed during admission using natural language processing 
(NLP) through Python. CTAs obtained within the first 24 h 
of admission were excluded to focus on suspected inpatient-
acquired or worsening bleeds—the clinical scenario in which 
CTA is typically reconsidered after initial stabilization.

This yielded 890 abdominal CTA scans across 607 unique 
patients (Fig. 2).

Cohort refinement

Radiology reports were screened to confirm that CTAs were 
obtained for clinical concern for GI bleeding rather than un-
related indications (e.g., trauma, postoperative hemorrhage). 
Two independent reviewers applied prespecified keyword 
criteria (e.g., “GI bleed,” “melena,” “hematochezia”) and 
reached consensus under supervision of the clinical investi-
gator. Reviewers were blinded to CTA outcomes to prevent 
bias. After excluding non-bleed indications, incomplete im-
aging, duplicates, or missing laboratory data within 24 h be-
fore CTA, 140 studies (32 positive, 108 negative) remained 
for modeling. CTA positivity was defined strictly as radiolo-
gist-documented active arterial contrast extravasation within 
the GI tract. Studies demonstrating only secondary or non-
specific findings without active extravasation were classified 
as negative. This definition was chosen to align the outcome 
with actionable imaging yield rather than downstream man-
agement decisions.

Feature extraction and engineering

All feature extraction was anchored to the CTA order time 
to ensure that only pre-imaging information available to 
clinicians was included. Seven routinely available labora-
tory features were selected based on physiologic relevance 

and accessibility in routine inpatient workflows. These in-
cluded maximum and minimum hemoglobin, Δ-hemoglobin, 
Δ-hematocrit, maximum INR, minimum platelet count, closest 
blood urea nitrogen (BUN) value to 24 h preceding the CTA 
order time. All patients who had a CTA were retained even if 
laboratory results were unavailable within the timeframes of 
interest. Missing lab values were treated as NaN rather than 
exclusion criteria. No CTA cases were excluded solely due to 
missing laboratory values, reflecting real-world variability in 
data availability at the time CTA is being considered. For final 
reported analyses, only labs obtained within 24 h prior to CTA 
were included. This approach ensured that all predictors rep-
resented real-time clinical data that could have informed the 
decision to order a CTA.

The 24-h window for hemoglobin and hematocrit cap-
tures the acute physiologic trajectory of bleeding—values that 
fluctuate rapidly and directly influence imaging decisions. 
Δ-hemoglobin and Δ-hematocrit were time-normalized by di-
viding the absolute change by the elapsed hours between draws, 
allowing comparability across patients with differing sampling 
frequencies. To reduce bias from informative sampling, only pa-
tients with at least two hemoglobin/hematocrit measurements in 
the 24-h window were included in delta calculations.

All laboratory variables were obtained from structured 
MIMIC-IV tables. Outliers were manually inspected, and bio-
logically implausible values (e.g., INR > 20) were excluded 
prior to model development.

Feature univariate analysis

In order to investigate whether our chosen features are indepen-
dently relevant in distinguishing positive and negative CTA re-
sults we used statistical tests (t-test and Mann–Whitney U test), 
Bayesian inference, effect size calculations, and permutation 
importance analysis. We note that this analysis was meant to 
motivate the development of a predictive model, but did not sug-
gest predictive ability in univariate analysis (Table 1).

Model development and evaluation

Supervised ML models (logistic regression, random forest, 
and XGBoost) were trained to classify CTA outcome (positive 
vs. negative). To address class imbalance, Synthetic Minor-
ity Oversampling Technique (SMOTE) was applied. Logistic 

Figure 2. Workflow for developing an interpretable logistic regression model to assist CTA decision-making. This flowchart out-
lines the sequential steps in developing an interpretable logistic regression model to assist CTA decision-making. Using routinely 
available labs from 24 h prior to imaging, the workflow includes data preprocessing, statistical evaluation of features, model se-
lection with SMOTE upsampling, and final performance tuning focused on sensitivity to minimize missed bleeds. CTA: computed 
tomography angiography; SMOTE: Synthetic Minority Oversampling Technique.
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regression was selected for final deployment due to superior 
interpretability and comparable performance across cross-val-
idation folds. Model performance was assessed using fivefold 
cross-validation and evaluated with accuracy, precision, recall, 
F1 score, and ROC-AUC metrics (Table 2). To help quantify 
the total predictive contribution of each feature, we used a ran-
dom forest predictor for computing importance.

Results

Univariate feature analysis prior to model

Univariate analysis demonstrated that maximum INR was the 
only feature to reach statistical significance between positive 

Table 2.  Performance Metrics Across Classification and Anomaly Detection Models for Predicting CTA-Positive GI Bleeding

Model Accuracy Precision Recall F1 ROC-AUC
Evaluation metrics for classification models
    Naive logistic regression 0.64 0.72 0.64 0.67 0.73
    *With ADASYN upsampling 0.64 0.81 0.64 0.67 0.70
    *With SMOTE upsampling 0.68 0.82 0.68 0.71 0.71
    Random forest 0.75 0.61 0.75 0.67 0.61
    XGBoost 0.64 0.59 0.64 0.61 0.5
Evaluation metrics for anomaly detection models
    AutoEncoder 0.95 0.99 0.95 0.97 0.54
    One-class SVM 0.99 0.99 0.99 0.99 0.51
    Isolation forest 0.99 0.99 0.99 0.99 0.50

This table presents accuracy, precision, recall, F1 score, and ROC-AUC for both traditional classification models and unsupervised anomaly detec-
tion approaches. Among classifiers, logistic regression with SMOTE upsampling yielded the best overall balance across metrics, achieving the high-
est precision (0.82), F1 score (0.71), and ROC-AUC (0.71). While random forest had higher recall (0.75), it showed lower precision, suggesting over-
identification of positives. In contrast, anomaly detection models demonstrated near-perfect precision and recall—but with low ROC-AUC, indicating 
poor discrimination likely due to class imbalance and lack of labeled signal. These findings emphasize the challenge of low-prevalence detection in 
small datasets and highlight the potential utility of structured upsampling in improving model robustness. CTA: computed tomography angiography; 
ROC-AUC: area under the receiver operating characteristic curve; SMOTE: Synthetic Minority Oversampling Technique.

Table 1.  Univariate Statistical Findings and Model-Level Impact for Candidate Predictors (24-h Pre-CTA)

Feature Definition 
(window) t-test P

Mann-
Whit-
ney P

Cohen’s 
d

Bayesian 
P (mean 
diff > 0)

Mean diff (95% CI) Permutation 
importance

Importance in 
final model

Max INR Peak INR 0.0098 0.0836 0.3443 0.00 −0.31 (−0.54, −0.08) 0.052 High (top tier)
Closest BUN Closest BUN 

to order time
0.1196 0.6319 0.2529 0.06 −4.99 (−11.22, 1.23) 0.052 Moderate

Max Hct Highest Hct 0.2480 0.1609 0.2450 0.12 −1.43 (−3.83, 0.97) 0.090 Highest (rank-1)
Min Hct Lowest Hct 0.2250 0.1494 0.2537 0.11 −1.56 (−4.05, 0.93) — Moderate
Δ-Hb Max−Min Hb 0.4174 0.4036 −0.1754 0.79 0.21 (−0.30, 0.72) 0.041 High (top tier)
Δ-Hct Max−Min Hct 0.8652 0.8993 −0.0356 0.57 0.13 (−1.36, 1.62) — High (top tier)
Min Hb Lowest Hb 0.4573 0.2501 0.1608 0.23 −0.35 (−1.27, 0.57) — Low
Max Hb Highest Hb 0.7525 0.5128 0.0679 0.38 −0.14 (−1.01, 0.73) — Low
Min Plt Lowest Plt 0.6674 0.9706 0.0773 0.33 −8.40 (−46.57, 29.76) < 0.01 Low

Continuous features were assessed with independent-samples t-tests and Mann–Whitney U tests; effect size (Cohen’s d) and Bayesian posterior 
probability of a positive mean difference are reported. Non-linear predictive contribution was estimated via random-forest permutation importance. 
Notably, Δ-hemoglobin demonstrated a moderate predictive trend in isolation, while Δ-hematocrit was not significant univariately but later emerged as 
a high-impact contributor in the final model. The feature Max INR consistently emerged as the most robust predictor across statistical tests, Bayesian 
analysis, and effect size calculations. This illustrates how certain features may lack standalone power yet contribute meaningfully in multivariable 
contexts. The discrepancy between raw statistical significance and feature importance highlights the potential for complex collinearity and reinforces 
the value of structured feature engineering when developing interpretable predictive models. In the final logistic model, maximum hematocrit was the 
strongest predictor, with Δ-hemoglobin and Δ-hematocrit also highly influential, whereas maximum INR was the only feature with significant univari-
ate separation. BUN: blood urea nitrogen; CI: confidence interval; CTA: computed tomography angiography; Hb: hemoglobin; Hct: hematocrit; INR: 
international normalized ratio; Plt: platelets.
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and negative CTA groups (t-test P = 0.009; Cohen’s d = 0.34), 
indicating higher values among CTA-positive cases (Table 1). 
Closest BUN trended toward significance (P = 0.12) and exhib-
ited a small effect size (Cohen’s d = 0.25). Bayesian inference 
similarly supported maximum INR as the strongest discrimi-
nator (P(mean diff > 0) = 0.00), while Δ-hemoglobin showed a 
moderate probability of higher variability in the positive group 
(P(mean diff > 0) = 0.79). Minimum hematocrit (P = 0.23; d 
= 0.25) and maximum hematocrit (P = 0.25; d = 0.24) dem-
onstrated small but directionally consistent group differences. 
Non-linear permutation importance analysis identified maxi-
mum hematocrit (importance = 0.090), closest BUN (0.052), 
and maximum INR (0.052) as the top contributors to overall 
predictive variance, followed by Δ-hemoglobin (0.041). In 
contrast, minimum platelet count (P = 0.67; importance < 0.01) 
and raw hemoglobin values (P > 0.45) were poorly separated 
between groups. Collectively, these findings confirmed that 
maximum INR, maximum hematocrit, and closest BUN car-
ried the most consistent univariate signals, motivating their 
inclusion in multivariable model development despite several 
features not achieving individual statistical significance.

Model performance

Performance metrics for all models are summarized in Ta-

ble 2. Among the three classifiers tested, logistic regression 
with SMOTE upsampling achieved the most balanced overall 
performance, with the highest precision (0.82) and F1 score 
(0.71), and strong recall (0.75). Random forest demonstrated 
slightly higher raw recall but at the cost of lower precision, in-
dicating over-identification of positives. XGBoost performed 
comparably in ROC-AUC but showed reduced calibration sta-
bility and a tendency toward overfitting in this small dataset.

Overall, logistic regression with SMOTE provided the 
best trade-off between sensitivity and precision, offering in-
terpretable coefficients and robust generalizability for deploy-
ment as a real-world decision-support tool. These findings are 
consistent with prior clinical ML studies emphasizing trans-
parency and balance in small, imbalanced cohorts.

Feature importance in final model

Table 1 summarizes results from univariate analysis and raw 
feature distribution. Some variables appeared less significant 
when considered individually but gained importance in the full 
model. Figure 3 presents the multivariable feature importance 
based on the logistic regression model. The maximum hema-
tocrit, Δ-hemoglobin and Δ-hematocrit emerged as the most 
influential predictors of a positive CTA. These features demon-
strated strong contributions within the multivariable model de-

Figure 3. Logistic regression coefficients for predicting positive CTA. This plot displays the relative importance of laboratory fea-
tures in the logistic regression model. In our analysis, we use a random forest predictor for computing importance; our findings 
therefore rely on random forest assumptions, including independence of variable shuffling. Negative coefficients (left of zero) are 
associated with decreased likelihood of a positive CTA, while positive coefficients (right of zero) increase predicted probability. 
Max hematocrit and delta hemoglobin emerged as highly influential predictors, despite being statistically non-significant on uni-
variate analysis—highlighting the value of multivariable modeling. CTA: computed tomography angiography.
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spite being nonsignificant in univariate analysis, highlighting the 
added predictive power of combined variables in context. This 
divergence between univariate and multivariable perspectives 
underscores the value of feature engineering and the interpret-
ability of logistic regression in understanding complex clinical 
interactions. Because all continuous predictors were standard-
ized prior to model fitting, the reported odds ratios correspond 
to a one–standard deviation increase in each laboratory variable 
rather than a one-unit increase. For example, for maximum INR, 
the estimated odds ratio of 0.58 indicates that higher INR values 
are associated with lower odds of a positive CTA after adjusting 
for the other variables in the model. Specifically, a one–standard 
deviation increase in maximum INR is associated with an ap-
proximately 42% reduction in the odds of the outcome, holding 
all other factors constant. However, the 95% confidence interval 
for this estimate (0.30, 1.12) includes 1, indicating that this as-
sociation is not statistically significant. The same interpretation 
applies to closest BUN and minimum platelet count. Odds ratios 
from the standardized multivariable logistic regression model 
are provided in Table 3; confidence intervals and P-values are re-
ported only for variables with reliably estimable standard errors.

Several laboratory features, including minimum, maximum, 
and delta values for hemoglobin and hematocrit, exhibited sub-
stantial multicollinearity, which limited reliable estimation of 
standard errors. As a result, confidence intervals and P-values 
are not reported for these variables, and their corresponding odds 
ratios should be interpreted as unstable and descriptive of model 
behavior rather than inferential estimates of independent effect.

Discussion

Clinical relevance

This study demonstrates the feasibility of using routine in-

patient laboratory data to guide selective CTA utilization for 
patients who develop new or worsening signs of GI bleeding 
during hospitalization. Unlike prior literature emphasizing 
endoscopic or interventional outcomes, our model addresses 
a critical operational gap—how to triage equivocal, inpatient 
bleeding episodes when the indication for CTA remains uncer-
tain [7]. In these gray-zone cases, decision-making often relies 
on gestalt or incomplete data; our model provides an objective, 
interpretable adjunct that synthesizes laboratory information 
already available in the electronic health record (EHR).

Importantly, the tool is designed for real-time inpatient 
decision support, not as a universal diagnostic test across all 
bleeding presentations. All features reflect laboratory trends 
preceding the CTA order, capturing the physiologic trajec-
tory that typically prompts clinicians to consider imaging. By 
anchoring predictions to information available at the time of 
decision-making, the model mirrors real-world clinical reason-
ing rather than relying on future or post-imaging data.

Achieving a modest yet balanced ROC-AUC of 0.71, the 
best-performing model modestly distinguishes patients most 
likely to have positive CTA findings, offering interpretable, 
data-driven support for timely and selective imaging deci-
sions. In this context, model performance should be interpret-
ed as decision-support rather than diagnostic accuracy. The 
goal is not to independently mandate imaging, but to shift pre-
test probability in clinically ambiguous cases where existing 
guidance is limited, analogous to other risk stratification tools 
used to inform—but not replace—clinical judgment. When in-
tegrated into EHR systems, such a model could prompt multi-
disciplinary review or escalation in ambiguous cases, thereby 
improving both diagnostic yield and resource allocation.

Interpretability and feature dynamics

Multivariable modeling revealed physiologic relationships 

Table 3.  Multivariable Standardized Logistic Regression Coefficients and Odds Ratios for Model Predicting CTA Positivity

Feature Definition (window) Logistic coef-
ficient (β)

Standard 
error Z statistic P-value Odds ra-

tio (OR)
95% CI 
(lower)

95% CI 
(upper)

Max INR Peak INR –0.5441 0.3362 –1.6184 0.1056 0.5803 0.3003 1.1217
Closest BUN Closest BUN to order time –0.3422 0.2120 –1.6140 0.1065 0.7102 0.4687 1.0761
Max Hct Highest Hct –1.4636 — — — 0.2314 — —
Min Hct Lowest Hct –0.5466 — — — 0.5789 — —
Δ-Hb Max−Min Hb 1.2389 — — — 3.4518 — —
Δ-Hct Max−Min Hct –1.1907 — — — 0.3040 — —
Min Hb Lowest Hb 0.6127 — — — 1.8454 — —
Max Hb Highest Hb 1.0741 — — — 2.9275 — —
Min Plt Lowest Plt –0.1214 0.2093 –0.5801 0.5619 0.9957 0.5877 1.3348

Table 3 reports coefficients and odds ratios from the final multivariable standardized logistic regression model used to predict CTA positivity. All con-
tinuous predictors were standardized prior to model fitting; therefore, odds ratios correspond to a one–standard deviation increase in each laboratory 
variable rather than a one-unit change. Standard errors, confidence intervals, and P-values are reported only for variables with reliably estimable 
variance. For several hemoglobin- and hematocrit-derived features, substantial multicollinearity prevented stable estimation of standard errors, and 
corresponding inferential statistics are not shown. Odds ratios for these variables should therefore be interpreted as descriptive of model behavior 
rather than independent inferential estimates. BUN: blood urea nitrogen; CI: confidence interval; CTA: computed tomography angiography; Hb: he-
moglobin; Hct: hematocrit; INR: international normalized ratio; Plt: platelets.
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that extend beyond univariate trends. Δ-hemoglobin emerged 
as a strong positive predictor of CTA positivity, reflecting 
acute blood loss, whereas Δ-hematocrit demonstrated a nega-
tive coefficient—likely influenced by concurrent fluid resus-
citation and dilutional effects [9]. These coefficient directions 
should be interpreted cautiously, as several hemoglobin- and 
hematocrit-derived variables were highly correlated, limit-
ing stable estimation of individual effects and rendering odds 
ratios descriptive of model behavior rather than independent 
causal associations. Maximum hematocrit, though nonsignifi-
cant alone, gained importance within the full model, suggest-
ing that it may mark dynamic volume shifts during evolving 
hypovolemia or early compensation.

INR remained predictive in both univariate and multivaria-
ble analyses, consistent with its established role in coagulopathy 
and impaired hemostasis [10]. The inclusion of INR enhances 
both model accuracy and face validity from a clinical perspec-
tive. BUN, while not a strong univariate predictor, gained mul-
tivariate relevance, possibly reflecting systemic hypoperfusion 
or physiologic stress independent of bleed source [11]. Platelet 
count contributed minimally to overall performance, likely re-
flecting its limited specificity for active extravasation once INR 
and hemoglobin dynamics are accounted for [12].

Collectively, these findings underscore the clinical inter-
pretability of logistic regression and the importance of contex-
tualizing laboratory trends within the physiologic evolution of 
bleeding. The model’s transparent coefficients allow bedside 
clinicians to reason through its predictions, bridging the gap 
between ML and clinical intuition.

Model comparison and justification

As summarized in Table 2, the native logistic regression 
model with SMOTE upsampling provided the most balanced 
and clinically interpretable performance among all classifi-
ers, achieving the best combination of precision, recall, and 
F1 score. Tree-based methods such as random forest and XG-
Boost achieved marginally higher raw accuracy but demon-
strated poorer calibration and lower discriminative stability, 
reflecting overfitting in a small, imbalanced dataset.

These findings highlight the advantages of SMOTE-aug-
mented logistic regression in low-prevalence, structured clinical 
data [13]. Oversampling improved representation of positive CTA 
cases without distorting laboratory distributions, while the logis-
tic framework preserved interpretability and probabilistic calibra-
tion—both essential for bedside integration and clinician trust.

In contrast, unsupervised anomaly-detection models 
(Autoencoder, One-Class SVM, Isolation Forest) displayed 
superficially high precision and recall but low ROC-AUC, 
indicating poor true discrimination. Such patterns are typical 
in rare-event detection, where positive cases are not statisti-
cal outliers but represent directional physiologic trends requir-
ing labeled supervision. These results reaffirm that supervised 
models with structured oversampling provide more clinically 
meaningful predictions than outlier-based approaches [14].

Collectively, the comparative results in Table 2 demon-
strate that, for selective CTA prediction, sensitivity-oriented, 

interpretable models like logistic regression with SMOTE 
strike the most appropriate balance between accuracy, trans-
parency, and real-world deployability. As such, this logistic 
framework provides a scalable foundation for prospective vali-
dation and workflow integration.

Economic and implementation value

Reducing non-yield CTA use could produce both clinical and 
institutional benefits. Based on prior cost analyses [5], avoid-
ing approximately 20 unnecessary scans per 100 patients may 
yield savings exceeding $80,000 per 100 cases, alongside re-
duced radiation exposure and contrast risk (Fig. 4). These im-
provements align with ALARA principles and broader efforts 
toward value-based imaging [6].

Because the model relies solely on structured, routinely 
collected data, it can be seamlessly embedded into ordering 
workflows in systems such as Epic or Cerner. When combined 
with clinician oversight, this could streamline triage discus-
sions and reduce delays in definitive therapy. More broadly, 
selective imaging informed by data-driven prediction repre-
sents a step toward precision diagnostics—aligning patient-
level decisions with resource stewardship and safety priorities 
across healthcare systems.

Limitations and future directions

This single-center, retrospective study included a modest sample 
of 140 CTA cases, which may limit generalizability. Because the 
analytic cohort was limited to patients in whom clinicians elected 
to pursue CTA, the model estimates the conditional probability of 
CTA positivity given that CTA was already under consideration. 
Patients who proceeded directly to endoscopic, angiographic, 
or surgical intervention without CTA are not represented. This 
conditioning introduces selection bias and limits interpretation to 
imaging yield in clinically equivocal inpatient cases, rather than 
appropriateness of CTA ordering across all hospitalized GI bleed-
ing presentations. External validation in larger, multicenter co-
horts will be necessary. In addition, the limited number of CTA-
positive events constrains the effective events-per-variable ratio, 
increasing the risk of coefficient instability given multiple corre-
lated laboratory features. For this reason, the analysis prioritized 
physiologically motivated predictors and interpretable modeling 
over complexity. Coefficient estimates should therefore be inter-
preted as descriptive of model behavior in this proof-of-concept 
setting rather than definitive measures of independent effect.

Because the cohort was intentionally limited to patients 
for whom CTA was clinically contemplated for suspected GI 
bleeding, the model reflects a defined decision-support context 
rather than a diagnostic-accuracy framework.

The model relied on seven routine laboratory features 
available up to the time of CTA order, representing some data 
typically accumulated during early hospitalization. While this 
mirrors real-world inpatient decision-making, it limits appli-
cability for immediate triage at presentation. Future versions 
could incorporate continuously updating laboratory and hemo-
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dynamic data to enable earlier, real-time prediction.
Additional clinical variables—such as vital signs, medica-

tion use, and transfusion history—were unavailable, and vari-
able laboratory timing may have affected delta-based features 
despite restricting all inputs to pre-CTA values. Prospective 
validation with standardized temporal anchors and integration 
into EHR workflows will be essential to confirm reproducibil-
ity and clinical utility.

Some unexpected statistical patterns were observed. In 
multivariate modeling, Δ-hematocrit and minimum/maxi-
mum hematocrit demonstrated negative coefficients, whereas 
Δ-hemoglobin was positive. Δ-hemoglobin showed moderate 
significance in univariable testing, while Δ-hematocrit did not. 
These differences likely reflect collinearity and physiologic 
confounding, as hematocrit can be influenced by fluid shifts 
once hemoglobin variation is accounted for. Future studies 
should explore these relationships using expanded covariates 
and time-sequenced data to better capture bleeding dynamics.

Despite these limitations, this proof-of-concept model pro-
vides a transparent, data-driven framework for selective CTA uti-
lization in GI bleeding and lays the groundwork for prospective 
evaluation, EHR integration, and refinement through ensemble 
or deep-learning architectures while maintaining interpretability.

Conclusions

In summary, this study presents an interpretable framework for 
estimating CTA yield in hospitalized patients with suspected 
GI bleeding using routine laboratory trends available at the 
time of imaging consideration. Changes in hemoglobin and 
hematocrit, along with INR and BUN, emerged as key con-
tributors to imaging yield in this clinically ambiguous setting. 
By formalizing information already used implicitly in practice, 
the model offers structured support for selective CTA utiliza-
tion while preserving clinician judgment. Prospective valida-
tion and broader integration will be required to confirm gener-
alizability and clinical impact.
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