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Abstract
Background: Resting electrocardiography (ECG) and transthoracic echocardiography are
widely available in patients evaluated for coronary artery disease (CAD), but their incremental
value beyond clinical predictors and their transportability across data sources remain uncertain.
Methods: We performed a retrospective modeling study using a curated stenosis-defined
angiographic cohort (Z-Alizadeh Sani; n = 303) and a real-world US cohort assembled from
MIMIC-1V (n = §,147). In MIMIC-1V, CAD was operationalized from diagnosis and
revascularization records around coronary angiography, and candidate clinical, ECG, and
echocardiographic features were extracted within a primary +30-day peri-angiographic
window. Clinical, single-modality, and fusion models were compared using five-fold
out-of-fold predictions. We evaluated discrimination, calibration, reclassification,
decision-curve utility, subgroup performance, temporal-window sensitivity, and cross-dataset
transportability.
Results: In the curated cohort, adding ECG and echocardiography to the clinical pretest model
increased the AUC from 0.894 to 0.926 (increase, 0.031; P = 0.021) and outperformed the
CAD-Consortium basic score (AUC, 0.848; difference, 0.078; P =0.00015). A broad
laboratory panel did not improve discrimination (P = 0.330). In MIMIC-1V, the fusion model
achieved an AUC of 0.833 (95% CI, 0.817-0.848), compared with 0.812 (95% CI, 0.795-0.828)
for the clinical model (increase, 0.021; P =5.30 x 10"-7), with a calibration slope of 0.991. The
fusion advantage persisted after excluding troponin and across +7- to +90-day windows.

Cross-dataset transfer was asymmetric: the curated-cohort model decreased from an internal
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AUC 0of 0.845 to 0.682 in MIMIC-1V, whereas the MIMIC-IV model decreased from 0.806 to
0.789 in the curated cohort.

Conclusions: Resting ECG and echocardiography provided modest but reproducible
incremental information beyond clinical predictors in two angiography-related public datasets.
However, the MIMIC-IV endpoint was an EHR-derived phenotype and the primary feature
window was peri-angiographic rather than strictly pretest. These findings support further
pre-angiography validation in lower-prevalence populations before clinical use.

Keywords: coronary artery disease; electrocardiography; echocardiography; machine learning;

incremental value; transportability; MIMIC-IV

Background

Invasive coronary angiography remains the reference procedure for defining obstructive
coronary artery disease (CAD), but it is resource intensive and carries procedural risk.
Contemporary European guidance emphasizes estimating the clinical likelihood of obstructive
CAD and selecting subsequent testing accordingly rather than using invasive angiography as a
universal first-line test [1]. Clinical likelihood models based on age, sex, symptoms, and
cardiovascular risk factors therefore remain an important benchmark for evaluating whether
additional tests provide meaningful incremental information [1,2].

Resting 12-lead ECG and transthoracic echocardiography capture complementary phenotypes.
ECG can reflect ischemia, prior infarction, conduction abnormalities, and ventricular
remodeling, whereas echocardiography provides information on systolic function, regional
wall motion, cardiac structure, and valve disease [3,4]. Recent machine-learning studies have
shown that combining clinical, laboratory, and ECG information can improve discrimination
for obstructive CAD [13]. However, a high overall AUC does not establish how much a new

modality adds beyond routine clinical predictors. In addition, performance from small curated
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datasets may not transport to heterogeneous clinical data collected under different referral
patterns and measurement processes.

We therefore evaluated the incremental value of resting ECG and echocardiography in two
public angiography-related datasets with different outcome ascertainment. The curated
Z-Alizadeh Sani cohort used a stenosis-defined CAD outcome, whereas MIMIC-IV used an
angiography-anchored EHR phenotype derived from diagnosis and revascularization records.
We assessed discrimination, calibration, reclassification, decision-curve utility, subgroup
performance, temporal-window sensitivity, and bidirectional cross-dataset transportability. We
hypothesized that ECG and echocardiography would add complementary information, while
transportability would depend on the population and outcome definition used for model

development.

Methods

Study design and data sources

This retrospective prediction-model study used public or credentialed deidentified data. The
Z-Alizadeh Sani dataset (UCI Machine Learning Repository dataset 412) contains 303 patients
referred for coronary angiography at a single center, including 216 patients (71.3%) with CAD
defined as at least 50% stenosis [7]. The real-world cohort was assembled from MIMIC-IV
version 3.1 and linked PhysioNet resources [5], including MIMIC-IV-ECG [14] and
MIMIC-IV-ECHO [15]. After applying the study criteria, 8,147 catheterized patients were
retained, including 7,475 patients meeting the operational CAD phenotype and 672 patients not
meeting that phenotype. PTB-XL version 1.0.3 was used only to assess transfer of the auxiliary

deep-ECG representation task [6]. The study design is shown in Figure 1.
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Figure 1. Study design and analysis workflow. The diagram summarizes the two primary data sources, supportive

ECG representation analysis, modality branches, multimodal fusion, and planned evaluation domains.
Outcome definition and temporal anchoring

In the curated cohort, CAD was defined by the source study as at least 50% luminal stenosis. In
MIMIC-1V, the coronary angiography date served as the index date. CAD-positive status was
operationalized using ischemic heart disease diagnosis codes or a record of percutaneous
coronary intervention or coronary artery bypass grafting; CAD-negative status required
angiography without a qualifying CAD diagnosis or revascularization record. This MIMIC-IV
outcome should therefore be interpreted as an angiography-anchored EHR phenotype rather
than a core-laboratory stenosis endpoint. Patients with pacemakers, major valvular disease,
congenital heart disease, or cardiomyopathy were excluded. Candidate features were restricted
to a £30-day peri-angiographic window in the primary analysis, with sensitivity analyses using
+7-, £14-, £60-, and £90-day windows. Because these windows can include post-index

measurements, the MIMIC-IV analysis estimates peri-angiographic classification performance
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and should not be interpreted as a strictly pretest prediction analysis. Cohort construction and

analytic sample sizes are shown in Figure 2.
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Figure 2. Cohort construction and analytic sample characteristics. Panels summarize sex distribution and modality

feature counts in the curated cohort, the MIMIC-IV-ECG cohort funnel, and age distribution by CAD status.

Predictors and model development

The clinical domain included demographics, symptoms or comorbidities where available, vital
signs, and laboratory measures. ECG variables included report-derived ischemic and
conduction features, intervals, and axes. Echocardiographic variables included left ventricular
gjection fraction, regional wall-motion abnormalities, valve severity, and related structured
measurements. Cross-dataset analyses used harmonized variables with unit reconciliation.
Logistic regression, random forest, and gradient-boosted tree models were evaluated. The
principal MIMIC-IV comparison used XGBoost because it provided the strongest out-of-fold

discrimination among the candidate algorithms. All folds were separated at the patient level.

Page 6



125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

An auxiliary deep-ECG branch used a shared one-dimensional convolutional lead encoder and
anatomically constrained spatiotemporal graph models. Because the pretraining label was
derived from machine-reported ECG findings rather than angiographic stenosis, this analysis
was prespecified as supportive and was not used as the primary evidence for CAD

discrimination.

Statistical analysis

Discrimination was summarized by receiver operating characteristic area under the curve
(AUC) with 2,000 bootstrap replicates for 95% confidence intervals. Incremental AUC was
tested with DeLong's method using paired out-of-fold predictions. Calibration was described
by slope, intercept, integrated calibration index (ICI), and Brier score. Integrated
discrimination improvement and continuous net reclassification improvement were calculated
as complementary measures [8,9]. Decision-curve analysis estimated net benefit across
decision thresholds. Subgroup analyses considered sex, age, and race where available; no
subgroup model was proposed for clinical deployment. Analyses were performed using the
reproducible scripts and fixed configuration included in the project package. Reporting was
aligned with TRIPOD+AI recommendations [16], and potential sources of bias and limited

applicability were interpreted with reference to PROBAST+AI [17].

Results

Curated angiographic cohort

In the Z-Alizadeh Sani cohort, the clinical pretest model achieved an AUC of 0.894. ECG and
echocardiography each improved discrimination when added separately. Their combination
achieved an AUC of 0.926 (95% CI, 0.894-0.955), an increase of 0.031 over the pretest model
(P=0.021). The full model containing a broad laboratory panel did not improve discrimination

(P =0.330) and had a lower calibration slope (Table 1).
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Table 1. Incremental performance in the Z-Alizadeh Sani cohort

Model AUC (95% CI) Delta AUC vs pretest P value | Calibration slope | ICI
Pretest 0.894 (0.848-0.935) | Reference - 0.812 0.072
Pretest + ECG 0.917 (0.880-0.949) | +0.023 0.007 0.792 0.075
Pretest + echocardiography 0.913 (0.875-0.947) | +0.019 0.036 0.776 0.076
Pretest + ECG + echocardiography 0.926 (0.894-0.955) | +0.031 0.021 0.746 0.078
Full model (+ laboratory panel) 0.909 (0.874-0.941) | +0.015 0.330 | 0.502 0.056

150 Abbreviations: AUC, area under the receiver operating characteristic curve; ECG, electrocardiography; ICI, integrated

151 calibration index. P values compare paired out-of-fold predictions with the pretest model using DeLong's method.

152 The ECG-plus-echocardiography model yielded an integrated discrimination improvement of

153  0.085 (P = 3.98 x 10"-5) and a continuous net reclassification improvement of 1.035. At a

154  threshold selected to preserve at least 90% sensitivity, the combined model classified 30.0% of

155  patients as rule-out candidates with a negative predictive value of 0.769, compared with 29.0%

156  and 0.761 for the pretest model. The CAD-Consortium basic score achieved an AUC of 0.848

157  and underestimated absolute risk in this high-prevalence referral cohort; the combined model

158  exceeded it by 0.078 (P = 0.00015). Incremental performance is shown in Figure 3.
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159

160 Figure 3. Incremental value of ECG and echocardiography. A, change in AUC relative to the clinical pretest

161 model. B, decision-curve analysis across threshold probabilities.
162 Real-world evaluation in MIMIC-1V

163  The MIMIC-IV cohort had an operational CAD prevalence of 91.8%. The fusion model
164  achieved an AUC 0f 0.833 (95% CI, 0.817-0.848), compared with 0.812 (95% CI, 0.795-0.828)
165  for clinical predictors alone (increase, 0.021; P =5.30 x 10”-7; Table 2). The fusion model had
166  a calibration slope of 0.991, an intercept of -0.060, an ICI of 0.079, and a Brier score of 0.062.

167  Modality-specific and fusion-model performance is shown in Figure 4.

168 Table 2. Out-of-fold discrimination in MIMIC-IV

Model (XGBoost) AUC (95% CI)

Clinical 0.812 (0.795-0.828)

ECG 0.632 (0.610-0.654)

Echocardiography 0.622 (0.601-0.644)

Fusion 0.833 (0.817-0.848)
169 Abbreviations: AUC, area under the receiver operating characteristic curve; ECG, electrocardiography; XGBoost, extreme
170 gradient boosting. Values are based on patient-level out-of-fold predictions.
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Figure 4. Modality-specific and fusion-model performance across cohorts. Bars show out-of-fold AUC estimates

with uncertainty for ECG, echocardiography, clinical predictors, and multimodal fusion.

Incremental discrimination was supported by an integrated discrimination improvement of
0.022 (P = 1.42 x 107-7) and a continuous net reclassification improvement of 0.276.
Excluding troponin reduced absolute performance but increased the observed fusion gain:
AUC 0.807 versus 0.773 for the clinical model (increase, 0.034; P =6.23 x 10*-11). The fusion
benefit remained positive across peri-angiographic windows from £7 to +90 days. Adding ICU
vital-sign trajectories did not improve performance (change in AUC, -0.001; P = 0.44) and was
limited by 39% coverage. Temporal-window sensitivity is shown in Figure 5; decision-curve

and rule-out analyses are shown in Figure 6.
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Figure 6. Decision-curve and rule-out analyses in MIMIC-IV. A, net benefit across threshold probabilities. B,

proportion eligible for rule-out at the prespecified high-sensitivity operating point, with negative predictive value

annotations.
Cross-dataset transportability

Transportability was strongly asymmetric (Table 3). The model developed in the curated

cohort lost 0.163 AUC when evaluated in MIMIC-IV and was markedly miscalibrated. In the
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reverse direction, the MIMIC-IV-trained model lost 0.018 AUC when evaluated in the curated

cohort. Because the datasets differed in population, measurement processes, and outcome

ascertainment, these analyses are best interpreted as cross-dataset transportability tests rather

than validation of an identical target phenotype. The bidirectional comparison is shown in

Figure 7.

Table 3. Bidirectional cross-dataset transportability

Internal External AUC AUC External calibration
Training to test cohort
AUC 95% CI) decrease slope
Z-Alizadeh Sani (Iran) to MIMIC-IV
0.845 0.682 (0.661-0.704) [ 0.163 0.336
(United States)
MIMIC-IV (United States) to Z-Alizadeh
0.806 0.789 (0.729-0.845) | 0.018 1.289
Sani (Iran)

Internal AUC denotes out-of-fold performance in the development dataset; external AUC denotes performance after transfer to

the other dataset. The datasets differ in population and outcome ascertainment, so this analysis is interpreted as transportability

rather than validation of an identical phenotype.
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Figure 7. Bidirectional cross-dataset transportability of harmonized models. Internal out-of-fold AUC is

compared with performance after transfer to the other dataset.

Subgroup performance and explainability

In MIMIC-1V, the maximum subgroup AUC gap was 0.074. Discrimination was lower in
women than in men (AUC, 0.779 vs 0.843), declined with age, and ranged from 0.786 to 0.853
across race groups. These exploratory analyses identify potential limitations rather than
establish fairness or subgroup-specific clinical validity. SHAP attribution indicated that
clinical, echocardiographic, and ECG domains accounted for approximately 79%, 16%, and 5%

of aggregate importance, respectively [11,12]. Subgroup performance is shown in Figure 8.
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Figure 8. Subgroup performance in MIMIC-IV. AUC estimates with uncertainty are shown across race, sex, and

age strata; analyses are exploratory and are not intended to establish fairness.
Supportive deep-ECG analysis

On the auxiliary machine-report task, a shared lead encoder trained in MIMIC-IV-ECG
transferred to PTB-XL with AUCs above 0.92. However, the resting-ECG branch achieved an
AUC of only 0.659 for the angiography-anchored MIMIC-IV CAD phenotype. This contrast
shows that strong performance on report-derived ischemia labels should not be interpreted as

equivalent evidence for obstructive CAD.

Discussion

This study has three main findings. First, resting ECG and echocardiography added modest,
complementary discrimination beyond a clinical pretest model in the curated stenosis-defined
cohort, and their combination outperformed the CAD-Consortium basic score. Second, a
positive incremental signal was also observed in the much larger MIMIC-IV cohort and
persisted after excluding troponin and across alternative peri-angiographic windows. Third,
cross-dataset transfer was strongly directional: the model developed in heterogeneous

real-world data was more transportable to the curated cohort than the reverse. These findings
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should be interpreted in the context of different outcome definitions in the two datasets rather
than as replication of an identical angiographic endpoint.

The size of the incremental gain is important. In MIMIC-1V, the fusion model improved AUC
by 0.021 over the clinical model, despite an overall AUC of 0.833. This distinction between
overall discrimination and incremental value is clinically relevant because a multimodal model
can appear highly accurate while most of its performance is driven by clinical predictors. A
contemporary study of 7,907 patients similarly reported that combining clinical, laboratory,
and ECG data improved prediction of obstructive CAD [13]. Our analysis extends that
perspective by explicitly quantifying paired incremental performance, calibration,
reclassification, decision-curve utility, and cross-dataset transportability. The limited rule-out
gain and low negative predictive value in MIMIC-IV are expected in a catheterized cohort with
91.8% phenotype prevalence and should not be extrapolated to outpatient screening.
Temporal interpretation is a key limitation of the real-world analysis. The primary MIMIC-IV
window extended from 30 days before to 30 days after angiography, and the sensitivity
analyses also used symmetric windows. Consequently, some predictor measurements may
have occurred after the index procedure. The current MIMIC-IV results therefore support
peri-angiographic classification rather than a strictly pretest diagnostic use case. A future
analysis restricted to measurements obtained before angiography, with prespecified rules for
selecting the most recent pre-index value, would provide a stronger test of prospective clinical
utility.

The directional transportability result is methodologically informative but should not be
overinterpreted. Curated datasets can encode narrow referral patterns and cleaner measurement
processes, whereas MIMIC-IV contains greater heterogeneity and measurement noise. At the
same time, MIMIC-1V is derived from a single health system with an inpatient and critical-care

emphasis, and its operational CAD phenotype is based on diagnosis and procedure records
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rather than core-laboratory stenosis [5]. Differences in outcome definition, prevalence,
missingness, referral, and measurement may all contribute to the asymmetric transfer.
Subgroup differences likewise require caution: lower discrimination in women and older
patients may reflect differences in presentation, referral, measurement, or label quality, and the

present analyses were not designed to certify equitable deployment [11].

Strengths and limitations

Strengths include the use of two public angiography-related datasets, patient-level out-of-fold
evaluation, explicit temporal anchoring, paired incremental testing, calibration and
decision-curve assessment, window sensitivity analyses, subgroup evaluation, and
bidirectional cross-dataset testing. Several limitations are important. First, both primary
cohorts were selected around coronary angiography and had high CAD prevalence, limiting
spectrum applicability and transport of absolute risk. Second, the MIMIC-IV endpoint was an
EHR-derived phenotype based on diagnoses and revascularization rather than a
stenosis-defined angiographic reference standard. Third, the symmetric peri-angiographic
windows can include post-index information, preventing a strict pretest interpretation of the
MIMIC-IV analysis. Fourth, structured ECG and echocardiographic measurements reflect
clinical acquisition and missingness processes that may introduce selection bias. Fifth, the
small curated cohort limits model complexity and subgroup inference, and selecting the
best-performing algorithm from candidate models may add optimism if model-selection
procedures are not fully nested. Finally, this was a retrospective study without prospective
clinical-impact evaluation. The supportive deep-ECG analysis used report-derived labels and

should not be interpreted as independent validation of obstructive CAD.
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Conclusions

Resting ECG and echocardiography provided modest but reproducible incremental
information beyond clinical predictors across two angiography-related public datasets. The
combined model was more informative than either modality alone, while a broad laboratory
panel did not add discrimination in the curated cohort. Cross-dataset transfer was asymmetric,
favoring model development in the larger heterogeneous real-world cohort. Because the
MIMIC-IV outcome was EHR-derived and its feature windows were peri-angiographic, these
results should be viewed as evidence for further evaluation rather than clinical deployment.
Prospective, pre-angiography validation in lower-prevalence populations, rigorous

recalibration, and prespecified subgroup assessment are needed before clinical use.
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AUC, area under the receiver operating characteristic curve; CABG, coronary artery bypass
grafting; CAD, coronary artery disease; ECG, electrocardiography/electrocardiogram; EHR,
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