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Abstract 11

Background: Because clinicians selectively request cardiac testing for emergency 12

department (ED) patients judged to be at higher risk, a naive comparison of tested 13

and untested patients confounds the effect of testing with its indication. We conducted 14

an observational target-trial emulation to quantify how far adjustment for recorded 15

covariates can resolve this confounding. 16

Methods: We linked ED encounter, patient, and ECG metadata and emulated a two- 17

strategy trial: cardiac testing (stress testing or catheterisation) within 10 days of an ED 18

visit versus none, evaluating the 30-day risk of a composite of positive cardiac troponin 19

or death. The estimand was the marginal risk difference, estimated by five-fold cross- 20

fitted augmented inverse-probability weighting (AIPW) with logistic and boosted-tree 21

nuisance models. We also report patient-clustered inference, a one-encounter-per-patient 22

restriction, a grace-period sensitivity analysis, a check on a covariate of doubtful baseline 23

status, and an E-value for unmeasured confounding. 24
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Results: The analytic cohort comprised 51,158 of 71,460 encounters (20,302 ex- 25

cluded), of whom 4,609 (9.0%) received testing and 4,747 (9.3%) had the outcome. The 26

crude risk difference was 22.1 percentage points (pp). Cross-fitted AIPW gave 5.9 pp 27

(95% CI 3.9-7.9) with logistic nuisance models and 5.1 pp (3.6-6.6) with boosted trees; 28

patient clustering left the interval essentially unchanged. The estimate was less stable 29

under two checks: it fell to 0.2 pp (95% CI −1.3-1.7) when the exposure-ascertainment 30

window shortened from 10 to 1 day, rising steadily back to 5.9 pp as the window widened, 31

and rose to 11.1 pp (9.2-13.0) when a same-day AMI-diagnosis covariate (present in 32

42.8% of tested but 0.0% of untested encounters) was dropped from the adjustment set. 33

The E-value for the main estimate was 2.66 (2.19 at the confidence limit closer to the 34

null). 35

Conclusions: Adjustment substantially reduces, but does not eliminate, the 36

crude contrast, and the residual estimate is not robust to the length of the exposure- 37

ascertainment window or to the baseline status of covariates measured close to the 38

treatment decision. The project illustrates both a causal machine-learning workflow and 39

why a well-specified estimand does not, by itself, convert observational care data into 40

treatment-effect evidence. 41

Keywords: Causal inference; Target-trial emulation; Doubly robust estimation; Machine 42

learning; Confounding by indication; Emergency department; Electrocardiography; Immortal 43

time bias 44

1 Background 45

ECGs and troponin measurements are central to the emergency department (ED) assessment 46

of possible acute coronary syndrome. Their interpretation also influences whether clinicians 47

pursue stress testing or catheterization. A naive comparison of outcomes among tested and 48

untested patients is consequently misleading: testing is selectively given to patients whose 49

presentation is thought to be riskier. This is the classic problem of confounding by indication 50
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[1]. 51

Here we use the available actionable variable, cardiac testing within 10 days, as the 52

exposure, and use ECG and clinical measurements as pre-treatment predictors. The key 53

contribution lies in providing a clear causal framework, rather than asserting that testing 54

itself produces the observed difference in outcomes. 55

2 Methods 56

2.1 Causal question and target-trial specification 57

The dataset is derived from Nightingale [2, 3] and comprises all ED visits to Brigham and 58

Women’s Hospital from 2010 to 2015. Time zero is the start of the encounter. Let A = 1 59

denote any recorded cardiac test within 10 days and A = 0 denote no such test. In the 60

dataset, a test within 10 days is defined as either a stress test or a catheterization performed 61

within that timeframe and explicitly excludes troponin measurements. This is important 62

because the outcome includes a troponin component, and we want to avoid linking the 63

exposure and outcome through the same measurement. Confirming that troponin is not 64

part of the exposure ensures that our main concern is confounding by indication rather than 65

a definitional overlap between exposure and outcome. Let Y = 1 denote the composite of 66

positive cardiac troponin or death within 30 days. The estimand is the marginal 30-day risk 67

difference 68

ψ = E[Y (1) − Y (0)],

where Y (a) denotes the outcome that would have been observed if the encounter had proceeded 69

according to strategy a. This is the effect of an idealized strategy that ensures testing within 70

10 days versus no recorded testing; it is not the effect of one particular test modality and 71

does not distinguish a stress test from catheterization. 72

Table 1 maps this design onto the standard target-trial protocol components [4], and 73
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Table 1: Target-trial protocol components and their emulation in this study.

Component Emulation

Eligibility ED encounters with exclude_modeling = FALSE and a
linked first ECG (51,158 of 71,460 repository encounters;
Figure 2).

Treatment strate-
gies

(1) Receive cardiac testing (stress test or catheterisation)
within 10 days of time zero; (2) receive no such testing
within 10 days.

Treatment assign-
ment

Not randomised. Observed testing status is used directly
and adjusted for X under conditional exchangeability; no
attempt is made to construct treatment arms by cloning.

Time zero Start of the ED encounter.
Follow-up 30 days from time zero for the outcome; up to 10 days

from time zero for exposure ascertainment, which overlaps
the outcome window (see immortal-time discussion below).

Outcome Positive cardiac troponin or death within 30 days.

Causal contrast Intention-to-treat marginal risk difference ψ = E[Y (1) −
Y (0)].

Analysis plan Cross-fitted AIPW with logistic and boosted-tree nuisance
models, sensitivity analyses for exposure-window length,
patient clustering, and a covariate of doubtful baseline
status.

Protocol components follow the target-trial framework of Hernán and Robins [4].

Figure 1 provides the working causal graph. Measured baseline variables X include demo- 74

graphics, area-level income-bin probabilities, same-day troponin group/value, first linked ECG 75

intervals, diagnostic flags and same-day AMI status. Latent clinical severity U represents 76

symptoms, hemodynamics, comorbidity, prior coronary disease, and clinician judgment. U is 77

a common cause of testing and outcomes. Importantly, variables such as discharge disposition 78

and revascularization can occur after the treatment decision, so they are not adjusted for. 79

We also treat same-day AMI status as a weaker instance of this issue: it appears in 42.8% 80

of tested encounters but in 0.0% of untested encounters (Table 2), a pattern more in line 81

with testing being triggered by an AMI diagnosis (or determined concurrently with it) than 82

with a variable determined prior to the treatment decision. The results indicate the extent to 83

which this single covariate contributes to the adjustment. 84

Assuming consistency, conditional exchangeability (Y (0), Y (1)) ⊥ A | X, positivity 0 < 85
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P (A = 1 | X) < 1, accurate linkage/measurement, and independent encounters (or an 86

encounter-level analysis that is valid), the backdoor criterion allows identification of ψ via 87

standardization [5, 6]. Consistency is also demanding here because "testing" combines 88

different investigations and timings. Repeated encounters for one patient may further violate 89

independent-observation inference. The results section reports both cluster-robust inference 90

and a one-encounter-per-patient restriction as checks. 91

A further identification concern specific to this design is immortal time. Because A 92

is established over a 10-day window following time zero, while Y is ascertained over the 93

overlapping 30-day window from the same time zero, an encounter effectively has to remain 94

eligible to be classified A = 1 for as long as 10 days into the outcome-accrual period. This is 95

the standard immortal-time-bias structure that arises whenever a forward-looking exposure- 96

ascertainment window is used to define a baseline-anchored contrast [4, 7, 8]. The dataset 97

does not record day-level timing for the general composite outcome, so we cannot implement 98

the usual clone-censor-weight correction; instead, Section 3 reports a grace-period sensitivity 99

analysis that shortens the exposure-ascertainment window as an empirical test of this bias. 100

2.2 Data source and cohort derivation 101

The repository contains 71,460 ED encounters, 44,713 patients, 112,900 ECG records, and an 102

ECG-encounter linkage file with 103,952 links. We merged encounters to patient demographics 103

and selected the chronologically first linked ECG for each encounter. All 71,460 encounters 104

have a linked ECG, so the exclusions below are the only source of cohort exclusion. 105

Figure 2 shows how the analytic cohort was derived, following STROBE-style cohort 106

accounting [9]. This study is reported in line with the STROBE guideline for observa- 107

tional studies, adapted for a target-trial emulation design. Applying exclude_modeling 108

= FALSE left 51,158 encounters, all with a linked first ECG. The repository provides three 109

named exclusion flags (excl_flag_c_int, excl_flag_chronic, excl_flag_death); their 110

union accounts for 17,981 of the 20,302 excluded encounters, with 2,321 excluded under 111
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other exclude_modeling criteria not further documented in the repository. The flags overlap 112

(an encounter can trigger more than one), so the exclusions in Figure 2 are flag-positive 113

totals rather than a partition. The binary ischaemic-ECG flag (ST abnormality, ST de- 114

pression/elevation, or T-wave inversion) was present in 22.9% of the analytic cohort; it is a 115

covariate rather than the causal exposure. 116

2.3 Statistical analysis 117

For a descriptive benchmark, we report the crude difference in observed outcome risks, 118

and Table 2 reports baseline characteristics by testing status. For the causal estimators, 119

we fit the propensity score e(X) = P (A = 1 | X) [10] and outcome regressions ma(X) = 120

E(Y | A = a,X) using five-fold cross-fitting. Our primary estimator is the augmented 121

inverse-probability-weighted (AIPW) doubly robust estimator [11, 12]: 122

ψ̂ =
1

n

n∑

i=1

[
m̂1(Xi)− m̂0(Xi) +

Ai{Yi − m̂1(Xi)}
ê(Xi)

− (1− Ai){Yi − m̂0(Xi)}
1− ê(Xi)

]
.

Consistency holds if at least one of the nuisance components is estimated consistently, given 123

the causal assumptions. We evaluate two specifications for the nuisance models: (i) penalized 124

logistic regression models with median imputation, feature scaling, and one-hot encoding; and 125

(ii) histogram-based gradient-boosted classifiers with one-hot encoding [13]. Propensity scores 126

were truncated to the interval [0.01, 0.99] [14]. Before truncation, 5.6% of the cross-fitted 127

logistic propensity scores and 20.8% of the boosted-tree propensity scores lay outside this 128

interval, suggesting that the boosted-tree model depends much more heavily on extrapolated 129

or truncated weights. Wald intervals use the empirical standard deviation of the cross-fitted 130

efficient-influence-function values, divided by
√
n. Additionally, this paper reports a version 131

of this variance, clustering on patients [15], since 51,158 encounters come from fewer than 132

44,713 distinct patients. Cross-fitting mitigates overfitting bias that can arise when employing 133

flexible nuisance estimators [16]. 134
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X A Y

U

Figure 1: Working causal structure used for adjustment. X: recorded pre-treatment clinical,
demographic, and ECG features. U (dashed, unobserved): unrecorded severity and clinician
judgement, the principal threat to identification.

Encounters assessed for eligibil-

ity

N = 71,460

Analytic cohort

(exclude_modeling = FALSE)
n = 51,158
All encounters had a linked first
ECG

Ischaemic ECG flag (ST abnor-
mality, ST depression/elevation,
or T-wave inversion)
Present in 22.9% of the analytic
cohort
Covariate, not the causal exposure;

not an exclusion criterion

Excluded: n = 20,302

Union of named repository flags:
n = 17,981
excl_flag_c_int

excl_flag_chronic

excl_flag_death

Other exclude_modeling criteria:
n = 2,321

(not further documented in the
repository)

Flags overlap: an encounter may trip
more than one,

so flag-positive totals do not partition

the excluded set.

Figure 2: Derivation of the analytic cohort (n = 51,158 of 71,460 encounters). Exclusion
counts are flag-positive totals; the three named flags overlap and do not partition the 20,302
excluded encounters. The ischaemic-ECG flag (dashed) is a covariate describing the analytic
cohort, not an exclusion step.
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We report four further checks on the primary (logistic) AIPW estimate. First, a one- 135

encounter-per-patient restriction (earliest encounter only) removes within-patient correlation 136

entirely rather than only re-estimating its effect on the standard error. Second, a grace- 137

period sensitivity analysis re-defines A using the earlier of days to stress test and days to 138

catheterization truncated at 1, 3, 5, and 10 days, while holding the outcome window fixed 139

at 30 days. This varies the length of the exposure-identification window discussed above 140

without needing day-level outcome timing. Third, given the near-deterministic imbalance in 141

same-day AMI status noted above, we refit the logistic AIPW estimator, dropping that one 142

covariate from X. Fourth, we compute an E-value [17] for the primary estimate and for its 143

confidence limit closer to the null, converting the risk difference to an approximate risk ratio 144

using the AIPW-implied standardized risk under no testing, R̂0 =
1
n

∑
i
m̂0(Xi). 145

The code 1 performs the analysis with a random seed, writes numerical outputs to an 146

output folder and generates the overlap plot and the baseline characteristics table. This 147

analysis uses only the repository’s de-identified CSV files. 148

3 Results 149

Table 2 shows how the tested and untested groups differ on every recorded characteristic. 150

Tested encounters are older (61.2 vs. 53.5 years), less often female (46.3% vs. 58.1%), more 151

likely to have an ischaemic ECG pattern (33.9% vs. 21.8%), and are far more likely to have 152

a same-day troponin value recorded at all (83.9% vs. 34.8% non-missing). Most strikingly, 153

42.8% of tested encounters have a same-day AMI diagnosis versus 0.0% of untested encounters, 154

a near-deterministic split that is difficult to reconcile with treating this variable as fixed 155

before the testing decision. 156

Table 3 shows the resulting baseline selection problem in the observed risks. Only 9.0% of 157

encounters received testing, but their observed outcome risk was 29.4%, compared with 7.3% 158

without testing. The 22.1 pp crude contrast is therefore not credible as a treatment effect. 159

1https://github.com/Bsingstad/Causality-and-MI
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Table 2: Baseline characteristics by testing status.

Characteristic Tested (n=4,609) Not tested (n=46,549)

Age, years 61.2 (14.3) 53.5 (19.4)
Female sex 46.3% 58.1%
Black race 19.7% 23.9%
Hispanic ethnicity 13.2% 17.3%
White race 59.8% 50.7%
Same-day troponin missing 16.1% 65.2%
Same-day troponin value, mean (SD) 0.2 (1.4) 0.0 (0.1)
Ischaemic ECG pattern 33.9% 21.8%
Ventricular rate, bpm 78.1 (19.8) 80.5 (18.9)
QTc interval, ms 441.2 (38.5) 437.7 (34.6)
AMI diagnosed same day as visit 42.8% 0.0%

Continuous variables are reported as mean (SD); all others are percentages.

Table 3: Analytic cohort and observed 30-day outcome risk, by testing status.

Group Encounters Outcome risk

No cardiac test within 10 days 46,549 7.3%
Cardiac test within 10 days 4,609 29.4%
All eligible encounters 51,158 9.3%

The outcome is a composite of positive cardiac troponin or death within 30 days.

The propensity-score distributions in Figure 3 overlap appreciably, though testing is 160

concentrated at higher estimated propensity. The substantial remaining overlap supports 161

estimation in the observed covariate space; it cannot diagnose a lack of overlap on unmeasured 162

severity. 163

Both adjustment specifications greatly attenuate the crude contrast but remain positive 164

(Table 4). The logistic AIPW estimate is 5.9 pp (95% CI 3.9-7.9). The boosted-tree estimate 165

is 5.1 pp (3.6-6.6). Agreement across nuisance specifications is useful as a model-dependence 166

check, but it is not evidence against unmeasured confounding. 167

Table 5 reports the robustness checks. Patient clustering left the interval essentially 168

unchanged (3.9-7.9), and restricting to one encounter per patient gave a similar, though 169

slightly smaller, estimate (4.6 pp, 95% CI 2.5-6.8), so within-patient correlation and repeated 170

encounters are not driving the result. The other two checks are more consequential. Shortening 171
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Figure 3: Cross-fitted logistic propensity-score distributions by observed testing status. Scores
were truncated only for AIPW estimation, not for this display.

Table 4: Risk difference for cardiac testing within 10 days versus no testing.

Estimator Risk difference 95% CI

Crude observed contrast 22.1 pp –
Cross-fitted AIPW, logistic nuisances 5.9 pp 3.9, 7.9
Cross-fitted AIPW, boosted-tree nuisances 5.1 pp 3.6, 6.6

A positive value indicates higher 30-day outcome risk under the observed testing strategy. AIPW: augmented
inverse-probability weighting; CI: confidence interval.

the exposure ascertainment window from 10 to 1 day, which shrinks the immortal-time overlap 172

between exposure ascertainment and outcome accrual, reduced the estimate to 0.2 pp (95% 173

CI −1.3-1.7), and it rose roughly monotonically back to 5.9 pp as the window widened to 174

10 days. Dropping the same-day AMI covariate from the adjustment set nearly doubled the 175

estimate to 11.1 pp (95% CI 9.2-13.0). The E-value for the primary estimate was 2.66, and 176

2.19 at the confidence limit closer to the null: an unmeasured confounder would need to be 177

associated with both testing and the outcome by a risk ratio of at least this size, beyond the 178

measured covariates, to fully explain away the adjusted association. 179

A positive adjusted association may still reflect residual severity: clinicians may test 180

patients with features absent from the tables precisely because they are at higher risk. The 181
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Table 5: Robustness checks on the primary (logistic AIPW) risk-difference estimate.

Check Risk difference 95% CI

Patient-clustered standard error 5.9 pp 3.9, 7.9
One encounter per patient (n=35,595) 4.6 pp 2.5, 6.8
Exposure window = 1 day 0.2 pp −1.3, 1.7
Exposure window = 3 days 1.9 pp 0.2, 3.7
Exposure window = 5 days 3.2 pp 1.2, 5.1
Exposure window = 10 days (main analysis) 5.9 pp 3.9, 7.9
Drop same-day-AMI covariate 11.1 pp 9.2, 13.0

Main estimate: 5.9 pp, 95% CI 3.9-7.9. AIPW: augmented inverse-probability weighting; CI: confidence
interval.

grace-period and covariate-drop checks show that, in addition, part of the "well-adjusted" 182

10-day estimate is sensitive to design choices about the exposure-ascertainment window and 183

about which measurements count as baseline, choices that are conceptually distinct from, 184

but as consequential as, unmeasured confounding. 185

4 Discussion 186

This project translates a clinically meaningful but observational workflow into an explicit 187

causal estimand. It also changes the original ECG-ischaemia framing into one with an 188

actionable exposure. The numerical pattern is exactly what one expects under confounding 189

by indication: high-risk patients are preferentially tested, and adjustment explains much, but 190

not all, of their observed excess risk. 191

The most serious limitation is conditional exchangeability. The dataset lacks key variables 192

that influence both testing and outcome, including presenting symptoms, vital signs, detailed 193

medical history, timing of ECG/troponin results relative to testing, clinician assessment, and 194

institutional capacity. The E-value of 2.66 puts a number on this: an unmeasured factor as 195

strongly associated with both testing and the outcome as, say, moderate-to-severe presenting 196

symptoms plausibly are, would be enough to erase the adjusted association. Given how 197

directly clinical severity drives both the decision to test and the risk of the composite outcome, 198
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an E-value in this range should not be read as reassuring. 199

Two further findings complicate a causal reading beyond unmeasured confounding. First, 200

the grace-period sensitivity analysis shows the adjusted estimate is highly sensitive to the 201

length of the exposure-ascertainment window: it is not distinguishable from zero at 1 day and 202

grows to 5.9 pp at 10 days. This pattern is consistent with immortal-time bias from defining 203

the exposure over a window that overlaps the outcome-accrual period, but it is also consistent 204

with a genuine relationship between delay-to-testing and severity (patients tested later may be 205

a systematically different, and possibly sicker, mix over a longer at-risk period than patients 206

tested on day 0–1). We cannot fully separate these explanations without day-level outcome 207

timing, which the repository does not provide; either way, the practical implication is the 208

same, the headline 10-day estimate should not be treated as a stable quantity, and a follow-up 209

analysis should implement the clone-censor-weight approach to target-trial emulation rather 210

than a single fixed window. Second, same-day AMI diagnosis is present in 42.8% of tested 211

but 0.0% of untested encounters, and removing it from the adjustment set nearly doubles 212

the estimate (to 11.1 pp). A covariate that is completely absent in one exposure arm is not 213

functioning as an ordinary baseline confounder in the propensity model; it is more plausibly 214

a concurrent or downstream marker of the same clinical process that leads to testing. Its 215

inclusion is defensible only insofar as the diagnosis genuinely precedes the testing decision 216

within the encounter, which we cannot verify from the available data, so we regard the two 217

estimates it produces (5.9 pp with it, 11.1 pp without it) as bounding our uncertainty about 218

the adjustment rather than as a resolved question. 219

Other limitations remain as previously noted. The outcome includes positive troponin, 220

which may be more likely to be detected among tested patients because testing pathways 221

prompt repeat troponin draws (differential identification), even though the exposure itself is 222

defined only by stress testing or catheterization and not by troponin measurement. Testing 223

is heterogeneous, follow-up timing is coarsened, and encounters rather than patients are 224

conceptually the unit of interest, though Table 5 shows that patient clustering has little 225
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practical effect here. 226

Accordingly, the adjusted estimates should be read as doubly robust estimates under a 227

strong, likely violated identifying model, not as evidence that testing raises harm. A stronger 228

follow-up study would define a narrower treatment (for example, early stress testing among 229

initially low-risk patients), obtain day-level outcome timing so that a clone-censor-weight 230

emulation can replace the fixed 10-day window, add clinical history and ED severity measures, 231

verify the temporal provenance of same-day diagnostic covariates before including them as 232

baseline, use patient-clustered inference by default, and report an E-value alongside every 233

point estimate. 234

5 Conclusions 235

Using linked ED, patient, and ECG metadata, we implemented a reproducible target-trial- 236

style AIPW analysis of early cardiac testing. Flexible and parametric nuisance models both 237

reduced a 22.1 pp crude contrast to roughly 5–6 pp, and this reduction was essentially 238

unaffected by patient clustering. However, the same estimate collapsed to a null result under 239

a 1-day exposure-ascertainment window and nearly doubled when a covariate of doubtful 240

baseline status was dropped, and its E-value (2.66) is modest relative to the plausible strength 241

of unmeasured clinical severity. The exercise demonstrates the practical value of DAGs, 242

cross-fitting, overlap assessment, and doubly robust estimation, while its central lesson is 243

caution: causal machine learning can improve adjustment for recorded variables but cannot 244

repair absent clinical confounders, an imprecise intervention window, or covariates whose 245

baseline status is itself doubtful. 246

Abbreviations 247

AIPW: Augmented inverse-probability weighting; AMI: Acute myocardial infarction; CI: 248

Confidence interval; DAG: Directed acyclic graph; ECG: Electrocardiogram; ED: Emergency 249
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