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Abstract

Background: Directed acyclic graphs (DAGs) are a graph representation used in
epidemiology for analysing causal inference, based on expert inputs and previous
experiences. However, the lack of empirical evidence implies uncertainty in the
causal structures, specially in chronic and complex disease with competing risks
and temporal dynamics. This DAG uncertainity can bias the effect estimation
regardless the methodological robustness. For this reason, we present a closed-
loop framework that consider knowledge-based DAGs as scientific hypotheses,
which are iteratively tested through governed human–AI collaboration loop based
on process mining.

Methods: Our framework comprises four different phases: i) generating a
knowledge-driven event log using LLMs to produce a preliminary DAG from lit-
erature and expert input; ii) applying data-driven process discovery algorithms
using the longitudinal event sequences as input data for producing an empirical
direct follow graph (DAG); iii) iterating over the DAG refinement by compar-
ing the empirical patterns in the DFG against the knowledge-based DAG, with
human expert adjudication of each proposed change; and iv) statistical modeling
and assessment using the final DAG. We operationalised the framework through
an open-source interactive tool, and demonstrated its performance using syn-
thetic data calibrated to a published cohort, comparing proton pump inhibitor
(PPI) and histamine-2 receptor blocker (H2B) users.

Results: After testing our framework against the synthetic dataset, the workflow
reproduced longitudinal patterns in which CKD progression preceded cardiovas-
cular adverse events, illustrating how the framework would surface a candidate
mediator pathway for expert adjudication. Formal mediation analysis would be
required to test the mediator hypothesis. Competing mortality rates illustrated
how high mortality transitions would prompt expert review of competing-
event handling in the analytical model. The AI tool recommended Fine–Gray
competing-risk models, causal mediation analysis, and propensity-score balanc-
ing, all consistent with epidemiological best practice.

Conclusions: The closed-loop framework provides a governed, transparent,
and reproducible approach for integrating AI assistance into causal inference
workflows. By embedding empirical appraisal into DAG construction while pre-
serving human authority over causal interpretation, the framework advances
methodological discipline in real-world evidence generation.

Keywords: causal inference, directed acyclic graphs, process mining, human-AI
collaboration, real-world evidence, disease trajectories, longitudinal data
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1 Introduction

Epidemiological causal inference relies on accurately specifying causal relationships
among variables [1, 2] by using regression-based methids, and guided by graphical rep-
resentations of causal assumptions. In this context, directed acyclic graphs (DAGs)
encode these assumptions as nodes (variables) connected by directed edges (assumed
causal effects) and guide the selection of statistical analyses targeting causal esti-
mands of interest [3–5]. In consequence, it is easy to note that a well-specified DAG
can help researchers to infer causality, while a non-accurate DAG can lead to biased
conclusions [6–8]. Thus, the challenge arises when causal structures are not clear, a
common scenario in complex deseases where multiple interacting conditions, time-
varying exposures and competing riskscan be found, creating ambiguity when defining
the DAG [9, 10].

Futhermore, healthcare systems generate vast longitudinal datasets through elec-
tronic health records (EHRs), administrative claims databases, disease registries, and
patient-reported outcomes. While randomized controlled trials (RCTs) remain the
gold standard for establishing efficacy under controlled conditions, real-world data
provide complementary evidence on effectiveness, safety, long-term outcomes, and
treatment patterns in diverse, unselected populations reflecting actual clinical prac-
tice [11]. However, the same characteristics that make RWD valuable also present
remarkable methodological challenges, as causal uncertainty increases with data size.
For instance,temporal complexity arises from irregular visit times, varying follow-up
lengths, and missing episodes [12]. On the other hand, the presence of competing risks
in RWD means that multiple outcomes may prevent the observation of the target
effect. Last, clinical heterogeneity and trajectory variation across diverse populations
may make difficult to extract disease progression by using data agregation techniques
[13].

Aligned with the methodology proposed by Dr. John Snow [14], causal inference from
big data is increasingly recognised as a falsifiable and iterative scientific methodology
in which hypothesis are continuously tested, refined, and assessed against real-world
evidence [15]. This perspective is helping to bridge the gap between clasical epi-
demiology and empirical discovery, emphasizing that causal understanding emerges
through a continuous dialogue between conceptual models and observational data.
In this approach, the initial assumptions based on domain expertise and prior liter-
ature are explicitly formulated as testable hypotheses using directed acyclic graphs
(DAGs). Then, these hypotheses can be examined by applying process mining on
longitudinal data to extract sequential patterns that either support or refute the pro-
posed hypothesis [16]. These empirical patterns can be formally represented using
directly-follows graphs (DFGs), which capture observed transitions between events
in longitudinal data. In this framework, the DFG serves as an empirical counter-
part to the knowledge-based DAG defined previously, enabling systematic comparison
between hypothesized causal structures and observed temporal patterns. Discrepan-
cies between the hypothesized and observed structures prompt systematic refinement
based on biological plausibility, clinical insight, and mechanistic understanding. The
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refined models are subsequently assessed using appropriate statistical techniques, fol-
lowing the interactive process mining approach [17]. Through this iterative cycle of
hypothesis testing, refinement, and assessment, the framework provides a transparent
and reproducible approach for generating robust causal evidence while maintaining
the methodological rigor of causal epidemiology.

For this reason, this paper introduces a governed, closed-loop diagnostic workflow
that integrates causal modelling, data-driven pattern discovery, and statistical model
selection to iteratively challenge and refine pre-specified causal assumptions using
real-world data, without performing causal discovery or replacing formal identification
strategies. Specifically, it seeks to address these challenges systematically by treating
RWD analysis as an iterative process rather than a one-time statistical application
[18]. In this sense, the Tutorial Demonstration section uses synthetic data calibrated
to published results for illustrative purposes only. This manuscript consolidates the
iterative methodological development into a unified governed framework. Specifically,
we i) formalise the four-phase refinement loop with explicit human adjudication at
each transition, ii) define the role of process mining as diagnostic appraisal of causal
assumptions rather than causal proof, iii) produced a web demonstrator to illustrate
the closed loop over a tutorial dataset, and iv) demonstrate the governed human-AI
loop can successfully recover the true clinical causal graph by rejecting observation-
induced artifacts.

The rest of the paper is structured as follows. First, the framework is positioned in
relation to emerging AI methods in the Background section. Then, our four-phase
methodology is described in the Methodology, and the resulting web demonstrator
is presented in the Result section, as well as the insights from the simulation study.
Last, the Discussion describes how our framework addresses key challenges in causal
epidemiology, clarifies when it provides the greatest value, and establishes governance
infrastructure for integrating agentic AI systems, while preserving interpretability,
biological plausibility, and clinical validity.

2 Background

Before the mathematical formalization of modern epidemiology and the release of
powerful artificial intelligence models, Dr. John Snow established the foundational
archetype for causal inference using real-world data during the 1854 London cholera
outbreak [19]. Rather than accepting the dominant "miasma" hypothesis of his era,
he systematically collected observational field data, mapping cholera mortality at
the household level to uncover spatial and sequential patterns. By demonstrating
that exposure to specific water sources strictly preceded disease trajectories and
that removing the Broad Street pump handle halted the outbreak, Snow successfully
succeed by considering causal assumptions as testable, falsifiable hypotheses.

Despite this long-standing paradigm of empirical falsification, modern workflows for
specifying causal relationships have largely remained isolated from the data they
intend to analyze. Traditional knowledge-based DAGs [1–5] rely on literature review
and expert opinion to manually construct causal graphs. While these approaches
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ensure clinical plausibility, they risk misspecification when causal structures are uncer-
tain or complex [6, 8]. Tools such as DAGitty and ggdag support DAG construction
and identification of adjustment sets, but do not provide mechanisms for empirical
appraisal of the assumed structure.

Automated causal discovery algorithms, including constraint-based methods (PC,
FCI) and score-based methods (GES) [10, 20], infer causal structures from condi-
tional independence tests or statistical fit optimisation. However, these methods rely
on strong assumptions (faithfulness, causal sufficiency) that are rarely satisfied in
complex healthcare data, and their outputs often lack clinical interpretability [3, 10].
In the recent years, some studies have been tested large language models for causal
reasoning, demonstrating that those LLMs can generate plausible DAGs from textual
descriptions [21, 22]. However, these approaches based on generating DAGs without
human supervisison raised concerns about hallucination, citation accuracy, and the
opacity of the reasoning process.

Process mining offers a complementary perspective by discovering temporal patterns
directly from longitudinal event data [16]. Originally developed for business process
optimisation, process mining has been increasingly applied to healthcare for path-
way analysis [23–26], clinical trajectory characterisation [27–29], and care quality
assessment [18]. There are several approaches using what is called dausal machine
learning, which instead of calculating the step probabilities, calculate the uplift, which
is defined as the event contribution to the causal probability [30]. In addition, inter-
active process mining [17] emphasises continuous human-in-the-loop engagement, and
question-driven approaches [31] centre analysis around expert-formulated research
questions. However, existing process mining applications in healthcare typically focus
on descriptive pathway analysis rather than causal inference, and lack systematic
frameworks for translating discoveries into causal model refinements [32, 33].

The closed-loop framework presented in this paper aims to implement John Snow’s
philosophy by automatizing knowledge-based DAG specification with empirical tem-
poral pattern discovery through process mining, while embedding human-AI gover-
nance to maintain clinical validity. In consequence, it preserves expert authority over
causal decisions and provides a systematic mechanism for empirical graph refinement,
improving current knowledge-based approaches found in the state of the art. Table 1
summarises the different strategies reviewed in this section.

3 Methodology

Our proposed closed-loop methodology joins knowledge-based theory and empirical
evidence through a structured, iterative refinement process. In this sense, the frame-
work is designed to support the documentation of knowledge-based causal models
using longitudinal observational patterns and expert review without replacing a for-
mal identification strategy, domain knowledge, or sensitivity analysis. Thus, the main
contribution of this work consists on defining the governance structure and method-
ological infrastructure that enables AI systems to integrate responsibly into causal
inference workflows. In consequence, we have defined clear roles for AI assistance
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Table 1: Comparison of approaches for causal structure specification in epidemiology.

Approach Primary
input

Method Clinical
integra-
tion

AI role Human
role

Best
suited for

Knowledge-based
DAGs [4]

Literature
and
expertise

Manual
graph con-
struction

High Minimal Central Well-
understood
mechanisms

Constraint-based
algorithms (PC,
FCI) [20]

Conditional
indepen-
dence tests

Algorithmic
structure
learning

Low Automated
discovery

Limited High-
dimensional
exploration

Score-based
algorithms [20]

Statistical
model fit

Search and
optimisa-
tion

Low Automated
model
comparison

Limited Candidate-
graph
comparison

Agentic AI [20] LLMs and
knowledge
bases

Automated
causal
reasoning

Moderate Hypothesis
generation

Oversight Scalable
hypothesis
generation

Closed-loop
framework

Domain
knowledge
and
longitudinal
data

Iterative,
governed
refinement

High Checkpoint
augmenta-
tion

Central Complex
and
uncertain
structures

tasks, while human experience is required in tasks evaluating biological plausibility,
clinical interpretation, or causal adjudication.

3.1 The Four-Phase Methodology

Figure 1 summarises the closed-loop methodology. First, in Phase 1 we produce an
initial knowledge-based DAG as well as a processed eventlog from literature, expert
input, and a client-side RAG knowledge base. Next, Phase 2 applies process discovery
to the generated event logs to generate a directly-follows graph (DFG) of observed
temporal transitions. Phase 3 compares the DFG with the knowledge-based DAG and
presents potential structural refinements, allowing the expert to accept or reject these
changes. Last, Phase 4 links the evidence-refined DAG to the appropriate statistical
model and imports the results to the knowledge base, closing the loop for the next
cycle.

It is important to nothe that the refined DAG should be interpreted as a causal
hypothesis that has been empirically produced when comparing the the original DAG
with the process map generated in Phase 2. In consequence, process mining remains
restricted to measured and recorded events, and the resulting DAG remains subject
to clasical limitation found in causal inference, including unmeasured confounding
variables, measurement errors, and informative censoring. Table 2 summarises each
phase, its governance roles, and its main outputs.

3.1.1 Phase 1: Knowledge-Driven Event Log Construction

This phase accomplishes two tasks: (a) constructing an initial knowledge-based DAG
representing current understanding of causal relationships, informed by clinical and
biological mechanisms, prior epidemiological findings, and expert opinion [1–5]; and
(b) using that DAG to define events, populations, and event log structure. The
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Fig. 1: The four-phase closed-loop data-driven DAG methodology. The feedback loop from
Phase 4 to Phase 1 enables iterative updating of the knowledge base. The framework is
specifically designed for real-world healthcare data where causal structures are uncertain,
temporal patterns are complex, and competing risks are common.

DAG guides event selection (hypothesized causes, mediators, outcomes, and con-
founders), event definitions (using clinically meaningful thresholds), population design
(using a new-user approach to avoid prevalent-user bias), and covariate measure-
ment (distinguishing between confounders and mediators). The output is a structured
event log (i.e., a patient-level, longitudinally ordered sequence of timestamped clini-
cal events) containing case identifier, event type, timestamp, and relevant covariates.
While AI could potentially assist with literature synthesis [34, 35], clinical expertise
remains essential for defining clinically meaningful events and determining appropriate
inclusion criteria.

The produced AI-generated initial DAG should be regarded as a syntactic synthesis of
relationships described in the source literature, not as a causal map. Medical literature
commonly uses associational language ("linked to," "associated with," "more frequent
in") for relationships that have not been established as causal. The LLM operates
on textual surface forms and cannot reliably distinguish associational from causal
claims. Substantial human restructuring — including explicit reclassification of edges
as confounding, mediating, collider, or selection structures — is therefore required
before the AI-generated DAG can be treated as a causal hypothesis.
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Table 2: Four-phase closed-loop methodology and governance roles.

Phase Current
practice

AI
enhancement
opportunity

Key limitation Human
responsibility

1. Event-log
construction

Literature
review and
expert
consultation

Literature
synthesis,
knowledge-graph
organisation,
and candidate
DAG generation

Hallucination,
citation
accuracy, and
contextual
understanding

Define events,
clinical meaning,
and eligibility
criteria

2. Pattern
discovery

Process mining
using DFG or
inductive-miner
algorithms

Long-range
pattern
recognition,
clustering, and
trajectory
stratification

Sample-size
requirements
and limited
interpretability

Validate
patterns and
assess clinical
plausibility

3. DAG
refinement

AI-assisted
comparison
followed by
expert
judgement

Candidate edge,
node, mediator,
and competing-
risk suggestions

Limited clinical
validation and
variable
explanation
quality

Approve final
DAG and
adjudicate
conflicts

4. Statistical
modelling

Expert-guided
model selection
and assumption
checking

Model-class rec-
ommendation,
sensitivity-
analysis
templates, and
result summaries

Assumption
checks and effect
interpretation
require oversight

Interpret clinical
significance and
final results

3.1.2 Phase 2: Data-Driven Discovery

The objective is to discover actual transition patterns and compare them to hypothe-
sized structures. Process mining discovery algorithms analyze the event log to identify
temporal patterns, including the sequence of events, pathway frequencies, competing
risks, and deviations from theoretical expectations [16, 23, 24]. This computational
process transforms raw logs into a formal Process Model, visualized as states con-
nected by transitions. Among process mining algorithms, DFG focuses on immediate
transitions, while inductive miner algorithms discover hierarchical structures [16]. In
this case, we used the DFG as a process discovery algorithm. The DFG is a directed
graph in which nodes represent event types (e.g., CKD diagnosis, death) and edges rep-
resent directly-follows relationships between consecutive events for the same patient,
annotated with frequency and median time. This format maps directly onto the DAG
node-edge formalism used in Phase 1, making it well suited for systematic comparison
with the knowledge-based DAG. The output is a process model representing actual
temporal patterns in the population. Neural networks could potentially enhance pat-
tern recognition through deep learning [36] or neuro-symbolic approaches [37, 38],
although interpretable visualizations remain essential for clinical assessment.
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3.1.3 Phase 3: DAG Refinement

This phase represents the core of the human-AI loop, where empirical discoveries
meet expert knowledge to produce an evidence-refined DAG. Process-mining outputs
describe trajectories of recorded clinical events, not necessarily trajectories of latent
biological disease onset. Observed transition patterns are jointly determined by under-
lying biology, monitoring intensity, healthcare-seeking behavior, coding practices, and
event-definition thresholds. In active-comparator pharmacoepidemiology specifically,
differential surveillance between exposure groups is a leading source of artifactual
transition asymmetry. The process model from Phase 2 is compared against the initial
Knowledge-Based DAG. In this comparison, the DFG serves as an empirical base-
line of observed temporal transitions, functioning as a diagnostic tool to evaluate the
causal hypotheses represented by the DAG. By encoding temporal succession instead
of causal direction, the DFG provides descriptive temporal evidence that can support,
challenge, or prioritize hypothesized causal relationships, subject to expert adjudi-
cation and downstream formal causal analysis. Discrepancies between the data and
the initial knowledge trigger a binary decision path. If the plausibility check is "NO"
(the model is biologically implausible or lacks meaning), the process loops back for
re-evaluation. This refinement includes adding edges (if transitions not in the original
DAG are revealed), removing edges (if hypothesized relationships rarely occur), adding
nodes (if important intermediate events were omitted), restructuring (if competing
risks require a different architecture), or refining timing (if temporal dynamics dif-
fer from assumptions). Researchers assess whether observed patterns are biologically
plausible, clinically meaningful, and distinguishable from sample-specific artifacts or
confounding pathways. Once the assessment is "YES", the changes are accepted. The
successful integration of these insights results in an Evidence-Refined DAG, which
accurately reflects both biological mechanisms and empirical reality. Throughout, the
principle holds: AI proposes, humans decide.

3.1.4 Phase 4: Statistical Model Selection

The objective is to specify statistical models aligned with the refined DAG struc-
ture and estimate causal effects. The DAG guides which variables are confounders,
which are mediators and colliders, whether interaction terms are needed, and what
competing risk structures exist. Regression models (Cox, logistic, linear) address
straightforward structures [39]; cause-specific or subdistribution hazard models han-
dle competing risks [40]; and multi-state models capture complex trajectories [41],
as shown in Table 3. Systematic sensitivity analyses include E-value calculation [42],
adverse control outcomes and negative control outcomes [43], and quantitative bias
analysis [44]. While model selection could be automated, human oversight of assump-
tions, clinical interpretation of effect sizes, and assessment of biological meaningfulness
remain essential. For this reason, we propose in our framework a model recommen-
dation by LLMs according to the output of Phase 3 (Evidence-Refined DAG), which
should be reviewed and approved by human experts. Importantly, the refined DAG
also supports formal causal identification: by inspecting the DAG structure, the
researcher can verify whether the back-door criterion is satisfied for the target causal
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estimand and identify the minimal sufficient adjustment set, ensuring that the sta-
tistical model targets a well-defined causal effect rather than merely an associational
quantity.

To make this mapping transparent and reproducible, the framework applies explicit
decision rules that link structural features of the evidence-refined DAG to appropri-
ate statistical model classes (Table 3). These rules are not heuristic recommendations
but formalised mappings grounded in established epidemiological methodology: the
presence of a competing-risk node triggers subdistribution or cause-specific hazard
models; a mediator node on the causal pathway triggers mediation analysis; multiple
intermediate states with defined transitions trigger multi-state models; and a sim-
ple confounding structure defaults to standard regression with the DAG-identified
adjustment set.

Table 3: Decision rules linking evidence-refined DAG features to model classes.

DAG feature Recommended model
class

Target estimand or
purpose

Required human
check

Competing-risk node,
such as death

Fine–Gray
subdistribution model or
cause-specific hazard
model

Cumulative incidence or
etiologic transition
intensity

Confirm target estimand
and censoring
assumptions

Mediator on the
exposure–outcome
pathway

Causal mediation
analysis

Direct, indirect, and
total effects

Verify no unmeasured
exposure–mediator or
mediator–outcome
confounding

Multiple ordered disease
states

Multi-state model State-transition
probabilities and
transition-specific
hazards

Confirm clinically
meaningful states and
transition ordering

Measured confounder
set identified by the
DAG

Regression, inverse
probability weighting, or
propensity-score
balancing

Adjusted
exposure–outcome
association targeting the
causal estimand

Validate adjustment set
and avoid collider
adjustment

Systematic sensitivity analyses are critical for establishing the robustness of the
statistical models derived from the evidence-refined DAG. The framework formally
recommends the implementation of negative control outcomes and negative control
exposures as primary falsification endpoints to detect the presence of unmeasured
confounding or structural biases. By applying the selected analytical model to
exposure-outcome pairs where no true causal biological relationship exists, researchers
can gauge residual systemic bias.

3.1.5 Closing the loop: Iteration and Knowledge Transfer

The transition from Phase 4 back to Phase 1 is an explicitly human driven step,
which aims to close the loop and include the results generated during the analy-
sis in the knowledge base. After completing statistical model assessment, researchers
can select concrete outputs from the analysis, including the reviewed DAG structure,
the structured decision track documenting accepted and rejected refinements, and

10



the statistical model specifications and key analytical results. In subsequent cycles,
the initial DAG construction assisted by LLMs is informed not only by external
literature and domain expertise but also by prior project-specific outputs retrieved
through the RAG system, allowing to concatenate refinements of the causal assump-
tions across iterations, while preserving transparency and traceability of how prior
evidence helps to define new hypotheses. Moreover, we have designed this feedback
mechanism as a hypothesis generating process instead of a self-reinforcing learning
system. In consequence, outputs from previous iterations are considered contextual
inputs subject to scientific falsifiability, rather than as validated causal knowledge.
However, to mitigate risks of circular reasoning or overfitting, we recommend to per-
form subsequent analyses using independent datasets, temporal validation strategies,
or pre-specified analytical plans. In summary, by closing the loop by a human super-
vised step, we transform the framework from a single-pass analytical pipeline into
a governed research process, while maintaining human oversight, auditability, and
methodological rigor at each stage.

3.2 Simulation Study

As the true causal structure of the SCREAM cohort is unknown, we have also eval-
uated the framework in a controlled continuous-time multi-state simulator with a
known data-generating process. The simulator separated the latent disease process
from the observation process and injected two artefacts that the framework should
reject: a drug-feedback decoy and a post-event coding shift. Using this approach, we
could evaluate if the framework can distinguish and reject artifacts which can affect
the inference process. The experimental set up included three configurations we com-
pared over M = 500 replications: i) a DAG based only in previous knowledge used as
baseline, ii) a totally empirically process-mining refinement arm, and iii) a governed
refinement arm with plausibility gates based on activity type, temporal directional-
ity, and monitoring sensitivity. The simulations assessed the structural recovery of the
true graph, the rejection of observation-induced artefacts, the recovery of the Death
competing-risk node, and the recovery of the exposure log-hazard ratio for CKD
onset. From a methodological point of view, the inclusion of the simulation experi-
ments complements the tutorial by testing whether expert-governed refinement resists
artefactual directly-follows edges when ground truth is known.

3.2.1 Latent data-generating process

We have defined four different states along the patient trajectory, namely drug initi-
ation (S0), chronic kidney disease (S1), cardiovascular adverse event (S2), and death
(S3). Between these states, we defined six different transitions which can happen, in
concrete S0→S1, S0→S2, S0→S3, S1→S2, S1→S3, S2→S3. For each transition j → k,
we have modelled the cause-specific intensity with a Weibull distribution, according
to the following equation:

hjk(t | E,L) = λjkρjkt
ρjk−1 exp(βE

jkE + βL
jkL)
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where E is the exposure to the drug (PPI = 1, H2B = 0) and L is a baseline covariate
vector (age, sex, diabetes, hypertension, baseline eGFR). In this model, exposure is
computed using a logistic propensity model on L so that the arms are confounded,
generating an imbalance that the proposed framework must identify. Next, patient
trajectories are sampled by the standard competing-risks algorithm until death or
administrative censoring happens in the 10-year horizon. In consequence, the exposure
effects follow the mediation hypothesis, where we assumed βE is positive on S0→S1
(the PPI effect on CKD onset) and on the direct S0→S2 path, and is modelled as
zero on S1→S2, as we considered mediation operates through CKD occurrence, not
by modifying the CKD→CVAE rate. The scale parameters λjk were calibrated in a
way the recorded event log approximately reproduces the Table 4 marginal transition
risks. Last, the true mediated proportion of the PPI→CVAE effect that flows through
CKD is estimated by high-precision g-computation on the simulator itself (n = 50000)
counterfactual CVAE cumulative incidence under exposure overridden per transition
rather than from any external estimator.

3.2.2 Observation process and injected artefacts

Each patient generates clinic visits as a Poisson process with rate λbase ·
(κ if PPI else 1), using a monitoring differential κ ≥ 1 for making PPI users more
intensively surveilled than H2B users. Moreover, we considered CKD and CVAE are
recorded only at the first visit at or after their latent onset, with a detection delay
shorter for PPI because of the higher visit rate, reproducing informative-presence bias
[12]) Regarding follow-up, it is truncated at death time, so no disease event is ever
recorded after death happens. We have injected two artefacts in the simulations at
the next visit after a recorded CVAE, defining a probability pswitch for a medication
change activity, producing a decoy appearing in the log as a CVAE→drug transition,
DAG shorthand S2→S0, and a probability precode for a false CKD re-code, producing
a reverse CVAE→CKD re-detection, reflected in a DAG shorthand at S2→S1. It is
important to note neither artefact corresponds to a latent causal intensity, and both
of them appear in the directly-follows graph and must be rejected by the loop.

3.2.3 Discovery, refinement arms, and the plausibility gate

The recorded log is summarised by a directly-follows graph (discovered with pm4py);
activities are mapped to the four state nodes and each candidate state-transition
is annotated with its relative-antecedent frequency, median time, and a monitoring-
stratified strength (its frequency in high- versus low-monitoring strata); Fig. S1 shows
the discovered process map, with the two injected artefacts highlighted. Refinement
starts from the initial knowledge-based graph (S0→S1, S0→S2, S1→S2; no Death
node) and is run in three configurations:

• Arm A: a mechanical proposer adds every directly-follows transition whose sup-
port exceeds 10% (the Fig. 4 indicator) that is absent from the current graph;
every proposal is accepted. This is a deterministic proxy for an ungoverned
AI/refinement system.
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• Arm B: the same proposer, but each candidate passes a deterministic plausibility
gate. In this base-cell implementation the gate applies two trap-specific rules: (i)
a directionality/acyclicity rule — a candidate that reverses the known disease-
progression order is rejected (this catches the reverse coding shift S2→S1); and
(ii) an activity-type rule — a transition generated by an administrative activity
such as a medication change is not a biological causal edge (this catches the
decoy S2→S0). The monitoring-stratified edge strength is computed and stored
as falsification evidence exposed only to the gate, but is not used as a hard
rejection rule here, because the surveillance-inflated S0→S1 edge is a true edge
that such a rule would wrongly discard; a negative-control check is specified for
the extended gate used in the planned sweeps.

• Arm C: the loop is handed the true graph; an upper bound.

3.2.4 Outcome metrics

Structural recovery is graded against the true edge set: edge precision, recall, F1,
structural Hamming distance (SHD), recovery of the Death node, and the per-artefact
rejection rate. The primary endpoint is the proportion of replications in which a
configuration accepts at least one injected artefact edge; the primary contrast is Arm
A versus Arm B. Estimand recovery is assessed by fitting cause-specific Cox models for
the exposure log-HR and comparing the estimate to the simulator truth (bias, RMSE,
95% CI coverage); a small ridge penalty (0.01) is applied for numerical stability across
replications, and the point estimate is unchanged without it. All proportions carry
Wilson 95% intervals.

4 Results

To ensure rigorous application, the closed-loop framework operates under several
key constraints. First, it distinguishes temporal succession from causal mechanism,
recognizing that a directly-follows graph captures event order rather than inherent
directionality. Similarly, observed transition asymmetries are treated as potential arti-
facts of healthcare utilization or administrative coding rather than definitive biological
mediation. Because process mining is restricted to measured variables, the framework
remains subject to unmeasured confounding and serves as a complement to—not a
substitute for formal identification strategies and sensitivity analyses. Crucially, all
structural modifications to the DAG require expert adjudication to ensure alignment
with biological plausibility. This maintains a strict boundary between exploratory
refinement and confirmatory estimation: DAG updates derived from process min-
ing are strictly hypothesis-generating. By documenting every refinement in a built-in
decision log—including its evidential basis and human rationale—the framework pro-
vides a robust audit trail that separates exploratory discovery from the rigorous
requirements of external confirmatory analysis.
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Fig. 2: Initial literature-informed causal DAG generated by the AI tool for the PPI–CKD–
CVAE case study.

4.1 Tutorial Dataset

The tutorial demonstration used synthetic longitudinal data calibrated to published
SCREAM cohort results comparing proton pump inhibitor (PPI) and histamine-2
receptor blocker (H2B) users [45]. In contrast, This demonstration is not intended to
estimate the causal effect of PPI use on cardiovascular outcomes. It illustrates how the
closed-loop framework would process longitudinal event-log data, generate process-
mining summaries, propose DAG refinements, and recommend statistical models.
Synthetic data were chosen to enable a controlled, transparent, and fully reproducible
demonstration of the framework workflow, while avoiding privacy constraints asso-
ciated with individual-level patient data. The demonstrator can be accessed in the
following link: https://closed-loop-dag.fly.dev/

4.1.1 Case-Study Setup

The workflow was implemented in HealthProcessAI, an open-source interactive tool
that supports DAG construction, event-log inspection, DFG generation, expert adju-
dication of proposed refinements, and model recommendations. The demonstration
used GPT-4o-mini via the OpenAI API for LLM-assisted synthesis and suggestion
generation; all AI outputs were treated as proposals requiring expert review.

Literature-informed grounding identified PPI exposure, H2B comparison therapy,
CKD progression, cardiovascular adverse events (CVAE), death, and baseline clini-
cal covariates as central elements of the initial causal model (Figure 2). The target
estimand was framed as the effect of initiating PPI rather than H2B therapy on sub-
sequent CVAE risk, with CKD progression considered a potential mediator and death
a competing event.
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Fig. 3: Target trial emulation structure for the PPI versus H2B comparative-effectiveness
question.

To ensure the causal question is well-defined and distinct from the statistical method-
ology used to estimate it, the analysis of proton pump inhibitors (PPIs) versus
histamine-2 receptor blockers (H2Bs) is grounded in the target trial emulation
framework. Figure 3 outlines the hypothetical randomized trial protocol that the
observational analysis seeks to emulate.

4.1.2 Process Mining-Derived Disease Trajectories

The event log was reconstructed from relational clinical tables into chronologically
ordered patient traces containing drug exposure, CKD progression, cardiovascular
events, death, timestamps, and treatment group. A directly-follows graph (DFG) was
then used to summarise observed temporal transitions, transition frequencies, and
median transition times, as shown in Figure 4. These empirical patterns were com-
pared with the initial literature-informed DAG to identify discrepancies requiring
expert review.

Fig. 4: Process model (directly-follows graph) of observed clinical trajectories for PPI and
H2B users in the SCREAM cohort.

The governance panel translated DFG–DAG discrepancies into candidate refinements.
In the tutorial (Figure 5), the tool proposed adding Death as a competing-risk node
because mortality transitions from CKD and CVAE were frequent and analytically
consequential. It also proposed a CVAE-to-drug feedback edge, which was rejected
because post-event medication changes reflect clinical management rather than a
causal pathway from CVAE to prior exposure.
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Fig. 5: Phase 3 output: the Human–AI Governance Panel for structured DAG refinement.
The left panel displays the current DAG as an interactive force-directed graph, colour-coded
by causal role (blue = exposure, green = outcome, red = competing risk, purple = media-
tor, grey = confounder). The right panel presents AI-generated candidate refinements, each
showing the proposed structural change.

4.1.3 Data-Driven Refinement of the Causal Model

The evidence-refined DAG differed from the initial DAG in two main ways. First,
Death was added as a competing event because high mortality transitions were
observed after both CKD and CVAE. Second, CKD progression was retained as a can-
didate mediator on the PPI–CVAE pathway because CKD-to-CVAE transitions were
frequent, while reverse CVAE-to-CKD transitions did not differ significantly between
exposure groups. This pattern is diagnostic rather than confirmatory: transition asym-
metry cannot prove causal direction, and formal mediation analysis is required to
quantify any mediated effect. The transition rates and ratios are presented in Table 4

4.1.4 AI-Guided Analytical Strategy and Model Configuration

Using the evidence-refined DAG, the Phase 4 module recommended Fine–Gray models
for cumulative-incidence estimands involving Death as a competing event, cause-
specific hazard models for etiologic transition-intensity estimands, causal mediation
analysis for the CKD pathway, and propensity-score balancing for baseline covariate
imbalance. The recommendations were treated as structured analytical support rather
than autonomous model selection, as presented in Figure 6.

16



Table 4: Transition rates and crude rate ratios for process-mining trajectories comparing PPI and H2B users.

PPI H2B PPI vs H2B

Transition Events At risk Risk, % Median (IQR), y Events At risk Risk, % Median (IQR), y RR (95% CI) p

Key transitions used for DAG refinement

Medication→CKD 69,177 273,569 25.3 2.4 (0.7, 5.7) 4,181 21,165 19.8 4.0 (1.4, 7.7) 1.28 (1.24, 1.32) <0.001

CKD→CVAE 12,355 73,823 16.7 2.1 (0.4, 4.7) 665 4,466 14.9 2.7 (0.6, 5.4) 1.12 (1.05, 1.21) 0.002

CKD→Death 17,659 73,823 23.9 1.1 (0.2, 3.5) 798 4,466 17.9 1.4 (0.3, 4.3) 1.34 (1.26, 1.43) <0.001

CVAE→Death 11,610 24,707 47.0 0.03 (0, 1.2) 538 1,421 37.9 0.05 (0, 1.8) 1.24 (1.16, 1.33) <0.001

Additional observed transitions

Medication→CVAE 12,352 273,569 4.5 2.9 (1.0, 5.9) 756 21,165 3.6 3.9 (1.6, 7.3) 1.26 (1.18, 1.36) <0.001

Medication→Death 13,967 273,569 5.1 1.5 (0.4, 4.1) 568 21,165 2.7 3.5 (1.3, 6.7) 1.90 (1.75, 2.07) <0.001

CVAE→CKD 4,646 24,707 19.0 0.7 (0.1, 2.4) 285 1,421 20.1 1.4 (0, 1.8) 0.94 (0.84, 1.04) 0.238

Note. Risk is calculated as events divided by the number at risk. RR denotes the crude risk ratio comparing PPI with H2B; 95% confidence
intervals were derived using the log method. Median time is reported in years with interquartile range. Statistics were originally published
in [45] and are reproduced here to illustrate how process-mining outputs inform DAG refinement.
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Fig. 6: ProcessAI Phase 4 output: Modelling Strategy Summary with analytical recommen-
dations generated from the refined data-driven DAG.

4.2 Ground Truth Simulation Study

This section presents the results obtained from the simulation study described in
Section 3.2, which aims to demonstrate the governed loop (a) recovers correct struc-
ture including the competing-risk node, (b) rejects edges that are artifacts of the
observation process rather than the disease process, and (c) yields a refined DAG
whose implied statistical model recovers known causal quantities. To guarantee repro-
ducibility, the simulation experiment can be reproduced using the code in the following
repository: https://github.com/eduardo-illueca/closed-loop-simulation-companion

4.2.1 Structural recovery and artefact resistance

Table 5 reports structural recovery averaged over M = 500 replications. The gov-
erned configuration (Arm B) recovered all high-support true transitions surfaced by
process mining and added the Death competing-risk node in every replication, with
perfect edge precision but one missing rare background-mortality edge (recall 0.83);
the ungoverned configuration (Arm A) accepted both injected artefacts in every repli-
cation, degrading precision. Fig. S2 contrasts the refined graphs: Arm A retains both
red artefact edges, whereas Arm B rejects them and adds the Death competing-risk
node.

The primary contrast was unambiguous: Arm A accepted at least one artefact in 100%
of replications and Arm B in 0%. The decoy (S2→S0) was rejected by the activity-
type rule (a medication change is administrative, not a disease transition — the Fig.
5 rationale) and the coding shift (S2→S1) by the directionality rule (it reverses the
CKD→CVAE order); the ungoverned arm, lacking these rules, accepted both because
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Table 5: Structural recovery at the base cell (mean over M = 500; n = 5,000).

Arm Precision Recall F1 SHD Traps accepted Accepts ≥ 1 trap

A — ungated
proposal-only

0.71 0.83 0.77 3.00 2.00 100% (0.99–1.00)

B — governed (gate) 1.00 0.83 0.91 1.00 0.00 0% (0.00–0.01)
C — oracle 1.00 1.00 1.00 0.00 0.00 0%

their directly-follows support (≈0.34 and ≈0.18) exceeded the threshold. Recall was
0.83 for both data-driven arms, not 1.0: the rare direct background-mortality edge
S0→S3 (recorded risk ≈ 0.05) falls below the 10% discovery threshold and is therefore
not surfaced by process mining at this sample size — a sample-size limitation (Table
2/Table 5) — though the Death node is nonetheless recovered through the high-
mortality S1→S3 and S2→S3 transitions.

4.2.2 Estimand recovery

Table 6 reports the exposure log-HR on CKD onset (true value 0.25). Fit to the under-
lying disease process, the cause-specific Cox model recovered the truth with negligible
bias and near-nominal 95% coverage (mean β̂ = 0.250, 95% Monte Carlo interval
0.123–0.387), confirming that the model class the framework selects is correct. Fit to
the recorded times, the estimate was inflated by surveillance bias and its coverage fell
below nominal. Naively adjusting for the realised visit count did not repair this —
it over-corrected (collider bias, because visit count is endogenous to follow-up dura-
tion); this post-hoc adjustment is a failed comparator, not the recommended model,
and its failure is precisely why the framework treats surveillance bias as a structural

diagnostic (the monitoring-attenuation check at the gate) rather than a covariate
adjustment. The CKD→CVAE exposure effect, whose true value is zero, was esti-
mated as a small non-significant positive effect on the recorded data, mirroring the
manuscript’s observation that the between-group CVAE/CKD signal does not reach
significance.

Table 6: Estimand recovery for the exposure log-HR (mean over M = 500).

Target True βE Mean β̂E Bias RMSE 95% CI coverage

S0→S1, latent process (estimator
validity)

0.25 0.250 -0.000 0.067 0.96

S0→S1, recorded
(surveillance-inflated)

0.25 0.327 +0.077 0.105 0.83

S0→S1, post-hoc visit-count
adjusted (not recommended)

0.25 0.636 +0.386 0.395 0.01

S1→S2, recorded (true effect null) 0.00 0.180 +0.180 0.273 0.91

4.2.3 Graph Comparison

Figure 7 displays a discovered process map structured as a state-level directly-follows
graph that tracks patient transitions across four primary states, for the four defined
phases. Solid dark grey lines represent standard recorded transitions labeled with their
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relative-antecedent frequency and median time, showing pathways such as patients
moving from the initial Drug state to CKD or directly to Death . Conversely, red
dashed lines represent injected artifact traps, specifically highlighting a "drug-feedback
decoy" and a "reverse coding shift", which represent artificial distortions or errors in
the expected linear clinical pathway.

Fig. 7: Discovered process map (directly-follows graph) of observed transitions (n = 5,000).
The drug-feedback decoy (S2→S0) and reverse coding shift (S2→S1) are shown as red dashed
edges.

According to this stress experiment, we used the obtained process map to produce
the different graphs defined in the simulation study, with the injected observation
artefacts, showing that the governed loop (Arm B) recovered all high-support true
transitions including the competing-risk node and rejected both artefacts in 100%
of simulations, whereas the ungoverned configuration (Arm A) accepted at least one
artefact in 100% of the simulations. Futhermore, the model selected by the frame-
work recovers the true cause-specific hazard ratio at near-nominal coverage on the
underlying process, as shown in Figure 8 .
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Fig. 8: DAG refinement: the true DAG, the Arm A (ungated) refined graph that accepts
both artefacts, and the Arm B (governed) refined graph that rejects both and adds the Death
competing-risk node.

5 Discussion

In this study, we presented a closed-loop human–AI collaboration framework which
automatizes causal inference as an iterative, falsifiable, and governance-aware scien-
tific process when using real-world data. We hypothesized that by integrating causal
modelling and data-driven pattern discovery we can produce a framework for human
supervised causal inference. This hypothesis has been demonstrated thanks to the
simulation experiments, where we have shown that the governed framework can iden-
tify the artificats and bias introduced in the simulation data. Thus, our closed loop
improves current methodologies in the state of the art, in concrete interactive process
mining, where there is an interpretability gap limiting expert to recognise artifacts or
noise in the process models [17]. Futhermore, rather than considering DAGs as static
representations of prior knowledge or relying only on automated process discovery,
the framework explicitly positions knowledge-based DAGs as testable hypotheses that
can be empirically challenged according to the scientific method and refined through
longitudinal data. By integrating process mining, expert oversight, and statistical
model selection within a single methodological loop, the framework addresses several
long-standing limitations in observational health research.

In consequence, the main contribution of our work is methodological, as we have
proposed an approach based on process mining, but does not discover causality
autonomously, as the event log is constructed with the information retreived by the
LLMs in the literature. This decission allowed us to avoid one of the most common
limitations of process discovery applied to epidemiology, where DFGs can produce
loops, backward jumps, and infinite loops. It is true there are techniques in the state
of the art using trees to mitigate these risks [46], but our approach goes beyond the
state of the art because the event log and the states are defined according to the
outputs of Phase 1. In addition, the framework inserts an explicit diagnostic step
between initial DAG specification and statistical estimation, preserving expert author-
ity over causal interpretation, and linking the accepted refinements to model-selection
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rationale. In adittion, candidate refinements proposed by the AI requires biologi-
cal plausibility review, documented decision criteria, an audit trail of accepted and
rejected suggestions, and separation between graph refinement and effect estimation.

To illustrate how the closed-loop framework functions in practice, we have selected
a case study where we compare the exposure of patients PPI and H2B in chronic
kindey disease progression, as the initial literature-informed DAG shown that CKD
progression could act as a mediator between PPI use and the development of cardio-
vascular adverse events. In the experiments performed, we have shown that transitions
from CKD to cardiovascular events were consistently observed in the trajectories
modelled with process mining, whereas reverse transitions (CVAE → CKD) did not
differ significantly between exposure groups [45]. This pattern is coherent with prior
hypotheses about CKD lying on the PPI–CVAE pathway, as it does not adjudicate
causal direction nor exclude reverse biological effects of CVAE on kidney function.
Futhermore, both directions of CKD–CVAE influence are biologically plausible (car-
diorenal syndrome), and a non-significant between-group difference is not evidence of
absence. However, a formal causal mediation analysis, as suggested in Phase 4, would
be required to quantify the mediated proportion and test the mediator hypothesis
statistically.

Moreover, the framework also pointed out clinically relevant competing pathways, in
concrete the high transition rates to death from both CKD and CVAE states. The find-
ing of these patterns motivated the AI recommendation to use competing risk models
rather than standard survival approaches, illustrating how empirical pattern discovery
can provide diagnostic evidence for analytical decisions without undermining causal
rigour. It is also important to note that the AI-generated recommendations aligned
with established epidemiological best practices supports the feasibility of embedding
AI assistance within a governed workflow. Prior work on disease progression trajecto-
ries using event logs from real-world EHR data supports the utility of process mining
for longitudinal pattern discovery in clinical cohorts [47]. In this sense, our framework
extends question-driven and interactive process mining by placing temporal pattern
discovery within a hypothesis-driven causal inference workflow [17, 31]. Unlike auto-
mated process discovery algorithms, it does not infer causality from data alone, as
it uses empirical discrepancies to trigger structured expert review of pre-specified
assumptions [3, 10, 33].

Despite the framework makes falsiable causal assumptions explicit and empirically
challengeable, it does not eliminate residual confounding, measurement error, miss-
ing data, or limitations of the underlying clinical epidemiology. In this sense, process
mining is also sensitive to biased event definitions, temporal granularity, coding prac-
tices, and observation intensity. Futhermore, DFG patterns should be interpreted as
diagnostic evidence rather than a proof of causality. For this reason, future work
should focus on defining quantitative criteria for DAG refinement, as well as evaluat-
ing inter-rater agreement among experts by benchmarking against alternative causal
modelling strategies, and testing scalability across clinical domains. In this context,
Table 7 summarises key risks that require further methodological development.
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Table 7: Future challenges and research gaps.

Challenge Description

Surveillance
Bias

Differential monitoring intensity between exposure groups can create
artifactual transition asymmetries, leading to the false discovery of
pathways that merely reflect healthcare utilization [48].

Latent Disease
Processes

Process models map the trajectories of recorded clinical events, which
often lag behind the latent biological onset of disease [49].

Post-Event
Coding Shifts

The occurrence of a severe event may systematically alter subsequent
coding practices, such as a reduction in routine CKD monitoring or
coding, artificially deflating the frequency of reverse transitions [50].

Competing
Risks

The DFG itself can be biased by unadjusted competing risks; the
absence of a pathway might simply indicate that patients transition to
an absorbing state before the target event can be observed [51].

Index-Date
Artefacts

Arbitrary or misaligned index dates can distort the apparent temporal
sequence of early events [52].

Locality of
DFGs

DFGs strictly analyze sequential, event-to-event transitions, which can
obscure long-range causal dependencies where an early exposure affects a
distant outcome independently of the immediate preceding state [53].

Measurement
Error

Misclassification or temporal inaccuracy in nodes can induce spurious
edges or mask genuine transitions [54].

Temporal
Granularity
Limits

When events are recorded with coarse granularity, true temporal
precedence cannot be reliably established, risking the conflation of
simultaneous events with sequential pathways [55]

6 Conclusions

As conclusion, we have automatized in this work the John Snow’s enduring philosophy
for making causal inference by observing real world data, within the modern big data
evidence landscape, providing a governed framework for the evidence-informed refine-
ment of knowledge-based causal DAGs. By treating causal assumptions as testable
hypotheses rather than static and fixed structures , the proposed closed-loop work-
flow leverages data driven methodologies as a vital diagnostic tool under our proposed
paradigm of structured human supervision. Through this integrated methodology, ini-
tial graphical models are built from prior knowledge using LLMs assistance, and then
compared against a DFG generated using process discovery from longitudinal clinical
event sequences, also modelled using the inputs from the literature. Then, we trans-
lated this information into an statistical model recommended by the AI. As a last
step, the human supervisor closes the loop by deciding which information from the
results is integrated into a knowledge base, which will be used for generating future
hypothesis. As we have illustrated in the tutorial validation, this systematic confronta-
tion between conceptual maps and observational trajectories successfully surfaces
critical analytical hazards, including hidden mediator pathways and high competing
mortality risks. Futhermore, the simulation experiments demonstrates the governed
framework can detect artifacts introduced in the synthetic data. In consequence, this
iterative cycle serves to complement the epidemiological domain expertise, by produc-
ing formal identification strategies and quantitative sensitivity analyses. While future
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research must benchmark inter-rater reproducibility across independent expert pan-
els and quantify the precise downstream impacts of framework-guided refinements
on final effect estimates , the open-source implementation of the closed loop frame-
work establishes a transparent, governed foundation for bridging the persistent divide
between theoretical causal epidemiology and empirical discovery.
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