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Abstract. Cardiovascular disease (CVD) modeling has become highly
accurate, yet most models remain “black boxes” that prioritize predic-
tive scores over reliable and reusable clinical knowledge. We propose
Evidence-Grounded Learning (EGL), which repeatedly tests candidate
variable sets under a fixed evaluation budget and records auditable ev-
idence about which factors and pairwise relationships are consistently
supported. EGL-LLM adds an interpretable large language model (LLM)
control plane that uses a semantic agenda to decide what to test next,
while keeping the evidence definitions and budget unchanged. On the
COPDGene cohort, EGL shows reliable convergence of core evidence and
recovers clinically plausible dominant factors and cohort-relevant interac-
tion patterns. Semantic steering broadens the exploration path while pre-
serving stable dominant factors and redirecting evidence acquisition to-
ward alternative interaction neighborhoods, supporting evidence-grounded
discovery that yields auditable cohort-level insights. Code is available at
https://github.com/liangyuxuanl /EGL.

Keywords: Clinical knowledge discovery - Evidence-grounded graph
learning - LLM-steered semantic control - CVD outcome modeling

1 Introduction

Accurate assessment and stratification of cardiovascular disease (CVD) risk and
outcomes is central to clinical decision making and preventive medicine. Modern
machine learning models integrate heterogeneous clinical, imaging, and demo-
graphic variables and can achieve strong predictive performance [13,2,23]. Yet
in practice, a clinical model is also expected to yield reusable clinical knowl-
edge: which factors are reproducible, what interactions manifest stably, and when
canonical associations break down across contexts. This perspective aligns with
evidence-based medicine [18] and motivates clinically adopted, evidence-derived
profiles such as the Framingham general CVD risk score [5].

* Corresponding author.
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This goal is poorly served by purely performance-driven, high-dimensional
risk prediction. Modern learners can exploit subtle correlations and cohort-
specific proxies that do not reliably carry over across data splits, sites, or clini-
cally important subpopulations. Such fragility can lead to clinically meaningful
failures, including misleading conclusions from standard evaluation protocols
when subgroup sizes are small and uncertainty is high [11,14,7,17].

We propose Evidence-Grounded Learning (EGL), a paradigm for clinical
knowledge learning that targets an explicit evidence ledger rather than a sin-
gle selected model. EGL learns a distribution over feature-subset hypotheses
under an estimation-of-distribution framework, maintaining a graph-structured
distribution over binary inclusion vectors to capture both marginal inclusion
tendencies and pairwise co-inclusion structure. Concretely, EGL parameterizes
an Ising-form policy with node biases and pairwise couplings over a binary mask,
and samples candidate subsets by sequential Gibbs updates: each feature bit is
resampled from its conditional Bernoulli probability given the current neighbor-
hood and the pairwise terms, yielding correlated inclusion patterns that reflect
putative interactions [19,8,1]. After evaluating a sampled subset, EGL updates
the Ising parameters with a REINFORCE score-function estimator [20] to in-
crease the likelihood of high-reward subsets. In this formulation, stable clini-
cal knowledge corresponds to node and edge structures that repeatedly receive
paired evidence support through stochastic sampling and evaluation.

In realistic CVD cohorts, EGL alone can still be unstable: as a score-driven
optimizer, it may converge to different local optima, and because its reward ag-
gregates quantitative objectives (performance, confirmation pressure, coverage
repair) without feature semantics, it can allocate a fixed probe budget along nu-
merically favorable yet clinically uninformative trajectories. Prior work injects
inductive biases through hand-crafted priors or task-specific modules [21,24,25,3]
or uses vision—language pretraining to enable prediction and question answer-
ing [13,12,10], but the resulting knowledge is often implicit and not consolidated
as an auditable, reusable evidence representation. Recent efforts couple large lan-
guage models (LLMs) with optimization or search to guide exploration [22,16,9];
here, we employ LLMs as an auditable semantic control plane that steers sub-
set sampling and probe pairing toward clinically meaningful exploration, while
leaving estimation and confirmation to the underlying evidence machinery.

This study proposes a novel framework for diagnostic knowledge discovery
that integrates (i) an Ising-style distribution over feature subsets to represent
both marginal and pairwise structure, (ii) an online evidence graph (ledger)
that accumulates reproducible node/edge statistics from repeated cross-validated
evaluations, and (iii) an LLM-based plane that provides semantic steering un-
der uncertainty and budget constraints. We evaluate the proposed framework on
COPDGene [15] to perform evidence-grounded CVD knowledge discovery from
CT-derived biomarkers and clinical variables. Empirically, it recovers clinically
oriented and more reproducible features and interactions than purely numeri-
cal search, and yields an evidence-grounded graph representation that supports
interpretable routing rules, which are promising for medical applications.
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2 Method

2.1 Problem Formulation

Let D = {(z;,v:)}Y; denote a cohort, where z; € R? collects heterogeneous can-
didates (clinical variables, CT-derived biomarkers, demographics) and y; is the
CVD outcome. Standard pipelines typically optimize a point estimate (a single
feature set and a single optimal model), which can be fragile under correlated
covariates, sampling variability, and model stochasticity. In clinical prediction
such as risk modeling, this instability is widely recognized as a key barrier to in-
terpretability and reuse, motivating practices that emphasize robustness checks,
resampling-based assessment, and transparent reporting beyond average discrim-
ination [6,4].

Goal. We target diagnostic knowledge discovery in a sense of a distribution,
beyond one final subset of selected features. Concretely, an explicit, auditable
graph of reusable statements is sought: (i) nodes (features) supported by re-
producible marginal evidence, and (ii) edges (feature pairs) supported by repro-
ducible interaction evidence. The knowledge is represented as a graph G = (V, €)
over candidate variables, and evidence is quantified via repeated evaluations un-
der controlled probes.

EGL (evidence-grounded discovery). EGL learns a distribution over
binary inclusion vectors z € {0,1}/V to encode marginal inclusions (nodes)
and pairwise co-inclusions (edges). Across iterations, EGL repeatedly samples
candidate subsets, evaluates them, and accumulates node/edge evidence into an
online ledger (the evidence graph). Stable knowledge corresponds to structures
whose evidence persists and strengthens under repeated, comparable evaluations.

EGL-LLM (semantic control plane). EGL alone is score-driven and
cannot express why specific nodes/edges should be tested next. We therefore
introduce EGL-LLM, which keeps EGL’s evidence estimation unchanged but
adds an LLM control plane that outputs low-dimensional, interpretable control
signals to steer the discovery trajectory toward clinically meaningful exploration
under a finite evaluation budget.

Fig. 1 summarizes the EGL loop and how the LLM control plane injects
a semantic agenda to steer (i) subset sampling and (ii) paired probing, while
keeping the evidence estimands unchanged.

2.2 EGL: Two-layer Knowledge Graph

Sampling policy (Ising-form subset distribution). A distribution 7y (2)
over inclusion vectors z € {0, 1}|V| is used to sample candidate subsets, where
¥ = {bo, 0, ¢}: by is a global bias controlling typical subset size, 6 parameterizes
the marginal inclusion tendency of feature f, and ¢,, parameterizes pairwise
co-inclusion structure for (u,v) € £. Candidate subsets are drawn by Gibbs
updates under this Ising-form policy [19,8,1], where binary inclusion variables are
resampled conditioned on the current mask and pairwise co-inclusion terms. At
each iteration, multiple subsets S C V are drawn and evaluated under the same
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Fig. 1. Workflow for LLM-steered clinical knowledge discovery. Clinical variables and
CT-derived imaging biomarkers define a feature pool for CVD outcome modeling.
EGL iteratively samples feature subsets from an Ising-form policy, evaluates them with
paired probes, and accumulates node/edge evidence in an online ledger, which in turn
drives score-function updates of the sampling policy. EGL-LLM augments EGL with
an LLM control plane: a compact state snapshot is mapped to a strict JSON agenda
that is applied to guide paired probing and reshape Gibbs sampling, producing stable
clinical knowledge as reproducible node (marginal) and edge (interaction) evidence.

probe budgets, and 1 is updated from score-function (REINFORCE-style) policy
gradients computed from their per-subset rewards [20]. This update treats each
reward as the stochastic return of a sampled mask, while accumulated support
and uncertainty signals temper how strongly candidate interactions influence
subsequent sampling.

Paired probing, evaluation, and reward. Given an inclusion state z
sampled from the policy (equivalently, a feature subset S = {f € V : zy = 1}),
a small set of node and edge probes is selected within S. For each probed node
f € S, matched counterfactual evaluations are constructed by comparing S to
S\{f}. For each probed edge (u,v) C S, a matched 2x2 block is constructed by
evaluating the four subsets induced by removing none, one, or both endpoints
from S. Each subset is evaluated by a downstream predictor (logistic regres-
sion in this study) with K-fold cross-validation to obtain a metrics summary
m(-) (e.g., AUC, AuPRC, sensitivity, specificity, precision, recall). The probe
outcomes are then converted into a scalar reward R(S) for score-function pol-
icy learning: a confirmation term favors probes with high confidence (absolute
t-statistics) weighted by their current trust (support-derived), and an acquisi-
tion term rewards positive trust gain induced by the newly added paired probes.
Node probes quantify individual-variable gain, whereas edge probes quantify
joint gain beyond separate contributions. In addition, a barrier penalty based on
calibrated instability and operating-point floors rejects clinically unacceptable
subsets regardless of probe outcomes.

Evidence ledger (online evidence graph). All paired probe outcomes are
accumulated into an online ledger, yielding auditable node and edge estimands.
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For a node f € V, the ledger records the marginal effect
Ay = E[m() | zp=1] = E[m(") | zp=0], (1)

and for an edge (u,v) € &, the ledger records an interaction effect via difference-
in-differences,

Ty = (E[m(-) | 2e=1, 2o=1] — E[m(-) | za=L, zv:O])

(2)
—(Blm() | 2u=0,2,=1] = E[m(") | 2,=0,2,=0]),
where m(-) is defined as a weighted combination of normalized AUC and AuPRC.
Repeated paired probes provide uncertainty proxies (standard errors and abso-
lute t-statistics) and support counts (paired exposures) for both Ay and I',.

2.3 LLM Control Plane: Semantic Steering

Purely numerical distribution learning may over-test locally strong but clinically
redundant regions. We therefore use the LLM as a semantic scheduler: once per
generation, it reads a compact discovery summary and outputs an auditable
agenda that biases which subsets and paired probes are tested next, without
proposing the final feature set or modifying the ledger-defined estimands.

Concretely, the controller is prompted with (i) a structural snapshot of the
current evidence ledger highlighting supported vs. evidence-starved nodes/edges
(support counts and uncertainty proxies), (i) phase and progress diagnostics
from recent iterations (e.g., stability trends, variability, and failure-mode fre-
quencies), (iii) the current sampled set to ensure feasibility of proposed probes,
and (iv) a feature glossary that provides canonical names, clinical domains,
brief meanings, and missingness cues for semantic plausibility and feasibility.
The controller returns a strict JSON agenda with a small number of fields
(must_include, prefer_include, prefer_exclude, frontier_edges), where
the inclusion/exclusion lists provide soft preferences, and frontier edges nomi-
nate under-supported, semantically plausible interaction candidates. The agenda
is then applied through two named control paths: Agenda-Shaped Gibbs Sam-
pling (AS-Gibbs), which biases subset sampling by reshaping Gibbs conditionals
via odds-calibrated logit biases, and Agenda-Guided Probe Pairing (AG-Probe),
which prioritizes which paired probes are instantiated for evidence acquisition.
Both paths are enabled in the reported experiments.

3 Experiments

Dataset. We used the COPDGene cohort [15], a smokers,/chronic obstructive
pulmonary disease (COPD)-enriched multi-site cohort with CT scans and clini-
cal variables, as our primary dataset, because it provides genomic measurements
that enable future extension of the proposed discovery pipeline to gene-informed
risk modeling. We restricted the analysis to participants with available chest CT
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scans. CT-derived cardiac phenotypes were extracted using the cardiac segmen-
tation and quantification pipeline developed by Xu et al. [21], yielding features
that summarize cardiac chambers, great vessels, myocardial wall, peri-cardiac
fat, and coronary artery calcium (CAC). In parallel, we curated structured
variables from COPDGene clinical information, covering demographics, vitals,
smoking-related factors, comorbidity history, and medications. To improve ro-
bustness, CT features were screened via outlier handling using the 1st/99th
percentile range, and clinical variables were filtered by missingness with a 70%
missing-rate threshold. The final feature set contains 75 variables in total (21
CT-derived and 54 clinical).

CVD outcome labels were defined using COPDGene-reported cardiovascular
events spanning coronary artery disease, coronary revascularization, peripheral
vascular disease, myocardial infarction/heart attack, cerebrovascular events, and
congestive heart failure. A participant was labeled as CVD-positive if any of
these events/diagnoses was present, following criteria reviewed with clinicians.
To align with a status/outcome modeling setting, we constructed one sample
per participant by selecting a single visit record under the outcome definition,
and performed downstream modeling on this subject-level cohort. The result-
ing cohort includes 9,638 participants (2,090 positives; 7,548 negatives), with
prevalence 0.2168.

Experimental setup. EGL and EGL-LLM were executed for the same
number of iterations under an identical evaluation budget per iteration, using
10 paired node probes and 30 paired edge probes. This ensures that any dif-
ferences in convergence or discovered structures are not attributable to unequal
evidence acquisition cost. For EGL-LLM, the controller was a locally deployed
Qwen3-14B—-Instruct model. To control stochasticity, the discovery code used the
same fixed random seed across methods. Consequently, the primary additional
source of randomness in EGL-LLM arises from the LLM-generated agenda, so
observed trajectory differences are attributable to semantic control rather than
uncontrolled sampling noise.

Stability and search trajectory. Fig. 2(a-b) report evidence convergence
to the final snapshot by tracking, at each iteration, the Spearman correlation
between the current and final core-evidence rankings (core nodes/edges selected
by confidence |t|). This diagnostic quantifies how quickly the ordering of the
most supported effects becomes consistent with the final discovery outcome. Two
trends are observed. First, edge evidence converges substantially more slowly
than node evidence in both methods, consistent with the combinatorial size of
the interaction space relative to the node space. Second, EGL rapidly stabilizes
the main node ranking, whereas EGL-LLM continues small substitutions around
the same core, indicating broader exploration around a stable main-effect anchor.

Fig. 2(c) visualizes the explored subset space using a 2D Multidimensional
Scaling (MDS) embedding of sampled candidate subsets, overlaid with density
contours. The two methods share a high-density core region, but EGL-LLM
shows a lower peak density and broader coverage across the embedding, suggest-
ing a more dispersed exploration trajectory. This broader footprint is consistent
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Fig. 2. EGL vs. EGL-LLM on COPDGene-based CVD outcome knowledge discov-
ery. (a,b) Convergence diagnostics: Spearman correlation between the |¢|-based core-
evidence ranking at each iteration and the final snapshot, shown for nodes (a) and
edges (b) using the top 15 by confidence |¢|. (¢) Search footprint: 2D MDS embedding
of all sampled subsets across iterations with density contours; the green star marks the
shared initialization. (d) Final top-10 effective nodes by confidence |t|, visualized by
estimated node effects Ay. (e) Final top-5 edge interactions by confidence |¢|, visual-
ized by interaction effects I',,. (f) Metric-level interaction deltas for the top-15 edges
of EGL-LLM.

with the local substitutions in Fig. 2(a), while Fig. 2(b) shows that edge-evidence
consolidation is not reduced.

Top effective nodes and interactions. Fig. 2(d—e) summarizes the most
evidence-supported node effects (Ay) and edge interactions (I%,,) at the final
snapshot. Both methods recover a shared core of clinically plausible factors.
In Fig. 2(d), the strongest node effect is the Agatston score (CAC), followed
by established cardiovascular risk correlates such as hypercholesterolemia, and
thrombotic history (blood_clots). The remaining top nodes are dominated by
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comorbidity indicators (anemia, gout, kidney_disease, liver_disease, and
selected cancer histories), consistent with COPDGene being an older, multimor-
bid cohort where systemic disease burden and inflammatory/metabolic dysregu-
lation can track cardiovascular status beyond canonical risk factors. Importantly,
the top-10 node set is identical for EGL and EGL-LLM, indicating that the core
main-effect evidence is robust to the search controller under a fixed probe budget.
In Fig. 2(e), the strongest supported interactions are predominantly negative,
with several involving Agatston score (e.g., Agatston score with high cholesterol,
with high blood pressure, and with age at visit). It suggests a diminishing in-
cremental benefit when combining CAC with correlated clinical markers in this
cohort and model, where CAC already captures substantial downstream risk-
relevant variation.

Differences and their implications. While the dominant node effects
coincide, the highest-confidence interaction set differs between EGL and EGL-
LLM. This is the main empirical effect of semantic steering: it changes which
interaction neighborhoods receive repeated evaluation while preserving the dom-
inant node evidence. This contrast is expected because interaction evidence is
harder to consolidate than node evidence: the candidate edge space is much
larger, and I, is a second-order estimand that is more sensitive to which paired
probes are allocated under limited evaluations. EGL-LLM therefore shapes the
route by which interaction evidence is accumulated, rather than overturning the
core main-effect conclusions.

Edge interactions emphasize redundancy. Fig. 2(f) summarizes metric-
level interaction deltas for the top-15 EGL-LLM edges. The interactions are
predominantly negative, indicating sub-additive contributions when combining
correlated factors under the paired-probe estimand. Across metrics, the largest
and most consistent degradation is observed for AuPRC, while changes in other
metrics are comparatively small, suggesting that redundancy among the discov-
ered interaction pairs primarily affects performance in the low-prevalence regime,
where precision—recall behavior is most sensitive to overlapping evidence and
false positives.

Limitations and future work. The current evaluation is limited to a single
cohort. COPDGene is a strong primary testbed because it is large, multi-site, and
combines CT-derived cardiac/CAC phenotypes with clinical risk factors, comor-
bidities, medications, and CVD labels; however, multi-cohort validation is needed
before interpreting the discovered graph as population-level CVD knowledge.
Such validation requires harmonizing imaging pipelines, clinical variables, and
outcome definitions across cohorts. We also do not directly benchmark against
feature selection or interaction discovery methods. Because these methods return
selected variables, explicit interaction terms, model explanations, or dependency
structures rather than repeated node/edge evidence, a fair comparison requires a
protocol that maps their outputs into comparable node- and edge-level evidence.
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4 Conclusion

This work proposed EGL as a paradigm for clinical knowledge discovery, framing
discovery as learning an evidence-grounded graph rather than selecting a single
best feature set. EGL combines an online paired-evidence ledger for node and
edge effects with an Ising-form subset distribution updated by score-function
learning. EGL-LLM further adds an auditable LLM control plane that steers
subset sampling and probe pairing under the same estimands and probe budget.
On COPDGene CVD outcome modeling with CT-derived cardiac phenotypes
and clinical variables, the method shows stable convergence of core evidence,
recovers clinically plausible dominant factors, and reveals predominantly nega-
tive, redundancy-oriented interaction structure among correlated risk markers.
Semantic steering redirects evidence acquisition toward alternative interaction
neighborhoods while preserving the dominant node core. The current study re-
mains cohort-level; multi-cohort validation and fair comparisons with feature-
selection or interaction-discovery methods require additional harmonization pro-
tocols and are important future work.
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