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Abstract

Reliable clinical prediction requires both
accuracy and principled uncertainty quan-
tification, so that a model can flag cases
where it lacks a coherent basis for its pre-
diction and defer to a clinician. We in-
troduce the Temporal Epistemic Graph of
Thought (TEGoT), a framework that fuses
free-text clinical notes with structured tem-
poral events and models uncertainty over
latent reasoning structure. Patient trajec-
tories are represented as temporal graphs
integrated with note embeddings, and a
variational reasoning graph induces a distri-
bution over latent topologies, decomposing
predictive uncertainty into aleatoric, epis-
temic, and structural components, where
structural uncertainty measures variability
across inferred reasoning graphs. On a ret-
rospective MIMIC-IV ICU mortality task,
using structured events available before
12 hours and discharge-summary-derived
note embeddings as a proof-of-concept text
source, TEGoT reaches AUROC 0.931,
AUPRC 0.655, and ECE 0.021 after tem-
perature scaling, comparable to or above
tabular, neural, and graph baselines un-
der the same cohort. Structural uncer-
tainty gives stronger error detection (AU-
ROC 0.724) than standard epistemic un-
certainty (0.681), and its weak correlation
with epistemic uncertainty (ρ=0.19) indi-
cates a complementary signal rather than
a repackaging of dropout variance. Using
this signal for selective prediction raises re-
tained AUROC from 0.931 to 0.963 at 50%
coverage, with a net benefit of +0.083 over
treat-all and a decision-curve-positive range
of [0.05, 0.42], supporting reliable absten-
tion. We argue that the social value of a
clinical model should be measured not by
discrimination alone but by the harm it
averts when it defers, and we show that
net benefit and risk–coverage trade-offs of-
fer concrete, deployment-relevant ways to

quantify that benefit.

1 Introduction

Clinical prediction in the ICU requires accurate
reasoning over irregular temporal event streams,
integration of structured measurements and
free-text clinical notes, and uncertainty esti-
mates that reflect when predictions are unreli-
able (Choi et al., 2016; Gao et al., 2020; Haru-
tyunyan et al., 2019). Despite advances in ma-
chine learning, current systems remain funda-
mentally limited in their ability to represent un-
certainty over their reasoning processes (Hager
et al., 2024; Cui et al., 2025). Existing ap-
proaches largely quantify uncertainty at the
level of outputs, providing little insight into
whether the reasoning pathway leading to a
prediction is coherent or well-supported (Lak-
shminarayanan et al., 2017; Kumar et al., 2018).

This limitation is particularly evident in lon-
gitudinal clinical settings, where correct pre-
dictions depend on structured reasoning over
temporally distributed evidence. Prior work
shows that models struggle to integrate infor-
mation across timelines, exhibit strong recency
bias, and are sensitive to the order and quantity
of inputs, often producing plausible but incor-
rect reasoning chains. These failures reflect
a broader issue: current architectures lack ex-
plicit representations of reasoning structure and
do not account for uncertainty over alternative
reasoning paths (Kipf et al., 2018; Franceschi
et al., 2019; kat, 2025). We frame structural
uncertainty not only as a modeling contribution
but as a measurable axis of positive impact: a
signal whose value is quantified by the harm it
averts when the model defers, rather than by
discrimination alone.

Standard uncertainty quantification meth-
ods, including dropout, ensembles, and eviden-
tial approaches, estimate parameter or output
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uncertainty while treating reasoning as deter-
ministic. As a result, they cannot distinguish
between confident predictions supported by co-
herent reasoning and those arising from un-
stable or ill-defined reasoning pathways. This
creates a critical gap in high-stakes settings,
where reliability depends not only on predictive
accuracy but also on the validity and stability
of the reasoning process itself.

Temporal Epistemic Graph of Thought
(TEGoT) addresses this gap by modeling rea-
soning as a distribution over latent graph struc-
tures grounded in temporal clinical data (Fu
et al., 2019). Patient trajectories are repre-
sented as temporal graphs with explicit times-
tamp encoding, ensuring that temporal order
is treated as a structural property rather than
a positional artifact. A variational reasoning
graph induces a posterior over reasoning topolo-
gies, enabling decomposition of predictive un-
certainty into aleatoric, epistemic, and struc-
tural components. Structural uncertainty, de-
fined as variability across inferred reasoning
graphs, captures instability in the reasoning
process itself. As shown in Figure 3, this signal
is weakly correlated with parameter uncertainty
yet provides stronger error detection, indicating
that it reflects complementary failure modes.
We use ‘reasoning structure’ in a model-internal
sense: the sampled graph represents latent com-
putational pathways used by the model, not
clinician-interpretable causal or diagnostic rea-
soning steps. 1

2 Related Work

Clinical prediction from electronic health
records has used attention over visit sequences
and stage aware recurrent models (Choi et al.,
2016; Gao et al., 2020; Harutyunyan et al.,
2019). A parallel line encodes clinical text with
domain language models; we build on BioMis-
tral, an open medical language model, to embed
note sentences (Labrak et al., 2024). Meth-
ods for structure learning in graphs and neural
relational inference motivate our variational
reasoning graph (Kipf et al., 2018; Franceschi
et al., 2019; kat, 2025). Combining graph neu-

1We use Graph of Thought to mean a latent reason-
ing graph sampled inside the model. This is distinct
from Graph of Thoughts prompting for large language
models, which arranges explicit prompt level reasoning
steps.

ral networks with text representations has also
proven effective in other applied detection set-
tings (Syam et al., 2025). For uncertainty,
deep ensembles and trainable calibration es-
timate output or parameter uncertainty (Lak-
shminarayanan et al., 2017; Kumar et al., 2018);
we add uncertainty over reasoning structure.

Recent benchmarks for interactive LLM
agents likewise find that sustained social and
strategic reasoning remains brittle (Wang et al.,
2026). Complementary evaluations of causal
reasoning in clinical scenarios similarly show
that current LLMs remain inconsistent on inter-
vention and counterfactual questions (Bhasuran
et al., 2026). Similar reasoning failures occur
in radiology reporting where models exploit su-
perficial text artifacts instead of true clinical
entailment (George et al., 2026).

3 Method

We fix the prediction time at t=0, taken as
12 hours after ICU admission, and build the
structured event graph from data recorded be-
fore t=0. Given these structured events E
and the clinical note text N for the stay, the
goal is to estimate in hospital mortality to-
gether with a decomposition of predictive uncer-
tainty. Throughout, prediction window refers
to this fixed observation window rather than
any causal guarantee. We note that the note
text in the current model is drawn from dis-
charge summaries, which are authored at the
end of the stay; we treat the resulting note tim-
ing as a threat to validity and return to it in
the Limitations. Each ICU stay is mapped to a
heterogeneous temporal graph with patient cen-
tered, within type temporal, and cross modal
edges. Temporal positions are encoded via a
learned sinusoidal function (equation 1) with
16 learnable frequencies,

TE(t) = Proj
(
[sin(tf), cos(tf),

t/720, log(1 + |t|)]
)
,

(1)

where t is measured in hours relative to t=0,
so the t/720 term normalizes against a roughly
30 day horizon and log(1+|t|) compresses long
gaps. The learned frequency f=exp(flearned)
is clamped at 100 to keep the highest frequency
below the resolution of hourly timestamps and
to avoid aliasing. The encoding is added to
node feature projections before message pass-
ing.

483



Because discharge summaries are generated
after the prediction time, note-derived features
may encode information unavailable at 12 hours.
We therefore interpret experiments involving
discharge-summary text as proof-of-concept evi-
dence for the structural-uncertainty mechanism,
not as a fully prospective early-warning evalua-
tion.

BioMistral 7B is adapted with LoRA on
MIMIC-IV-Note 2.2 discharge summaries. At
inference, sentence level note embeddings are
projected to 384 dimensions and used as the
key value bank for cross attention. The full
LoRA configuration, note segmentation, and
sentence selection are listed in Appendix A.

The pipeline proceeds in six stages (Fig-
ure 1). Stage A passes the heterogeneous graph
through a two layer HeteroGATv2 encoder (hid-
den 128), producing hG ∈ R256. Stage B fuses
hG with note sentence embeddings via cross
attention and gating, yielding hfused ∈ R256.
Stage C instantiates the VRG: ten typed reason-
ing nodes with Bernoulli edges whose posteri-
ors q(e | data) are computed by cross attention
from hfused, with edges sampled using Gumbel
Sigmoid reparameterization. The ten nodes are
latent and abstract. Each is a typed slot that
the decoder can use as an intermediate reason-
ing state, and none is tied to a named clinical
concept. We set the count to ten as a fixed
capacity choice: small enough to keep the di-
rected edge posterior over 10×9 candidate edges
tractable under 50 forward passes, and large
enough to exceed the number of structured
node types. A systematic sweep over this count
is left to future work. Stage D runs a two round
GRU reasoning decoder over the sampled graph,
producing hreasoning ∈ R256. Stage E combines
the reasoning output with a weak skip from the
fused encoder, h = hreasoning + g · hfused, where
g = σ(w) is initialized at g ≈ 0.12. Stage F
performs factored Monte Carlo inference.

At inference, Kd=5 independent dropout
masks are paired with Kg=10 independent
Gumbel edge samples each, totaling 50 forward
passes. Letting p(d,g) denote the predicted mor-
tality probability for mask d and sample g, an

Algorithm 1 TEGoT factored Monte Carlo
inference
Require: temporal graph G, note embeddings

N , counts Kd=5, Kg=10
1: hG ← HeteroGATv2(G) ▷ Stage A
2: hfused ← CrossAttnFuse(hG, N) ▷

Stage B
3: compute edge posteriors q(e | data) from

hfused ▷ Stage C
4: for d← 1 to Kd do
5: sample dropout mask md

6: for j ← 1 to Kg do
7: sample reasoning graph G(j) via

Gumbel Sigmoid
8: h← GRUDecode(G(j);md) ▷

Stage D
9: h← h+ gs · hfused ▷ Stage E

10: p(d,j) ← σ(Head(h))
11: end for
12: end for
13: aggregate {p(d,j)} into ŷ and the terms of

Eq. (1) ▷ Stage F

ANOVA style factorization gives

uepistemic = Vard

[
Eg[p

(d,g)]
]
,

ustructural = Varg

[
Ed[p

(d,g)]
]
,

ualeatoric = Ed,g

[
H(p(d,g))

]
(2)

ustructural is residualized against graph node
count by fitting a linear regression of raw struc-
tural uncertainty on the number of graph nodes
across the test set and keeping the residual.
This removes the confound that larger graphs
carry more edges and therefore more edge sam-
pling variance. We define total uncertainty as
utotal=ualeatoric+uepistemic+ustructural. The two
variance terms each condition on a single fac-
tor and omit the interaction term, so they are
not a complete partition of total predictive vari-
ance. We also note that ualeatoric is an expected
entropy while uepistemic and ustructural are vari-
ances of probabilities, so the three terms are
not on the same numerical scale; we therefore
compare them only through their downstream
error detection ranking, not by raw magnitude.
The training objective combines class weighted
BCE, a cyclical KL with a per edge floor, a
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Table 1: Notation used in the method.

Symbol Meaning

E structured events before t=0
N clinical note text for the stay
hG temporal graph embedding (Stage A)
hfused fused note and graph state (Stage B)
q(e | data) Bernoulli edge posterior (Stage C)
hreasoning reasoning decoder output (Stage D)
gs learned skip gate (Stage E)
Kd,Kg dropout and edge sample counts
p(d,g) mortality probability for mask d, sample

g
u(·) aleatoric, epistemic, structural uncer-

tainty

logit regularizer, and a calibration term:

L = BCE(ŷ, y; pos_weight=3.0)

+ βcyc
∑

i

max(KLi, 0.02)

+ λreg Llogit + λcal ECE,

(3)

where βcyc follows a cyclical schedule (Fu et al.,
2019) resetting to zero every five epochs and
rising to βmax=0.01. The 0.02 nat floor ensures
every edge retains a data dependent posterior
and prevents collapse.

4 Experiments and Results

The cohort is drawn from MIMIC IV 3.1 and
MIMIC IV Note 2.2, restricted to ICU stays of
at least 12 hours. A patient level split strati-
fied by mortality yields 8,000 training patients
(15.0% mortality), 1,200 model validation pa-
tients (14.7%), 300 calibration patients (15.3%),
and 1,500 test patients (14.9%), with no pa-
tient overlap across splits. Training runs for 15
epochs with learning rate 5×10−5 (cosine decay,
15% warmup), effective batch size 32, regular-
ization dropout 0.50, MC inference dropout
0.15, weight decay 5×10−3, gradient clip 0.5,
and pos_weight=3.0. Temperature is fit on
the held out calibration split. We report two
seeds (42 and 1337). The AUROC standard
deviation across these two seeds is 0.007. We
treat this as a rough stability check rather than
a robust variance estimate, since two seeds are
too few to characterize seed sensitivity, and we
list a larger seed study under future work.

Baselines span a SOFA score, Logistic Regres-
sion on pooled tabular summaries, a three layer
MLP (256, 128, 64), a single seed GATv2, and
a three seed GATv2 Deep Ensemble, all sharing

the same cohort and preprocessing. Because
TEGoT introduces both a text modality and
the variational reasoning graph, we additionally
report a multimodal baseline that consumes the
same note embeddings through the same cross
attention fusion but replaces the VRG with
an MLP head. This isolates the contribution
of the reasoning module from that of the text
modality: the multimodal baseline reaches AU-
ROC 0.893, so 3.8 of the 8.8 point gain over
Logistic Regression is attributable to the rea-
soning graph rather than to notes alone. Ta-
ble 2 reports discriminative performance with
1,000 resample bootstrap confidence intervals,
and Figure 2 shows ROC curves and reliability
diagrams. TEGoT reaches AUROC 0.931, im-
proving over the Deep Ensemble by 4.4 points
and over Logistic Regression by 8.8 points, with
ECE 0.021 after post hoc temperature scaling
versus 0.034 for the Deep Ensemble. At the
Youden’s J threshold 0.347, TEGoT attains
sensitivity 0.821, specificity 0.874, PPV 0.573,
NPV 0.961, and net benefit +0.083 over treat
all; decision curve analysis is positive for thresh-
old probabilities in [0.05, 0.42].

Paired bootstrap tests against the TEGoT en-
semble confirm significance across the full base-
line stack and all ablations (Table 3); all deltas
remain significant under Holm–Bonferroni cor-
rection at α=0.05.

5 Uncertainty Analysis

Table 4 shows that residualized structural un-
certainty attains the strongest error detec-
tion AUROC (0.724), exceeding MC dropout
(0.681), while Figure 3 shows only weak cor-
relation with uepistemic (ρ=0.19). For positive
impact, the practical payoff is reliable absten-
tion: a model that recognizes when its own
reasoning is unstable can defer to a clinician
rather than issue an overconfident prediction,
which is the safety property that matters most
in high stakes care.

Figure 4 shows that deferring on structurally
uncertain cases yields the strongest selective
prediction, improving retained AUROC from
0.931 to 0.963 at 50% coverage and modestly
outperforming epistemic deferral.

Posterior diagnostics confirm a healthy, data
dependent reasoning posterior: mean per edge
KL 4.17 nats, 98.4% of edges above the 0.02 nat

485



Visit 1 Visit 2 Visit n⋯

Note ⋯

Diagnosis (ICD) ⋯

Medication ⋯

Lab Test ⋯

Procedure ⋯

Vital / Observation ⋯

Demographics (Static) ⋯

Time
CLINICAL NOTE FUSION

BioMistral-7B
(LoRA Adapted)

❄

Cross-Attention 
Fusion

•••

Note Embedding

TEMPORAL GRAPH ENCODER

Temporal Encoding

•••

•••

Graph Embedding

VARIATIONAL REASONING MODULE

Gumbel Edge Sampling
(τ scheduled)

GRU Reasoning Decoder

KL Annealing

•••

Reasoning Embedding

GATED SKIP
CONNECTION

(Learnable)

+
⋮

Patient-level
Representation

Sk
ip

 C
on

ne
ct

io
n

σ

Structured Events Clinical Notes

(a) EHR Cohort

(b) Patient Timeline (c) Model Architecture
1) PATIENT EMBEDDING SPACE (t-SNE) 2) LATENT CLINICAL GRAPH

Target Patient

Low-Risk Patients

High-Risk Patients

Other Patients

Diagnoses (ICD)

Medications (Rx)

Lab Tests

Procedures

Other Clinical Entities
(Encounters, Notes, etc.)

Temporal Edges

(d) Learned Representations (e) Clinical Decision Support

Figure 1: Top: structured events (diagnoses, medications, labs, procedures, vitals) and clinical notes
are drawn from MIMIC-IV; the 300K patient and 1B record counts refer to the full source database,
while the study cohort is a defined subset of about 11,000 ICU stays. Middle: each stay is encoded as
a heterogeneous temporal graph (Stages A–B), fused with LoRA-adapted BioMistral note embeddings
via cross attention, then passed to the variational reasoning module that samples reasoning topologies
through Gumbel edge sampling under a cyclical KL schedule (Stage C), decodes them with a GRU, and
combines the result through a learnable gated skip (Stages D–E). Bottom: the patient embedding space
and a sampled latent clinical graph, illustrating how risk prediction is paired with aleatoric, epistemic, and
structural uncertainty to support safer clinical decisions. Note text is drawn from discharge summaries;
its timing relative to the prediction point is discussed in the Limitations.
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Table 2: Main results on the test set (n=1,500). CIs from 1,000 bootstrap resamples. ECE and max
reliability deviation measured after post hoc temperature scaling (T=1.05 for seed 42, T=1.10 for seed
1337). A dash in the ECE column marks scores that were not temperature scaled: SOFA is an uncalibrated
severity score, and the single seed GATv2 rows were left uncalibrated since calibration is reported for the
ensemble.

Method AUROC [95% CI] AUPRC [95% CI] Brier BSS ECE

SOFA score 0.762 [0.734, 0.789] 0.441 [0.409, 0.474] 0.112 0.118 –
Logistic Regression 0.843 [0.818, 0.867] 0.548 [0.512, 0.583] 0.098 0.228 0.047
MLP (256, 128, 64) 0.871 [0.849, 0.893] 0.581 [0.547, 0.616] 0.094 0.260 0.039
GATv2 (seed 42) 0.876 [0.854, 0.897] 0.590 [0.556, 0.624] 0.091 0.283 –
GATv2 (seed 1337) 0.879 [0.857, 0.900] 0.594 [0.560, 0.629] 0.090 0.291 –
Deep Ensemble (GATv2 × 3) 0.887 [0.866, 0.907] 0.604 [0.570, 0.638] 0.088 0.307 0.034
Multimodal GATv2 + notes (no VRG) 0.893 [0.872, 0.913] 0.608 [0.576, 0.641] 0.085 0.331 –
TEGoT (seed 42) 0.924 [0.907, 0.941] 0.649 [0.617, 0.681] 0.079 0.378 0.022
TEGoT (seed 1337) 0.937 [0.921, 0.953] 0.662 [0.631, 0.693] 0.077 0.394 0.020
TEGoT (mean over 2 seeds) 0.931 [0.918, 0.950] 0.655 [0.623, 0.687] 0.078 0.386 0.021

Figure 2: Performance and calibration on the test set. (a) ROC curves; TEGoT reaches AUROC 0.931.
(b) Reliability diagrams after post hoc temperature scaling; TEGoT reaches ECE 0.021 with near diagonal
calibration.

Table 3: Paired bootstrap significance vs. TEGoT
(mean over 2 seeds).

Comparison ∆AUROC 95% CI p

Log. Regression +0.088 [.065, .112] <.001
MLP +0.060 [.038, .083] <.001
Deep Ensemble +0.044 [.022, .066] <.001
No Reasoning +0.038 [.017, .059] .001
No Notes +0.031 [.011, .051] .003
No Temporal +0.027 [.007, .047] .008

floor, 61.8% bimodal edges (q>0.8 or q<0.2),
mean posterior q of 0.48, and mean q variance
across passes of 0.041. The skip gate converged
from 0.12 at initialization to 0.381 on average
across seeds (Table 9). As a single auxiliary
check, freezing the gate at its initial value of
0.12 lowers AUROC by 0.018; we report this
here rather than in the main ablation tables. A

Table 4: Error detection performance by uncer-
tainty type.

Uncertainty type Error AUROC ρ vs. |ŷ−y|
Naive |p−0.5| 0.598 0.341
ualeatoric 0.632 0.388
uepistemic (MC dropout) 0.681 0.429
ustructural (raw) 0.707 0.451
ustructural (resid.) 0.724 0.473
utotal 0.718 0.462

split conformal wrapper at 90% target coverage
reaches empirical coverage 91.2% with mean
interval width 0.214 for TEGoT, narrower than
the Deep Ensemble (90.8%, 0.241) and Logis-
tic Regression (90.4%, 0.263), consistent with
better base calibration.
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Figure 3: Spearman ρ between uncertainty types.
The cell at ρ=0.19 between structural and epistemic
indicates a complementary signal, not a repackaging
of MC dropout uncertainty.

6 Ablations

Table 5 shows that KL annealing, reasoning,
note fusion, and temporal encoding each con-
tribute materially, with KL annealing having
the largest effect.

Table 7 isolates the note encoder. Replacing
fine tuned BioMistral with static MiniLM sen-
tence embeddings drops AUROC by 2.4 points;
removing notes entirely drops it by 3.1 points.
A temporal note node variant inserting sentence
embeddings as time stamped graph nodes yields
a marginal gain (0.933) and is excluded from
the main model on implementation grounds.
Table 6 exposes the VRG posterior: a determin-
istic reasoning graph reaches 0.908; variational
edges under monotonic KL collapse (KL 0.0001,
0.3% bimodal) and underperform the deter-
ministic variant; cyclical annealing without a
floor recovers most of the gain; the full cyclical
schedule with floor delivers the strongest poste-
rior health and AUROC. Table 8 confirms that
learned sinusoidal encoding beats fixed sinu-
soidal (Vaswani style) by 1.2 points and linear
absolute time encoding by 2.0 points, with the
time gated decay variant within 0.1 points of
the main model.

7 Discussion and Conclusion

Uncertainty over reasoning structure is an un-
derexplored axis in current epistemic modeling.
Prior approaches focus on parameter or out-
put uncertainty and assume a fixed reasoning
pathway; TEGoT instead models reasoning as
a distribution over latent structures, enabling
explicit quantification of uncertainty in how
a prediction is formed. The weak correlation
(ρ=0.19) between ustructural and uepistemic, to-
gether with a 4.3 point gain in error detection
AUROC over MC dropout (0.724 versus 0.681),
shows that structural uncertainty captures fail-
ure modes not reflected in dropout based pa-
rameter uncertainty. This error detection gain
is distinct from the 4.4 point predictive AU-
ROC improvement over the Deep Ensemble
reported in Section 4.

This distinction has direct clinical implica-
tions. Epistemic uncertainty reflects instabil-
ity under parameter perturbations, whereas
structural uncertainty reflects variability in in-
ferred reasoning pathways, and the two regimes
support different actions, such as additional
data collection versus a second opinion. Tem-
poral failure modes such as order sensitivity,
recency bias, and boundary violations are miti-
gated by representing time as structured node
features rather than prompt positions and by
modeling each ICU stay as a separate graph.
Overconfident reasoning is addressed by sam-
pling structures from a posterior with a per-
edge KL floor, so that diffuse posteriors raise
structural uncertainty and trigger selective ab-
stention. Posterior diagnostics (mean per edge
KL 4.17 nats, 61.8% bimodal edges, and skip
gate convergence from 0.12 to 0.381 on aver-
age) indicate a data dependent, non collapsed
posterior. We caution, however, that the ten
reasoning nodes are abstract latent slots and
are not validated against clinician judgment, so
the sampled graphs should be read as a mod-
eling device that supports abstention, not as
clinically interpretable explanations.

Measuring positive impact: A recurring
difficulty in deploying clinical AI is that dis-
crimination metrics such as AUROC do not
capture the social consequence of a confident
wrong prediction. Our results suggest a com-
plementary measurement principle: quantify
impact through selective behavior, using net

488



Figure 4: Selective prediction. (a) Risk–coverage curves by uncertainty type; residualized structural
uncertainty achieves a +0.005 retained AUROC over MC dropout at 50% coverage. (b) Error detection
AUROC; residualized structural uncertainty leads at 0.724, a +0.043 improvement over MC dropout.

Table 5: Component ablations. ∆ vs. full TEGoT. Significance from paired bootstrap: ∗p<0.05, ∗∗p<0.01,
∗∗∗p<0.001.

Ablation Type AUROC [95% CI] ∆AUROC AUPRC BSS

Full TEGoT – 0.931 – 0.655 0.386
No notes (BioMistral masked) Inference 0.900 [0.880, 0.919] −0.031∗∗ 0.617 0.348
No temporal encoding Inference 0.904 [0.885, 0.922] −0.027∗∗ 0.622 0.354
Deterministic edges (argmax) Inference 0.912 [0.893, 0.930] −0.019∗ 0.631 0.362
No reasoning (MLP bypass) Trained 0.893 [0.872, 0.913] −0.038∗∗ 0.608 0.331
Static MiniLM (no BioMistral) Trained 0.907 [0.887, 0.926] −0.024∗ 0.624 0.355
No cross modal edges Trained 0.919 [0.900, 0.937] −0.012 0.645 0.374
No KL annealing Trained 0.881 [0.860, 0.902] −0.050∗∗∗ 0.597 0.311

benefit from decision curve analysis and re-
tained performance under coverage as proxies
for averted harm. Under this lens, TEGoT at-
tains a net benefit of +0.083 over treat-all and
remains decision-curve-positive across thresh-
old probabilities in [0.05, 0.42], and deferring
on structurally uncertain cases raises retained
AUROC from 0.931 to 0.963 at 50% coverage.
Calibration alone is insufficient for this pur-
pose: Logistic Regression reaches ECE 0.047
yet remains 8.8 AUROC points lower, show-
ing that well-calibrated predictions can still
lack discriminative power. We therefore view a
model’s willingness and ability to abstain, mea-
sured in clinically meaningful units of averted
harm, as a more faithful indicator of positive
impact than accuracy in isolation.

Conclusion: TEGoT shows that modeling
uncertainty over latent reasoning structure pro-
vides a distinct and practically useful signal
beyond conventional output level uncertainty.
By representing clinical inference as a distribu-
tion over temporal reasoning graphs, the frame-
work detects unreliable predictions arising from
unstable reasoning pathways and supports se-

lective abstention in high stakes settings. These
findings suggest that uncertainty over reason-
ing structure, evaluated through its measurable
effect on averted harm, is a promising direction
for more reliable and self-aware clinical decision
support.

Inference cost: The 50 forward passes raise
cost relative to a single pass model, but ICU
mortality scoring is periodic rather than la-
tency critical: scores are refreshed on a fixed
schedule, can be batched across patients, and
the passes are independent and parallelizable.
Amortized posterior inference, which replaces
sampling with a single learned approximation,
is a natural way to remove this overhead and
is left to future work.

Limitations

We see several directions where the present ev-
idence can be strengthened, and we state them
plainly here. Our evaluation is built on a single
retrospective cohort from MIMIC-IV, so the
reported numbers should be read as evidence
within this setting rather than as a claim of
generalization across hospitals, patient mixes,
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Table 6: Reasoning graph ablations.

VRG configuration AUROC KL Bimod. qvar

No reasoning (MLP bypass) 0.893 – – –
Fixed edges (no var.) 0.908 – – –
Variational, monotonic 0.881 0.0001 0.3% 0.0001
Cyclical KL (no floor) 0.914 3.21 31.4% 0.0183
Cyclical KL + floor 0.931 4.17 61.8% 0.0412

Table 7: Note encoder ablations.

Note encoding AUROC AUPRC

No notes 0.900 0.617
Static MiniLM (384d, frozen) 0.907 0.624
BioMistral sentence emb. (frozen) 0.916 0.637
BioMistral LoRA (fine tuned) 0.931 0.655
+ temporal note nodes 0.933 0.658

Table 8: Temporal encoding ablations.

Temporal encoding AUROC ∆

No temporal encoding 0.904 −0.027
Absolute time (linear, normalized) 0.911 −0.020
Fixed sinusoidal (Vaswani) 0.919 −0.012
Learned sinusoidal (TEGoT) 0.931 –
Learned sinusoidal + gated decay 0.930 −0.001

or time periods. We report two seeds, which
is enough for a basic stability check (AUROC
standard deviation 0.007) but not enough to
characterize seed sensitivity; under our avail-
able compute budget a larger seed study was
not feasible for this version, and we therefore
refrain from any claim about architectural ro-
bustness that rests on variance estimates. In-
ference uses 50 forward passes, which raises
compute relative to a single pass model; as dis-
cussed above, this is tractable for periodic ICU
scoring and is a natural target for amortized
inference.

The constraint most relevant to interpret-
ing our results is note timing. The current
model draws note text from discharge sum-
maries, which are authored at the end of the
stay rather than within the observation window.
We are explicit that this makes the reported
figures optimistic for the mortality task. We
did not have the compute budget to complete a
windowed rerun for this version, and we there-
fore report the structured-only configuration
(AUROC 0.900) as the leakage-free reference
and treat the note-augmented figures as an up-
per bound rather than a deployable estimate.
The natural windowed source is the radiology-

Table 9: Per seed reproducibility.

Metric Seed 42 Seed 1337 Mean ± Std

AUROC 0.924 0.937 0.931± 0.007
AUPRC 0.649 0.662 0.655± 0.007
Brier 0.079 0.077 0.078± 0.001
BSS 0.378 0.394 0.386± 0.008
ECE 0.022 0.020 0.021± 0.001
T (post hoc) 1.05 1.10 1.075
Skip gate (final) 0.384 0.377 0.381

report subset of MIMIC-IV-Note 2.2, which car-
ries chart times and can be filtered to reports
stored before the 12 hour mark; we identify
this rerun, together with re-estimation of the
structural-uncertainty signal under that restric-
tion, as the single most important next step.
Finally, the ten reasoning nodes are latent slots
rather than clinician-validated concepts, so the
sampled graphs are best read as a modeling
device that supports abstention, not as clini-
cal explanations; extending the evaluation with
stronger temporal baselines, a text-only clinical
baseline, and within-dataset robustness checks
such as temporal-split and subgroup analysis
is the clearest path to firmer evidence.

Ethical and Societal Implications

This work uses MIMIC-IV and MIMIC-IV-
Note under the PhysioNet credentialed data
use agreement, on de identified records, with
no attempt at re identification. The system is
decision support, not an autonomous decision
maker. Its positive impact is a safety mecha-
nism: by quantifying uncertainty over reason-
ing structure, the model can abstain on unsta-
ble cases and route them to a clinician. We cau-
tion against automation bias and recommend
surfacing the abstention signal rather than a
single score. This concern echoes broader ef-
forts to embed explicit safety constraints into
clinical language systems (Arun et al., 2025).
Because the cohort reflects the source hospitals,
subgroup performance may vary and should be
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checked before any use that affects care.
Code Availability:

https://github.com/GIND123/Temporal-
Epistemic-Graph-of-Thought-TEGoT
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A Reproducibility Details

This appendix lists settings not already given
in the main text.

Cohort: MIMIC-IV 3.1 and MIMIC-IV-Note
2.2, ICU stays of at least 12 hours, in hospital
mortality target. A mortality stratified patient
level split gives 8,000 training, 1,500 validation
(1,200 model selection, 300 calibration), and
1,500 test stays, with no patient crossing splits
and a training prevalence of 0.150.

Note encoder: BioMistral-7B is domain
adapted by continued pretraining on raw
MIMIC-IV notes with LoRA (rank 16, alpha
32, dropout 0.10) on the attention and MLP
projections, in bfloat16 with Flash Attention
2. Note sentences are then embedded with this
adapted model and projected to 384 dimensions
for cross attention.

Training: TEGoT trains for 15 epochs with
AdamW, cosine decay, 15% warmup, weight
decay 5×10−3, effective batch 32, and gradient
clipping at 0.5. Temperature scaling is fit on
the calibration split.
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Baselines: Logistic Regression and the MLP
use standardized pooled tabular features;
GATv2 reuses the graph encoder with a sim-
ple head and is reported as a single seed and
a three seed ensemble. SOFA is the standard
severity score from the structured variables. All
baselines share the cohort and preprocessing.
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