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Abstract—Clinical decisions, such as diagnosing conditions,
prescribing medications, and recommending procedures, are
rarely made with absolute certainty. Instead, they reflect prob-
abilistic judgments shaped by evolving patient information
and incomplete evidence. However, current EHR systems and
knowledge graphs encode such decisions as deterministic triples,
lacking a mechanism to represent the subjective confidence
inherent in clinical reasoning. We present JudgEHR, a frame-
work for clinical decision confidence estimation that leverages
large language models (LLMs) to perform cohort-based collective
inference over structured patient records by representing clinical
events as knowledge graph triples and integrating them into
LLM prompts. JudgEHR groups related clinical concepts into
cohorts using LLM-driven relational inference, and then jointly
evaluates the plausibility of all clinical decision triples within
each cohort by considering patient visit history and background
medical knowledge. We apply our method to the MIMIC-III
dataset. Our statistical analysis shows that JudgEHR generates
semantically consistent confidence scores, with similar concepts
receiving closer values, whereas dissimilar replacements yield
large confidence differences. Experiments on the MIMIC-III
dataset show that incorporating the confidence into a zero-shot
LLM-based pipeline improves relative AUROC by 14.6% and
AUPRC by 21.8% on the mortality prediction task.

Index Terms—Confidence Estimation, Large Language Mod-
els, Personalized Knowledge Graph, Electronic Health Records,
Clinical Decision Support, Uncertainty Modeling

I. INTRODUCTION

Clinical knowledge graphs (KGs) have become increasingly
important for representing structured information extracted
from electronic health records (EHRs), supporting downstream
applications such as diagnosis prediction, medication recom-
mendation, outcome forecasting and misinformation detec-
tion [1]–[4]. However, these graphs typically encode medical
facts such as diagnoses, medications, or procedures as deter-
ministic triples, without capturing the inherent uncertainty that
characterizes real-world clinical decision-making.

In practice, clinicians rarely make binary, definitive deci-
sions. Instead, medical reasoning involves probabilistic judg-
ments based on incomplete and evolving patient data [5], [6].
For instance, a patient may show some but not all indicators
for a condition, or be prescribed a treatment as a precaution
rather than a certainty. Such situations call for an epistemic
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representation of confidence: not merely reflecting data noise
or distributional uncertainty, but capturing how likely a clinical
fact holds true, given the available evidence and patient-
specific context.

Existing approaches to uncertainty modeling in knowledge
graphs, such as probabilistic embeddings [7], [8] or truth
discovery frameworks [9], primarily focus on generic data
reliability or symbolic conflicts. However, these techniques
still face challenges when applied to clinical settings. Most
require access to large amounts of ground-truth labels or
probabilistic supervision, which are rarely available in EHR
data [1], [10]. For example, many clinical events in EHRs
are only weakly annotated or inferred from billing codes,
and gold-standard outcome labels (such as true diagnosis
or disease progression) are typically unavailable outside of
curated research cohorts. Furthermore, modeling the temporal
relationships and evolving context across patient visits re-
mains difficult for traditional approaches [11]. Our method,
in contrast, enables unsupervised, context-aware confidence
estimation by leveraging LLM-driven relational reasoning over
current and historical visits, without relying on labeled data.

Designing confidence estimation mechanisms for clinical
knowledge is inherently challenging [1], [12], [13]. Clinical
data is highly heterogeneous, comprising diagnoses, medica-
tions, and procedures, each with distinct semantics, temporal
dynamics, and measurement reliability [3], [10]. Furthermore,
observations within the same visit are often interdependent,
requiring joint reasoning over related triples. For example,
the presence of a symptom may support or contradict a
diagnosis [5], [14]. Supervised confidence estimation is further
complicated by the scarcity of medical ground truth and the
prevalence of weak or noisy labels in real-world EHRs [1],
[15]. Finally, even if large language models (LLMs) offer
powerful reasoning capabilities, their numeric estimates can
be unstable and highly sensitive to prompt design, posing
significant calibration and reliability challenges in safety-
critical clinical applications [16]–[21].

To address these challenges, we propose JudgEHR, a dy-
namic confidence estimation framework for personalized clin-
ical knowledge graphs. It provides fine-grained, interpretable
confidence scores for clinical triples, integrating both patient-
specific medical history and external medical knowledge.
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To handle heterogeneous and interdependent observations,
we cluster semantically related clinical concepts and employ
LLM-based collective inference for joint confidence scoring.
To mitigate LLM calibration issues and reduce hallucination,
we incorporate explicit confidence criteria in prompt design,
leverage in-context examples as few-shot guidance, and ag-
gregate cohort-level evidence to encourage consistent, context-
aware scoring. JudgEHR operates fully unsupervised, enabling
reliable, personalized confidence estimation without requiring
expert-labeled data or gold-standard outcomes.

Our main contributions are as follows:
• We propose a novel epistemic-style structured confi-

dence estimation task for structured clinical triples within
patient-specific visits, reflecting context-sensitive diag-
nostic certainty.

• We propose a cohort-based collective inference frame-
work that leverages LLM capability to jointly estimate
confidence values, using relational prompts and anchor-
based grouping strategies.

• We design an evaluation methodology for confidence
estimation in the absence of labels, based on semantic
perturbation and contextual plausibility, enabling robust
comparison without ground truth.

• We demonstrate that incorporating confidence into clini-
cal downstream tasks, such as 30-day mortality prediction
on MIMIC-III, consistently improves performance over
not using confidence, highlighting its practical utility.

II. RELATED WORK

Knowledge Graph Uncertainty and Embedding-Based
Methods. Uncertainty modeling in knowledge graphs
(KGs) has attracted substantial attention, primarily through
embedding-based methods such as TransE [22], RotatE [23],
ComplEx [24], and holographic embeddings [25]. These ap-
proaches quantify triple plausibility through embedding dis-
tances, effectively capturing semantic relationships and un-
certainty in structured data [7], [26], [27]. Probabilistic ap-
proaches like UKGE [28], ProPPR [29], and BEUrRE [8]
further extend these concepts by explicitly modeling uncer-
tainty via probabilistic representations. More recently, Zhu et
al. [30] propose reasoning over uncertain knowledge graphs
with statistical guarantees, advancing the formal treatment of
KG uncertainty. Nevertheless, such methods primarily focus
on static embeddings or general KG tasks, lacking adaptability
to personalized or dynamically evolving contexts required in
clinical decision-making scenarios.

LLMs for Confidence and Numeric Estimation. Recent
advancements in large language models (LLMs) have facili-
tated numeric confidence estimation in various NLP tasks such
as question answering and text generation [16], [18], [31]–
[34]. Techniques like Chain-of-Thought prompting [35], [36],
self-consistency aggregation [37], [38], and post-hoc calibra-
tion methods [39], [40] significantly improve confidence cali-
bration and alignment with human intuition. While effective in
open-ended textual or isolated inference contexts, these meth-
ods are not explicitly designed for structured relational sce-

narios or clinical specificity, limiting their utility in structured
EHR data and clinical decision support systems. Meanwhile,
LLMs are being increasingly adopted for broader digital health
applications such as conversational patient engagement [41],
further motivating the need for reliable confidence estimation
in clinical contexts.

Clinical and Human-Centric Confidence Modeling. In
clinical settings, uncertainty has been studied through lin-
guistic analyses of physician notes, heuristic methods, and
expert annotations [12], [42]–[44]. Historically, expert systems
like MYCIN employed certainty factors based on manual
annotations [45], and recent machine learning frameworks,
such as InfEHR [46], mainly focus on predictive accuracy
rather than explicitly quantifying clinician confidence. Beyond
healthcare, modeling human decision confidence has been
explored in educational settings [47], crowdsourcing [48],
[49], and financial decision-making [50], typically relying on
explicit confidence labels and extensive user interaction. While
these approaches do not generalize easily to real-time clinical
environments lacking explicit annotations or interaction labels.

III. METHOD AND EVALUATION PROTOCOL

A. Task Definition

We define a novel task: structured confidence estimation
over clinical decision triples. Given a patient’s current visit
vt, we extract a set of structured assertions reflecting medical
decisions made during the visit. Each assertion is represented
as a triple (h, r, t):

• The head h is always the patient entity (e.g., Patient 001);
• The relation r denotes one of three clinically rele-

vant types: has diagnosis, has medication, or under-
went procedure;

• The tail concept t is a UMLS-mapped concept of the cor-
responding type (e.g., Flu, Amlodipine, or Colonoscopy).

We refer to such (Patient, r, t) tuples as clinical decision
triples. These represent structured proxies for clinician judg-
ments made during a patient visit.

Our goal is to estimate a confidence score si ∈ [0, 1] for
each triple in the visit set Tt = {(hi, ri, ti)}, representing how
confident a clinician might be in the truthfulness or contextual
plausibility of the assertion, given the patient’s condition at
time t.

The confidence estimation is contextual and personalized: it
should take into account visit history, co-occurring conditions,
external medical knowledge, and concept correlations within
the same visit. Formally, JudgEHR learns a mapping:

F : (vt, (hi, ri, ti),Context)→ si ∈ [0, 1]

where Context includes previous visits of the same patient,
concept-level background knowledge, and correlation-based
interactions among triples within vt.

The output is a confidence-weighted visit graph, where
each clinical decision triple is annotated with a numeric score
indicating its contextual reliability.
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Fig. 1: Example of JudgEHR applied to MIMIC data. Given visit-level triples and patient history, the system constructs a
concept graph, performs LLM-based reasoning, and produces confidence-weighted outputs.

B. Framework Overview

JudgEHR is a framework for estimating confidence over
structured clinical observations within individual patient visits.
Given a patient’s current visit, the system first extracts a set of
clinically relevant triples. These triples form a structured view
of the visit, serving as the basis for contextual inference. The
overall framework consists of three main stages:

• Triple Extraction and Context Expansion: Following
[3], we begin by extracting structured triples from EHR
records (e.g., diagnosis, medication), and augmenting
them with relevant background knowledge from external
sources such as UMLS and LLM-based concept retrieval.

• Concept Cohort Construction: Within each visit, we
group the clinical decision triples into semantic cohorts
based on the tails of them (i.e., the medical concepts)
from pairwise relations inferred via LLM-based infer-
ence. Each cohort contains concepts that are supportive
or exclusive with respect to at least one member, forming
a semantically connected unit for collective inference.

• LLM-based Confidence Scoring: For each cohort, a
context-aware and carefully crafted prompt is used to
generate a numeric confidence score si ∈ [0, 1], capturing
the plausibility of each clinical decision triple in the
specific cohort. Each prompt includes relevant triples
of the concepts within the cohort, and LLM infers the
confidence of the whole cohort of triples collectively.
Next, the weighted visit graph can be used for different
downstream tasks.

JudgEHR integrates symbolic structure, concept-level cor-
relation, and language model inference into a unified pipeline,
enabling the modeling of subjective decision certainty at scale
across EHR records. Figure 1 illustrates an example.

C. Collective Inference over Visit Concept Cohorts

Building on the extracted decision triples and expanded
background knowledge following [3], we perform cohort-
based collective inference to capture semantic dependencies

among visit concepts. Clinical concepts within a single pa-
tient visit often exhibit complex semantic dependencies. For
example, the condition Hypertension may be supported by the
prescription of Amlodipine (supportive), while a procedure like
Colonoscopy may be clinically incompatible with a diagnosis
of Severe Coagulopathy (exclusive). In contrast, concepts
such as Depression and Appendectomy are generally unrelated
(irrelevant) and should not influence each other’s confidence.
Estimating the confidence of each observation independently
ignores such structure. To address this, we propose a collective
inference strategy that groups related concepts together and
estimates confidence scores in context.

1) Concept Interaction Cohorts construction with LLMs:
Given a set of clinical concepts extracted from a visit, we
first construct a visit-level concept interaction cohort. Each
concept serves as a node, and we query an LLM to infer
pairwise relations. For a pair (ci, cj), the relation is classified
as: Supportive (cj increases the plausibility/confidence of ci),
Exclusive (cj conflicts with or weakens the plausibility of ci),
or Irrelevant (cj is unrelated and should not influence the
interpretation of ci).

Accurately identifying such relations requires world knowl-
edge and clinical reasoning. Recent work has shown that
LLMs are effective at knowledge graph reasoning tasks, in-
cluding relation classification, link prediction, and fact veri-
fication [51]–[54]. Inspired by these successes, we generate
a structured prompt asking the LLM to classify the relation
type based on general medical knowledge and reasoning.
The core content of our relation inference prompt is shown
in box III-C1. The LLM’s classification result is used to
determine whether a pair should be grouped together in the
subsequent confidence estimation step. Only supportive or
exclusive pairs are considered semantically relevant; irrelevant
pairs are ignored to reduce noise and control group size.
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Box III-C1: Relation Inference Prompt

Given the clinical concept pair:
A: Hypertension
B: Amlodipine
Based on medical knowledge and typical usage, what
is the most likely relationship between A and B?
Possible options are:
- Supportive
- Exclusive
- Irrelevant
Please answer with the most appropriate label and a
brief justification.

2) Greedy Cohort Assignment via LLM Inference: We
group concepts into inference-based cohorts via a greedy,
anchor-based strategy. Each unassigned concept is chosen as
an anchor and compared with all remaining concepts. Those
classified as Supportive or Exclusive with respect to the anchor
are added to the same cohort, and assigned concepts are not
revisited as future anchors.

Cohorts are not required to be fully connected: concepts
may be grouped even if they are mutually Irrelevant. For
instance, if c1 relates to both c2 and c3 while c2 and c3 are
irrelevant to each other, all three remain in one cohort. This
implements an anchor-based closure that expands a cohort by
anchor relations rather than enforcing pairwise connectivity.

The procedure is summarized in Algorithm 1.

Algorithm 1 Greedy Cohort Assignment via LLM-Based
Pairwise Inference
Require: Concept set C = {c1, c2, ..., cn}

1: Initialize empty set of cohorts K ← ∅
2: Initialize relation log R ← ∅
3: Mark all concepts as unassigned
4: for each unassigned concept ci ∈ C do
5: Initialize new cohort κ← {ci}, mark ci as assigned
6: for each unassigned concept cj ∈ C \ κ do
7: Query LLM for relation type between ci and cj
8: if relation ∈ {supportive, exclusive} then
9: Add cj to κ, mark cj as assigned

10: Record (ci, cj , relation) in R
11: end if
12: end for
13: Add κ to cohort set K
14: end for
15: return K as grouped concept cohorts, and R as inferred

relations

This design offers several advantages. It reduces the number
of LLM queries, and yields interpretable, semantically mean-
ingful concept cohorts that support confidence estimation.

3) Usage for Confidence Inference: Each resulting concept
cohort κ is processed jointly in the subsequent confidence
estimation step. By presenting the full cohort as context to
the LLM, we ensure that the confidence assigned to each triple

accounts for relevant supporting or conflicting evidence within
the same visit. This enables semantic consistency and mitigates
hallucinated confidence in isolation.

Our cohort construction strategy is designed with practical-
ity and robustness in mind. First, any concept related to a co-
hort member via a supportive or exclusive relation is included,
ensuring that no clinically relevant concept is overlooked.
Second, the computational complexity is well-controlled: since
each concept is queried only once as an anchor. Finally, by
ignoring irrelevant concept pairs, the method is tolerant to
noisy or uncertain relation predictions.

D. Context-Aware Confidence Scoring with LLMs

After forming concept cohorts κi, our goal is to estimate the
contextual confidence of each clinical triple (h, r, t) associated
with that visit. While cohorts are constructed based on seman-
tic relations between concepts (e.g., Flu, Fever, Sunstroke),
confidence estimation is performed at the triple level (e.g.,
(Patient, has diagnosis, Flu)).

To model how confident a clinician might be in each as-
sertion, we design a structured prompt that presents the entire
cohort context to a large language model (LLM). For each
triple within the cohort, we query the LLM to assign a numeric
confidence score in [0, 1], along with a short explanation.
The scoring is guided by not only the well-crafted confidence
scoring standard and several curated clinical examples for few-
shot prompting, but also the evidence from:

• Background knowledge: UMLS and LLM-generated
triples relevant to the concepts of this cohort;

• Prior visits: Historical triples involving relevant con-
cepts, with existing confidence scores.

We emphasize that our prompt makes a clear distinction
between concepts (e.g., ”Fever”) and triples (e.g., ”Patient
has diagnosis Fever”), since each concept may participate in
multiple assertions. This is especially important in multi-triple
cohorts where a single medication or condition may appear in
different clinical roles.

Although concepts in the same cohort are grouped via
supportive or exclusive relations, we do not explicitly encode
pairwise relations in the prompt. Instead, we rely on the LLM
to reason holistically over the provided evidence and generate
a contextualized confidence score for each target triple.

E. Evaluation without Supervision

Since ground-truth confidence labels are unavailable, we
evaluate confidence consistency via semantic replacement. For
each triple (Patient, r, t) with confidence sorig, we replace
t with an alternative concept t′ from the same category
(diagnosis/procedure/medication), covering both semantically
near and far substitutions (e.g., Flu→ Cold vs. Diabetes). We
then score the replacement triple to obtain srep and compute
the margin ∆s = |sorig − srep|. A robust method is expected
to show a population-level trend: clinically compatible, near
replacements yield smaller margins on average, while distant
or incompatible replacements yield larger margins.
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TABLE I: Statistics of pre-processed EHR dataset. “#”: “the number of”, “/patient”: “per patient”.

#patients #visits #visits/
patient

#conditions/
patient

#procedures/
patient

#drugs/
patient

MIMIC-III 35,707 44,399 1.24 12.89 4.54 33.71

IV. EXPERIMENTS

A. Experimental Setup

Dataset and preprocessing. We conduct experiments
on the MIMIC-III dataset [10] (statistics shown in ta-
ble I). For each visit, we extract structured clini-
cal triples from diagnoses, procedures, and medications,
and represent each triple as (Patient, r, t), where r ∈
{has diagnosis, underwent procedure, has medication} and t
is a normalized clinical concept (e.g., UMLS-based). We retain
visits containing at least two decision triples to support cohort
construction and confidence scoring, and order visits by time
using the MIMIC-III admissions metadata.

Background knowledge and inputs. Background medi-
cal knowledge is obtained from UMLS and LLM-generated
clinical relations following prior work [3]. To comply with
the MIMIC-III data use agreement, we only use de-identified
structured triples as model inputs; no free-text notes or person-
ally identifiable information are sent to external APIs/LLMs.

Implementation. We use GPT-4.1-mini as the base LLM
for both relation inference and confidence scoring. We pre-
compute background knowledge triples and pairwise concept
relations, and cache intermediate results to reduce inference
cost. We will release prompt templates, preprocessing/eval-
uation scripts, and experimental configurations to support
reproducibility.

B. Unsupervised Evaluation via Semantic Replacement

Following the protocol in Section III-E, we further in-
stantiate the replacement sets into four similarity buckets
and compare methods. Each triple (h, r, t) is paired with
several (h, r, t′) replacements, where the new t′ belongs to
the same concept type (diagnostic, drug, etc) but varies in
semantic similarity to t. For each pair, we calculate the
confidence margin ∆s to measure how JudgEHR distinguishes
semantically consistent from inconsistent triples. Replacement
concepts are divided into four uniform similarity buckets
using the text-embedding-ada-002 model. For each bucket,
mean confidence margins are computed and compared across
methods. We analyze whether margins increase as semantic
similarity decreases.

We benchmark JudgEHR against two baselines: (1) Inde-
pendent inference, which assigns confidence to each triple
separately by skipping the grouping step of our method; and
(2) Embedding-cluster grouping replaces cohort reasoning
with agglomerative clustering over concept embeddings. Each
concept is encoded by text-embedding-ada-002, and average-
linkage clustering with cosine distance groups concepts whose
pairwise similarity exceeds 0.8. Each cluster serves as a cohort
for collective confidence scoring.

TABLE II: Statistical Analysis of Confidence Generation
Methods

Parameter Estimate (SE)

Model: confidence margin ∼ similarity × method + (1—concept)

Baseline slope (JudgEHR) −0.071 (0.006)

Final slopes:
JudgEHR −0.071
cluster grouping −0.059
independent −0.038

Overall interaction test: p < 0.001 (methods differ significantly)

1) Correlation Analysis: To rigorously quantify the trend
significance, we fit a linear mixed-effects model (LMEM) with
interaction terms: confidence margin ∼ similarity × method
+ (1—concept), where the random intercept (1—concept)
accounts for repeated replacements of the same concept.

As shown in Table II, JudgEHR achieves the most pro-
nounced negative slope (β = −0.071), indicating that its
confidence margins decrease consistently as semantic sim-
ilarity increases. The cluster grouping baseline exhibits a
weaker trend (β = −0.059), while independent inference
performs worst (β = −0.038). The overall interaction test
(p < 0.001) confirms that these differences between methods
are statistically significant.

Fig. 2: Comparison of confidence margin across similarity
buckets.

2) Confidence Margin Analysis.: Figure 2 visualizes the
relationship between cosine similarity and confidence margins
across buckets for all methods. It plots cosine-similarity buck-
ets on the x-axis and the mean confidence margin per bucket
on the y-axis; error bars show mean ± 1 std.

Consistent with our LMM analysis, all approaches demon-
strate the expected negative trend: as semantic similarity
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increases, confidence margins decrease. However, JudgEHR
exhibits the steepest and most consistent decline, dropping
from 0.52 to 0.22. The clustering-based method shows
intermediate performance with a smaller standard variance,
while independent inference displays the flattest trend and
the highest standard deviations.

Importantly, JudgEHR maintains the most consistent perfor-
mance with relatively stable standard deviations (0.18-0.23),
while independent inference shows high variability (0.22-
0.32) across all similarity buckets. The Independent method’s
high variance creates substantial uncertainty in confidence
estimation, with standard deviations often exceeding the mean
values. The pronounced slope in JudgEHR’s trend line reflects
its superior ability to discriminate between different levels of
semantic similarity, directly supporting our hypothesis that
cohort-based collective inference enhances contextual sensi-
tivity in clinical confidence assessment.

3) Case Studies: We report three representative cases,
each shown in a pre-replacement (target-centered) and post-
replacement (replacement-centered) view. For readability, we
display only selected tail concepts from the current and previ-
ous visits (previous-visit entries include confidence), omitting
patient nodes and relation names.

Target: OTHER ANTIBACTERIALS in ATC (0.85)
Replacement: POSTERIOR PITUITARY HORMONES (0.10)

Pre-replacement Clinical Context

Current visit Pneumonia; Routine Chest X-ray
Previous visits Chronic obstructive pulmonary disease and

bronchiectasis (0.68); BETA-LACTAM AN-
TIBACTERIALS, PENICILLINS (0.82); Rou-
tine chest X-ray (0.61)

Post-replacement Clinical Context

Current visit —
Previous visits —

TABLE III: Distinct clinical concepts: target supported by
respiratory context; replacement lacks contextual support.

Distinct concepts (Table III). The target matches the
infectious–respiratory context and receives high confidence,
whereas the semantically distant replacement lacks support-
ing context in both current and prior visits, highlighting
JudgEHR’s preference for contextual coherence.

Both plausible (Table IV). Both concepts are clinically
reasonable, but the target better matches the documented
nutritional deficiency/anemia context, yielding a small margin
(0.10) that reflects subtle contextual preference.

Near-synonyms (Table V). Target and replacement share
nearly identical neurological context; the replacement is scored
higher (0.73 vs. 0.65), suggesting that more specific hierarchi-
cal terms (e.g., TIA) can be preferred over broader categories.

C. Impact on Downstream Prediction Tasks

We conduct early-stage experiments to assess whether con-
fidence scores can be successfully used to improve LLM pre-
dictions on clinical tasks, as compared to baseline approaches

Target: OTHER MINERAL SUPPLEMENTS in ATC (0.75)
Replacement: INFLAMMATION AND INFECTION DETECTION (0.65)

Pre-replacement Clinical Context

Current visit Nutritional deficiencies; Blood transfusion
Previous visits Deficiency and other anemia (0.70); OTHER

MINERAL SUPPLEMENTS in ATC (0.72)

Post-replacement Clinical Context

Current visit Nuclear medicine imaging (pulmonary)
Previous visits Acute cerebrovascular disease (0.40); Magnetic

resonance imaging (0.62)

TABLE IV: Related clinical concepts: small margin reflects
partial plausibility for both, target remains more context-
consistent.

Target: Acute cerebrovascular disease (0.65)
Replacement: Transient cerebral ischemia (0.73)

Pre-replacement Clinical Context

Current visit Magnetic resonance imaging; ANTITHROM-
BOTIC AGENTS

Previous visits Headache; including migraine (0.59); Comput-
erized axial tomography (CT) scan head (0.66)

Post-replacement Clinical Context

Current visit Magnetic resonance imaging; Platelet aggrega-
tion inhibitors excl. heparin

Previous visits Headache; including migraine (0.59); Comput-
erized axial tomography (CT) scan head (0.66)

TABLE V: Near-synonymous concepts: lower target confi-
dence leads to an unstable ranking and a flip.

not feeding confidence scores to the LLM. In this study, we
focus on the 30-day mortality prediction on MIMIC-III. Given
a patient’s visit history (v1, ..., vn), the goal is to predict
the survival status y(vn) ∈ {0, 1} using information from
prior visits (v1, ..., vn−1). We deploy JudgEHR in a zero-shot
pipeline, where past visit triples are fed into an LLM to predict
the survival status. We compare three input variants: (1) using
all triples without filtering (no filtering rows in Table VI),
(2) including only triples with confidence above a threshold
τ (Thre-0.8), and (3) selecting the top-k highest-confidence
triples (Top-10). In all cases, we further test whether explicitly
inserting the confidence value into the LLM prompt (Prompt
Conf ) improves reasoning. The independent inference variant
is also assessed to examine the benefits of collective grouping.
Table VI reports the results on 612 patients (10% of data)
averaged over three runs, using τ = 0.8 and k = 10 based on
offline tuning on a separate set of 100 patients.

1) Results: Across all settings, incorporating JudgEHR’s
confidence scores yields consistent improvements over the
LLM baseline. Collective inference achieves the best per-
formance when both confidence-based filtering and explicit
confidence prompting are applied, reaching 13.4 AUPRC and
57.4 AUROC, which is an absolute gain of 7.3 AUROC points
over the LLM-Base. Using all triples without filtering already
improves stability, while confidence filtering (Thre-0.8) and
selection (Top-10) further enhance precision by reducing noise
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from low-confidence relations. Compared with independent
inference, collective grouping consistently performs better,
confirming the value of correlation context in confidence
estimation.

TABLE VI: Zero-shot LLM methods for mortality prediction

Method Conf. in Prompt AUPRC AUROC

LLM-Base No 11.0 50.1

JudgEHR (collective)

J-EHR Yes 11.1 51.2
Thre-0.8 No 12.2 55.2
Thre-0.8 Yes 13.4 57.4
Top-10 No 11.3 52.3
Top-10 Yes 12.7 56.6

JudgEHR (independent)

J-EHR Yes 11.3 52.2
Thre-0.8 No 12.3 56.3
Thre-0.8 Yes 12.5 56.5
Top-10 No 11.1 51.1
Top-10 Yes 12.7 56.6
All methods are zero-shot without any training.

2) Case study: We show an example of system outputs
for one patient in Table VII. In this example, many intensive
procedures were performed on a patient, which led the baseline
model to predict a high mortality risk. Adding the confidence
values, some procedures show a lower confidence level. This
does not indicate that performing them was inappropriate or
clinically unjustified. Rather, we interpret this as suggesting
that while these procedures remained valid within the patient’s
treatment plan, they were deemed by JudgEHR not the primary
drivers influencing the current patient’s clinical outcome. As a
result, the severity of the case is evaluated to be much lower
and we accurately predict the survival of the patient.

V. DISCUSSION

JudgEHR provides a promising framework for context-
sensitive confidence estimation in clinical knowledge graphs.
By reasoning collectively over concept sets, the method
achieves coherent and interpretable confidence level assess-
ment. Our results demonstrate that collective inference en-
hances contextual consistency compared with independent or
embedding-based alternatives, and it shows a positive effect
on downstream tasks.

Several limitations should be noted. First, dependence on
LLMs may introduce biases or calibration instability, es-
pecially for rare or ambiguous medical concepts. Second,
cohorts formation through relation inference may overlook
higher-order interactions among multiple entities. Third, al-
though JudgEHR improves consistency and downstream task
accuracy, its calibration quality and transportability to other
datasets need to be examined in more depth. Overall, JudgEHR
highlights the potential of LLM-guided collective reasoning
for improving the reliability and interpretability of clinical
AI, while emphasizing the need for extensive real-world
evaluation.

Target: Patient with one visit
Label: 0

Procedures cholecystectomy and common duct exploration
(0.9), gastrostomy; temporary and permanent
(0.8), respiratory intubation and mechanical
ventilation (0.6), diagnostic bronchoscopy and
biopsy of bronchus (0.9)

Base-LLM The patient has multiple severe diagnoses and
complications of surgical procedures. They un-
derwent major surgical procedures. The com-
plexity and severity of these conditions, com-
bined with respiratory failure and the need for
extensive medication indicate a high risk of
mortality within 30 days despite discharge.

Prediction 1

JudgEHR-Thre-0.8 The patient has multiple serious diagnoses, all
with high confidence levels. The patient un-
derwent several major procedures, indicating
significant invasive interventions. Medications
reflect complex and intensive care. However,
despite these severe conditions and interven-
tions, the patient was deemed stable enough
for discharge, which suggests a relatively con-
trolled clinical situation. Therefore, the short-
term mortality risk within 30 days is elevated
but not definitive.

Prediction 0

TABLE VII: LLM output for one patient comparing LLM-
Base and JudgEHR-Thre-0.8. We show a portion of the pro-
cedures performed. In particular, the removal of ”respiratory
intubation and mechanical ventilation” led to a switch to the
correct predicted label.

This study harnesses de-identified MIMIC-III data under
the PhysioNet agreement. While improving the performance
of medical AI, we acknowledge ethical risks: LLM bias propa-
gation to confidence estimates, demanding rigorous validation;
necessity of human supervision for clinical interpretation; and
potential misuse in sensitive contexts like insurance claims.
Our use of GPT-4.1-mini involved a private Azure deploy-
ment with no prompt/completion storage or human review,
prioritizing privacy of the patient data.

VI. CONCLUSION

We introduced JudgEHR, a framework for joint confidence
estimation over clinical KGs using LLM-guided reasoning.
Our method enables interpretable, context-sensitive confidence
scoring for clinical decision triples, and shows promising
performance on semantic replacement evaluation and zero-shot
downstream tasks. Results highlight the value of collective
inference and confidence-aware selection in improving clinical
prediction. In future work, we plan to explore more sophis-
ticated strategies for leveraging confidence scores in diverse
downstream tasks, investigate their impact across broader clin-
ical applications, and incorporate relationships across patients
rather than focusing on each patient individually.

VII. ETHICAL CONSIDERATIONS

This study utilizes the publicly available and de-identified
MIMIC-III dataset, accessed in compliance with the PhysioNet
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credentialing process and data use agreement. All patient data
have been stripped of direct identifiers in accordance with
HIPAA standards, and no attempt was made to re-identify
individuals. Our work focuses on constructing personalized
clinical knowledge graphs and estimating confidence scores
for clinical concepts using LLMs. While this aims to improve
interpretability and reasoning in medical AI, we acknowledge
several potential ethical concerns. First, LLMs may introduce
biases learned from pretraining data, which could propagate to
confidence estimation; careful validation and fairness assess-
ments are necessary before any real-world use. Second, any
clinical interpretation of model outputs should be conducted
under human supervision to prevent over-reliance on auto-
mated reasoning. Third, misuse of this technology—for ex-
ample, generating misleading clinical statements with inflated
confidence—could have harmful consequences, particularly if
used in treatment-adjacent fields such as solving insurance
claims.

Additionally, privacy issues must be considered in order to
select the LLM powering JudgEHR. In this work, we use
a private deployment of GPT-4.1-mini on Microsoft Azure,
and opted out of both prompt/completion storage and human
reviews by Azure/OpenAI staff. On-site LLM deployment
should be considered if feasible; however, we acknowledge
that many medical professionals or institutions do not have the
infrastructure or capabilities to do so, and we believe our setup
to be an adequate compromise between privacy protection and
ease of use.
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