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Abstract

Reliable clinical decision support requires
tracking evidence over a hospital stay and re-
vising a disease diagnosis when new findings
challenge the initial assessment. Strong perfor-
mance on medical question answering does not
establish that large language models (LLMs)
can make these longitudinal decisions. We in-
troduce DIAGBENCH,1 a benchmark of 2,865
Chinese inpatient admissions that evaluates di-
agnostic revision as clinical evidence accumu-
lates. It pairs admission-only prediction with
staged evidence disclosure, distinguishing an
unchanged diagnosis, refinement of an existing
hypothesis, and replacement by a different diag-
nosis. Development and test cases have human-
annotated reference labels. The best LLM
configuration in the main evaluation achieves
only 52.6% macro recall; 80.3–87.7% of errors
across five DeepSeek-Chat (DeepSeek-V3.2,
non-thinking mode) prompting strategies occur
between adjacent revision categories. Strate-
gies that improve final-diagnosis prediction
do not consistently improve revision decisions.
We further use DIAGAGENT to trace diagnoses
and evidence across rounds, revealing failures
to replace an initial hypothesis despite recogniz-
ing contradictory findings. On DeepSeek-Chat,
a single agent with the same state outperforms
the full system on macro recall.

1 Introduction

Inpatient diagnosis requires reasoning over evi-
dence collected across days or weeks. Laboratory
results, progress notes, and pathology may con-
firm an initial hypothesis, make it more specific,
or reveal a different disease. A model supporting
clinical decisions must retain relevant earlier find-
ings and revise its working diagnosis when later
evidence challenges the initial explanation. Fail-
ure to reconsider that explanation can contribute

*Corresponding author.
1https://github.com/hwfengcs/DiagBench

to diagnostic error (Graber et al., 2005). Although
large language models (LLMs) perform increas-
ingly well on medical question answering (Singhal
et al., 2025; Wang et al., 2024), these results leave
their ability to revise diagnoses over a hospital stay
insufficiently assessed.

Consider two patients whose discharge diagno-
sis is lung cancer. One admission note already
suspects a lung tumor; the other attributes the symp-
toms to a different disease. Later pathology con-
firms the existing suspicion in the first case but
requires a change in the disease explanation in the
second. An LLM must recognize this difference
even when it predicts the same final diagnosis for
both patients. This requires relating new findings
to earlier suspicions and exclusions, then updat-
ing the diagnosis accordingly. Evaluating only the
final disease name misses this essential aspect of
longitudinal clinical reasoning.

Existing evaluations include knowledge bench-
marks such as CMExam and CMB (Liu et al., 2023;
Wang et al., 2024). Record-based benchmarks
such as emrQA, CliMedBench, and ClinicBench
evaluate questions and clinical decisions (Pam-
pari et al., 2018; Ouyang et al., 2024; Liu et al.,
2024). Temporal and interactive benchmarks as-
sess broader workflows: TIMER studies longitu-
dinal records (Cui et al., 2025); AgentClinic and
MedAgentBench evaluate actions in clinical en-
vironments (Schmidgall et al., 2024; Jiang et al.,
2025); and INA-Bench evaluates when to read an-
other inpatient note before predicting later docu-
mented actions (Feng et al., 2026). These evalu-
ations do not directly distinguish whether newly
available evidence warrants preserving, refining, or
replacing the initial diagnosis.

We introduce DIAGBENCH, built from 2,865
Chinese inpatient admissions from two tertiary
teaching hospitals. It captures the admission-to-
discharge diagnostic relationship through three
ordered labels: NO REVISION, WEAK RE-
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FINEMENT, and STRONG REVISION. A sep-
arate SPECIAL/MANAGEMENT category covers
management-focused admissions. Task 1 predicts
the final diagnosis and revision label from admis-
sion information alone. Task 2 reveals first-course,
progress, and, when available, postoperative notes
in stages, requiring the model to maintain, refine,
revise, or defer its judgment. The discharge record
is withheld from model inputs. The tasks assess
both initial predictions and subsequent updates.

Our contributions are threefold:
• We introduce DIAGBENCH with paired

admission-only and staged-evidence tasks,
independently annotated and adjudicated
development and test labels, and separate scoring
of diagnosis prediction and revision decisions.

• We evaluate prompting strategies and multi-
ple model backbones. DeepSeek-Chat Self-
Consistency achieves the highest macro recall in
the main evaluation, at only 52.6%; 80.3–87.7%
of errors across five DeepSeek-Chat strategies
confuse adjacent categories. Stronger diagnosis
prediction does not consistently improve revision
decisions.

• We introduce DIAGAGENT to trace diagnoses
and evidence across rounds, revealing failures
to revise unsupported hypotheses despite recog-
nizing new findings. On DeepSeek-Chat, Single-
Agent State achieves 45.4% macro recall versus
37.7% for the full system.

2 The DIAGBENCH Benchmark

2.1 Data Sources and Selection
The source corpus contains 9,576 admissions from
two tertiary teaching hospitals, organized into three
data domains. Each benchmark case is one ad-
mission. Eight linked tables contain cover-sheet
metadata, admission records, first-course notes
(the initial inpatient assessment), daily progress
notes, surgery records, postoperative notes, dis-
charge records, and short-stay admission/discharge
records. We link documents by admission identi-
fier. Of these admissions, 3,907 have entries in all
five required tables: cover sheet, admission, first-
course, daily notes, and discharge.

We retain cases with an admission record of
at least 500 characters, a stay of 2–60 days, ex-
tractable first-course diagnostic analysis, and an
available weak revision label. The resulting 2,865
admissions have a median admission-note length of
835 characters and a median stay of 9 days. Before

human annotation, we split them into 2,004 train-
ing, 286 development, and 575 test cases, stratified
by domain and weak label. Every retained case has
daily notes; 819 also have surgery and postopera-
tive records. The online technical companion gives
detailed source counts and domain distributions.

2.2 Diagnostic Revision Categories
The four labels describe how the final documented
diagnosis relates to the initial assessment (Table 1).
Annotators read the diagnostic analysis and later
notes to decide whether the same explanation is
retained, made more specific, or replaced. Labels
depend on the record text, including what was sus-
pected, what was ruled out, and when each finding
became available.

For weak supervision (Ratner et al., 2017), we
compare International Classification of Diseases
(ICD) codes at admission and discharge: exact
codes, their first three characters (ICD-3), and their
leading letters, with a separate check for manage-
ment codes. A code transition may reflect diagnos-
tic confirmation, increased specificity, a different
disease, or the purpose of admission. The clinical
text determines which interpretation applies. An
initial suspicion of malignancy may be confirmed
by pathology, whereas a definite benign diagnosis
may make later malignant pathology a substantial
revision. We use the code-derived labels for train-
ing and human-reviewed labels for development
and test.

For NoR versus WR, added detail must change
the medical interpretation: laterality or wording
alone may leave it unchanged, whereas patholog-
ical confirmation or a meaningful subtype refines
an earlier hypothesis. Annotators compare expla-
nations across notes, including suspicions absent
from the admission diagnosis field.

2.3 Annotation and Adjudication
We developed the guideline through a 100-case in-
ternal pilot with AI-assisted screening and faculty
review of 28 cases. The pilot clarified the distinc-
tion between diagnostic change and the purpose
of admission; it is separate from the independent
human annotation reported below.

Two medical-NLP researchers independently la-
beled every development and test case with a con-
fidence level and rationale. The annotators and
adjudicator were master’s students or faculty ad-
visors with medical-benchmark experience; none
was a licensed physician. Primary annotators could
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Label Decision rule Illustrative example

No Revision (NoR) The main diagnosis is unchanged;
wording or incidental detail may differ.

Type 2 diabetes → type 2 diabetes with
poor glucose control.

Weak Refinement
(WR)

Later evidence confirms a suspected
diagnosis or makes it more specific.

Lung mass, suspected tumor → lung
adenocarcinoma confirmed by
pathology.

Strong Revision (SR) The final diagnosis replaces the initial
explanation.

Lumbar disc herniation → spinal
tuberculosis.

Special/Management
(S/M)

The code transition reflects a
management-focused admission.

Admission for tumor chemotherapy →
the known underlying malignancy.

Table 1: The four revision labels. Examples illustrate the annotation rules and are not verbatim patient records. S/M
is analyzed separately from the ordered NoR–WR–SR categories.

Train (weak) Dev Test

No Revision 645 93 202
Weak Refinement 732 84 267
Strong Revision 427 80 47
Special/Management 200 29 59

Total 2,004 286 575
Surgery records 568 73 178

Table 2: Split sizes. Development and test counts use
the final human labels; training counts use ICD-derived
labels.

read all notes, including discharge records and ICD
fields, but not weak labels or each other’s answers.
The adjudicator also saw weak labels. We report
raw agreement and Cohen’s κ (Artstein and Poesio,
2008).

All 77 development disagreements were adju-
dicated. On test, the adjudicator reviewed 71
disagreements and 140 low-confidence consensus
cases; the remaining 364 cases retained the in-
dependent consensus. Raw agreement is 73.1%
on development (κ = 0.621) and 87.7% on test
(κ = 0.813). Table 2 reports the final distributions.
The technical companion documents the pilot and
adjudication audit.

2.4 Tasks and Evidence Sequence
Task 1: Admission-only prediction. The model
receives patient information, the admission diag-
nosis, and the admission note. It predicts the final
diagnosis, its ICD-3 code, and the revision label, in
that order. The revision label can therefore depend
on the diagnosis the model has just generated.

Task 2: Revision with accumulating evidence.
The model receives cumulative evidence in up to

four rounds: (1) admission information; (2) first-
course diagnostic analysis and auxiliary findings;
(3) daily progress notes; and (4) surgery and post-
operative records, when available. At each round, it
reports a working diagnosis and one action: MAIN-
TAIN, REFINE, REVISE, or DEFER. The first three
indicate the degree of diagnostic change; DEFER

means that the decision remains unresolved. Daily
notes are used both as model inputs and during
annotation. Discharge records are used only to
construct the reference.

Each case has one reference label covering ad-
mission to discharge. We combine the model’s
actions into one prediction using the rule in Sec-
tion 4.2. Task 1 tests what the admission record
alone reveals about the eventual diagnosis and its re-
lation to the initial assessment. Task 2 tests how the
model handles that relation as findings arrive. The
shared reference makes the tasks comparable while
preserving their different information settings.

The diagnosis and revision outputs answer differ-
ent questions. A model might anticipate lung can-
cer from an admission note yet label it as a strong
revision, even though the note already suspects a
tumor. Conversely, a model might correctly recog-
nize that a different disease is needed to explain
later findings while predicting the wrong disease.
We therefore score the diagnosis and the revision
decision separately in both tasks.

3 DIAGAGENT: Diagnosis Tracking

DIAGAGENT keeps a shared record, DxState, of
its ranked diagnoses, ICD codes, supporting and
conflicting evidence, unresolved questions, and pre-
vious actions. Reading this record across rounds
connects each decision to the evidence and diagno-
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sis that produced it. In particular, we can inspect
whether a new finding changes the leading diagno-
sis or is simply added to the existing explanation.

A Triage Agent initializes the record. An Exam
Agent reads new evidence and proposes an update.
When confidence is low or diagnoses conflict, Spe-
cialist Agents provide additional assessments. A
Revision Agent then chooses one of the four ac-
tions and updates DxState. All roles use the same
underlying LLM, following role-based collabora-
tion in medical LLM systems (Kim et al., 2024;
Wang et al., 2025).

We compare the full system with Single-Agent
State, which keeps the same record but uses one
agent to update it. Three further ablations re-
move, respectively, the revision trigger, the evi-
dence ledger, and specialist routing. These com-
ponents require an explicit revision decision, store
supporting and conflicting evidence, and determine
when specialists are called. The comparisons test
whether each component helps the system track
diagnoses or choose revision actions.

DIAGAGENT initializes its state with the admis-
sion note and first-course analysis, records a re-
quired DEFER action, and reads the first-course
evidence again at its first update. Prompt base-
lines begin with admission information alone. We
compare the systems using decisions aggregated
over each case. Removing the initialization action
leaves all 575 test case-level predictions unchanged.
The repository provides the exact role prompts, ini-
tialization code, and state fields.

4 Experimental Setup

4.1 Models and Baselines
We evaluate DeepSeek-V3.2 in non-thinking mode
(API alias deepseek-chat, denoted DeepSeek-
Chat).2 We compare five prompting strategies: Di-
rect, chain-of-thought (CoT) (Wei et al., 2022),
Structured Output, Self-Refine (Madaan et al.,
2023), and Self-Consistency (Wang et al., 2023).
Direct requests a JSON answer; Structured Out-
put provides an explicit template. Self-Refine
generates, critiques, and revises an answer. Self-
Consistency votes over five samples. All scores use
the saved outputs from the original runs.

We also evaluate DeepSeek-R1-Distill-Qwen-
14B-AWQ (R1-14B), DeepSeek-R1-Distill-Qwen-

2Version inferred from April 2026 run dates and the API
changelog: https://api-docs.deepseek.com/updates.
No immutable snapshot ID was retained.

7B, GLM-4-9B-Chat, InternLM3-8B-Instruct, and
Qwen3.5-4B. Direct is run on all five open-
weight models, and Self-Refine on the first
four. HuatuoGPT-o1-7B, a medical reasoning
model (Chen et al., 2024), is tested with Direct,
Structured, Self-Refine, and full DIAGAGENT. R1-
14B, GLM-4-9B, and InternLM3-8B also have full
DIAGAGENT runs. All LLMs are used without fine-
tuning. Checkpoint names, decoding settings, and a
complete list of runs are provided in the repository.

Two simple baselines help interpret the LLM
scores. Always-Weak predicts WEAK REFINE-
MENT for every case. A TF-IDF classifier uses ad-
mission text and the admission diagnosis with char-
acter 1–3-grams (char_wb, minimum document
frequency 2, at most 50,000 features) and class-
balanced logistic regression (C = 1). It is trained
on the 2,004 weakly labeled cases.

4.2 Evaluation Metrics
Case-level revision. Our main comparison uses
one revision prediction per case. For Task 2, the
aggregation rule selects REVISE if it occurs in any
round; otherwise, it selects REFINE if present. If
neither occurs, it uses the last action, with DE-
FER for an empty sequence. Thus, Maintain–
Refine–Maintain becomes Refine, whereas Defer–
Maintain–Defer remains Defer. This rule preserves
a diagnostic change made before the last round, but
can also retain an early mistake that is later with-
drawn. We examine alternative rules in Section 6
and the technical companion.

NoR, WR, and SR correspond to MAINTAIN,
REFINE, and REVISE. Primary test scores use
the 516 cases with these reference labels, exclud-
ing S/M. We report accuracy (Acc.), macro recall
(Macro-R), and macro-F1. Macro recall is the un-
weighted mean of the three class recalls; macro-F1
is the unweighted mean of their F1 scores. Both
assign equal importance to each class despite the
class imbalance. A DEFER prediction is counted
as an error and as a false negative for its reference
class. Unresolved or empty outputs remain in the
evaluation.

Eff-M is a secondary, benchmark-specific mea-
sure: the mean of the three class recalls and the
proportion of S/M cases assigned any non-DEFER

action. It uses all 575 test cases. Its S/M component
measures whether the model commits to an action.
We therefore report exact four-class macro-F1 sep-
arately for annotation consistency; the companion
also provides stricter S/M evaluations.
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Comparison Acc. Macro-R Macro-F1

3-class 4-class

A → final 91.5 92.4 87.9 89.0
B → final 96.3 95.6 94.9 94.7
A → B 87.8 86.3 83.5 –
B → A 87.1 80.4 83.1 –

Table 3: Test-set annotation consistency (%). Arrows
indicate prediction → reference. Accuracy, macro recall,
and three-class macro-F1 exclude reference S/M cases;
four-class macro-F1 uses all labels.

Diagnosis and round-level decisions. We score
the top-ranked diagnosis (k = 1) by exact name,
ICD-3, and leading ICD-letter match. The last mea-
sure is called Prefix; it compares the first letter, not
an entire ICD chapter. Task 1 Rev-F1 is macro-
F1 over all four revision labels. Task 2 diagnosis
scores use the last available round. Its decision met-
rics compare actions with a sequence constructed
from the case label: Maintain throughout for NoR;
Maintain until a final Refine or Revise for WR or
SR; and Defer throughout for S/M. Dec-Acc av-
erages within-case round accuracy across cases;
Dec-F1 pools rounds and computes macro-F1 over
the four actions. These constructed sequences pro-
vide secondary diagnostics; the primary evaluation
uses the human case-level labels.

Statistical comparisons. Paired comparisons use
1,000 bootstrap resamples of cases. We report 95%
confidence intervals and approximate two-sided
bootstrap p-values without correction for multiple
comparisons. Domain and component comparisons
are exploratory. Differences are calculated from un-
rounded scores and reported in percentage points.

4.3 Memory and Late Evidence
Prompt baselines receive all clinical evidence avail-
able so far, but not their previous outputs. DIA-
GAGENT also retains its own state. To examine
this difference, a separate experiment adds previ-
ous outputs to Direct prompts using DeepSeek-V4-
flash. It compares 574 shared cases; one case has
an empty sequence in the run without memory. Be-
cause V4-flash is a later API version, these results
are reported separately from the main evaluation.

Every prompt excludes the discharge record.
Surgery and postoperative records can contain the
final diagnosis: postoperative ICD-3 matches dis-
charge ICD-3 in 109 of the 178 test cases with
surgery records. We measure the contribution of
Round 4 actions by removing them from saved se-

quences before applying the case-level aggregation
rule. This analysis changes the actions used for
scoring, with the original model inputs and outputs
held fixed.

5 Results

5.1 Validation of ICD-Derived Labels
ICD-derived labels agree with the final human la-
bels in 475 of 575 test cases (82.6%; bootstrap 95%
CI 79.5–85.6; Figure 1). Most corrections reduce
the degree of revision. Of 122 weak SR cases, 71
become WR, six become NoR, and two become
S/M; only 43 retain SR. The rule identifies most of
the 47 reference SR cases (91.5% recall), but only
35.2% of its SR predictions are correct (95% CI
26.8–43.9).

The pattern differs on development: overall
agreement is 92.3%, and 19 weak WR cases be-
come SR. Weak SR precision is 100.0% on de-
velopment but 35.2% on test. The split was fixed
before annotation, with similar weak-label propor-
tions. Thus, similar code-based distributions do not
guarantee similar agreement with judgments based
on the text. Checking the rule only on develop-
ment would have missed its tendency to overstate
revision on test.

5.2 Overall Revision Performance
Using each annotator’s labels in turn as the ref-
erence yields 80.4–86.3% macro recall and 83.1–
83.5% macro-F1 (Table 3). Scores differ by di-
rection because the reference labels determine
class frequencies and which cases are non-Special.
Scores against final labels are higher, as adjudi-
cation selects an annotator’s answer in each dis-
agreement. These scores measure retrospective
annotation consistency with access to the discharge
note.

DeepSeek Self-Consistency leads the main LLM
evaluation with 52.6% Macro-R and 42.8% Macro-
F1 (Table 4). On the 364 cases that required no
adjudication, its Macro-R is 54.0%. Revision re-
mains difficult even among cases with clear initial
agreement between annotators.

Always-Weak reaches 51.7% accuracy because
WR is the largest class, but only 33.3% macro re-
call. The TF-IDF classifier raises macro recall to
41.6% and predicts SR for 121 cases, compared
with 47 in the reference. Training on the weak la-
bels yields a classifier that uses all three revision
categories but predicts strong revisions too often.
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Figure 1: Audit of ICD-derived labels. Left: the test-label distribution before and after review; 71 weak SR cases
become WR. Right: classwise precision and recall of the weak labels against the human reference on development
and test. The code-based rule behaves differently across the two splits.

System Acc. Macro-R Macro-F1 NoR WR SR Eff-M

Always-Weak 51.7 33.3 22.7 0.0 100.0 0.0 50.0
Weak-label TF-IDF 45.2 41.6 40.6 46.5 46.4 31.9 35.9

DeepSeek-Chat Direct 48.6 51.7 40.3 12.9 71.9 70.2 63.7
DeepSeek-Chat CoT 49.0 49.1 40.0 14.4 73.4 59.6 61.8
DeepSeek-Chat Structured 48.1 50.5 39.3 10.4 73.0 68.1 62.9
DeepSeek-Chat Self-Refine 46.7 47.5 41.0 26.7 60.3 55.3 60.6
DeepSeek-Chat Self-Consistency 49.8 52.6 42.8 15.3 72.3 70.2 63.2
R1-14B Direct 45.0 50.7 42.8 58.4 31.8 61.7 63.0
GLM-4-9B Direct 48.3 37.9 34.2 11.4 80.9 21.3 53.4
InternLM3-8B Direct 47.7 43.1 41.1 80.2 27.7 21.3 57.3

HuatuoGPT-o1-7B Direct 49.4 40.3 37.0 82.2 32.2 6.4 55.2
HuatuoGPT-o1-7B Self-Refine 35.5 44.3 34.2 26.7 36.0 70.2 57.8
HuatuoGPT-o1-7B Structured 44.2 39.8 36.3 75.2 25.1 19.1 54.9

DIAGAGENT Full (DeepSeek-Chat) 34.1 37.7 29.8 63.9 10.9 38.3 53.3
Single-Agent State (DeepSeek-Chat) 32.8 45.4 32.4 25.7 29.6 80.9 58.6

Table 4: Case-level test results (%). Acc., Macro-R, and Macro-F1 use 516 non-Special cases; NoR/WR/SR are
class recalls. Eff-M uses all 575 cases with the permissive S/M rule. Bold marks the highest macro scores among
the LLM rows shown before rounding. The later-version memory experiment is reported separately.

HuatuoGPT-o1-7B reaches 44.3% Macro-R with
Self-Refine. Changing from Direct to Self-Refine
raises its SR recall from 6.4% to 70.2%, while low-
ering NoR recall from 82.2% to 26.7%.

DeepSeek-Chat Direct recognizes many refine-
ments and strong revisions but seldom keeps an
unchanged diagnosis. InternLM3-8B Direct and
HuatuoGPT-o1-7B Direct do the reverse: they iden-
tify most NoR cases while missing many cases that
require change. R1-14B Direct has more balanced
NoR and SR recall, with refinement remaining its
weakest category.

5.3 Diagnosis and Revision Performance
Better diagnosis prediction does not necessarily
mean better revision decisions (Table 5). Direct
leads Task 1 prefix match, Self-Consistency leads
Task 1 ICD-3 match, and Structured leads Task 2
ICD-3 match. Self-Refine leads the round-level de-
cision metrics, while Self-Consistency leads case-
level macro recall.

The same pattern appears across models us-
ing Direct prompts. DeepSeek-Chat has higher
Task 2 ICD-3 accuracy than InternLM3-8B (54.4
vs. 44.9), but lower Dec-F1 (20.4 vs. 31.5). R1-
14B achieves 21.7% ICD-3 accuracy and 26.0%
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Task 1 Task 2

DeepSeek-Chat strategy Prefix ICD-3 Rev-F1 ICD-3 Dec-Acc Dec-F1

Direct 74.4 53.9 25.7 54.4 29.6 20.4
CoT 73.9 52.7 23.3 55.1 31.0 20.6
Structured 72.2 50.4 26.3 56.5 27.6 19.2
Self-Refine 73.7 52.2 26.1 55.0 46.1 24.3
Self-Consistency 73.6 54.1 25.7 53.9 30.4 21.6

Table 5: Task-specific scores on 575 test cases (%). All diagnosis-code scores use rank 1 (k = 1). Prefix compares
the leading ICD letter. Task 2 code prediction includes postoperative evidence; round-level decision metrics use
action sequences constructed from the case label.

Dec-F1. DeepSeek-Chat therefore leads this com-
parison in diagnosis-code prediction, while both
other models score higher on round-level revision
decisions.

Prompting effects also depend on the model.
Self-Refine lowers Eff-M from 57.3 to 49.2 for
InternLM3-8B, from 63.0 to 54.5 for R1-14B, and
from 53.4 to 52.0 for GLM-4-9B. Its advantage on
DeepSeek-Chat’s round-level scores thus coexists
with lower case-level scores on these open-weight
models.

5.4 Effects of Agent Components
On DeepSeek-Chat, Full DIAGAGENT achieves
37.7% Macro-R, compared with 45.4% for Single-
Agent State (p = 0.018); Eff-M is 53.3 versus 58.6
(p = 0.024). One agent therefore performs better
on these macro metrics, although its Acc. is slightly
lower. Self-Refine also exceeds Full on Macro-R
by 9.8 percentage points (p = 0.004). Record-
ing state helps us inspect decisions, but additional
roles do not improve the main macro scores in this
comparison.

Full’s class recall varies strongly with the under-
lying model (Table 6). DeepSeek-Chat correctly
keeps many NoR cases unchanged but misses most
WR cases. GLM-4-9B recognizes WR much more
often and rarely identifies NoR. InternLM3-8B has
high SR recall. Across these four matched models,
Full never exceeds Direct on Eff-M. HuatuoGPT-o1
Full likewise reaches 34.7% Macro-R and 51.0%
Eff-M, below its Direct scores.

Component ablations also give mixed results.
Removing the revision trigger reduces SR recall to
5.0% on development, but its effect on test Eff-M
is not significant (p = 0.246). Removing the evi-
dence ledger improves some development decision
scores while worsening diagnosis-code prediction.

Eff-M Full class recall

Backbone Direct Full NoR WR SR

DeepSeek-Chat 63.7 53.3 63.9 10.9 38.3
R1-14B 63.0 46.9 46.5 7.9 46.8
GLM-4-9B 53.4 52.7 6.4 74.5 29.8
InternLM3-8B 57.3 57.2 5.9 41.9 80.9

Table 6: Matched Direct and Full DIAGAGENT results
(%). Full’s class recall varies strongly across models.

Domain System Macro-R Macro-F1 Eff-M

B Self-Refine 45.0 41.2 58.7
B Full DIAGAGENT 49.0 41.4 61.7
C Self-Refine 38.4 34.3 53.8
C Full DIAGAGENT 47.6 39.7 60.7

Table 7: Separate runs on two data domains with
DeepSeek-Chat (%). Both systems use the same final
human labels within each domain.

The technical companion provides complete abla-
tion and cost tables and identifies which scores use
weak labels and which use human labels.

5.5 Performance across Data Domains
Separate runs on Domains B and C contain 88 and
185 test cases. Full DIAGAGENT has higher macro
recall than Self-Refine in both domains (Table 7),
reversing the full-test ordering. The paired differ-
ences are not significant (Macro-R p = 0.509 on B
and 0.074 on C). These within-corpus comparisons
show how the numerical ordering varies with the
cases being evaluated.

5.6 Memory and Late-Evidence Effects
In the separate V4-flash experiment, adding previ-
ous outputs to Direct prompts increases Macro-R
from 55.1 to 58.3% on shared cases. The paired
estimate is an increase of 3.3 percentage points
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Variant Macro-R Macro-F1 Eff-M Dec-F1

Without memory 55.1 49.7 66.3 29.7
With memory 58.3 48.2 68.7 24.5

Table 8: Output-memory sensitivity on 574 shared test
cases (%), including 515 non-Special cases. Both vari-
ants use the later V4-flash version.

(95% CI [−2.1, 8.8], p = 0.250). Eff-M rises by
2.5 percentage points, while Dec-F1 falls by 5.2
percentage points. The macro-recall gain is not
statistically significant, and the two scoring levels
respond differently to output memory.

Removing Round 4 actions from saved se-
quences changes Eff-M by at most 1.17 percentage
points and Macro-R by at most 1.55 percentage
points across the tested systems. The case-level re-
vision scores are therefore largely preserved when
the final action is omitted. Task 2 diagnosis scores,
including the best ICD-3 result of 56.5%, cover the
full evidence sequence with postoperative records.

6 Analysis of Diagnostic Revision

6.1 Errors at Category Boundaries
Across the five original DeepSeek prompting strate-
gies, 80.3–87.7% of incorrect non-Special predic-
tions confuse neighboring labels: NoR with WR,
or WR with SR. In all five runs, the most frequent
error is labeling a NoR case as WR. Direct, for
example, assigns WR to 137 of the 202 NoR cases.
The model often treats added information as a rea-
son to refine the diagnosis, even when the main
explanation remains unchanged.

The boundary between refinement and revision
requires a different comparison: whether the fi-
nal disease was already part of the initial assess-
ment. “Consider malignancy” records a suspicion
that later pathology can confirm. “Malignancy ex-
cluded” assigns the same disease a different status.
Reading the disease name without its surrounding
wording loses this distinction. Annotators use the
first-course analysis to recover the initial hypoth-
esis and later notes to determine whether it was
supported or replaced.

The timing of a diagnosis also changes the inter-
pretation. In an admission for planned chemother-
apy, a known cancer can appear in both the medical
history and the discharge record, while the admis-
sion code describes the treatment visit. The final
cancer code then refers to an established condition.
The annotation follows that history across notes,
rather than treating each diagnosis field as a new

Strategy Adjacent NoR–SR Defer

Direct 84.5 15.5 0.0
CoT 87.1 12.9 0.0
Structured 87.7 11.9 0.4
Self-Refine 81.5 18.5 0.0
Self-Consistency 80.3 13.1 6.6

Table 9: Error composition for the original DeepSeek
prompt sweep (% of incorrect non-Special cases). Each
row partitions all errors.

assessment. This accounts for the separate S/M
category and for the guideline’s emphasis on the
purpose of admission.

Table 9 separates neighboring-label errors, direct
NoR–SR errors, and unresolved decisions. Self-
Consistency has the smallest share of neighboring-
label errors and the largest share of DEFER errors.

6.2 Longitudinal Diagnosis Trajectories
The DeepSeek Full system assigns MAINTAIN to
185 of 267 WR cases and 24 of 47 SR cases. Its
records show how new findings can be absorbed
into an existing diagnosis instead of changing it.
One reviewed SR case begins with rheumatoid
arthritis and ends with enterococcal septicemia.
The model first lists active rheumatoid arthritis as
its leading diagnosis. After blood cultures identify
infection, it adds infection as a complication and
chooses REFINE. Rheumatoid arthritis remains the
leading diagnosis despite the new evidence.

A second case has bronchiectasis with infection
at both admission and discharge. The model ini-
tially describes a bacterial infection, then adds a
fungal component after reading later findings and
antifungal treatment. It chooses REFINE, while the
human label is NoR. The added detail changes the
generated description without changing the princi-
pal diagnosis captured by the reference label.

In a successful SR case, the admission diagnosis
is fever. DIAGAGENT initially considers adult-
onset Still’s disease, then infective endocarditis,
and finally tuberculosis. Its last update cites nega-
tive blood cultures and improvement after antitu-
berculous treatment as evidence for changing the
leading diagnosis. The final action is REVISE. Self-
Refine, by comparison, keeps adult-onset Still’s
disease throughout the same case.

Some Task 1 and agent instructions associate
an ICD-prefix change with strong revision. In a
chemotherapy admission for known pancreatic can-
cer, the Exam Agent recommends MAINTAIN, but
the Revision Agent cites the Z-to-C code transi-
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tion and chooses REVISE. The diagnosis remains
pancreatic cancer throughout the record. The final
action follows the code rule despite agreement on
the underlying disease. This mismatch between the
prompt and the text-based guideline explains why
retrieving the correct diagnosis can still produce
the wrong revision decision.

6.3 Evaluation and Reproducibility
The label audit and model errors involve different
boundaries. The largest audit correction moves
weak SR cases to WR: a change in code often
confirms an existing suspicion. The dominant
DeepSeek prompting error instead moves NoR
cases to WR: the model refines a diagnosis that
the annotation leaves unchanged. Revising the ICD
rule and improving model decisions therefore re-
quire attention to different comparisons.

Action aggregation changes which decisions con-
tribute to the score. The main rule preserves any
revision or refinement made during a case; final-
action scoring measures where the model ends. In
the saved aggregation analysis, switching Single-
Agent State to final-action scoring raises Acc. from
32.8 to 51.2%, while Macro-R falls from 45.4 to
43.0%. Final accuracy improves even though mean
class recall falls. The released action sequences
support either scoring rule.

The repository provides exact prompts, parsers,
scoring and bootstrap code, and per-case records
without clinical text. These records retain both
annotators’ original labels, model labels, round ac-
tions, and diagnosis-match indicators under new
study keys, allowing rescoring without clinical text
or API access. Synthetic examples demonstrate
input and output formats and are excluded from
experiment counts. The companion provides ex-
tended audit, model, domain, and ablation results.
Clinical narratives and original linkage keys are
not public. New inference or training requires
record-level access; researchers may contact the
corresponding author for review.

7 Related Work

Clinical text and temporal evaluation. MIMIC-
III and MIMIC-IV support a wide range of clinical
NLP research (Johnson et al., 2016, 2023). em-
rQA and EHRSQL evaluate questions over clinical
records (Pampari et al., 2018; Lee et al., 2022);

CMExam and CMB evaluate medical knowledge
and reasoning in Chinese (Liu et al., 2023; Wang
et al., 2024). CliMedBench covers clinical scenar-
ios, including inpatient tasks (Ouyang et al., 2024).
TIMER, ER-Reason, and MedR-Bench further ex-
amine reasoning over time, emergency-room deci-
sions, and clinical cases (Cui et al., 2025; Mehan-
dru et al., 2025; Qiu et al., 2025). INA-Bench
studies adaptive information acquisition as inpa-
tient notes are revealed in sequence (Feng et al.,
2026). DIAGBENCH focuses on whether later evi-
dence supports the initial diagnosis, makes it more
specific, or replaces it.

Agents and correction of clinical notes. AI
Hospital, AgentClinic, and MedAgentBench eval-
uate interactions and actions in clinical environ-
ments (Fan et al., 2025; Schmidgall et al., 2024;
Jiang et al., 2025). MDAgents and ColaCare study
collaboration among medical agents (Kim et al.,
2024; Wang et al., 2025). Our agent comparisons
test whether dividing work among roles helps diag-
nostic revision. MEDEC and MedRECT evaluate
error detection and correction in completed clin-
ical text (Ben Abacha et al., 2025; Iwase et al.,
2025). In DIAGBENCH, the target is the change
between an early assessment and a later diagnosis.
A diagnosis may reasonably change as evidence
arrives without the earlier assessment having been
an error.

8 Conclusion

DIAGBENCH evaluates long-horizon diagnostic re-
vision over inpatient records, distinguishing con-
firmation and refinement from replacement of an
initial disease explanation. The best LLM configu-
ration in the main evaluation achieves 52.6% macro
recall, with errors concentrated at category bound-
aries. Accurate final-diagnosis prediction does not
consistently imply appropriate revision, and state
traces reveal failures to update a leading diagnosis
despite recognizing new evidence. These findings
motivate explicit checks of whether new evidence
supports the current diagnosis or requires a differ-
ent disease explanation. Future systems should be
assessed on both diagnostic accuracy and the ap-
propriateness of their updates, including how they
respond to contradictory findings across successive
rounds.
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Limitations

The reference labels are retrospective judgments
by medical-NLP researchers. Physician-panel vali-
dation would provide an additional clinical assess-
ment of the category boundaries. Annotators read
ICD transitions and complete notes, including dis-
charge records; the adjudicator also saw weak la-
bels. This information can influence annotation,
and the resulting agreement scores measure label
consistency rather than human performance under
the model’s input conditions. The AI-assisted pilot
served to develop the guideline and is separate from
the independent development and test annotation.

The benchmark covers two hospitals and three lo-
cal domains. Splits are by admission, and the avail-
able identifiers do not establish patient-disjointness
across separate hospitalizations. Evaluation in
other institutions and languages would test transfer
beyond this collection. The training split uses weak
labels; supervised evaluation here is limited to the
TF-IDF classifier.

Some original prompts tie revision to ICD
changes, introducing a mismatch with the text-
based guideline. Results describe complete model
and prompt configurations, including their decod-
ing settings and API versions. The memory study
uses the later V4-flash version, and medical-model
coverage consists of one checkpoint. Prompt base-
lines and agents also differ in initialization, mem-
ory, and inference cost.

Each admission has one reference label rather
than expert labels for individual rounds. Aggre-
gation can retain a revision that the model later
withdraws. Postoperative fields can disclose the
final diagnosis; testing their effect on inference re-
quires reruns with those fields masked. Diagnosis-
code scores measure agreement with documenta-
tion, and Eff-M accepts any committed action for
S/M. Public records support rescoring; new infer-
ence requires separately approved access to clinical
text.

Ethical Considerations

This retrospective study uses de-identified inpatient
records from two tertiary teaching hospitals. All
records were de-identified before benchmark con-
struction, with direct identifiers and other person-
ally identifying information removed. The study
was reviewed and approved by the ethics commit-
tees of the participating hospitals before any ex-
periments were conducted, and the data were used

solely for research purposes. For API-based exper-
iments, only de-identified text was transmitted, and
no identifiable patient information was provided
to external model providers. External API use fol-
lowed the applicable institutional data-governance
requirements and provider terms for research use.

Generative AI Assistance

We used generative AI tools to assist with word-
ing, presentation, and preparation of reproducibil-
ity materials. The preliminary pilot also included
AI-assisted internal screening, as described in Sec-
tion 2, separately from human annotation of the
development and test sets. Research records doc-
ument the reported experiments and results. The
authors are responsible for the final content, cita-
tions, code, and numerical claims.
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