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Abstract

Real-world clinical text-to-SQL requires rea-
soning over heterogeneous EHR tables, tem-
poral windows, and patient-similarity cohorts
to produce executable queries. We intro-
duce CLINSQL, a benchmark of 633 expert-
annotated tasks on MIMIC-IV v3.1 that de-
mands multi-table joins, clinically meaningful
filters, and executable SQL. Solving CLINSQL
entails navigating schema metadata and clin-
ical coding systems, handling long contexts,
and composing multi-step queries beyond tra-
ditional text-to-SQL. We evaluate 22 propri-
etary and open-source models under Chain-of-
Thought self-refinement and use rubric-based
SQL analysis with execution checks that pri-
oritize critical clinical requirements. Despite
recent advances, performance remains far from
clinical reliability: on the test set, GPT-5-mini
attains 74.7% execution score, DeepSeek-R1
leads open-source at 69.2% and Gemini-2.5-
Pro drops from 85.5% on Easy to 67.2% on
Hard. Progress on CLINSQL marks tangible
advances toward clinically reliable text-to-SQL
for real-world EHR analytics.

Data yifeis02/ClinSQL
Code Barryshen1/ClinSQL

1 Introduction

Automating clinical data analysis requires bridg-
ing natural-language questions from clinicians to
executable queries over complex electronic health
record (EHR) databases. While large language
models (LLMs) have recently excelled at text-to-
SQL and database reasoning on general-domain
benchmarks (Yu et al., 2018; Wei et al., 2024; Yang
et al., 2025), real-world clinical analysis presents
distinct challenges: specialized medical terminol-
ogy, fine-grained temporal reasoning across hetero-
geneous tables, and cohort-level clinical reasoning

∗ Equal Contributions. Correspondence: Yilun Zhao
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Existing Benchmark

Query: Tell me the length of stay of patient 3745’s last 
hospital admission.

SELECT julianday(dischtime) - julianday(admittime) AS los
FROM admissions
WHERE subject_id = 3745
ORDER BY admittime DESC
LIMIT 1;

Current Gaps
Single-ID / single-table

Patient-specific; minimal reasoning

Narrow time window; limited scope

Execution-only scoring; weak plausibility checks

Key Features of Our Benchmark

More advanced reasoning：
Cohort-level, multi-table SQL

Gold SQL & schema/coding mapping:
Expert gold SQL with correct joins, code 
mapping

Scenario coverage & difficulty:
Six clinical scenario families;
Easy / Medium / Hard

Fine-grained Rubric-based Evaluation:
Two rubric trees (SQL & Result)

Figure 1: Overview of the CLINSQL benchmark.

that goes beyond point retrieval to compare similar
patients under clinically meaningful constraints (Yu
et al., 2018; Li et al., 2023; Wei et al., 2024). These
requirements are not merely larger versions of the
classic text-to-SQL problem; they demand work-
flows that integrate domain knowledge, temporal
windows, coding systems, and outcome-aware ana-
lytics over longitudinal data (Johnson et al., 2023).

Foundational text-to-SQL evaluations (e.g., Wik-
iSQL, Spider 1.0, BIRD) catalyze progress on
cross-domain parsing and database generalization
(Zhong et al., 2017; Yu et al., 2018; Li et al.,
2023). Recent enterprise-style benchmarks (i.e.,
Spider 2.0) further expose challenges from large
schemas, diverse SQL dialects, and multi-step
workflows (Wei et al., 2024). However, clinical set-
tings introduce additional, domain-specific hurdles:
temporal abstractions (e.g., first 24/48/72 hours),
clinical ranges/units, ICD/medication coding, and
cohort construction for outcome comparison. Prior
clinical text-to-SQL datasets, notably MIMIC-
SQL (Wang et al., 2020) and EHRSQL (Lee et al.,
2022), demonstrate feasibility on EHR schemas
but predominantly emphasize single-patient or sta-
tistical summaries and seldom require patient-
similarity cohort reasoning central to real-world
clinical decision making.

To bridge this gap, we introduce CLINSQL, a
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Dataset Task Source Data Construction Patient_id
Optional

General Text-to-SQL Benchmarks
WikiSQL (Zhong et al., 2017) Single-table Text-to-SQL Wikipedia and SQL tables Crowdsourcing -
Spider (Yu et al., 2018) Cross-domain, multi-table Text-to-SQL Diverse real DB schemas Expert annotation -
Spider 2.0 (Wei et al., 2024) Real-world enterprise workflows Enterprise-scale DBs Expert + synthetic -
KaggleDBQA (Lee et al., 2021) Realistic DBs from Kaggle Real-world multi-table DBs Author-written Qs -
BIRD (Li et al., 2023) Large-scale Text-to-SQL 95 DBs across 37 domains Crowdsourcing + expert review -
LiveBench (White et al., 2024) Contamination-limited evaluation Mixed sources incl. DB tasks Expert-authored, verifiable -

Healthcare Benchmarks
PubMedQA (Jin et al., 2019a) Biomedical QA PubMed abstracts Heuristic generation + manual labels -
MedQA (Jin et al., 2021) Exam-style multiple-choice QA Medical board exam questions Exam scrape -
MedMCQA (Pal et al., 2022) Broad medical MCQ QA Multi-subject exam questions Exam scrape -
MedExQA (Kim et al., 2024b) Medical QA w/ explanations Mock tests & online exams Manual collection/cleaning -
MedXpertQA (Zhang et al., 2025) Expert-level multimodal medical QA Specialty board Qs; multimodal clinical info Collection + filtering + synthesis; expert review -
emrQA (Pampari et al., 2018) Template-driven clinical QA De-identified clinical notes i2b2 Template generation (i2b2) ✗

DrugEHRQA (Wang et al., 2022) Medication-centric QA EHR notes + structured meds Template generation + sample human check ✗

EHRXQA (Bae et al., 2023) Multi-modal EHR QA Notes + chest X-ray images Derived from MIMIC-CXR-VQA & EHRSQL; curated ✗

EHRNoteQA (Kweon et al., 2024) Discharge-summary QA Real EHR discharge summaries GPT-4 generation + clinician review ✗

DischargeQA (Ou et al., 2025) Discharge-related clinical QA EHR discharge summaries Generated from discharge data ✗

RadQA (Soni et al., 2022) Radiology report QA Radiology reports Physician-authored Qs + span annotation ✗

EHR Text-to-SQL Benchmarks
MIMICSQL (Wang et al., 2020) NL → SQL clinical MIMIC-III structured tables Auto-generated Qs + crowdsourcing filter ✓

EHRSQL (Lee et al., 2022) Practical NL → SQL Hospital EHR schemas Hospital-staff utterances + manual SQL annotation ✓

EHRSQL-ST (Lee et al., 2024) Reliable Text-to-SQL evaluation Same family of EHR schemas Organizer-curated evaluation splits ✓

EHR-SeqSQL (Ryu et al., 2024) NL → SQL EHR Institutional EHR DB Decomposition of EHRSQL into sequential tasks ✓

CLINSQL Text-to-SQL with advanced reasoning EHR tables Expert annotation + validation; fine-grained eval rubrics ✓

Table 1: Comparison of CLINSQL with existing Text-to-SQL and Healthcare Benchmarks. The “Patient_id Optional”
column indicates whether a benchmark supports supplying an optional de-identified anchor patient identifier (e.g.,
MIMIC subject_id/hadm_id) alongside the question to ground patient-similarity or patient-specific queries.
✓: supported; ✗: not supported; “-": not applicable.

benchmark of 633 expert-annotated clinical text-to-
SQL tasks on the MIMIC-IV v3.1 database (John-
son et al., 2023). A high-level benchmark overview
appears in Figure 1, and Figure 2 details the con-
struction pipeline: we design six scenario types
to reflect real clinical settings. Each example is
grounded in a concrete scenario and requires com-
posing multi-table, temporally aware SQL with
patient-similarity cohort construction. Difficulty is
stratified by SQL and clinical reasoning complexity.
We adopt rubric-based evaluation with critical-first
aggregation and execution checks that verify re-
sult format and clinical plausibility while allowing
equivalent formulations.

We evaluate 22 proprietary and open-source
models with Chain-of-Thought self-refinement and
find that CLINSQL remains challenging: Gemini-
2.5-Pro drops from 85.5% execution on Easy to
67.2% on Hard; GPT-5-mini leads overall test ex-
ecution at 74.7%, and DeepSeek-R1 tops open-
source models at 69.1%. Even for these models,
Hard split execution remains below 70%, under-
scoring the difficulty of CLINSQL. Our error analy-
sis reveals that most failures stem from cohort spec-
ification drift (e.g., relaxed ICD/item constraints),
schema or output mismatches, and mis-specified
clinical aggregations, even for top-performing mod-
els. Guided by these findings, we further study a
schema-hinted inference setting that foregrounds

clinically validated filters and expected outputs,
yielding consistent execution gains, especially on
medium and hard cases.

We summarize our contributions as follows:

• We introduce a clinically grounded text-to-SQL
benchmark that requires patient-similarity cohort
construction and multi-step temporal reasoning
over heterogeneous EHR tables.

• We curate six families of realistic clinical scenar-
ios and provide a rubric-structured evaluation for
reliable automated evaluation.

• We benchmark 22 proprietary and open-source
models and release a rubric-based error taxon-
omy that highlights the challenges that future
clinical text-to-SQL systems must address.

2 Related Work

General Text-to-SQL Benchmarks. General-
domain Text-to-SQL has evolved through succes-
sive foundational benchmarks (Zhong et al., 2017;
Yu et al., 2018; Lee et al., 2021; Li et al., 2023;
Wei et al., 2024; White et al., 2025). However,
healthcare Text-to-SQL presents fundamental chal-
lenges that distinguish it from general-domain ap-
plications, requiring medical terminology, complex
temporal relationships, and clinical reasoning that
extends beyond standard database operations to
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MIMIC-IV Database

Query Annotation SQL Annotation

Evaluation Guideline 
Annotation 

Data Validation

Natural Language Question 
Formulation:

Craft questions physicians 
would ask

Create comprehensive evaluation 
frameworks:

- SQL rubric tree
- Results rubric tree

Assign clinical expert to 
validate:

- Validate Examples Quality
- Assign complexity levels to 
the examples

Primary databases

mimiciv_hosp mimiciv_icu

admissions
d_hcpcs
.
.
.
transfers

caregiver
chartevents
.
.
.
procedureevents

+19 tables +6  tables

Patient Information

- Demographics & Admission Details
- Primary/Secondary Diagnoses
- Medications & Lab Results
- Vital Signs & Procedures
- Temporal Data

Clinical Scenarios

- Patient Demographics and Admissions
- Vital Signs Monitoring
- Laboratory Results Analysis
- Medication Management
- Diagnostic Procedures
- Disease Diagnosis and Outcomes

SELECT 
    ROUND(AVG(procedure_count), 2) AS 
avg_cardiac_interventions

...
    GROUP BY 
        p.subject_id
) AS patient_procedures;

Gold-Standard SQL Construction:

SQLsExec
feedback

Figure 2: Overview of CLINSQL construction pipeline. The process begins with scenario design and patient
selection, followed by question authoring. Annotators then perform database analysis and schema mapping on
MIMIC-IV, write executable gold SQL, and construct tree-structured rubrics for SQL and results validation.

incorporate medical decision-making logic (Lee
et al., 2022; Wang et al., 2020). Most critically,
the patient similarity reasoning paradigm central
to CLINSQL represents a fundamental departure
from general Text-to-SQL evaluation, as healthcare
queries require identifying patient cohorts based
on multi-dimensional similarity criteria rather than
simple retrieval or aggregation operations.

Healthcare NLP/ML Benchmarks. Healthcare
NLP benchmarks have evolved from general med-
ical knowledge QA (Jin et al., 2019b; Hendrycks
et al., 2021; Jin et al., 2021; Pal et al., 2022; Singhal
et al., 2022; Wang et al., 2024; Kim et al., 2024b)
to sophisticated clinical QA tasks with expert-level
capabilities and real clinical data utilization (Pam-
pari et al., 2018; Saleh and Pecina, 2019; Suominen
et al., 2020; Bardhan et al., 2022; Bae et al., 2023;
Kweon et al., 2024; Kim et al., 2024b; Zhang et al.,
2025; Chen et al., 2025; Ou et al., 2025). However,
as shown in Table 1, existing clinical Text-to-SQL
datasets (Wang et al., 2020; Lee et al., 2022; Ryu
et al., 2024; Lee et al., 2024; Sivasubramaniam
et al., 2024; Kim et al., 2024a) predominantly em-
phasize statistical analyses rather than addressing
authentic clinical questions encountered in real-
world practice, and consistently assume queries tar-

get specific patients with known identifiers, thereby
representing only a limited subset of actual clinical
analysis scenarios. Our work addresses these lim-
itations by centering on patient-similarity cohort
reasoning over MIMIC-IV v3.1, requiring models
to define cohorts, apply temporal and phenotyping
logic, and compute stratified cohort-level outcomes
that mirror real clinical workflows.

3 Benchmark Construction

CLINSQL is designed to comprehensively evaluate
Text-to-SQL capabilities within realistic clinical
scenarios. Our benchmark, built upon MIMIC-IV
v3.1 (Johnson et al., 2023), incorporates complex
analytical scenarios that require sophisticated clini-
cal reasoning and the multi-step integration of di-
verse clinical data. Figure 2 provides an overview
of our benchmark construction pipeline. Table 2
presents the six core clinical scenarios that reflect
real-world healthcare data analysis needs and clini-
cal decision-making. Concrete scenario examples
and rubric trees are provided in Appendix B. In
the following sections, we detail the query anno-
tation, SQL annotation, evaluation guideline anno-
tation, and data validation. The expert annotator
biographies are summarized in Appendix A, and

1369



Clinical Scenarios Example Question Provided in Appendix B.

Patient Demographics and Admissions Analysis of pa-
tient demographics and administrative data (admissions,
length of stay), testing foundational SQL skills and under-
standing of clinical administrative workflow.

For an 81-year-old female: among female Medicare patients aged 76–86 transferred from another
hospital with principal AMI (ICD-9 410*/ICD-10 I21*), report 30-day readmission rate; median
index LOS for readmitted vs not; percent index stays > 4 days.
Complexity: Hard (Appendix B.1)

Vital Signs Monitoring Temporal analysis of vital signs
(e.g., blood pressure, heart rate), designed to test time-
series reasoning, understanding of clinical normal ranges,
and trend identification capabilities.

I have a 60-year-old man in the ICU. In male ICU patients aged 55–65 with HFNC within 24 hours
versus condition-matched ICU controls, what are the instability score median and p25/p75/p95,
tachycardia and hypotension burden, ICU LOS and mortality?
Complexity: Medium (Appendix B.2)

Laboratory Results Analysis Analysis of trends in lab-
oratory results, designed to test knowledge of medical
terminology, unit conversions, and the ability to correlate
lab values with clinical conditions.

I have a 51-year-old female with suspected ACS. Among female ACS admissions age 46–56, what
are counts, percentages, and mean hospital length of stay for first hs-TnT: Normal, Borderline,
Myocardial Injury?
Complexity: Medium (Appendix B.3)

Medication Management Analysis of medication regi-
mens (prescriptions, dosing, interactions), designed to test
complex temporal reasoning and pharmacological knowl-
edge to ensure medication safety.

I have a 64-year-old female inpatient. Among females aged 59–69, what’s the IQR of single
inpatient amiodarone prescription durations (days)?
Complexity: Easy (Appendix B.4)

Diagnostic Procedures Temporal sequencing of diagnos-
tic procedures and interventions, designed to evaluate the
understanding of clinical workflows, procedural relation-
ships, and care coordination.

Evaluating an 88-year-old man: among male patients aged 83–93 with sepsis on their first ICU
stay, stratify first-72-hour diagnostic intensity (distinct procedures) into quartiles and report mean
procedure counts, mean ICU LOS in days, and mortality (%) per quartile.
Complexity: Hard (Appendix B.5)

Disease Diagnosis and Outcomes Analysis of diagnoses
(ICD-9/10 codes), comorbidities, and clinical outcomes,
designed to test knowledge of medical coding, integrated
clinical reasoning, and the ability to assess treatment ef-
fectiveness and patient prognosis.

I have a 75-year-old female inpatient with pulmonary embolism. For female inpatients aged
70–80 with PE, stratify into risk-score quintiles and report per quintile: 90-day mortality, general
70–80 female 90-day mortality (comparison), AKI and ARDS rates, and median survivor LOS.
Complexity: Hard (Appendix B.6)

Table 2: Definition of clinical scenario types in CLINSQL.

the annotation interface is shown in Appendix I.

3.1 Query Annotation

Clinical Scenario Development. Each annotator
is assigned one of six scenario types and selects a
representative patient from MIMIC-IV v3.1 (John-
son et al., 2023). Sampling is stratified across
five dimensions: (1) Age uses scenario-specific
ranges spanning 25–85 years; (2) Clinical condi-
tion covers major categories (e.g., cardiovascular,
respiratory, metabolic, infectious, post-operative);
(3) Healthcare utilization varies admission type
(e.g., emergency, elective, urgent), insurance (e.g.,
Medicare, Medicaid, commercial), and length of
stay (e.g., 2–15 days); (4) Acuity distinguishes
settings (e.g., ward vs ICU) with risk strata and
monitoring intensity; and (5) Temporal windows
include early windows (e.g., first 24/48/72 hours),
the full hospitalization, and procedure-specific pe-
riods. To prevent data contamination and ensure
benchmark integrity, all information related to the
selected patients is removed from the database prior
to model evaluation.

Natural Language Question Formulation. An-
notators craft natural language questions that physi-
cians would realistically ask given the provided
patient information and scenario type. Each ques-
tion must require database querying and cannot be
answered through simple observation (e.g., ques-
tions requiring temporal analysis or aggregation

across multiple records). Questions incorporate ap-
propriate medical terminology while maintaining
clarity and clinical authenticity.

3.2 SQL Annotation

Our SQL annotation process is divided into two
steps: database analysis and schema mapping, and
gold-standard SQL construction. Each clinical
question undergoes comprehensive database anal-
ysis by annotators, followed by the development
of gold-standard SQL to produce high-quality exe-
cutable queries.

Database Analysis and Schema Mapping. For
each natural language clinical question, annotators
first conduct a systematic database analysis to iden-
tify the required MIMIC tables and establish the
necessary relationships between clinical entities.
This process includes locating relevant database
tables (e.g., patients, admissions, diagnoses_icd),
identifying key features including specific columns
and clinical values (e.g., gender=’M’, icd_code
LIKE ’410%’), and mapping clinical concepts to
database schema elements while considering tem-
poral constraints and data integrity requirements.
A concise schema reference for MIMIC-IV is pro-
vided in Appendix P.

Gold-Standard SQL Construction. Following
the database analysis phase, expert annotators de-
velop comprehensive gold-standard SQL queries
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A2 Medical Concept Implementation [W=2; Sequential]
This section identifies relevant medical procedures using 

correct code versions and filtering logic

Question: 58‑year‑old man: among men 53–63 with sepsis (excluding septic 
shock), what are in‑hospital mortality (%) and prevalence (%) of mechanical 

ventilation, vasopressors, and RRT by LOS (<8 vs ≥8) and day‑1 ICU?

A SQL Query Evaluation [weight = 3] – the construction/logic 
checks for the SQL itself. (Build a hierarchical evaluation tree with 

critical and sequential checkpoints.)

A1.2  [1/0]
age at 

admission ∈ 
[53,63] (critical)

A2.2 [1/0]
LOS bucket: <8 vs
≥8 (disch−admit, 

days)

A2.1 [1/0]
flags: MV / 

vasopressor / RRT
(events itemids)

A1 Patient Cohort Construction [W=3; has critical leaves]
This section defines the specific patient group

for the analysis by applying demographic filters

A1.1  [1/0]
gender = 

'M' (critical)

A1.4 [1/0]
exclude septic shock 

(ICD9 78552/T8112% OR 
ICD10 R6521)​(critical)

A1.3 [1/0]
sepsis present (ICD9

99591 OR ICD10 
A41%)  (critical)

A2.3 [1/0]
Day-1 ICU: ICU
intime within 
24h of admit

A4 Clinical Analytics [W=2; Sequential]
This section performs the final calculations and data 

summarization to produce the desiredoutput

A3.2 [1/0]
LEFT JOIN events 

on hadm_id (avoid 
cohort loss)

A4.2 [1/0]
metrics: AVG (hospital 

_expire_flag)*100; 
AVG(MV/vaso/RRT flags)*100

A4.1 [1/0]
GROUP BY 

los_category × 
day1_icu_category

A3 Database Integration [W=3; has critical leaves]
This section ensures that data from different tables 

is correctly linked to maintain relationaintegrity.

A3.1  [1/0]
patients↔admissi

ons join on 
subject_id (critical)

A4.3  [1/0]
ROUND(2) + 
clear aliases

Figure 3: Example of a SQL evaluation rubric tree.

B1 Output Format 
Compliance [W=1; Sequential]

Question: 58‑year‑old man: among men 53–63 with sepsis (excluding septic 
shock), what are in‑hospital mortality (%) and prevalence (%) of mechanical 

ventilation, vasopressors, and RRT by LOS (<8 vs ≥8) and day‑1 ICU?

B Results Validation [weighted] – the 
checks on the produced CSV (structure + 

clinical ranges).

B1.2  [1/0]
Required columns present 

(los_category, day1_icu_category, 
total_admissions, 

in_hospital_deaths, ...)

B1.1  [1/0]
CSV exists

B2.1  [1/0]
mortality% 
(acceptable 

1–20; plausible 
0–60)

B2 Clinical Value Validation 
[W=2; Non-​Sequential]

B2.2  [1/0]
MV% 

(acceptable 
0.1–45; 

plausible 0–70)

B1.3  [1/0]
No 

NULL/empty 
in answer 
columns

B2.3  [1/0]
vasopressor% 

(acceptable 
0.1–40; 

plausible 0–60)

B2.4  [1/0]
RRT% 

(acceptable 
0–10; plausible 

0–30)

Figure 4: Example of an executed result rubric tree.

that accurately translate clinical questions into ex-
ecutable database operations. Each SQL imple-
mentation undergoes rigorous development pro-
cesses including multi-table join construction with
proper foreign key relationships to ensure data con-
sistency, temporal constraint implementation us-
ing appropriate date functions and time-based fil-
tering (e.g., DATE_DIFF for length of stay calcu-
lations, charttime-based temporal analysis), clini-
cal value range validation incorporating medical
domain knowledge and normal physiological pa-
rameters (e.g., hemoglobin levels between 7-18
g/dL, age calculations using anchor_age and an-
chor_year), edge case handling for common clin-
ical database issues including null value manage-
ment and data quality constraints, and query op-
timization to maintain computational efficiency
while preserving clinical accuracy.

3.3 Evaluation Guideline Annotation

To support reliable automated evaluation, each clin-
ical question is accompanied by a guideline com-
prising two rubric trees: one for SQL evaluation
and one for executed results.

Algorithm 1 Critical-First Score Aggregation
Require: rubric tree T , node weights W , critical flags C,

sequential flags S
function EVALUATENODE(node)

if node is leaf then
return LLM judge evaluation score {0, 1}

end if
critical_children← {c ∈ children : C[c] = true}
noncritical_children ← {c ∈ children : C[c] =

false}
for c ∈ critical_children do

score[c]← EVALUATENODE(c)
if score[c] ̸= 1 then return 0
end if

end for
if noncritical_children = ∅ then return 1
end if
sum← 0, total_weight← 0
for c ∈ noncritical_children do

score[c]← EVALUATENODE(c)
sum← sum+W [c]×score[c], total_weight←

total_weight+W [c]
if S[c] = true ∧ score[c] = 0 then break
end if

end for
return sum

total_weight

end function
final_score← EVALUATENODE(root)
return final_score

Rubric Design Principles. Our evaluation frame-
work employs tree-structured rubrics that hierar-
chically decompose complex evaluation tasks into
granular, verifiable criteria (Gou et al., 2025). Each
rubric tree consists of internal nodes representing
high-level evaluation aspects and leaf nodes defin-
ing specific binary verification criteria. The SQL
evaluation rubric (Figure 3) assesses query con-
struction across four primary dimensions: Patient
Cohort Construction, Medical Concept Implemen-
tation, Database Integration, and Clinical Analytics,
while the results rubric (Figure 4) focuses on out-
put validation and clinical value assessment. Fol-
lowing practices in automated evaluation (Starace
et al., 2025), we implement three key structural
components: (1) Critical vs. Non-Critical Nodes,
where critical nodes represent essential require-
ments whose failure immediately causes parent
failure, while non-critical nodes allow partial scor-
ing; (2) Sequential Dependencies, where sequential
nodes indicate dependencies and earlier failures
short-circuit subsequent evaluations; (3) Weighted
Scoring, where each node is assigned a weight from
1 to 3 based on importance: 1 denotes basic sup-
portive criteria, 2 indicates standard requirements,
and 3 marks critical elements that are essential to
validity and require substantial domain expertise.

Our scoring system employs Critical-First Scor-
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Statistics Easy Med. Hard

Total Examples 190 254 189

Avg. Question Length 22.86 36.04 45.52
Avg. SQL Tokens 158.79 452.53 615.62
Evaluation Trees

SQL (Nodes/Depth) 14.80 / 3.05 18.27 / 3.06 19.03 / 3.11
SQL Avg. Words 15.55 16.97 17.74
Results (Nodes/Depth) 10.01 / 4.00 19.62 / 4.02 23.54 / 4.04
Results Avg. Words 6.52 8.21 7.98

Table 3: Basic statistics of CLINSQL.

ing adapted from recent agentic evaluation frame-
works (Gou et al., 2025), detailed in Algorithm 1.

3.4 Data Validation
Each annotated example undergoes comprehensive
validation by an expert annotator within the med-
ical research field. The validation framework ex-
amines four critical aspects: clinical question as-
sessment evaluates real-world relevance, medical
terminology accuracy, and linguistic quality; SQL
implementation review verifies correct MIMIC-IV
database (Johnson et al., 2023) standards and tech-
nical execution; output verification confirms struc-
tural integrity and medical plausibility; evaluation
framework review ensures comprehensive compo-
nent coverage and unambiguous scoring standards.
Validators revise examples with minor issues or re-
ject those with significant problems. Upon passing
all validation checks, examples receive "Validated"
status for dataset inclusion. To assess problem diffi-
culty and provide fine-grained evaluation of model
capabilities, we stratify our dataset into three diffi-
culty levels based on SQL complexity and clinical
reasoning requirements: (1) Easy (30%): Few-table
queries with basic filtering and clinical concepts;
(2) Medium (40%): Multi-table joins with temporal
filtering and moderate reasoning; (3) Hard (30%):
Complex multi-join queries with nested subqueries
and advanced logic. Table 3 presents the data statis-
tics of CLINSQL.

4 Evaluation Protocol

4.1 SQL Analysis using Evaluation Guideline
SQL evaluation employs a rubric-driven process
that decomposes each candidate query into clini-
cally relevant checks. The guideline distinguishes
critical from supportive requirements and encodes
sequential dependencies such that subsequent rea-
soning is evaluated only if prerequisite steps are
satisfied. Candidates must construct an appropri-

ate cohort and map clinical concepts to schema
and codes; subsequently, table relationships, join
keys, type handling, grouping, and aggregation are
verified, followed by task-specific interpretation.
Leaf criteria receive binary decisions. Scores are
aggregated with a critical-first rule: any failed criti-
cal node collapses its parent, whereas non-critical
checks contribute via weighted averaging only af-
ter critical prerequisites are met. Consistency is
ensured by employing GPT-5 as the judge, which
leverages strong instruction following and long-
context capacity to compare rubric text, gold SQL,
and schema hints. Concise rationales are recorded
for each leaf decision to support error analysis.

4.2 SQL Execution Result Evaluation

The execution-level evaluation examines CSV out-
puts produced by executing the candidate SQL.
Format compliance is first enforced, including file
presence, exact column names, absence of nulls,
and basic type checks; clinical plausibility is then
assessed using per-column value ranges grounded
in the cohort and task definition. Plausible bands
admit clinically equivalent answers, whereas ac-
ceptable bands tighten tolerance; these criteria sup-
port equivalence across alternative but valid for-
mulations. Sequential gating prevents downstream
clinical judgments from obscuring upstream format
defects. Leaf decisions are binary and are aggre-
gated under the same critical-first rule. The same
GPT-5 judge issues decisions and concise ratio-
nales by comparing the CSV with the rubric and
gold references, yielding interpretable discrepan-
cies in schema adherence, unit handling, rounding,
and cohort-conditioned statistics.

The LLM-as-Judge prompts are provided in Ap-
pendix O. We provide the reliability and reconcili-
ation analyses of our proposed rubric-based eval-
uation in Appendix K and L, with SQL-execution
divergence statistics summarized in Appendix M.

5 Experiment

This section discusses the experiment setup and our
experiment results and analysis.

5.1 Experiment Setup

We evaluate all models on CLINSQL using rubric-
based metrics specifically designed for clinical text-
to-SQL tasks. Our primary evaluation metrics are
the SQL Score and the Execution Score. We
consider the following categories of models: (1)
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Test Set
Avg. Validation Avg. Test

Model Easy Medium Hard
SQL Exec SQL Exec SQL Exec SQL Exec SQL Exec

Proprietary Models

GPT-5-mini 54.07 81.31 37.12 73.46 38.94 69.69 42.30 75.16 42.72 74.67
Gemini-2.5-Pro 53.15 85.46 46.34 69.89 42.71 67.22 45.31 76.14 47.28 73.73
GPT-5 58.56 73.79 41.29 66.94 39.58 65.08 42.62 66.52 45.93 68.42
GPT-4.1 59.54 71.20 42.30 68.55 38.25 63.39 44.69 69.92 46.23 67.79
Gemini-2.5-Flash 55.86 72.64 45.61 64.05 41.67 58.72 47.06 66.75 47.48 65.01
OpenAI o4-mini 54.62 67.96 36.59 58.37 34.13 51.68 39.41 59.07 41.23 59.22
Grok-4-Fast-Reason. 49.47 70.82 40.34 53.18 39.40 53.23 42.67 56.58 42.78 58.46
GPT-5-nano 40.83 55.42 34.11 54.67 34.17 45.14 33.18 51.58 36.13 52.03
Mistral-Medium 42.61 56.05 32.81 42.50 31.47 37.68 32.71 43.81 35.33 45.10
Grok-4-Fast-Non-Reason. 54.16 39.31 32.33 29.80 35.69 22.39 34.77 30.10 39.85 30.41

Open-source Models

DeepSeek-R1 45.32 75.73 45.91 68.43 43.16 63.59 42.63 69.79 44.91 69.15
DeepSeek-V3.1 57.54 71.63 38.78 58.38 34.83 52.99 38.90 61.46 43.19 60.71
Qwen3-235B-A22B-Ins. 38.14 71.85 37.72 54.48 32.77 51.05 36.24 58.15 36.36 58.63
Qwen3-Coder-480B-A35B-Ins. 48.97 64.58 36.00 56.04 33.27 54.69 35.54 60.51 39.05 58.18
Qwen3-Next-80B-A3B-Ins. 48.34 67.85 29.93 45.83 26.81 35.38 34.48 43.41 34.48 49.26
Qwen3-235B-A22B-Think. 34.71 55.51 43.41 44.72 34.71 46.67 38.08 51.11 38.20 48.54
Llama-4-Maverick-17B-128E-Ins. 39.82 59.14 27.23 47.42 20.98 36.01 29.36 51.63 29.11 47.49
Llama-4-Scout-17B-16E-Ins. 40.79 36.57 24.04 28.69 20.23 26.55 26.88 31.44 27.89 30.40
Qwen3-Next-80B-A3B-Think. 46.07 27.73 37.30 30.66 31.25 21.36 37.77 29.06 38.13 27.01
Baichuan-M2-32B 36.09 23.10 30.44 13.24 23.17 10.11 26.60 11.40 29.97 15.27
MedGemma-27B 32.66 6.52 16.60 3.12 14.92 2.65 21.03 4.46 20.92 4.00
SQLCoder-7B-2 6.65 0.00 6.50 0.00 2.30 0.00 3.99 0.00 5.29 0.00

Table 4: SQL score and execution score (%) on CLINSQL validation and test sets using CoT prompting with
self-refinement. Scenario-level scores are presented in Appendix H.

Open-source general-purpose LLMs: DeepSeek-
R1 (DeepSeek-AI et al., 2025a), DeepSeek-
V3.1 (DeepSeek-AI et al., 2025b), Qwen3-Coder
series, Qwen3-Instruct series, Qwen3-Thinking se-
ries (Qwen Team, 2025), Llama-4 series (Meta
AI, 2024). (2) Proprietary models: GPT-5
series (OpenAI, 2025b), Gemini-2.5 series (Co-
manici et al., 2025), GPT-4.1 (OpenAI, 2025a),
o4-mini (OpenAI, 2025c), Grok-4-Fast series (xAI,
2025b,a), and Mistral-Medium (Mistral AI, 2025).
(3) Text-to-SQL models: SQLCoder-7B-2 (De-
fog.ai, 2024). (4) Medical-domain LLMs:
MedGemma-27B (Google DeepMind, 2025) and
Baichuan-M2-32B (Baichuan AI, 2025). For open-
source models, we perform inference using vLLM
pipeline (Kwon et al., 2023), while proprietary
models are accessed through official APIs.

We evaluate models under two prompting
regimes: Direct Output and Chain-of-Thought
(CoT). In both regimes, the model must return a sin-
gle executable BigQuery query. If execution fails,
we run up to two self-refinement rounds that feed
the question, the prior SQL, and the BigQuery error
back to the model with minimal-edit instructions.
We then extract the final fenced SQL block and ex-
ecute it. We apply self-refinement to both regimes

because many models have low first-pass execution
success, and a single correction round is insuffi-
cient; Appendix J reports the attempt-wise success
rates that motivate this choice. Prompt templates
for both regimes and the refinement procedure are
provided in Appendix D. Parameter settings and
model configurations appear in Appendix E.

5.2 Main Findings

Table 4 presents SQL and execution scores on
CLINSQL. We highlight the following findings:

CLINSQL presents substantial challenges for
current foundation models. While GPT-5-mini
achieves the best average execution score, perfor-
mance on the Hard split remains modest: leading
proprietary models stay under 70% (e.g., GPT-5-
mini 69.7% and Gemini-2.5-Pro 67.2%). Gemini-
2.5-Pro also drops by 18.24% from Easy to Hard.

Open-sourced models performance. DeepSeek-
R1 attains 69.2% average test execution with a
44.9% SQL score, and it surpasses several propri-
etary baselines, including o4-mini and both Grok-4
variants. However, open-source models still lag
the strongest proprietary models: the best propri-
etary model (GPT-5-mini) reaches 74.7% execu-
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Figure 5: Execution score comparison on the validation
set for representative models. Full SQL and execution
comparisons for all models are provided in Appendix G.

tion, about 5.5 points higher than DeepSeek-R1 and
roughly 14 to 16 points ahead of DeepSeek-V3.1
(60.7%) and Qwen3-Coder-480B-A35B-Instruct
(58.2%). Even so, these results show the gap is
narrowing as techniques mature.

CoT reasoning generally improves model per-
formance compared to directly outputting the
final SQL. As shown in Figure 5, the extent of
improvement varies across models. Qwen3-235B-
A22B-Instruct increases from 53.6% to 58.2% and
Qwen3-Coder-480B-A35B-Instruct from 56.1%
to 60.5%, while Llama-4-Scout-17B-16E-Instruct
rises only from 29.3% to 31.4% and Grok-4-Fast-
Non-Reasoning from 27.4% to 30.1%. Strong pro-
prietary models see modest gains (Gemini-2.5-Pro
from 73.6% to 76.1%, GPT-5-mini from 72.7% to
75.2%). Even lower baselines benefit (MedGemma-
27B from 4.0% to 4.5%).

5.3 Error Analysis and Case Study

To better characterize failure modes, we randomly
select 10 cases from each of six validation scenar-
ios generated by GPT-5-mini and analyze rubric
feedback from our judge model. We observe three
common error types: Cohort specification & cod-
ing (54%): in which explicit ICD or itemid
constraints are replaced by keyword heuristics or
key joins are relaxed, broadening cohorts; Output
schema & formatting (24%): omitted required
columns, invalid values, or naming mismatches that
trigger schema checks; and Aggregation & clini-
cal statistics (14%): mis-specified denominators or
missing normalization leading to implausible rates.
Other observed errors include occasional tempo-
ral boundary mistakes and pattern-specific issues
seen in GPT-5-mini outputs, such as using quartiles
instead of percentiles in APPROX_QUANTILES

Setting Easy Medium Hard

SQL Score
Baseline CoT 54.78 36.40 37.90
Schema-hinted CoT 58.27↑3.49 41.09↑4.69 42.04↑4.14

Execution Score
Baseline CoT 79.96 75.63 69.83
Schema-hinted CoT 82.74↑2.78 85.85↑10.21 77.03↑7.20

Table 5: Validation performance of GPT-5-mini under
baseline and schema-hinted Chain-of-Thought configu-
rations. Superscripts denote absolute percentage-point
gains of the schema-hinted setting over the baseline.

(e.g., employing quartile buckets rather than 100-
quantile offsets), which yields incorrect reported
statistics. Examples for each error type are pro-
vided in Appendix C.

5.4 Schema-Hinted Inference Analysis

The preceding failure analysis underscores co-
hort drift and schema mismatches as dominant er-
ror sources. This motivates our exploration of a
Schema-Hinted inference configuration designed
to mitigate these common failures. The setting aug-
ments the standard Chain-of-Thought prompting
and self-refinement schedule with schema hints,
foregrounding clinically validated ICD filters and
expected result columns. Full setup details are
provided in Appendix F. We evaluate this config-
uration with GPT-5-mini on the validation split,
and the results show consistent gains over the base-
line. As summarised in Table 5, SQL and execution
accuracy improve across all difficulty tiers. The
most pronounced execution gains are observed on
medium and hard queries, where providing clin-
ically validated ICD filters and expected result
columns better constrains the inference process.

6 Conclusion

We propose CLINSQL, a benchmark for realis-
tic clinical text-to-SQL analytics. It captures core
challenges of real EHR practice, including hetero-
geneous tables, temporal windows, and patient-
similarity cohort construction. We assess a broad
set of models using the developed rubric-based
evaluation protocols and observe that, despite re-
cent advances, performance remains well short of
clinically reliable operation: execution frequently
exceeds SQL correctness and errors cluster around
cohort specification, schema/formatting, and aggre-
gation/clinical statistics. CLINSQL establishes a
rigorous, domain-grounded target for clinical re-
search and advance trustworthy EHR analytics.
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Limitations

While CLINSQL advances clinically grounded
text-to-SQL evaluation, several limitations remain.
First, the current benchmark is built on MIMIC-IV
v3.1—data from a single health system—and tar-
gets a single SQL environment, which may limit
transferability to other EHR ecosystems, data mod-
els, and database backends. Second, CLINSQL
depends on substantial domain-expert involvement
for scenario specification, gold-standard SQL au-
thoring, and rubric-aligned leaf rationales. Al-
though this expert curation provides high-fidelity
supervision, the associated training, annotation,
and review burden reduces throughput and makes
it difficult to scale to substantially larger datasets
without additional tooling or alternative supervi-
sion strategies.
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A CLINSQL Benchmark Construction

ID Year Major Assigned Scenario Author?

1 3rd-year PhD Health Informatics Patient Demographics & Admissions ✗
2 — — — ✓
3 5th-year PhD Biochemistry Laboratory Results Analysis ✗
4 3rd-year PhD Medicine Medication Management ✗
5 4th-year PhD Biomedical Engineering Diagnostic Procedures ✗
6 — — — ✓

Table 6: Overview of the 6 expert annotators who contributed to the CLINSQL Benchmark Construction. Two
annotators (IDs 2 and 6) are paper authors; to preserve confidentiality, their rows omit year, major, and scenario
details.
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B Example Clinical Questions

B.1 Patient Demographics Example

Query For an 81-year-old female: among female Medicare patients aged 76–86 transferred from another
hospital with principal AMI (ICD-9 410*/ICD-10 I21*), report 30-day readmission rate; median index
LOS for readmitted vs not; percent index stays > 4 days.

SQL As Figure 6

Gold SQL
WITH admissions_with_next AS (

    SELECT

        hadm_id,

        subject_id,

        admittime,

        dischtime,

        admission_location,

        insurance,

        LEAD(admittime, 1) OVER (PARTITION BY subject_id ORDER 

 ​ ​ ​BY admittime) AS next_admittime

    FROM `physionet-​data.mimiciv_3_1_hosp.admissions`

),

index_admissions AS (

    SELECT

        a.hadm_id,

        DATETIME_DIFF(a.dischtime, a.admittime, HOUR) / 24.0 AS los_days,

        CASE

            WHEN a.next_admittime IS NOT NULL

                 AND DATE_DIFF(DATE(a.next_admittime), DATE(a.dischtime), 

 ​ ​ ​ ​ ​DAY) <= 30

            THEN 1

            ELSE 0

        END AS is_readmitted_30_days

    FROM admissions_with_next AS a

    INNER JOIN `physionet-​data.mimiciv_3_1_hosp.patients` AS p

        ON a.subject_id = p.subject_id

    INNER JOIN `physionet-​data.mimiciv_3_1_hosp.diagnoses_icd` AS d

        ON a.hadm_id = d.hadm_id

    WHERE

        p.gender = 'F'

        AND (p.anchor_age + EXTRACT(YEAR FROM a.admittime) - p.anchor_year) 

 ​ ​ ​BETWEEN 76 AND 86

        AND a.insurance = 'Medicare'

        AND UPPER(a.admission_location) LIKE '%TRANSFER%HOSP%'

        AND a.dischtime IS NOT NULL

        AND d.seq_num = 1

        AND (

            (d.icd_version = 9 AND d.icd_code LIKE '410%')

            OR (d.icd_version = 10 AND d.icd_code LIKE 'I21%')

        )

)

SELECT

    AVG(is_readmitted_30_days) * 100 AS readmission_rate_30_day_pct,

    APPROX_QUANTILES(IF(is_readmitted_30_days = 1, los_days, NULL), 2)​[OFFSET(1)] AS 
median_los_readmitted_days,

    APPROX_QUANTILES(IF(is_readmitted_30_days = 0, los_days, NULL), 2)​[OFFSET(1)] AS 
median_los_not_readmitted_days,

    AVG(IF(los_days > 4, 1, 0)) * 100 AS pct_index_los_gt_4_days

FROM index_admissions;

A2 Clinical Analytics [W=3; Sequential]
This section performs the final calculations and data 

summarization to produce the desiredoutput

Question: For an 81‑year‑old female: among female Medicare patients aged 76–86 
transferred from another hospital with principal AMI (ICD‑9 410*/ICD‑10 I21*), report 
30‑day readmission rate; median index LOS for readmitted vs not; percent index stays 

>4 days.

A SQL Query Evaluation [weight = 3] – the construction/logic checks for the SQL 
itself. (Build a hierarchical evaluation tree with critical and sequential checkpoints.)

A1.2  [1/0]
age at 

admission
∈ [76, 86] 

(critical)

A2.2 
[1/0]
LOS 

(days)

A2.1 
[1/0]

30-​day 
readmit 

logic

A1 Patient Cohort Construction [W=3; has critical leaves]
This section defines the specific patient group

for the analysis by applying demographic filters

A1.1  [1/0]
gender = 

'F' 
(critical)

A1.4 [1/0]
From 
other 

hospital 
(critical)

A1.3 [1/0]
Insurance
= Medicare

(critical)

A2.3 
[1/0]

Readmit
rate %

A3 Database Integration [W=2; has critical leaves]
This section ensures that data from different tables is correctly 

linked to maintain relationaintegrity.

A2.4   
[1/0]

Median 
LOS (2 

groups)

A3.2 [1/0]
Keys 

subj/hadm
(critical)

A3.1  [1/0]
Join 

adm↔pat↔diag
(critical)

readmission_rate_30_day_pct median_los_readmitted_days median_los_not_readmitted_days pct_index_los_gt_4_days

14.939759036144585 7.083333333333333 4.916666666666667 59.518072289156606

Result CSV

A1.5 [1/0]
Principal

AMI 
(seq1)

(critical)

A2.5 
[1/0]
Pct 

LOS>4d

Figure 6: SQL evaluation rubric tree and Result for a CLINSQL sample: Patient Demographics.

B.2 Vital Signs Monitoring Example

Query I have a 60-year-old man in the ICU. In male ICU patients aged 55–65 with HFNC within 24
hours versus condition-matched ICU controls, what are the instability score median and p25/p75/p95,
tachycardia and hypotension burden, ICU LOS and mortality?

SQL As Figure 7

B.3 Laboratory Results Analysis Example

Query I have a 51-year-old female with suspected ACS. Among female ACS admissions age 46–56,
what are counts, percentages, and mean hospital length of stay for first hs-TnT: Normal, Borderline,
Myocardial Injury?

SQL As Figure 8

B.4 Medication Management Example

Query I have a 64-year-old female inpatient. Among females aged 59–69, what’s the IQR of single
inpatient amiodarone prescription durations (days)?

SQL As Figure 9

B.5 Diagnostic Procedures Example

Query Evaluating an 88-year-old man: among male patients aged 83–93 with sepsis on their first
ICU stay, stratify first-72-hour diagnostic intensity (distinct procedures) into quartiles and report mean
procedure counts, mean ICU LOS in days, and mortality (%) per quartile.

SQL As Figure 10
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B.6 Disease Diagnosis and Outcomes Example
Query I have a 75-year-old female inpatient with pulmonary embolism. For female inpatients aged
70–80 with PE, stratify into risk-score quintiles and report per quintile: 90-day mortality, general 70–80
female 90-day mortality (comparison), AKI and ARDS rates, and median survivor LOS.

SQL As Figure 11
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Gold SQL
WITH

  base_cohort AS (

    SELECT

      icu.subject_id,

      icu.hadm_id,

      icu.stay_id,

      icu.intime,

      icu.outtime,

      DATETIME_DIFF(icu.intime, DATETIME(pat.anchor_year, 1, 1, 0, 0, 0), 

 ​ ​YEAR) + pat.anchor_age AS age_at_icustay,

      adm.hospital_expire_flag,

      DATETIME_DIFF(icu.outtime, icu.intime, HOUR) / 24.0 AS icu_los_days

    FROM

      `physionet-​data.mimiciv_3_1_icu.icustays` AS icu

    INNER JOIN

      `physionet-​data.mimiciv_3_1_hosp.patients` AS pat

      ON icu.subject_id = pat.subject_id

    INNER JOIN

      `physionet-​data.mimiciv_3_1_hosp.admissions` AS adm

      ON icu.hadm_id = adm.hadm_id

    WHERE

      pat.gender = 'M'

      AND (

        DATETIME_DIFF(icu.intime, DATETIME(pat.anchor_year, 1, 1, 0, 0, 0), 

 ​ ​ ​YEAR)

        + pat.anchor_age

      ) BETWEEN 55 AND 65

  ),

  hfnc_stays AS (

    SELECT DISTINCT

      ce.stay_id

    FROM

      `physionet-​data.mimiciv_3_1_icu.chartevents` AS ce

    INNER JOIN

      base_cohort AS cohort

      ON ce.stay_id = cohort.stay_id

    WHERE

      ce.itemid = 227287

      AND DATETIME_DIFF(ce.charttime, cohort.intime, HOUR) <= 24

  ),

  vitals_first_24h AS (

    SELECT

      ce.stay_id,

      CASE

        WHEN ce.itemid = 220045

        THEN 'HR'

        WHEN ce.itemid IN (220052, 220181)

        THEN 'MAP'

      END AS vital_name,

      ce.valuenum AS value

    FROM

      `physionet-​data.mimiciv_3_1_icu.chartevents` AS ce

    INNER JOIN

      base_cohort AS cohort

      ON ce.stay_id = cohort.stay_id

    WHERE

      ce.itemid IN (220045, 220052, 220181)

      AND ce.valuenum IS NOT NULL AND ce.valuenum > 0

      AND DATETIME_DIFF(ce.charttime, cohort.intime, HOUR) <= 24),

  stay_level_metrics AS (

    SELECT

      stay_id,

      (SAFE_DIVIDE(

          STDDEV_SAMP(IF(vital_name = 'HR', value, NULL)),

          AVG(IF(vital_name = 'HR', value, NULL)))

      ) + (

        SAFE_DIVIDE(STDDEV_SAMP(IF(vital_name = 'MAP', value, NULL)),

          AVG(IF(vital_name = 'MAP', value, NULL)))

      ) AS instability_score,

      SAFE_DIVIDE(

        COUNTIF(vital_name = 'HR' AND value > 100),

        COUNTIF(vital_name = 'HR')

      ) AS tachycardia_burden,

      SAFE_DIVIDE(

        COUNTIF(vital_name = 'MAP' AND value < 65),

        COUNTIF(vital_name = 'MAP')

      ) AS hypotension_burden

    FROM

      vitals_first_24h

    GROUP BY

      stay_id

    HAVING

      COUNTIF(vital_name = 'HR') > 2 AND COUNTIF(vital_name = 'MAP') > 2

  ),

  final_cohort_data AS (

    SELECT

      bc.stay_id,

      bc.icu_los_days,

      bc.hospital_expire_flag,

      CASE

        WHEN hs.stay_id IS NOT NULL

        THEN 'HFNC_Target'

        ELSE 'Control'

      END AS cohort_group,

      slm.instability_score,

      slm.tachycardia_burden,

      slm.hypotension_burden

    FROM

      base_cohort AS bc

    LEFT JOIN

      hfnc_stays AS hs

      ON bc.stay_id = hs.stay_id

    INNER JOIN

      stay_level_metrics AS slm

      ON bc.stay_id = slm.stay_id

  )

SELECT

  cohort_group,

  COUNT(DISTINCT stay_id) AS number_of_stays,

  AVG(instability_score) AS avg_instability_score,

  APPROX_QUANTILES(instability_score, 100) [OFFSET(25)] AS instability_score_p25,

  APPROX_QUANTILES(instability_score, 100) [OFFSET(50)] AS instability_score_median,

  APPROX_QUANTILES(instability_score, 100) [OFFSET(75)] AS instability_score_p75,

  APPROX_QUANTILES(instability_score, 100) [OFFSET(95)] AS instability_score_p95,

  AVG(tachycardia_burden) AS avg_tachycardia_burden_proportion,

  AVG(hypotension_burden) AS avg_hypotension_burden_proportion,

  AVG(icu_los_days) AS avg_icu_los_days,

  AVG(CAST(hospital_expire_flag AS INT64)) AS mortality_rate

FROM  final_cohort_data GROUP BY cohort_group ORDER BY cohort_group DESC;

Figure 7: SQL sample: Vital Signs Monitoring.
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Gold SQL
WITH acs_cohort AS (

  SELECT

    p.subject_id,

    a.hadm_id,

    (p.anchor_age + EXTRACT(YEAR FROM a.admittime) - p.anchor_year) 

 ​ ​AS age_at_admission,

    DATETIME_DIFF(a.dischtime, a.admittime, DAY) AS length_of_stay

  FROM

    `physionet-​data.mimiciv_3_1_hosp.patients` AS p

  INNER JOIN

    `physionet-​data.mimiciv_3_1_hosp.admissions` AS a

    ON p.subject_id = a.subject_id

  INNER JOIN

    `physionet-​data.mimiciv_3_1_hosp.diagnoses_icd` AS d

    ON a.hadm_id = d.hadm_id

  WHERE

    p.gender = 'F'

    AND (p.anchor_age + EXTRACT(YEAR FROM a.admittime) - p.anchor_year) 

 ​ ​BETWEEN 46 AND 56

    AND a.dischtime IS NOT NULL

    AND a.admittime IS NOT NULL

    AND (

      (d.icd_version = 9 AND (d.icd_code LIKE '410%' OR d.icd_code = '4111'))

      OR (d.icd_version = 10 AND (d.icd_code = 'I200' OR d.icd_code LIKE 'I21%' 

 ​  OR d.icd_code LIKE 'I22%'))) ),

first_troponin AS (

  SELECT

    c.hadm_id,

    c.length_of_stay,

    le.valuenum,

    ROW_NUMBER() OVER (PARTITION BY c.hadm_id 

 ​ ​ORDER BY le.charttime ASC) AS rn

  FROM

    acs_cohort AS c

  INNER JOIN

    `physionet-​data.mimiciv_3_1_hosp.labevents` AS le

    ON c.hadm_id = le.hadm_id

  WHERE

    le.itemid = 51003

    AND le.valuenum IS NOT NULL

    AND le.valuenum >= 0 ),

categorized_troponin AS (

  SELECT

    ft.hadm_id,

    ft.length_of_stay,

    CASE

      WHEN ft.valuenum < 0.014 THEN 'Normal'

      WHEN ft.valuenum BETWEEN 0.014 AND 0.052 THEN 'Borderline'

      WHEN ft.valuenum > 0.052 THEN 'Myocardial Injury'

      ELSE 'Unknown'

    END AS troponin_category

  FROM

    first_troponin AS ft

  WHERE

    ft.rn = 1)

SELECT

  ct.troponin_category,

  COUNT(DISTINCT ct.hadm_id) AS patient_admission_count,

  ROUND(

    COUNT(DISTINCT ct.hadm_id) * 100.0 / SUM(COUNT(DISTINCT ct.hadm_id)) OVER (),

    1

  ) AS percentage_of_admissions,

  ROUND(AVG(ct.length_of_stay), 1) AS avg_length_of_stay_days

FROM

  categorized_troponin AS ct

WHERE

  ct.troponin_category != 'Unknown'

GROUP BY

  ct.troponin_category

ORDER BY

  CASE

    WHEN ct.troponin_category = 'Normal' THEN 1

    WHEN ct.troponin_category = 'Borderline' THEN 2

    WHEN ct.troponin_category = 'Myocardial Injury' THEN 3

  END;

A2 Medical Concept: first hs-​TnT [W=3; Sequential]
This section identifies relevant medical procedures using correct 

code versions and filtering logic

Question: I have a 51-​year-​old female with suspected ACS. Among female ACS 
admissions age 46–56, what are counts, percentages, and mean hospital length of stay

for first hs‑TnT: Normal, Borderline, Myocardial Injury?

A SQL Query Evaluation [weight = 3] – the construction/logic checks for the SQL 
itself. (Build a hierarchical evaluation tree with critical and sequential checkpoints.)

A1.2  [1/0]
age at 

admission
∈ [46,56] 
(critical)

A2.2 [1/0]
Valid 

numeric 
value (not 

null, ≥0)

A2.1 [1/0]
Identify hs-​

TnT item 
(itemid=51

003)

A1 Patient Cohort Construction [W=3; has critical leaves]
This section defines the specific patient group

for the analysis by applying demographic filters

A1.1  [1/0]
gender = 

'F' 
(critical)

A1.4 [1/0]
Non-​null 

admittime & 
dischtime 

(for LOS calc)

A1.3 [1/0]
ACS diagnosis 

(ICD-9: 410%, 4111;
ICD-10: I200, I21%, 

I22%) (critical)

A2.3 [1/0]
First measurement 

logic (ROW_NUMBER
by hadm_id, time-​

asc; keep rn=1)

A4 Clinical Analytics [W=2; Sequential]
This section performs the final calculations and data 

summarization to produce the desiredoutput

A3.2 [1/0]
Age at 

admission 
calculation

A4.2 [1/0]
Admission count 

per category 
(COUNT(DISTINC

T hadm_id))

A4.1 [1/0]
Group by 
troponin_
category 
(critical)

A3 Database Integration [W=3; has critical leaves]
This section ensures that data from different tables is correctly 

linked to maintain relationaintegrity.

A3.1  [1/0]
Core joins correct 

(patients↔admissions
↔diagnoses_icd, later 
↔labevents) (critical)

A4.3  [1/0]
Percent of 
admissions 

(window 
over counts)

A2.4 [1/0]
Categorize hs-​TnT

Normal <0.014; 
Borderline 0.014–0.052; 

Myocardial Injury >0.052

A3.3 [1/0]
LOS 

calculation
(days)

A4.5  [1/0]
Logical ordering: 
Normal→Borderli
ne→Myocardial 

Injury

A4.4  
[1/0]

Average
LOS 

(days)

troponin_category patient_admission_count percentage_of_admissions avg_length_of_stay_days

Normal

Borderline

Myocardial Injury

9 2.2 13.4

53 12.7 7.1

354 85.1 7.7

Result CSV

Figure 8: SQL evaluation rubric tree and Result for a CLINSQL sample: Laboratory Results Analysis.

Gold SQL
WITH PrescriptionDurations AS (

  SELECT

    DATE_DIFF(DATE(pr.stoptime), DATE(pr.starttime), DAY) AS duration_days

  FROM

    `physionet-​data.mimiciv_3_1_hosp.patients` p

  JOIN

    `physionet-​data.mimiciv_3_1_hosp.prescriptions` pr

    ON p.subject_id = pr.subject_id

  WHERE

    p.gender = 'F'

    AND p.anchor_age BETWEEN 59 AND 69

    AND LOWER(pr.drug) LIKE '%amiodarone%'

    AND pr.starttime IS NOT NULL

    AND pr.stoptime IS NOT NULL

    AND DATE_DIFF(DATE(pr.stoptime), DATE(pr.starttime), DAY) >= 0

)

SELECT

  (APPROX_QUANTILES(duration_days, 4)​[OFFSET(3)]) - (APPROX_QUANTILES(duration_days, 
4)[OFFSET(1)]) AS iqr_duration_days

FROM

  PrescriptionDurations;

iqr_duration_days

2

Result CSV

A2 Medical Concept: first hs-​TnT 
[W=3; Sequential]

This section identifies relevant 
medical procedures using correct 
code versions and filtering logic

Question: I have a 64‑year‑old female inpatient. Among females aged 59–69, what's 
the IQR of single inpatient amiodarone prescription durations (days)?

A SQL Query Evaluation [weight = 3] – the construction/logic checks for the SQL 
itself. (Build a hierarchical evaluation tree with critical and sequential checkpoints.)

A1.2  [1/0]
age at 

admission ∈ 
[59,69] (critical)

A2.2 
[1/0]

Duration
days

A2.1 [1/0]
Amiodarone

match

A1 Patient Cohort Construction [W=3; has 
critical leaves]

This section defines the specific patient group
for the analysis by applying demographic filters

A1.1  [1/0]
gender = 'F'

(critical)

A4 Clinical Analytics [W=2; Sequential]
This section performs the final 

calculations and data summarization to 
produce the desiredoutput

A3.2 [1/0]
Key subject_id

A4.2 [1/0]
IQR Q3−Q1

A4.1 [1/0]
CTE durations

A3 Database Integration [W=3; 
has critical leaves]

This section ensures that data from different 
tables is correctly linked to maintain 

relationaintegrity.

A3.1  [1/0]
Join pat↔presc 

(critical)

A2.3 
[1/0]

Validate 
duration

Figure 9: SQL evaluation rubric tree and Result for a CLINSQL sample: Medication Management.

1383



Gold SQL
WITH sepsis_hadms AS (

    SELECT DISTINCT hadm_id

    FROM `physionet-​data.mimiciv_3_1_hosp.diagnoses_icd`

    WHERE

        (icd_version = 9 AND (icd_code LIKE '9959%' OR icd_code LIKE '78552%'))

        OR (icd_version = 10 AND icd_code LIKE 'A41%')

),

first_icu_stays AS (

    SELECT

        stay_id,

        hadm_id,

        ROW_NUMBER() OVER(PARTITION BY hadm_id ORDER BY intime ASC) 

 ​ ​ ​as rn

    FROM `physionet-​data.mimiciv_3_1_icu.icustays`

),

cohort AS (

    SELECT

        i.stay_id,

        i.intime,

        a.hospital_expire_flag,

        DATETIME_DIFF(i.outtime, i.intime, HOUR) / 24.0 AS icu_los_days

    FROM `physionet-​data.mimiciv_3_1_hosp.patients` AS p

    INNER JOIN `physionet-​data.mimiciv_3_1_hosp.admissions` AS a

        ON p.subject_id = a.subject_id

    INNER JOIN `physionet-​data.mimiciv_3_1_icu.icustays` AS i

        ON a.hadm_id = i.hadm_id

    INNER JOIN first_icu_stays AS fis

        ON i.stay_id = fis.stay_id

    WHERE

        fis.rn = 1

        AND p.gender = 'M'

        AND (p.anchor_age + EXTRACT(YEAR FROM a.admittime) - 

 ​ ​ ​p.anchor_year) BETWEEN 83 AND 93

        AND a.hadm_id IN (SELECT hadm_id FROM sepsis_hadms)

),

diagnostic_intensity AS (

    SELECT

        c.stay_id,

        c.icu_los_days,

        c.hospital_expire_flag,

        COUNT(DISTINCT pe.itemid) AS diagnostic_proc_count

    FROM cohort AS c

    LEFT JOIN `physionet-​data.mimiciv_3_1_icu.procedureevents` AS pe

        ON c.stay_id = pe.stay_id

        AND pe.starttime 

 ​ ​ ​BETWEEN c.intime AND DATETIME_ADD(c.intime, INTERVAL 72 HOUR)

    GROUP BY

        c.stay_id, c.icu_los_days, c.hospital_expire_flag),

quartiles AS (

    SELECT

        APPROX_QUANTILES(diagnostic_proc_count, 4) AS quantiles

    FROM diagnostic_intensity),

stratified_stays AS (

    SELECT

        di.diagnostic_proc_count,

        di.icu_los_days,

        di.hospital_expire_flag,

        CASE

            WHEN di.diagnostic_proc_count <= q.quantiles[OFFSET(1)] THEN 'Q1 (Lowest)'

            WHEN di.diagnostic_proc_count > q.quantiles[OFFSET(1)] 

 ​ ​ ​ ​AND di.diagnostic_proc_count <= q.quantiles[OFFSET(2)] THEN 'Q2'

            WHEN di.diagnostic_proc_count > q.quantiles[OFFSET(2)] 

 ​ ​ ​ ​AND di.diagnostic_proc_count <= q.quantiles[OFFSET(3)] THEN 'Q3'

            WHEN di.diagnostic_proc_count > q.quantiles[OFFSET(3)] THEN 'Q4 (Highest)'

            ELSE 'Unknown'

        END AS diagnostic_quartile

    FROM diagnostic_intensity AS di

    CROSS JOIN quartiles AS q )

SELECT

    diagnostic_quartile,

    COUNT(diagnostic_quartile) AS num_icu_stays,

    AVG(diagnostic_proc_count) AS avg_diagnostic_procs,

    AVG(icu_los_days) AS avg_icu_los_days,

    AVG(CAST(hospital_expire_flag AS FLOAT64)) * 100 AS mortality_rate_percent

FROM stratified_stays

GROUP BY

    diagnostic_quartile

ORDER BY

    diagnostic_quartile;

A2 Medical Concept: first hs-​TnT 
[W=3; Sequential]

This section identifies relevant 
medical procedures using correct 
code versions and filtering logic

Question: Evaluating an 88-​year-​old man: among male patients aged 83–93 with 
sepsis on their first ICU stay, stratify first‑72‑hour diagnostic intensity (distinct 

procedures) into quartiles and report mean procedure counts, mean ICU LOS in days, 
and mortality (%) per quartile.

A SQL Query Evaluation [weight = 3] – the construction/logic checks for the SQL 
itself. (Build a hierarchical evaluation tree with critical and sequential checkpoints.)

A1.2  [1/0]
age at 

admission
∈ [83,93] 
(critical)

A2.2 [1/0]
Procedures 

first 72h

A2.1 [1/0]
Sepsis codes 

(9/10)
(critical)

A1 Patient Cohort Construction [W=3; has critical leaves]
This section defines the specific patient group

for the analysis by applying demographic filters

A1.1  [1/0]
gender = 

'M' 
(critical)

A1.4 [1/0]
First ICU stay

(critical)

A1.3 [1/0]
Sepsis admission 

(critical)

A4 Clinical Analytics [W=2; Sequential]
This section performs the final calculations and data

summarization to produce the desiredoutput

A3.2 [1/0]
LEFT JOIN 

procedures

A4.2 [1/0]
COUNT DISTINCT 

procs

A4.1 [1/0]
ICU LOS 

days

A3 Database Integration [W=3; has critical leaves]
This section ensures that data from different tables

is correctly linked to maintain relationaintegrity.

A3.1  [1/0]
Core joins 

(pat/adm/icu) (critical)

A4.3  [1/0]
Quartiles by

count

A4.4  
[1/0]
Final 

metrics

diagnostic_quartile num_icu_stays avg_diagnostic_procs avg_icu_los_days mortality_rate_percent

Q1 (Lowest) 321 0.8940809968847344 2.7435098650051915 33.33333333333333

Q2 281 3.5160142348754455 3.106168446026099 25.622775800711732

Q3 313 5.9329073482428125 4.48974973375932 34.82428115015978

Q4 (Highest) 273 10.494505494505496 7.664072039072041 45.42124542124542

Result CSV

Figure 10: SQL evaluation rubric tree and Result for a CLINSQL sample: Diagnostic Procedures.
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Gold SQL
WITH

  pe_admissions AS (

    SELECT

      hadm_id

    FROM

      `physionet-​data.mimiciv_3_1_hosp.diagnoses_icd`

    WHERE

      (icd_version = 10 AND icd_code LIKE 'I26%')

      OR (icd_version = 9 AND icd_code LIKE '415.1%')

    GROUP BY

      hadm_id

  ),

  cohort_base AS (

    SELECT pat.subject_id, adm.hadm_id,

      (pat.anchor_age + EXTRACT(YEAR FROM adm.admittime) - pat.anchor_year) AS 
age_at_admission,

      adm.admittime,

      adm.dischtime,

      COALESCE(adm.deathtime, pat.dod) AS deathtime

    FROM

      `physionet-​data.mimiciv_3_1_hosp.patients` AS pat

    INNER JOIN

      `physionet-​data.mimiciv_3_1_hosp.admissions` AS adm ON pat.subject_id = adm.subject_id

    INNER JOIN

      pe_admissions AS pe ON adm.hadm_id = pe.hadm_id

    WHERE

      pat.gender = 'F'

      AND (pat.anchor_age + EXTRACT(YEAR FROM adm.admittime) - pat.anchor_year) BETWEEN 70 
AND 80

  ),

  diagnoses_flags AS (

    SELECT

      dx.hadm_id,

      MAX(IF((dx.icd_version = 10 AND dx.icd_code IN ('R65.21', 'A41.9')) OR (dx.icd_version = 9 AND 
dx.icd_code IN ('995.92', '038.9')), 1, 0)) AS has_sepsis,

      MAX(IF((dx.icd_version = 10 AND dx.icd_code LIKE 'I21%') OR (dx.icd_version = 9 AND 
dx.icd_code LIKE '410%'), 1, 0)) AS has_mi,

      MAX(IF((dx.icd_version = 10 AND dx.icd_code LIKE 'N18%') OR (dx.icd_version = 9 AND 
dx.icd_code LIKE '585%'), 1, 0)) AS has_ckd,

      MAX(IF((dx.icd_version = 10 AND STARTS_WITH(dx.icd_code, 'C')) OR (dx.icd_version = 9 AND 
dx.icd_code BETWEEN '140' AND '209'), 1, 0)) AS has_cancer,

      MAX(IF((dx.icd_version = 10 AND dx.icd_code LIKE 'N17%') OR (dx.icd_version = 9 AND 
dx.icd_code LIKE '584%'), 1, 0)) AS has_aki,

      MAX(IF((dx.icd_version = 10 AND dx.icd_code = 'J80') OR (dx.icd_version = 9 AND dx.icd_code IN 
('518.82', '518.5')), 1, 0)) AS has_ards

    FROM

      `physionet-​data.mimiciv_3_1_hosp.diagnoses_icd` AS dx

    WHERE

      dx.hadm_id IN (SELECT hadm_id FROM cohort_base)

    GROUP BY

      dx.hadm_id

  ),

  cohort_features AS (

    SELECT

      cb.hadm_id,

      DATETIME_DIFF(cb.dischtime, cb.admittime, DAY) AS los_days,

      (cb.deathtime IS NOT NULL AND DATETIME_DIFF(cb.deathtime, cb.admittime, DAY) <= 90) AS 
is_dead_at_90_days,

      COALESCE(df.has_aki, 0) AS has_aki,

      COALESCE(df.has_ards, 0) AS has_ards,

      (

        (cb.age_at_admission - 70) * 2

        + (COALESCE(df.has_sepsis, 0) * 25)

        + (COALESCE(df.has_cancer, 0) * 20)

        + (COALESCE(df.has_mi, 0) * 15)

        + (COALESCE(df.has_ckd, 0) * 10)

      ) AS risk_score

    FROM

      cohort_base AS cb

    LEFT JOIN

      diagnoses_flags AS df ON cb.hadm_id = df.hadm_id

  ),

  risk_stratification AS (

    SELECT

      *,

      NTILE(5) OVER (ORDER BY risk_score) AS risk_quintile

    FROM

      cohort_features

  ),

  general_pop_mortality AS (

    SELECT

      SAFE_DIVIDE(

        COUNTIF(cb.deathtime IS NOT NULL AND DATETIME_DIFF(cb.deathtime, cb.admittime, DAY) 
<= 90),

        COUNT(cb.hadm_id)

      ) AS general_pop_90d_mortality_rate

    FROM (

      SELECT

        adm.hadm_id,  adm.admittime,

        COALESCE(adm.deathtime, pat.dod) AS deathtime

      FROM

        `physionet-​data.mimiciv_3_1_hosp.patients` AS pat

      INNER JOIN

        `physionet-​data.mimiciv_3_1_hosp.admissions` AS adm ON pat.subject_id = adm.subject_id

      WHERE

        pat.gender = 'F'

        AND (pat.anchor_age + EXTRACT(YEAR FROM adm.admittime) - pat.anchor_year) BETWEEN 70 
AND 80

    ) AS cb)

SELECT

  rs.risk_quintile,

  COUNT(rs.hadm_id) AS total_patients,

  MIN(rs.risk_score) AS min_risk_score,

  MAX(rs.risk_score) AS max_risk_score,

  SAFE_DIVIDE(SUM(IF(rs.is_dead_at_90_days, 1, 0)), COUNT(rs.hadm_id)) AS 
pe_cohort_90d_mortality_rate,

  gpm.general_pop_90d_mortality_rate,

  AVG(rs.has_aki) AS aki_rate,

  AVG(rs.has_ards) AS ards_rate,

  APPROX_QUANTILES(

    IF(NOT rs.is_dead_at_90_days, rs.los_days, NULL), 100 IGNORE NULLS

  )​[OFFSET(50)] AS median_survivor_los_days

FROM

  risk_stratification AS rs

CROSS JOIN

  general_pop_mortality AS gpm

GROUP BY

  rs.risk_quintile,

  gpm.general_pop_90d_mortality_rate

ORDER BY

  rs.risk_quintile;

Figure 11: SQL sample: Disease Diagnosis and Outcomes.
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C Error Analysis

Gold SQL
WITH.

   ..

SELECT

  COUNT(DISTINCT subject_id) AS patient_count,

  COUNT(hadm_id) AS admission_count,

  ROUND(AVG(troponin_t_value), 4) AS mean_troponin_t,

  ROUND(APPROX_QUANTILES(troponin_t_value, 100)​[OFFSET(50)], 4) AS median_troponin_t,

  ROUND(APPROX_QUANTILES(troponin_t_value, 100)​[OFFSET(25)], 4) AS p25_troponin_t,

  ROUND(APPROX_QUANTILES(troponin_t_value, 100)​[OFFSET(75)], 4) AS p75_troponin_t,

  ROUND(

    (APPROX_QUANTILES(troponin_t_value, 100)​[OFFSET(75)] - 
APPROX_QUANTILES(troponin_t_value, 100)[OFFSET(25)]),

    4

  ) AS iqr_troponin_t,

  ROUND(MIN(troponin_t_value), 4) AS min_elevated_troponin_t,

  ROUND(MAX(troponin_t_value), 4) AS max_elevated_troponin_t

FROM

  first_troponin_t

WHERE

  rn = 1

  AND troponin_t_value > 0.01;

Failed 
...

SELECT

  COUNT(DISTINCT e.subject_id) AS patient_count,

  COUNT(DISTINCT e.hadm_id) AS admission_count,

  ROUND(AVG(e.hs_tnt_ng_ml), 6) AS hs_tnt_mean_ng_per_ml,

  q.qarr[OFFSET(2)] AS hs_tnt_median_ng_per_ml,

  q.qarr[OFFSET(1)] AS hs_tnt_q1_ng_per_ml,

  q.qarr[OFFSET(3)] AS hs_tnt_q3_ng_per_ml,

  q.qarr[OFFSET(3)] - q.qarr[OFFSET(1)] AS hs_tnt_iqr_ng_per_ml

FROM eligible_first_troponin e

CROSS JOIN quartiles q;

Gold Result CSV

For a 60-​year-​old woman: among female 
patients aged 55–65 admitted with AMI 
whose first hs‑TnT >0.01 ng/mL, report 
patient and admission counts and hs‑TnT 
mean, median, and IQR.

Error: "SELECT list expression references 
q.qarr which is neither grouped nor 
aggregated". 
The failed query incorrectly references 
ungrouped columns in SELECT with CROSS 
JOIN, while the golden query uses proper 
aggregation functions.

result

""

Predicted Result CSV

patient_count admission_count mean_troponin_t median_troponin_t

687 808 1.0738 0.29 ...

...

Analysis:

Query:

Figure 12: A sample of Error Analysis: Output Schema and Formatting
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Gold SQL
WITH HeartFailureAdmissions AS (

SELECT DISTINCT

    diag.hadm_id

FROM

    `physionet-​data.mimiciv_3_1_hosp.patients` p

JOIN

    `physionet-​data.mimiciv_3_1_hosp.diagnoses_icd` diag ON p.subject_id = diag.subject_id

WHERE

    p.gender = 'M'

    AND (

        STARTS_WITH(diag.icd_code, '428')

        OR STARTS_WITH(diag.icd_code, 'I50')

    )

),

AdmissionSodium AS (

SELECT

    le.valuenum,

    ROW_NUMBER() OVER(PARTITION BY le.hadm_id ORDER BY le.charttime ASC) as rn

FROM

    `physionet-​data.mimiciv_3_1_hosp.labevents` le

JOIN

    HeartFailureAdmissions hfa ON le.hadm_id = hfa.hadm_id

WHERE

    le.itemid = 50983

    AND le.valuenum IS NOT NULL

    AND le.valuenum BETWEEN 120 AND 160

)

SELECT

    MIN(valuenum) AS min_admission_serum_sodium

FROM

    AdmissionSodium

WHERE

    rn = 1;

min_admission_serum_sodium

120.0

Gold Result CSV

Failed 
...
sodium_lab_items AS (

  SELECT DISTINCT d.itemid

  FROM `physionet-​data.mimiciv_3_1_hosp.d_labitems` d

  WHERE

    d.loinc_code = '2951-2'

    OR (LOWER(d.label) LIKE '%sodium%' AND LOWER(COALESCE(d.fluid, '')) LIKE '%serum%')

)

...

result

""

Predicted Result CSV

Analysis:

The failed query attempts to use 
a loinc_code field that doesn't 
exist in the MIMIC-​IV schema, 
while the golden query uses the 
correct itemid approach for 
identifying specific lab tests.

For a 65-​year-​old man with 
heart failure, what is the 
minimum admission serum 
sodium observed among male 
heart failure hospitalizations?

Query:

Figure 13: A sample of Error Analysis: Cohort Specification and Coding
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Gold SQL
SELECT

    ROUND(APPROX_QUANTILES(DATE_DIFF(DATE(pr.stoptime), DATE(pr.starttime), DAY), 2)​
[OFFSET(1)], 2) AS median_treatment_duration_days

FROM `physionet-​data.mimiciv_3_1_hosp.patients` p

JOIN `physionet-​data.mimiciv_3_1_hosp.prescriptions` pr ON p.subject_id = pr.subject_id

WHERE

  p.gender = 'F'

  AND p.anchor_age BETWEEN 59 AND 69

  AND pr.starttime IS NOT NULL

  AND pr.stoptime IS NOT NULL

  AND DATE_DIFF(DATE(pr.stoptime), DATE(pr.starttime), DAY) > 0

  AND (

    LOWER(pr.drug) LIKE '%amlodipine%' OR 

    LOWER(pr.drug) LIKE '%nifedipine%' OR 

    LOWER(pr.drug) LIKE '%nicardipine%' OR

    LOWER(pr.drug) LIKE '%felodipine%'

  );

Failed 
...

  WHERE pt.gender = 'F'

    AND pt.anchor_age BETWEEN 59 AND 69

    AND pr.hadm_id IS NOT NULL

    AND pr.starttime IS NOT NULL

    AND pr.stoptime IS NOT NULL

    AND TIMESTAMP(pr.starttime) >= adm.admittime

    AND TIMESTAMP(pr.stoptime) <= adm.dischtime

    AND TIMESTAMP(pr.stoptime) > TIMESTAMP(pr.starttime)

    AND REGEXP_CONTAINS(

      LOWER(COALESCE(pr.drug, '')),

...

Gold Result CSV

In a 64-​year-​old female inpatient, what is 
the median duration of a single inpatient 
dihydropyridine CCB prescription among 
women 59–69?

Error: "No matching signature for operator 
>= for argument types: TIMESTAMP, 
DATETIME"
The failed query mixes TIMESTAMP and 
DATETIME types in comparisons, while it 
should use consistent DATE functions 
throughout.

result

""

Predicted Result CSV

Analysis:

Query:

median_treatment_duration_days

120.0

Figure 14: A sample of Error Analysis: Aggregation and Clinical Statistics

1388



D SQL Generation Prompts

We include the exact prompt templates used for model prompting and refinement in both Chain-of-Thought
(CoT) and Direct Output regimes.

SQL Generation Prompt (CoT)

You are a clinical data analyst expert specializing in the MIMIC-IV database. Your goal is to produce a correct
BigQuery SQL query for the question below.

Constraints:
- Target platform: Google BigQuery.
- Use the correct datasets:
physionet-data.mimiciv_3_1_hosp, physionet-data.mimiciv_3_1_icu.

MIMIC-IV Schema Reference (HOSP + ICU):
{schema text}

Clinical question:
“{Question}”

Your output should be organized in the following two parts:
Reasoning:
- Think step by step about relevant tables, joins, filters, groupings, and edge cases.
- Briefly justify important choices.
SQL (wrap the final query in a fenced code block using “‘sql and “‘):

Think step by step and then generate the complete SQL query.

Figure 15: Chain-of-Thought SQL generation prompt used in our experiments.

Refinement Prompt (CoT)

You are a clinical data analyst expert for the MIMIC-IV dataset. The following SQL failed to run on Google BigQuery.
Refine it to resolve the error and better answer the question.

Constraints:
- Use valid BigQuery SQL.
- Use the correct datasets:
physionet-data.mimiciv_3_1_hosp, physionet-data.mimiciv_3_1_icu.
- Modify only what is necessary; prefer minimal, correct fixes.

MIMIC-IV Schema Reference (HOSP + ICU):
{schema text}

Clinical question:
{Question}

Previous SQL attempt (for reference):
{Previous SQL (provided as a fenced code block)}

BigQuery error message:
{Error message}

Your output should be organized in the following two parts:
Reasoning:
- Step by step, explain the cause of the error and the fix.
- Justify key changes briefly.
SQL (wrap the final corrected query in a fenced code block using “‘sql and “‘):

Think step by step and then generate the complete corrected SQL query.

Figure 16: Chain-of-Thought SQL refinement prompt used in our experiments.
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SQL Generation Prompt (Direct Output)

You are a clinical data analyst expert specializing in the MIMIC-IV database. Your goal is to produce a correct
BigQuery SQL query for the question below.

Constraints:
- Target platform: Google BigQuery.
- Use the correct datasets:
physionet-data.mimiciv_3_1_hosp, physionet-data.mimiciv_3_1_icu.

MIMIC-IV Schema Reference (HOSP + ICU):
{schema text}

Clinical question:
“{Question}”

Output format:
- Return only a single fenced SQL code block containing the final query (use “‘sql and “‘).
- Do not include explanations, or any text outside the fenced SQL block.

Figure 17: Direct Output SQL generation prompt used in our experiments.

Refinement Prompt (Direct Output)

You are a clinical data analyst expert for the MIMIC-IV dataset. The following SQL failed to run on Google BigQuery.
Refine it to resolve the error and better answer the question.

Constraints:
- Use valid BigQuery SQL.
- Use the correct datasets:
physionet-data.mimiciv_3_1_hosp, physionet-data.mimiciv_3_1_icu.
- Modify only what is necessary; prefer minimal, correct fixes.

MIMIC-IV Schema Reference (HOSP + ICU):
{schema text}

Clinical question:
{Question}

Previous SQL attempt (for reference):
{Previous SQL (provided as a fenced code block)}

BigQuery error message:
{Error message}

Output format:
- Return only a single fenced SQL code block containing the corrected query (use “‘sql and “‘).
- Do not include explanations, or any text outside the fenced SQL block.

Apply the minimal fix internally and output only the final corrected SQL.

Figure 18: Direct Output SQL refinement prompt used in our experiments.
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E Configuration of Evaluated Models

Organization Model Release Version # Inference Pipeline

Proprietary Models

OpenAI

GPT-5-mini 2025-08 gpt-5-mini-2025-08-07

API
GPT-5-nano 2025-08 gpt-5-nano-2025-08-07
GPT-5 2025-08 gpt-5-chat-2025-08-07
GPT-4.1 2025-04 gpt-4.1-2025-04-14
o4-mini 2025-04 o4-mini-2025-04-16

Google Gemini-2.5-Pro 2025-06 gemini-2.5-pro APIGemini-2.5-Flash 2025-06 gemini-2.5-flash

xAI Grok-4-Fast-Reason. 2025-09 grok-4-fast-reasoning APIGrok-4-Fast-Non-Reason. 2025-09 grok-4-fast-non-reasoning

Mistral AI Mistral-Medium 2025-05 mistral-medium-2505 API

Open-Source Models

DeepSeek DeepSeek-R1 2025-01 deepseek-ai/DeepSeek-R1-0528 vLLMDeepSeek-V3.1 2025-08 deepseek-ai/DeepSeek-V3.1

Qwen Team

Qwen3-Coder-480B-A35B-Ins. 2025-07 Qwen/Qwen3-Coder-480B-A35B-Instruct

vLLM
Qwen3-235B-A22B-Ins. 2025-07 Qwen/Qwen3-235B-A22B-Instruct-2507
Qwen3-235B-A22B-Think. 2025-07 Qwen/Qwen3-235B-A22B-Thinking-2507-FP8
Qwen3-Next-80B-A3B-Ins. 2025-09 Qwen/Qwen3-Next-80B-A3B-Instruct
Qwen3-Next-80B-A3B-Think. 2025-09 Qwen/Qwen3-Next-80B-A3B-Thinking

Meta AI Llama-4-Maverick-17B-128E-Ins. 2025-04 meta-llama/Llama-4-Maverick-17B-128E-Instruct vLLMLlama-4-Scout-17B-16E-Ins. 2025-04 meta-llama/Llama-4-Scout-17B-16E-Instruct

Defog.ai SQLCoder-7B-2 2024-02 defog/sqlcoder-7b-2 vLLM

Google MedGemma-27B 2025-06 google/medgemma-27b-text-it HF

Baichuan Baichuan-M2-32B 2025-08 baichuan-inc/Baichuan-M2-32B vLLM

Table 7: Configuration of models evaluated in CLINSQL. We report official release month and canonical API/HF
identifiers when available.

F Schema-Hinted Inference Setup

This section describes the schema-hinted inference setup.

Scope. We run GPT-5-mini on the CLINSQL validation set, covering all six clinical domains and the
easy, medium, and hard difficulty tiers. The baseline remains the standard CoT pipeline with up to two
execution-driven refinements.

Prompt augmentation. For each query, we construct a hint block from gold artifacts. We parse the
reference SQL and extract ICD codes. We also read the header row of the reference result table to obtain
the expected output column names. These hints are appended to the standard CoT prompt, instructing the
model to include ICD filters and align SELECT aliases to the expected columns. Full schema-hinted CoT
prompt templates are shown in Figure 19 and Figure 20.
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SQL Generation Prompt (Schema-Hinted CoT)

You are a clinical data analyst expert specializing in the MIMIC-IV database. Your goal is to produce a correct
BigQuery SQL query for the question below.

Constraints:
- Target platform: Google BigQuery.
- Use the correct datasets:
physionet-data.mimiciv_3_1_hosp, physionet-data.mimiciv_3_1_icu.

MIMIC-IV Schema Reference (HOSP + ICU):
{schema text}

Schema-hinted context:
Relevant ICD code filters observed in validated SQL examples:
- {ICD code patterns}
Incorporate the necessary ICD filters or joins when identifying the clinical cohort.
Expected column names for the final CSV output:
- {Column names}
Align your SELECT aliases with these column names and preserve ordering when applicable.

Clinical question:
“{Question}”

Your output should be organized in the following two parts:
Reasoning:
- Think step by step about relevant tables, joins, filters, groupings, and edge cases.
- Briefly justify important choices.
SQL (wrap the final query in a fenced code block using “‘sql and “‘):

Think step by step and then generate the complete SQL query.

Figure 19: Schema-hinted Chain-of-Thought SQL generation prompt used in our experiments.
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Refinement Prompt (Schema-Hinted CoT)

You are a clinical data analyst expert for the MIMIC-IV dataset. The following SQL failed to execute. Refine it to
resolve the issues and better answer the question.

Constraints:
- Use valid BigQuery SQL.
- Use the correct datasets:
physionet-data.mimiciv_3_1_hosp, physionet-data.mimiciv_3_1_icu.
- Modify only what is necessary; preserve previously correct logic.

MIMIC-IV Schema Reference (HOSP + ICU):
{schema text}

Schema-hinted context:
Relevant ICD code filters observed in validated SQL examples:
- {ICD code patterns}
Incorporate the necessary ICD filters or joins when identifying the clinical cohort.
Expected column names for the final CSV output:
- {Column names}
Align your SELECT aliases with these column names and preserve ordering when applicable.

Clinical question:
{Question}

Previous SQL attempt (for reference):
{Previous SQL (provided as a fenced code block)}

Execution feedback:
{Execution feedback}

Your output should be organized in the following two parts:
Reasoning:
- Step by step, explain the cause of the error and the fix.
- Justify key changes briefly.
SQL (wrap the final corrected query in a fenced code block using “‘sql and “‘):

Think step by step and then generate the complete corrected SQL query.

Figure 20: Schema-hinted Chain-of-Thought SQL refinement prompt used in our experiments.

1393



G Validation Score Comparisons
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Figure 21: Full validation execution score comparison between Chain-of-Thought reasoning and Direct Output for
all models.

1394



0 10 20 30 40 50

SQLCoder-7B-2

MedGemma-27B

Baichuan-M2-32B

Llama-4-Scout-17B-16E-Ins.

Llama-4-Maverick-17B-128E-Ins.

Mistral-Medium

GPT-5-nano

Qwen3-Next-80B-A3B-Ins.

Grok-4-Fast-Non-Reason.

Qwen3-Coder-480B-A35B-Ins.

Qwen3-235B-A22B-Ins.

Qwen3-Next-80B-A3B-Think.

Qwen3-235B-A22B-Think.

DeepSeek-V3.1

OpenAI o4-mini

GPT-5-mini

GPT-5

DeepSeek-R1

Grok-4-Fast-Reason.

GPT-4.1

Gemini-2.5-Pro

Gemini-2.5-Flash

4.0

21.0

26.6

26.9

29.4

32.7

33.2

34.5

34.8

35.5

36.2

37.8

38.1

38.9

39.4

42.3

42.6

42.6

42.7

44.7

45.3

47.1

3.3

20.4

26.7

24.0

25.8

28.6

29.3

31.0

32.8

32.3

32.9

36.2

37.0

35.5

36.2

40.5

39.4

40.0

39.0

41.7

42.7

44.6

Chain-of-Thought Direct output

Figure 22: Full validation SQL score comparison between Chain-of-Thought reasoning and Direct Output for all
models.
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H Scenario-Level Results

Tables 8 and 9 extend the main results by reporting scenario-specific SQL and execution score on the
CLINSQL validation and test splits.

Scenario abbreviations Demog.=Patient Demographics and Admissions; Vitals=Vital Signs Monitor-
ing; Labs=Laboratory Results Analysis; Meds=Medication Management; Dx Proc.=Diagnostic Proce-
dures; Dx & Outc.=Disease Diagnosis and Outcomes.

Test Set Avg. Validation Avg. Test

Demog. Vitals Labs
Model SQL Exec SQL Exec SQL Exec SQL Exec SQL Exec

Proprietary Models

GPT-5-mini 50.76 80.70 35.06 72.65 40.70 65.09 42.30 75.16 42.72 74.67
GPT-5-nano 44.44 49.51 31.39 43.16 35.08 49.02 33.18 51.58 36.13 52.03
Gemini-2.5-Pro 53.41 79.22 38.06 73.97 46.98 63.66 45.31 76.14 47.28 73.73
GPT-5 54.01 76.63 35.54 50.53 39.48 57.89 42.62 66.52 45.93 68.42
GPT-4.1 56.15 77.94 34.70 58.07 43.02 48.39 44.69 69.92 46.23 67.79
Gemini-2.5-Flash 58.82 70.53 40.35 63.55 46.53 54.40 47.06 66.75 47.48 65.01
OpenAI o4-mini 52.15 67.35 35.71 46.57 34.99 48.45 39.41 59.07 41.23 59.22
Grok-4-Fast-Reason. 48.81 65.90 34.83 51.01 43.74 45.50 42.67 56.58 42.78 58.46
Grok-4-Fast-Non-Reason. 49.15 37.25 34.34 31.58 30.61 21.97 34.77 30.10 39.85 30.41
Mistral-Medium 46.07 51.97 29.54 41.22 32.96 32.22 32.71 43.81 35.33 45.10

Open-source Models

DeepSeek-R1 49.15 74.86 36.24 62.57 53.47 66.91 42.63 69.79 44.91 69.15
DeepSeek-V3.1 54.21 65.66 34.36 54.83 40.77 53.66 38.90 61.46 43.19 60.71
Qwen3-Coder-480B-A35B-Ins. 54.33 71.97 32.53 38.48 32.92 49.78 35.54 60.51 39.05 58.18
Qwen3-235B-A22B-Ins. 45.67 69.72 31.90 41.63 38.59 55.94 36.24 58.15 36.36 58.63
Qwen3-Next-80B-A3B-Ins. 52.77 59.68 30.63 41.24 28.23 42.33 34.48 43.41 34.48 49.26
Qwen3-235B-A22B-Think. 45.25 59.19 33.11 45.09 42.74 28.94 38.08 51.11 38.20 48.54
Qwen3-Next-80B-A3B-Think. 44.56 31.36 38.95 15.68 35.33 19.75 37.77 29.06 38.13 27.01
Llama-4-Maverick-17B-128E-Ins. 43.56 55.67 25.14 42.47 22.40 37.66 29.36 51.63 29.11 47.49
Llama-4-Scout-17B-16E-Ins. 40.69 37.54 24.16 30.52 21.03 24.73 26.88 31.44 27.89 30.40
Baichuan-M2-32B 37.17 22.68 23.60 5.29 26.57 4.22 26.60 11.40 29.97 15.27
MedGemma-27B 32.74 9.27 18.07 0.22 16.51 2.31 21.03 4.46 20.92 4.00
SQLCoder-7B-2 9.85 0.00 2.96 0.00 5.31 0.00 3.99 0.00 5.29 0.00

Table 8: Scenario-level SQL and execution score (%) on CLINSQL validation and test sets. This table lists Demog.,
Vitals, and Labs scenarios.
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Test Set Avg. Validation Avg. Test

Meds Dx Proc. Dx & Outc.
Model SQL Exec SQL Exec SQL Exec SQL Exec SQL Exec

Proprietary Models

GPT-5-mini 51.23 75.06 33.72 75.64 44.90 79.55 42.30 75.16 42.72 74.67
GPT-5-nano 40.31 58.35 27.25 58.29 38.28 54.28 33.18 51.58 36.13 52.03
Gemini-2.5-Pro 52.39 77.38 41.90 72.36 50.97 76.43 45.31 76.14 47.28 73.73
GPT-5 51.99 71.07 45.15 75.38 50.05 80.22 42.62 66.52 45.93 68.42
GPT-4.1 53.12 71.03 37.81 75.44 52.74 77.52 44.69 69.92 46.23 67.79
Gemini-2.5-Flash 48.62 67.96 41.96 67.10 48.83 67.32 47.06 66.75 47.48 65.01
OpenAI o4-mini 47.45 70.01 35.00 66.04 42.53 58.19 39.41 59.07 41.23 59.22
Grok-4-Fast-Reason. 40.97 67.01 38.87 63.81 49.44 58.75 42.67 56.58 42.78 58.46
Grok-4-Fast-Non-Reason. 46.33 33.14 35.14 32.71 44.13 26.61 34.77 30.10 39.85 30.41
Mistral-Medium 37.97 58.60 26.62 45.59 38.95 41.97 32.71 43.81 35.33 45.10

Open-source Models

DeepSeek-R1 43.39 72.87 37.52 70.16 49.09 67.97 42.63 69.79 44.91 69.15
DeepSeek-V3.1 44.19 62.13 41.75 71.46 44.32 57.61 38.90 61.46 43.19 60.71
Qwen3-Coder-480B-A35B-Ins. 39.24 66.38 34.91 63.86 41.01 59.94 35.54 60.51 39.05 58.18
Qwen3-235B-A22B-Ins. 37.89 60.35 31.68 69.55 32.46 55.79 36.24 58.15 36.36 58.63
Qwen3-Next-80B-A3B-Ins. 31.93 52.76 31.28 57.37 32.84 43.37 34.48 43.41 34.48 49.26
Qwen3-235B-A22B-Think. 42.01 62.32 29.41 47.17 36.43 50.04 38.08 51.11 38.20 48.54
Qwen3-Next-80B-A3B-Think. 40.21 45.10 31.08 31.32 38.67 19.95 37.77 29.06 38.13 27.01
Llama-4-Maverick-17B-128E-Ins. 28.86 47.08 24.13 51.65 31.15 51.33 29.36 51.63 29.11 47.49
Llama-4-Scout-17B-16E-Ins. 27.65 28.91 24.68 28.72 29.75 32.37 26.88 31.44 27.89 30.40
Baichuan-M2-32B 36.31 25.84 26.37 18.65 30.24 16.28 26.60 11.40 29.97 15.27
MedGemma-27B 16.87 2.48 22.52 9.05 19.70 1.35 21.03 4.46 20.92 4.00
SQLCoder-7B-2 5.24 0.00 4.04 0.00 4.54 0.00 3.99 0.00 5.29 0.00

Table 9: Scenario-level SQL and execution score (%) on CLINSQL validation and test sets. This table lists Meds,
Dx Proc., and Dx & Outc. scenarios.
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I Annotation Interface

We provide the graphical interface that annotators use while labeling CLINSQL samples, alongside the
JSON file that is exported after an annotation is submitted. The pairing highlights how rubric items are
surfaced during labeling and then captured in the structured log for future evaluation.

Figure 23: Graphical annotation interface used by annotators when labeling a single CLINSQL sample.
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Figure 24: JSON export generated from the completed annotation, preserving rubric selections and metadata.
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J Execution Success Rates

We benchmark execution reliability across all CLINSQL scenarios using the test split. Table 10 reports
the queries that executed without errors for every model and scenario, while Table 11 and Table 12 break
down execution success by the initial query (A1) and up to two refinement attempts (A2 and A3).

Model Scenarios (%)
Demog. Vitals Labs Meds Dx Proc. Dx &

Outc.

GPT-5-mini 100.0 98.7 92.3 93.2 97.1 90.5
GPT-5-nano 91.5 89.5 97.4 85.1 94.3 75.7
Gemini-2.5-Pro 97.2 97.4 91.0 97.3 95.7 90.5
GPT-5 100.0 96.1 94.9 100.0 97.1 100.0
GPT-4.1 98.6 94.7 96.2 93.2 98.6 93.2
Gemini-2.5-Flash 93.0 85.5 82.1 93.2 87.1 81.1
OpenAI o4-mini 100.0 94.7 93.6 97.3 97.1 86.5
Grok-4-Fast-Reason. 97.2 93.4 76.9 90.5 84.3 73.0
Grok-4-Fast-Non-Reason. 59.2 55.3 21.8 33.8 34.3 18.9
Mistral-Medium 83.1 89.5 70.5 90.5 82.9 74.3
DeepSeek-R1 98.6 94.7 98.7 95.9 94.3 89.2
DeepSeek-V3.1 95.8 93.4 88.5 87.8 98.6 82.4
Qwen3-Coder-480B-A35B-Ins. 98.6 92.1 93.6 95.9 100.0 93.2
Qwen3-235B-A22B-Ins. 98.6 85.5 93.6 86.5 91.4 64.9
Qwen3-Next-80B-A3B-Ins. 80.3 71.1 65.4 74.3 70.0 47.3
Qwen3-235B-A22B-Think. 100.0 92.1 94.9 95.9 85.7 79.7
Qwen3-Next-80B-A3B-Think. 56.3 57.9 50.0 77.0 70.0 47.3
Llama-4-Maverick-17B-128E-Ins. 88.7 77.6 75.6 77.0 80.0 79.7
Llama-4-Scout-17B-16E-Ins. 49.3 55.3 59.0 47.3 51.4 44.6
Baichuan-M2-32B 62.0 52.6 48.7 55.4 51.4 47.3
MedGemma-27B 32.4 17.1 29.5 20.3 28.6 12.2
SQLCoder-7B-2 0.0 1.3 1.3 0.0 1.4 2.7

Table 10: Execution success rate (%) per model and scenario on the test split. Abbreviations defined in section H.

Model Scenarios (%)
Demog. Vitals Labs

A1 A2 A3 A1 A2 A3 A1 A2 A3

GPT-5-mini 84.5 14.1 1.4 63.2 27.6 7.9 41.0 41.0 10.3
GPT-5-nano 60.6 23.9 7.0 56.6 22.4 10.5 53.8 32.1 11.5
Gemini-2.5-Pro 88.7 5.6 2.8 81.6 13.2 2.6 71.8 16.7 2.6
GPT-5 85.9 8.5 5.6 73.7 15.8 6.6 73.1 12.8 9.0
GPT-4.1 78.9 18.3 1.4 72.4 19.7 2.6 74.4 15.4 6.4
Gemini-2.5-Flash 62.0 19.7 11.3 47.4 26.3 11.8 33.3 30.8 17.9
OpenAI o4-mini 73.2 25.4 1.4 57.9 26.3 10.5 59.0 26.9 7.7
Grok-4-Fast-Reason. 43.7 36.6 16.9 38.2 38.2 17.1 9.0 33.3 34.6
Grok-4-Fast-Non-Reason. 19.7 23.9 15.5 30.3 11.8 13.2 3.8 11.5 6.4
Mistral-Medium 62.0 12.7 8.5 51.3 25.0 13.2 43.6 17.9 9.0
DeepSeek-R1 78.9 11.3 8.5 50.0 36.8 7.9 69.2 24.4 5.1
DeepSeek-V3.1 67.6 22.5 5.6 71.1 14.5 7.9 70.5 12.8 5.1
Qwen3-Coder-480B-A35B-Ins. 77.5 16.9 4.2 69.7 19.7 2.6 71.8 16.7 5.1
Qwen3-235B-A22B-Ins. 69.0 23.9 5.6 47.4 31.6 6.6 52.6 29.5 11.5
Qwen3-Next-80B-A3B-Ins. 32.4 26.8 21.1 28.9 30.3 11.8 15.4 29.5 20.5
Qwen3-235B-A22B-Think. 42.3 52.1 5.6 47.4 32.9 11.8 42.3 47.4 5.1
Qwen3-Next-80B-A3B-Think. 42.3 11.3 2.8 35.5 14.5 7.9 30.8 16.7 2.6
Llama-4-Maverick-17B-128E-Ins. 57.7 28.2 2.8 47.4 18.4 11.8 48.7 23.1 3.8
Llama-4-Scout-17B-16E-Ins. 21.1 19.7 8.5 22.4 22.4 10.5 16.7 24.4 17.9
Baichuan-M2-32B 25.4 21.1 15.5 14.5 27.6 10.5 19.2 19.2 10.3
MedGemma-27B 15.5 5.6 11.3 10.5 6.6 0.0 19.2 9.0 1.3
SQLCoder-7B-2 0.0 0.0 0.0 0.0 0.0 1.3 0.0 0.0 1.3

Table 11: Per-attempt execution success rate (%). This table lists Demog., Vitals, Labs. Attempts A1, A2 and A3
correspond to the initial query and up to two refinements.
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Model Scenarios (%)
Meds Dx Proc. Dx & Outc.

A1 A2 A3 A1 A2 A3 A1 A2 A3

GPT-5-mini 41.9 37.8 13.5 51.4 37.1 8.6 44.6 32.4 13.5
GPT-5-nano 35.1 40.5 9.5 47.1 40.0 7.1 29.7 32.4 13.5
Gemini-2.5-Pro 79.7 14.9 2.7 75.7 18.6 1.4 74.3 9.5 6.8
GPT-5 71.6 25.7 2.7 84.3 10.0 2.9 78.4 13.5 8.1
GPT-4.1 73.0 20.3 0.0 75.7 21.4 1.4 78.4 13.5 1.4
Gemini-2.5-Flash 51.4 31.1 10.8 45.7 30.0 11.4 35.1 29.7 16.2
OpenAI o4-mini 59.5 33.8 4.1 57.1 37.1 2.9 56.8 25.7 4.1
Grok-4-Fast-Reason. 24.3 54.1 12.2 32.9 37.1 14.3 16.2 28.4 28.4
Grok-4-Fast-Non-Reason. 14.9 9.5 9.5 20.0 4.3 10.0 4.1 5.4 9.5
Mistral-Medium 48.6 31.1 10.8 48.6 28.6 5.7 47.3 17.6 9.5
DeepSeek-R1 59.5 31.1 5.4 70.0 18.6 5.7 51.4 27.0 10.8
DeepSeek-V3.1 56.8 27.0 4.1 75.7 17.1 5.7 55.4 8.1 18.9
Qwen3-Coder-480B-A35B-Ins. 67.6 17.6 10.8 61.4 32.9 5.7 60.8 23.0 9.5
Qwen3-235B-A22B-Ins. 35.1 33.8 17.6 60.0 28.6 2.9 32.4 24.3 8.1
Qwen3-Next-80B-A3B-Ins. 27.0 21.6 25.7 21.4 30.0 18.6 21.6 13.5 12.2
Qwen3-235B-A22B-Think. 27.0 59.5 9.5 20.0 52.9 12.9 28.4 43.2 8.1
Qwen3-Next-80B-A3B-Think. 31.1 28.4 17.6 41.4 21.4 7.1 35.1 9.5 2.7
Llama-4-Maverick-17B-128E-Ins. 45.9 20.3 10.8 61.4 17.1 1.4 51.4 20.3 8.1
Llama-4-Scout-17B-16E-Ins. 8.1 18.9 20.3 11.4 18.6 21.4 8.1 23.0 13.5
Baichuan-M2-32B 21.6 25.7 8.1 21.4 24.3 5.7 18.9 16.2 12.2
MedGemma-27B 12.2 4.1 4.1 21.4 5.7 1.4 2.7 2.7 6.8
SQLCoder-7B-2 0.0 0.0 0.0 0.0 0.0 1.4 0.0 0.0 2.7

Table 12: Per-attempt execution success rate (%). This table lists Meds, Dx Proc., Dx & Outc.
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K Human–GPT Agreement Study

Because our rubric-based evaluation relies on GPT-5 as the judge, we run a human–GPT agreement study
to validate the reliability of its rubric decisions. We randomly sample 100 CLINSQL validation/test
examples and re-score them with two medically trained annotators from the same pool that constructs
the dataset and rubrics. For each example, both annotators independently evaluate rubric leaf nodes for
the SQL and results trees using the same annotation guidelines, without access to GPT-5 scores or each
other’s labels.

We compare GPT-5’s leaf-level decisions and aggregated pass/fail outcomes against each annotator,
and also compare the two annotators with each other. Table 13 reports agreement rates at the leaf level and
at the final pass/fail level for both SQL and results. Disagreements are largely concentrated in borderline,
partial-credit cases, and do not materially change relative model rankings, supporting the use of GPT-5 as
a reliable and scalable rubric judge for our tree-structured evaluation.

Pair Leaf-level
agreement
(SQL, %)

Leaf-level
agreement

(results, %)

Pass/fail
agreement
(SQL, %)

Pass/fail
agreement

(results, %)

GPT-5 vs. Annotator 1 83.4 87.1 90.2 92.3
GPT-5 vs. Annotator 2 82.1 85.9 88.7 91.0
Annotator 1 vs. Annotator 2 86.8 89.5 92.4 94.1

Table 13: Human–GPT agreement on 100 randomly sampled CLINSQL examples. Leaf-level agreement compares
rubric leaf decisions, while pass/fail agreement compares aggregated outcomes for SQL and results.
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L Inter-Annotator Agreement and Reconciliation Protocols

The trustworthiness of an evaluation benchmark is essential for expert-domain assessment (Ke et al.,
2025a,b; Ouyang et al., 2024). To this end, CLINSQL uses validator-based quality control to stabilize
scenario design, gold SQL, and rubric leaves. Each scenario is created by a primary annotator and
independently reviewed by a validator. Validators re-run the SQL in BigQuery, inspect result tables, and
check rubric trees for coverage and correctness. For each item they record one of three outcomes: accept
as-is, accept with minor edits, or major revision or reject. Across the benchmark, validators accept 87%
of items as-is, request 9% minor edits (e.g., tightening a time window, adjusting an inclusion criterion, or
clarifying a rubric leaf), and request 4% major revision or rejection.

To quantify inter-annotator agreement (IAA), we additionally sample 50 validation/test scenarios and
ask a second annotator, distinct from both the original annotator and the validator, to re-annotate them
independently at two levels. For gold SQL, the second annotator writes a fresh query based only on the
natural-language description and schema. We canonicalize both SQL queries and execute them on the
redacted BigQuery database. In 46/50 cases (92%), the two queries produce identical result tables (up
to row/column ordering). In 3/50 cases (6%), the results differ only by small numerical variations and
are treated as near-miss agreements. In the remaining 1/50 case (2%), the second annotator interprets
the clinical question differently, yielding a clinically distinct cohort. Exact SQL-level agreement is 92%;
counting near-miss cases as acceptable alternatives yields 98%.

For rubric leaves, an independent annotator reconstructs the SQL and results rubrics using shared
templates and guidelines. We treat each rubric as a set of atomic checks (leaf presence and criticality) and
compare the two annotators’ trees. Raw agreement on leaf presence and criticality is 91% with Cohen’s
κ = 0.82, and the critical-first aggregation yields a pass/fail agreement of 47/50 scenarios (94%). Table 14
summarizes these reconciliation and IAA statistics.

Statistic Value

Validator-based quality control (all CLINSQL items)
Accept as-is 87%
Accept with minor edits 9%
Major revision / reject 4%

Double-annotation study (n=50 validation/test scenarios)
SQL exact match (identical results) 46/50 (92%)
SQL near-miss (minor numeric differences) 3/50 (6%)
SQL distinct (clinically different) 1/50 (2%)
Rubric leaf agreement (presence + criticality) 91% (Cohen’s κ = 0.82)
Rubric pass/fail agreement 47/50 (94%)

Table 14: Inter-annotator agreement (IAA) and reconciliation statistics for CLINSQL. Validator outcomes are
reported on the full benchmark; double-annotation statistics are computed on a 50-scenario validation/test sample.
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M Reconciling Execution Passes with SQL Analysis Failures

SQL analysis and execution scoring capture complementary notions of correctness: SQL analysis checks
whether the query encodes the intended cohort logic, whereas execution scoring evaluates whether the
observed results are clinically plausible and consistent with the gold answer. At the model level, these
signals are strongly aligned. Across all models in the main tables, the Pearson correlation between SQL
Score and Execution Score is r = 0.8597, and the Spearman rank correlation is ρ = 0.8554, indicating
near-identical model rankings.

To diagnose divergence cases, we run a targeted outlier study. We identify model–dataset points with a
large absolute gap between SQL Score and Execution Score (at least 20 percentage points) and randomly
sample 40 such outliers for manual inspection of both SQL and result tables. Most outliers (about 95%)
exhibit high execution scores but low SQL scores, reflecting partial or imprecise cohort logic (e.g., missing
secondary exclusion criteria, incomplete temporal logic, or incorrect aggregation granularity). In these
cases, execution remains high because the resulting aggregates stay close to reference values despite
logical deviations. The remaining outliers (about 5%) show high SQL scores but lower execution scores,
typically when correct logic yields clinically implausible values in narrow subgroups. These findings
indicate that discrepancies arise from meaningful error types rather than rubric misalignment.

Table 15 summarizes the correlation statistics and outlier breakdown.

Statistic Value

Pearson correlation (SQL Score vs. Execution Score) r = 0.8597
Spearman rank correlation (SQL Score vs. Execution Score) ρ = 0.8554
Outlier threshold (|SQL – Execution| ≥ 20 points) 40 cases sampled
High Execution / low SQL among outliers ≈ 95%
High SQL / low Execution among outliers ≈ 5%

Table 15: Reconciliation of SQL analysis and execution scoring. Correlations are computed across all models in the
main tables; outlier statistics are based on 40 sampled large-gap cases.
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N Annotation Guideline

N.1 Part I: Annotation Guidelines

N.1.1 Overview
Each example in our benchmark consists of:

• The type of realistic clinical scenario, representing one of the six scenario types defined in the paper

• A natural language clinical question that requires a database query to be solved

• A gold standard SQL query that accurately translates the clinical question into executable database
operations

• A results table in CSV format, generated from the execution of the gold-standard SQL query

• An evaluation guideline for evaluating the accuracy of the SQL queries and executed results generated
by other models

You will be assigned the following three sequential roles:

1. Query Annotator: Develop the clinical scenario, provide the patient context, and formulate the
natural language question.

2. SQL Annotator: Analyze database requirements, construct the gold-standard SQL implementation,
execute the SQL queries, analyze the results table, and annotate the specific database tables that were
used and key features in the results table (columns, values).

3. Evaluation Guideline Annotator: For each example, create a tailored guideline for evaluating the
SQL query and validating its results.

While the annotation interface will guide you, it is essential to follow the instructions carefully.

N.2 Step 1: Query Annotation

As the Query Annotator, your task is to create realistic clinical scenarios and formulate natural language
questions that require database queries to solve. You will develop questions that reflect authentic clinical
decision-making processes and information needs.

N.2.1 Clinical Scenario Development
1. Select and Understand Your Assigned Patient Information and Scenario Type

• You will be assigned one of six clinical scenario types and a specific patient from the MIMIC-IV
database, selected based on that scenario type for filtering: Patient Demographics & Admissions,
Vital Signs Monitoring, Laboratory Results Analysis, Medication Management, Diagnostic
Procedures, or Disease Diagnosis & Outcomes.

• Before you begin, familiarize yourself with the MIMIC tables and understand the information
for the specific patient assigned, and review the scenario definition.

N.2.2 Natural Language Question Formulation
1. Craft the Clinical Question

• Write a natural language question that a physician would realistically ask, given the information
of the provided patient.

• Ensure the question requires database querying and cannot be answered through simple obser-
vation.

• Use appropriate medical terminology while maintaining clarity.
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N.3 Step 2: SQL Annotation
Your task is to analyze the clinical question, identify database requirements, construct the gold-standard
SQL query, and document the implementation details.

N.3.1 Database Analysis and Schema Mapping
1. Clinical Question Analysis

• Identify the specific clinical data elements required to answer the question.

2. MIMIC-IV Database Mapping

• Identify all MIMIC-IV tables required to answer the question.
• Map clinical concepts in the question to specific database tables and columns.
• Determine relevant clinical thresholds, normal ranges, and medical domain knowledge.
• Map clinical conditions, procedures, and interventions mentioned in the question to their

corresponding ICD codes.

N.3.2 Gold-Standard SQL Annotation
1. SQL Query Development

• Write a complete, executable SQL query that accurately answers the clinical question.
• Ensure the query handles edge cases and data quality issues common in clinical databases.

2. Query Execution and Result Generation

• Execute the SQL query against the MIMIC-IV database.
• Generate the complete results table in CSV format.
• Verify that results are clinically meaningful and interpretable.

N.4 Evaluation Guideline Annotation
As the Evaluation Guideline Annotator, your responsibility is to create comprehensive criteria for
evaluating SQL queries and executed results generated by other models attempting to answer the clinical
question.

N.4.1 Understanding Evaluation Rubric Structure
Before building evaluation rubrics, you must understand the foundational concepts that govern how
evaluation scores are calculated in our benchmark system.

Critical vs. Non-Critical Nodes Our evaluation system employs two types of assessment nodes:

• Critical Nodes [Critical]: Essential criteria whose failure immediately causes the parent node to fail,
regardless of other sibling node performance. Critical nodes represent fundamental requirements that
must be satisfied for meaningful evaluation.

• Non-Critical Nodes: Allow partial scoring at the parent level. When mixed with critical nodes,
non-critical nodes contribute to averaging only after all critical nodes pass.

• Score = 1: The requirement is fully satisfied. The SQL query or result demonstrates correct and
clinically appropriate implementation of this component.

• Score = 0: The requirement is not satisfied. The component is missing, incorrectly implemented, or
produces clinically invalid output.

For example:

• If Gender Selection [1] [Critical] and Age Range Selection [1] [Critical] → Patient Cohort Construc-
tion [1]
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• If Gender Selection [1] [Critical] and Age Range Selection [0] [Critical] → Patient Cohort Construc-
tion [0]

• If Gender Selection [1] [Critical], Age Range Selection [1] [Critical], and Time Filter [0] (non-critical)
→ Patient Cohort Construction = (0)/1 = 0 (average of non-critical nodes)

Sequential Dependencies [sequential] Some evaluation nodes are marked as sequential, indicating
logical dependencies among child nodes where failure at an earlier step renders subsequent evaluations
meaningless. For example, if a SQL query fails to correctly filter the patient cohort, evaluating the
aggregation logic becomes pointless.

For example:

• If Table Join Logic [1] [sequential] and Key Matching [1] [sequential] → Data Integration = (1+1)/2
= 1 (all sequential steps succeed)

• If Table Join Logic [0] [sequential] and Key Matching [not evaluated] [sequential] → Data Integration
= (0)/1 = 0 (sequential failure stops evaluation)

• If Table Join Logic [1] [sequential], Key Matching [1] [sequential], and Final Validation [0] [sequen-
tial] → Data Integration = (1+1+0)/3 = 0.67 (sequential failure after partial evaluation)

Weight Assignment [Weight X] Each major evaluation category is assigned a weight reflecting its
relative importance in the overall assessment. Weights enable proportional scoring where more critical
aspects (e.g., patient cohort construction) receive higher influence than secondary considerations.

N.4.2 Quantified Weight Scale
Our evaluation framework employs a 3-point weight scale based on clinical importance:

Weight 1: Basic Supportive Criteria

• Represents supplementary evaluation components that provide additional context.

• Examples: Output formatting, minor data type handling, non-essential temporal constraints.

-- Output formatting and rounding
SELECT ROUND(AVG(procedure_count), 2) as avg_imaging_procedures

-- Column aliasing for readability
COUNT(DISTINCT pr.icd_code) as procedure_count

Typically assigned to elements that enhance quality but are not fundamental to clinical correctness.

Weight 2: Standard Clinical Requirements

• Represents standard clinical database operations and moderate complexity reasoning.

• Examples: Medical concept implementation, aggregation functions, procedure identification.

-- Medical concept implementation - ICD code pattern matching
(pr.icd_version = 10 AND (
pr.icd_code LIKE ’B%’ OR -- Imaging procedures
pr.icd_code LIKE ’3E0%’ OR -- CT procedures
pr.icd_code LIKE ’BW%’ OR -- X-ray procedures
pr.icd_code LIKE ’B3%’ -- Ultrasound procedures

))

-- Aggregation functions for clinical analytics
COUNT(DISTINCT pr.icd_code) as procedure_count
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AVG(procedure_count)

-- ICD version handling
(pr.icd_version = 9 AND (
pr.icd_code LIKE ’87%’ OR -- Diagnostic radiology
pr.icd_code LIKE ’88%’ -- Other diagnostic procedures

))

Assigned to components that demonstrate competent clinical data analysis capabilities.

Weight 3: Critical Clinical Elements

• Represents essential requirements whose failure undermines clinical validity and elements requiring
substantial clinical domain knowledge and SQL proficiency.

• Examples: Core patient demographic filtering, critical medical code selection, fundamental table
relationships, patient cohort construction, database integration with complex joins, clinical analytics.

-- Critical patient cohort construction
WHERE p.gender = ’M’
AND p.anchor_age BETWEEN 60 AND 70

-- Fundamental table relationships
FROM ‘physionet-data.mimiciv_3_1_hosp.patients‘ p
JOIN ‘physionet-data.mimiciv_3_1_hosp.procedures_icd‘ pr
ON p.subject_id = pr.subject_id

-- Essential grouping for per-patient analysis
GROUP BY p.subject_id

-- Critical medical filtering logic
WHERE p.gender = ’M’
AND p.anchor_age BETWEEN 60 AND 70
AND (
-- Comprehensive ICD version and code handling
(pr.icd_version = 10 AND (...)) OR
(pr.icd_version = 9 AND (...))

)

Reserved for components that are absolutely essential for producing clinically meaningful results and
require deep understanding of both clinical domain and advanced SQL capabilities.

Scoring aggregation follows the critical-first protocol described in Algorithm 1.

N.4.3 Build SQL Query Evaluation Rubric
Create a hierarchical evaluation tree tailored to your specific clinical question and SQL implementa-
tion. The structure should reflect the logical flow of SQL query construction while identifying critical
checkpoints. See Figure 3 for an example sql rubric tree.

N.4.4 Build Results Validation Rubric
Create validation criteria based on the actual generated CSV file from your gold-standard SQL execution,
combined with your clinical knowledge. See Figure 4 for an example results rubric tree.

N.5 Part II: Validation Guidelines
As a Validator, your role is to ensure every clinical example meets our benchmark standards. To do this,
you will perform a comprehensive review of all its components: the natural language question, the SQL
query, the executed results, and the evaluation guideline.
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N.5.1 Clinical Question Assessment
• Real-world Relevance: Question represents authentic clinical decision-making scenarios

• Medical Language: Accurate clinical terminology and healthcare concepts

• Scenario Match: Aligns with designated clinical category

• Linguistic Quality: Clear, grammatically sound, and unambiguous phrasing

• Query Requirement: Necessitates database analysis, not simple observation

N.5.2 SQL Implementation Review
• Database Standards: Uses correct MIMIC-IV paths (physionet-data.mimiciv_3_1_hosp)

• Schema Validation: Accurate table references, columns, and join relationships

• Medical Logic: Valid age computation, ICD handling, and temporal analysis

• Technical Function: Error-free execution with proper NULL management

• Query Coverage: Comprehensively addresses clinical question requirements

N.5.3 Output Verification
• Structure: Well-formed CSV with meaningful column labels

• Medical Plausibility: Values fall within clinically acceptable boundaries

• Data Integrity: Complete dataset without missing essential information

• Logic Alignment: Output corresponds to SQL query operations

N.5.4 Evaluation Framework Review
• Component Coverage: SQL evaluation addresses all query elements

• Priority Identification: [Critical] labels properly applied to essential parts

• Order Dependencies: [Sequential] tags used where sequence matters

• Output Standards: Adequate value ranges and format specifications

• Assessment Clarity: Unambiguous binary scoring system

N.5.5 Complexity Level Classification
• Difficulty Assessment: Evaluate and categorize the annotated query–SQL pair according to the

appropriate complexity level based on SQL complexity and clinical reasoning requirements.

• Classification Accuracy: Ensure each example is correctly assigned to Easy, Medium, or Hard
difficulty levels to maintain uniform standards throughout the benchmark.

N.5.6 Action Required
• If the example fails any of the above checks, revise it if corrections are minor (e.g., grammar fixes,

small SQL adjustments, or evaluation refinements).

• If issues are significant (e.g., clinically inappropriate question, fundamentally incorrect SQL, or
incomplete evaluation framework), you may reject the example or heavily revise.

• Provide brief justification when making revisions or rejections.

N.5.7 Mark as Validated
Once all checks have passed, mark the example as Validated. This confirms it is ready for inclusion in
the final dataset.
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O Judge Prompt

We use an LLM-as-a-judge to score rubric leaf nodes with binary decisions and short explanations. The
SQL- and results-level prompt templates are shown in Figure 25 and Figure 26.

Judge Prompt: SQL Evaluation

You are evaluating SQL queries for clinical data analysis based on specific requirements.

Evaluation Criteria:
{node.requirements}

Clinical Question:
{query}

SQL to Evaluate (fenced):
{test_sql}

Gold Standard SQL:
{gold_sql}

Instructions:
1. Evaluate if the SQL meets the specific requirement: "{node.requirements}".
2. Focus on whether the implementation satisfies the requirement, not on syntactic perfection.
3. Use the gold standard SQL as reference for best practices and expected approach.
4. Score: 1 if requirement is fully met, 0 if not met.
5. Provide a brief explanation of your assessment.

Response Format:
Score: [0 or 1]
Explanation: [Brief explanation of why the score was given]

Figure 25: LLM judge prompt template for SQL-level rubric evaluation.

Judge Prompt: Results Evaluation

You are evaluating clinical query results based on specific requirements.

Evaluation Criteria:
{node.requirements}

Clinical Question:
{query}

Results to Evaluate:
{test_results}

Gold Standard Results:
{gold_results}

Instructions:
1. Evaluate if the results meet the specific requirement: "{node.requirements}".
2. For "CSV File Exists" requirements: if results data is shown above and not empty, it means a CSV file exists.
3. Use the gold standard results as reference for expected format and values.
4. Consider clinical plausibility, data format, and completeness.
5. Score: 1 if requirement is fully met, 0 if not met.
6. Provide a brief explanation of your assessment.

Response Format:
Score: [0 or 1]
Explanation: [Brief explanation of why the score was given]

Figure 26: LLM judge prompt template for results-level rubric evaluation.
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P MIMIC-IV Schema
MIMIC-IV — HOSP module

admissions
Columns: subject_id, hadm_id, admittime, dischtime, deathtime, admission_type,
admit_provider_id, admission_location, discharge_location, insurance, language,
marital_status, race, edregtime, edouttime, hospital_expire_flag

patients
Columns: subject_id, gender, anchor_age, anchor_year, anchor_year_group, dod

transfers
Columns: subject_id, hadm_id, transfer_id, eventtype, careunit, intime, outtime

labevents
Columns: labevent_id, subject_id, hadm_id, specimen_id, itemid, charttime, storetime,
value, valuenum, valueuom, ref_range_lower, ref_range_upper, flag, priority,
comments

d_labitems
Columns: itemid, label, fluid, category, loinc_code

microbiologyevents
Columns: microevent_id, subject_id, hadm_id, micro_specimen_id, order_provider_id,
chartdate, charttime, spec_itemid, spec_type_desc, test_seq, storedate, storetime,
test_itemid, test_name, org_itemid, org_name, isolate_num, quantity, ab_itemid,
ab_name, dilution_text, dilution_comparison, dilution_value, interpretation,
comments

diagnoses_icd
Columns: subject_id, hadm_id, seq_num, icd_code, icd_version

d_icd_diagnoses
Columns: icd_code, icd_version, long_title

procedures_icd
Columns: subject_id, hadm_id, seq_num, chartdate, icd_code, icd_version

d_icd_procedures
Columns: icd_code, icd_version, long_title

emar
Columns: subject_id, hadm_id, emar_id, emar_seq, poe_id, pharmacy_id,
enter_provider_id, charttime, medication, event_txt, scheduletime, storetime

emar_detail
Columns: subject_id, emar_id, emar_seq, parent_field_ordinal, administration_type,
pharmacy_id, barcode_type, reason_for_no_barcode, complete_dose_not_given, dose_due,
dose_due_unit, dose_given, dose_given_unit, will_remainder_of_dose_be_given,
product_amount_given, product_unit, product_code, product_description,
prior_infusion_rate, infusion_rate, infusion_rate_adjustment,
infusion_rate_adjustment_amount, infusion_rate_unit, route, infusion_complete,
completion_interval, new_iv_bag_hung, continued_infusion_in_other_location,
restart_interval, side, site, non_formulary_visual_verification

prescriptions
Columns: subject_id, hadm_id, pharmacy_id, poe_id, poe_seq, order_provider_id,
starttime, stoptime, drug_type, drug, formulary_drug_cd, gsn, ndc, prod_strength,
form_rx, dose_val_rx, dose_unit_rx, form_val_disp, form_unit_disp, doses_per_24_hrs,
route

pharmacy
Columns: subject_id, hadm_id, pharmacy_id, poe_id, starttime, stoptime, medication,
proc_type, status, entertime, verifiedtime, route, frequency, disp_sched,
infusion_type, sliding_scale, lockout_interval, basal_rate, one_hr_max,
doses_per_24_hrs, duration, duration_interval, expiration_value, expiration_unit,
expirationdate, dispensation, fill_quantity

poe
Columns: poe_id, poe_seq, subject_id, hadm_id, ordertime, order_type, order_subtype,
transaction_type, discontinue_of_poe_id, discontinued_by_poe_id, order_provider_id,
order_status

poe_detail
Columns: poe_id, poe_seq, subject_id, field_name, field_value

hcpcsevents
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Columns: subject_id, hadm_id, chartdate, hcpcs_cd, seq_num, short_description

d_hcpcs
Columns: code, category, long_description, short_description

drgcodes
Columns: subject_id, hadm_id, drg_type, drg_code, description, drg_severity,
drg_mortality

services
Columns: subject_id, hadm_id, transfertime, prev_service, curr_service

provider
Columns: provider_id

omr
Columns: subject_id, chartdate, seq_num, result_name, result_value

MIMIC-IV — ICU module

icustays
Columns: subject_id, hadm_id, stay_id, first_careunit, last_careunit, intime, outtime,
los

chartevents
Columns: subject_id, hadm_id, stay_id, caregiver_id, charttime, storetime, itemid,
value, valuenum, valueuom, warning

datetimesevents
Columns: subject_id, hadm_id, stay_id, caregiver_id, charttime, storetime, itemid,
value, valueuom, warning

inputevents
Columns: subject_id, hadm_id, stay_id, caregiver_id, starttime, endtime, storetime,
itemid, amount, amountuom, rate, rateuom, orderid, linkorderid, ordercategoryname,
secondaryordercategoryname, ordercomponenttypedescription, ordercategorydescription,
patientweight, totalamount, totalamountuom, isopenbag, statusdescription,
originalamount, originalrate

ingredientevents
Columns: subject_id, hadm_id, stay_id, caregiver_id, starttime, endtime, storetime,
itemid, amount, amountuom, rate, rateuom, orderid, linkorderid, statusdescription,
originalamount, originalrate

outputevents
Columns: subject_id, hadm_id, stay_id, caregiver_id, charttime, storetime, itemid,
value, valueuom

procedureevents
Columns: subject_id, hadm_id, stay_id, caregiver_id, starttime, endtime, storetime,
itemid, value, valueuom, location, locationcategory, orderid, linkorderid,
ordercategoryname, ordercategorydescription, patientweight, isopenbag,
continueinnextdept, statusdescription, originalamount, originalrate

d_items
Columns: itemid, label, abbreviation, linksto, category, unitname, param_type,
lownormalvalue, highnormalvalue

caregiver
Columns: caregiver_id

Concise notes (commonly confusing columns)

• hadm_id vs. stay_id: hadm_id is the hospital admission identifier; stay_id tracks an ICU stay within an
admission.

• charttime vs. storetime: charttime captures when the event occurred; storetime records when it was
entered or verified.

• itemid: numeric key for labs, measurements, or medications (lookup in d_labitems or d_items).

• value / valuenum / valueuom: textual value, numeric value, and unit respectively; use valuenum for calculations.

• seq_num: ordering field for diagnoses/procedures, where lower values often imply higher priority.

• poe_id / poe_seq: provider order identifier plus sequence; detailed attributes live in poe_detail.

• orderid / linkorderid: link infusion segments and associated orders over time in ICU inputs.

• interpretation: microbiology susceptibility call (e.g., S/I/R).
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