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Abstract

Large Language Models (LLMs) are increas-
ingly being explored for clinical question an-
swering and decision support, yet safe deploy-
ment critically requires reliable handling of
patient measurements in heterogeneous clin-
ical notes. Existing evaluations of LLMs
for clinical numerical reasoning provide lim-
ited operation-level coverage, restricted primar-
ily to arithmetic computation, and rarely as-
sess the robustness of numerical understand-
ing across clinical note formats. We introduce
ClinicNumRobBench, a benchmark of 1,624
context—question instances with ground-truth
answers that evaluates four main types of clini-
cal numeracy: value retrieval, arithmetic com-
putation, relational comparison, and aggrega-
tion. To stress-test robustness, ClinicNumRob-
Bench presents longitudinal MIMIC-IV vital-
sign records in three semantically equivalent
representations, including a real-world note-
style variant derived from the Open Patients
dataset, and instantiates queries using 42 ques-
tion templates. Experiments on 17 LLMs show
that value retrieval is generally strong, with
most models exceeding 85% accuracy, while
relational comparison and aggregation remain
challenging, with some models scoring below
15%. Fine-tuning on medical data can reduce
numeracy relative to base models by over 30%,
and performance drops under note-style varia-
tion indicate LLM sensitivity to format. Clinic-
NumRobBench offers a rigorous testbed for
clinically reliable numerical reasoning’.

1 Introduction

Large Language Models (LLMs) have exhibited
rapid exploration of medical applications such as
clinical question answering and decision support
(Bedi et al., 2025). Yet safe clinical use critically
requires LLMs to handle patient measurements re-
liably, which depends on both clinical numeracy,

!Code and data URL are available on https://github.
com/MinhVuong2000/ClinicNumRobBench

executing basic numerical operations over clinical
measurements, and clinical robustness, preserving
numerical correctness under semantically equiva-
lent variations in how the same measurements are
documented across clinical notes.

First, despite substantial progress on mathemati-
cal reasoning (Shao et al., 2024), prior numeracy
evaluations show that LLMs still exhibit persistent
weaknesses in fundamental operations, including
value retrieval, arithmetic computation, relational
comparison, and aggregation (Li et al., 2025; Ma-
hendra et al., 2025). Meanwhile, clinical text is
numerically rich, with numbers appearing in most
documents across widely used clinical datasets
(Mahendra et al., 2024), and these same operations
are repeatedly required in clinical workflows over
patient measurements, making numerical reliability
a prerequisite for safe deployment.

Second, clinical numeracy differs from canoni-
cal mathematical word problems with systematic
symbolic structure. Clinical measurements are
embedded in diverse and noisy contexts, and the
same value may appear in structured fields, semi-
structured templates, or free-text notes with varied
surface forms (e.g., “BP: 120/80” vs. “blood pres-
sure of 120 over 80”) (Rothman et al., 2008). As a
result, even when an LLM succeeds in one presen-
tation, its numerical behavior may be brittle under
semantically equivalent documentation variants.

A clinically meaningful evaluation of LLMs
must therefore test both fine-grained numerical op-
eration correctness and robustness under represen-
tational shifts where the underlying measurements
remain unchanged. However, existing datasets
do not jointly address these requirements. Gen-
eral numeracy benchmarks (Mahendra et al., 2024,
2025; Li et al., 2025) are mostly non-clinical, while
clinical benchmarks often cover only a subset of
operations and omit robustness testing. For in-
stance, MedCalc-Bench (Khandekar et al., 2024)
is derived from patient notes but mainly evaluates
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arithmetic computation and Electromyogram Table
Mart (ETM) (Long et al., 2025) focuses on table-
to-text diagnosis generation rather than operation-
level clinical numeracy benchmarking. Neither
consider robustness under note-style variation. A
recent study (Gourabathina et al., 2025) examined
LLMs’ sensitivity to non-clinical input perturba-
tion, with altered patient attributes causing inconsis-
tent treatment recommendations and demographic
disparities. While the work focuses on the fairness
of LLMs with the change of non-clinical input,
the robustness of LLMs on diverse clinical docu-
mentation formats remains unexplored, especially
numerical reasoning being fundamental to clinical
decision-making.

To address this gap, we introduce Clinic-
NumRobBench, a benchmark of 1,624 context—
question instances for fine-grained clinical numer-
acy evaluation and robustness testing, together
with a scalable synthetic construction pipeline.
Grounded in real-world MIMIC-IV vital-sign
records and demographics (Johnson et al., 2023a,b,
2024), our pipeline automatically constructs lon-
gitudinal patient contexts by sampling and assem-
bling records, then renders the same underlying
measurements in three semantically equivalent con-
text representations, from structured formats to re-
alistic natural-language variants. We instantiate
42 question templates to generate queries probing
value retrieval, arithmetic computation, relational
comparison, and aggregation operations, and com-
pute ground-truth answers programmatically. Us-
ing ClinicNumRobBench, we evaluate 17 LLMs
across three categories and report three findings in
task accuracy, medical fine-tuning negative impact,
and context robustness.

Our main contributions are:

* We introduce ClinicNumRobBench, a bench-
mark of 1,624 instances for evaluating clinical
numeracy across 4 operations and robustness
across 3 context representation formats.

* We propose a scalable construction pipeline
grounded in MIMIC-IV longitudinal records
that automatically builds the benchmark with
minimal human effort.

* Experiments on 17 LLMs reveal persistent
weaknesses in comparison and aggregation,
potential numeracy degradation from medical
fine-tuning, and strong sensitivity to clinical
note representational shifts.

2 Related Work

Clinical numeracy evaluation. Most numeracy
benchmarks evaluate LLMs using general mathe-
matics questions, ranging from grade school arith-
metic to Olympiad level problems (Cobbe et al.,
2021; Hendrycks et al., 2021; Li et al., 2025). De-
spite strong performance on difficult problems,
LLMs can still fail simple operations such as com-
parison or multiplication (Li et al., 2025; Mahendra
et al., 2025). Clinical text is numerically rich, yet
widely used medical benchmarks such as MedQA,
MedXpertQA, and MedBullets (Jin et al., 2020;
Zuo et al., 2025; Chen et al., 2025a) assess broad
clinical knowledge and reasoning, making it hard
to isolate numeracy. Mahendra et al. (2024) iden-
tified prevalent types of numerical information in
clinical documents, highlighting the lack of system-
atic resources in the clinical domain for numerical
understanding and reasoning. Recently targeted
studies on medical calculations and table interpre-
tation (Khandekar et al., 2024; Long et al., 2025)
focus on limited formulas or modalities and do not
systematically test value retrieval, arithmetic com-
putation, relational comparison, and aggregation.

Robustness to documentation variation. LLMs
are sensitive to small changes in prompt wording
or formatting (Zhao et al., 2021; Zhuo et al., 2024;
Arora et al., 2025). This has motivated robustness
benchmarks such as GSM Plus (Li et al., 2024),
FinBias (Mehrotra et al., 2025), and CARES (Chen
et al., 2025b). In the medical domain, robustness
studies mainly target knowledge-oriented adversar-
ial prompts (Ness et al., 2024), or non-clinical input
perturbations affecting clinical recommendations
(Gourabathina et al., 2025), and rarely examine
numerical robustness, even though clinical mea-
surements appear in structured EHR fields, semi-
structured templates, and free text notes. Reliable
deployment therefore requires testing whether nu-
merical accuracy holds under semantically equiva-
lent documentation variants.

3 ClinicNumRobBench

In this section, we present the Clinical Numeracy
Robustness Benchmark (ClinicNumRobBench)
and its construction pipeline, which is used to
evaluate numerical reasoning of LLMs in clini-
cal settings and their robustness to semantically
equivalent documentation variants. Each instance
consists of a patient context, a question, and an
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Figure 1: Overview of benchmark construction.

exact ground-truth answer. ClinicNumRobBench
integrates (i) multiple clinical context represen-
tations and (ii) template-based tasks that target
core numerical operations. We then detail con-
text construction, task and question generation,
and dataset statistics. A detailed comparison with
existing benchmarks, particularly the arithmetic-
focused MedCalc-Bench, appears in Table 2 and
Appendix B.

3.1 Context Construction

Real world clinical measurements appear in hetero-
geneous formats, from structured representations
(e.g., JSON, XML, tables) in EHR systems to un-
structured natural language in clinical notes and
physician narratives. Because documentation prac-
tices vary widely, LLM numeracy behavior may
be sensitive to surface form changes. To measure
robustness under such representational shifts, we
construct three semantically equivalent context rep-
resentations: (1) a structured (JSON like) format,
(ii) a fixed natural language template, and (iii) real-
istic note style variants derived from clinical notes.

We construct contexts from longitudinal vital-
sign records and demographics, and render the
same underlying measurements into the three se-
mantically equivalent representations described
above. Concretely, we (1) extract patient pro-
files from hosp/patients and icu/icustays in
MIMIC-IV (Johnson et al., 2024), (2) link them to
vital-sign records in MIMIC-IV ED (Johnson et al.,

2023a), (3) perform stratified sampling over age
and gender to obtain 200 patients with 1-50 records
each, and (4) instantiate each representation by fill-
ing structured and natural-language templates with
the resulting values. Each record contains a times-
tamp, demographics, and clinical measurements,
including vital signs and pain level.

3.1.1 Structured Representation

We serialize each record as a JSON-like key—value
object and represent a patient context as a chrono-
logical list of these objects. Keys are fixed field
names, including chart_time, demographic fields,
and vital-sign attributes shown in Figure 1, and
values are the corresponding measurements from
the underlying records. This representation mirrors
common structured EHR exports and tests whether
LLMs can reason over structured clinical data with-
out relying on natural-language cues.

3.1.2 Fixed-template Representation

Prior work has converted structured records
into natural language form through verbalization
(Nguyen et al., 2024; Oliveira et al., 2025). We
adopt the same idea to construct our second con-
text representation. Using a single fixed template
enables controlled comparison, since it holds the
linguistic form largely constant while varying only
the underlying values. This design helps isolate the
effect of light linguistic wrapping, such as function
words and sentence structure, and quantify robust-
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ness to modest representational shifts.

For each patient, we verbalize all records in
chronological order. Each record is rendered using
the fixed template below:

Record verbalized fixed template

At {charttime), the (age)-year-old {gender) reports a
pain level of {pain). Vital signs: temperature
(temperature)°C, heart rate {heartrate) bpm,
respiratory rate {resprate) breaths/min, Oz saturation
{o2sat) %, blood pressure {sbp)/{dbp) mmHg.

For patients with multiple records, we concate-
nate the verbalized records using a newline char-
acter \n. For readability, the first record states age
and gender explicitly, while subsequent records
use pronouns such as “his” or “her”. A complete
example is shown in Figure 1.

3.1.3 Realistic Variant Templates
Representation

Fixed templates cannot capture the linguistic diver-
sity of real clinical documentation.To approximate
note-style variability while keeping the underlying
measurements unchanged, we derive variant tem-
plates from real patient notes and then fill them
with the same structured vital-sign values.

We construct these note-style variants as follows:

¢ Collect candidate notes. We source notes
from the Open Patients dataset (Khandekar
et al., 2024), which contains 180K notes drawn
from multiple clinical corpora, including Text
REtrieval Conference (TREC) Clinical Decision
Support/Clinical Trials tracks, MedQA-USMLE,
and PMC-Patients.

* Filter for numerically rich notes. We keep
notes that contain at least five numbers and a
vital sign keyword, yielding 15K candidates.

* Extract vital-sign mentions. Using
gpt-4.1-mini, we extract five vital-sign
attributes (temperature, heart rate, respiratory
rate, oxygen saturation, and blood pressure).
For each attribute, we output a JSON object
containing the raw mention span, numeric value,
and unit. Missing fields are recorded as None.

* Validate extraction quality. We require each
extracted raw span to appear in the original note,
and re-run extraction until this condition is sat-
isfied. This yields 2,300 notes with validated
mentions of all five vital signs.

* Form variant templates. For each validated
note, we locate the extracted mention indices,

take the minimal span covering all mentions, and
replace each numeric value and unit with place-
holders %v and %m.

¢ Fill templates with record values. We apply
the resulting templates to structured vital-sign
records by filling placeholders with record values,
producing diverse note-style context variants.

* Assemble patient contexts. For each patient, we
order the resulting note-style records chronologi-
cally and concatenate them to form the temporal
narrative used as input for all benchmark tasks.

The extraction prompt and template categories
with their frequencies are provided in the Appendix
(Figures 4 and 6, respectively). An end-to-end
pipeline is shown in Figure 1.

3.2 Task Design and Question Generation

ClinicNumRobBench evaluates four clinical nu-
meracy operation types: value retrieval, arith-
metic computation, relational comparison, and
aggregation. We create instances for each opera-
tion using template based questions whose answers
are computed deterministically from the underly-
ing measurements. Each template specifies (i) the
relevant record or records in a patient’s longitudi-
nal context, (ii) the required numerical operation,
and (iii) an exact ground truth answer. For retrieval,
arithmetic computation, and aggregation tasks, an-
swers are formatted as numeric values (integers or
decimals rounded to two decimal places). For com-
parison tasks, answers are formatted as timestamp
strings (YYYY-MM-DD HH:MM).

To instantiate a template, we first select the
relevant record(s) from the structured vital sign
sequence according to the template’s constraints
(for example by timestamp, by position, or by a
threshold). We then fill the template slots (such as
<charttime>, <vital_parameter>, or a thresh-
old) with the corresponding values extracted from
these records and compute the answer determinis-
tically using the specified operation. Thresholds
are selected based on their clinically meaningful
cutoffs. The resulting filled question is paired with
the same patient context rendered in each of the
three context representations (§3.1). Table 1 re-
ports the number of instances and templates per
task type. Table 10 in the Appendix provides fur-
ther details by subtask. Table 8 depicts the align-
ment of benchmark tasks with clinical numerical
information types (Mahendra et al., 2024).
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Task Subtask #Templates #Questions
Retrieval - 6 240
1 step 4 200

Arithmetic 2 steps 4 200
3 steps 2 200

Comparison Comparative 11 191
P Superlative 12 192
Aggregation — 3 201
Total 42 1,624

Table 1: Number of templates and questions per task.

3.2.1 Value Retrieval

Value retrieval involves the location and extraction
of a single measurement from the patient context
given a timestamp. We generate queries over six vi-
tal parameters: temperature, heart rate, respiratory
rate, oxygen saturation, systolic blood pressure,
and diastolic blood pressure. To cover both early
and later observations, we sample target records
at fixed positions in the timeline (for example the
first and fifth records when available) and fill the
template with the corresponding measurement and
timestamp. The ground truth answer is simply the
value of the requested vital sign at that timestamp.

3.2.2 Arithmetic Computation

Arithmetic computation relates to clinically moti-
vated arithmetic over one or more measurements
in the context. We group questions into one-step,
two-step and three-step subtasks, defined by the
number of arithmetic operations involved. For each
instance, we select the required record(s) by times-
tamp or position, substitute their values into the
arithmetic expression defined by the template, and
compute the exact numeric result as the answer
(e.g.. MAP = DBP + 1(SBP — DBP), where
MAP, SBP and DBP denote mean arterial pressure,
systolic and diastolic blood pressure, respectively).
The formulas utilized were derived from the inter-
section between vital sign information and the 50
most frequently accessed calculators available on
MDCalc?.

3.2.3 Relational Comparison

Relational comparison evaluates ordering and
threshold reasoning over longitudinal measure-
ments, including identifying extreme values. We
design two query types: (i) comparative queries
that return the first timestamp at which a vital sign

MDCalc: https://www.mdcalc.com/#Popular

exceeds (higher) or falls below (lower) a thresh-
old, and (ii) superlative queries that return the
timestamp of the maximum (highest) or minimum
(lowest) value of a vital parameter. In each case,
the template specifies the target vital sign and, for
comparative queries, the threshold, and the ground
truth answer is the timestamp (YYYY-MM-DD
HH:MM) of the matching record.

3.2.4 Aggregation

Aggregation requires combining information
across the longitudinal context by counting how
many records satisfy a clinical condition over time.
Aggregation underlies clinical monitoring patterns
such as counting occurrences of abnormal vitals.
For each instance, we scan all records, count the
number of matches (sometimes after computing a
derived quantity like a shock index), and return this
integer as the answer.

3.3 Data Comparison and Analysis

Table 1 summarizes ClinicNumRobBench, which
comprises 42 templates and 1,624 instances span-
ning four clinical numeracy operations: retrieval
(240), arithmetic (600), comparison (383), and ag-
gregation (201). Arithmetic is evenly distributed
across 1-, 2-, and 3-step problems (200 instances
each), and comparison is balanced between com-
parative and superlative queries (191 vs. 192), en-
abling fine-grained analysis of threshold versus ex-
tremum reasoning.

Table 2 contrasts ClinicNumRobBench with
MedCalc-Bench, the closest benchmark to ours
for clinical numeracy. MedCalc-Bench focuses on
arithmetic in a single note-style format, whereas
ClinicNumRobBench expands coverage to re-
trieval, comparison, and aggregation, and provides
three semantically equivalent context representa-
tions for robustness analysis. The structured and
fixed-template representations yield shorter con-
texts (551-745 context tokens) and lower lexical
diversity (Root TTR 4.28-5.51), serving as con-
trolled baselines. In contrast, the note-style variant
is substantially longer (1,480 context tokens) and
more lexically diverse (Root TTR 12.56-12.87).
Compared with MedCalc-Bench (context tokens
613; Root TTR 10.71), our note-style variant also
exhibits greater lexical diversity. Since measure-
ments and questions are held fixed across repre-
sentations, performance differences can be more
directly attributed to representational shift.
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Benchmark #Inst. Tasks ‘ Ctx Rep. Ctx Tok. Q Tok. Root TTR
MedCalc-Bench 1,047 arithmetic note-style 613 41 10.71
ClinicNumRobBench 1,624 retrieval; structured 745 23 4.93-5.49
(Ours) arithmetic; fixed template 551 23 4.28-5.51
comparison; aggregation | note-style variant 1480 23 12.56-12.87

Table 2: Comparison between ClinicNumRobBench and MedCalc-Bench. Each ClinicNumRobBench row corre-
sponds to one context representation (structured, fixed template, or note-style variant). Ctx Tok. and Q Tok. denote
the average number of context and question tokens, respectively. Root TTR denotes the lexical diversity range of
the context across all four tasks (root type—token ratio); see Appendix C for details.

4 Experiments

We use ClinicNumRobBench to benchmark LL.Ms
on four core numerical skills and their robustness
across three clinical context representations.

Evaluation. We report the accuracy for each task,
defined as accuracy = ﬁm

For all the output types, the predicted answer
should exactly match the ground truth answer. To
ensure robust evaluation despite minor formatting
variations in LLM numeric outputs, we apply the
following post-processing steps: (1) we extract nu-
meric values using the regular expression pattern
-?2\d*\.?\d+, and (2) we normalize trailing zeros
by removing .0+ suffixes. This preprocessing han-
dles common LLM output variations, such as ap-
pending .0 to integers or including measurement
units, while preserving the semantic correctness of
predictions. Correctness requires the exact post-
processed match with ground truth.

Evaluated Models. We evaluated 17 widely used
and efficient LLMs that span three categories:
medical-domain models, their corresponding base
models, and selected general-purpose LLMs.

* Medical LLMs: MedGemma (Sellergren et al.,
2025), MediPhi (Corbeil et al., 2025), Meditron3-
Llama3.1 (Chen et al.,, 2024b), Meditron3-
Qwen2.5, UltraMedical (Zhang et al., 2024),
Huatuo-ol (Chen et al., 2024a).

* General Base LLMs: gemma-3-4b-it (base of
MedGemma) (Team et al., 2025), phi-3.5-mini
(base of MediPhi) (Abdin et al., 2024), Qwen-2.5-
7B (base of Meditron3-Qwen2.5) (Yang et al.,
2025), Llama-3.1 (base of Meditron3-Llama3.1,
Huatuo-ol, and UltraMedical) (Dubey et al.,
2024).

* General LLMs: Qwen3-8B, DeepSeek-R1-
Distill-8B (DeepSeek-Al, 2025), GPT-4.1-mini,

GPT-5 (Achiam et al., 2023), gemma-3-27b-it,
and Llama-3.3 70B.

All models are evaluated using the default in-
ference hyperparameters specified in their original
releases. For models that provide both standard and
reasoning modes (e.g., Qwen3, Phi-3.5), we eval-
uate each mode accordingly. Following standard
practice in numeracy evaluation, we use zero-shot
chain-of-thought prompting (figure 5) for all exper-
iments, including those run in reasoning mode.

4.1 Main Results

Table 3 reports the performance of LLMs on the
four clinical numeracy tasks across a range of clin-
ical context representations. Overall, models per-
form strongly on retrieval, but substantial chal-
lenges remain in clinical numerical reasoning, par-
ticularly for comparison and aggregation.

Finding 1: While retrieval succeeds consistently,
comparison and aggregation show critical weak-
nesses. Retrieval achieves the highest accuracy
across nearly all models: most exceed 85%, and
some reach 100% (e.g., Gemma, Qwen3, and GPT-
4.1-mini). This indicates that LLMs are gener-
ally reliable at extracting simple numerical val-
ues from clinical contexts. In contrast, arithmetic
performance is much more variable, ranging from
18.67% to 97.50%. Notably, MedGemma/Gemma
performs strongly relative to both larger models
(e.g., Llama-3.1 and Huatuo-ol) and same-sized
competitors (e.g., MediPhi/Phi-3.5-mini). How-
ever, with the exception of Qwen3 in reasoning
mode and GPT-4.1-mini, most models degrade sub-
stantially on comparison and aggregation. Com-
parison exhibits the largest variance among medi-
cal models, while several non-medical reasoning
models remain weak on aggregation. Most strik-
ingly, some models achieve near-zero accuracy on
comparison (e.g., MedGemma 1.56% and Med-
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LLMs Size Retrieval Arithmetic Comparison Aggregation

Struct. Fixed Variant ~ Struct. Fixed Variant ~ Struct. Fixed Variant ~ Struct. Fixed Variant
Medical
medgemma-it 4B 97.50 9375375 90.83-6.17  71.33  73.17+184  68.83-250 1.56 2.35+0.79 1.83+027 1592  21.87+595  15.42-050
MediPhi 4B 94.58 9333-125  86.67-791 2200 18.67-333 16.50-550 29.50  29.76-026  20.89-s61 1592 26.37+1045  13.93-1.99
Meditron3-Qwen2.5 7B 98.33 98.33+0.00 90.00-833  83.33 82.67-066  73.50993 3629 47.52+1123 3420-209 50.25 51.74+149  44.28 746
Meditron3-Llama 8B 7583 79.58+375 7375208  43.33 53.50+1017  46.50+3.15 2.35 4.18+1.83 3.13+078 1542 16.92+150  11.94 348
UltraMedical 8B 89.58  91.25+167 66252333  66.67  71.33+466 42.67-2400 2723  33.68+645 1885838  31.34  30.85-049 15.42.159
Huatuo-o1 8B 97.08 91.67 541 8292-1416  59.83  57.50-233 52.17-766  49.61 55354566 27942167 3532 35324000 25.87-945
Base
gemma-3-it 4B 100.00 97.08-292  92.08-992 79.17 81.33+216  73.00-617 6345 61.88-1.75 40472208 4179  43.78+199 30.85-10.94
Phi-3.5-mini-reasoning 4B 98.33  98.75+042  89.17916 7583 79334350 69.83-600 5326 57.70+444  46.82-644 5522  59.70+448 38.36-16.86
Qwen-2.5 7B 100.00 99.17-083 89.58-1042  89.17 90.33+1.16  82.33.684 67.36  72.33+497 52741462 6020  58.21-199 49.25-10.95
1lama-3.1 8B 95.00  96.67+1.67 88.75-625 60.83  70.50+9.67 66.33+550 1836 32.12+1367 25514715 1592 29.85+1395  20.90+4.98
General
DeepSeek-R1-Distill 8B 97.08 89.17-791 85.00-1208 63.50 66.67+3.17 52.33-11.17  63.97  61.10-287 42972100 42.79 34.33.846 30.35-12.44
Qwen3 8B 99.58 100.00:042 90.42-9.16 94.67  91.50-3.17 82.67-1200 7128 74934365 59.61-11.67 76.62  76.62+000 60.22-16.40
GPT-4.1-mini N/A 100.00 100.00:000 9625375 96.67 9633034 9250417 9530 9504026 83.03-1227 8259  82.09-050 71.64-1095
Qwen3-reasoning 8B 100.00 100.00:000 87.92-1208 97.17 97.50+033 9433284 9433  95.30:097 77.28-1705 76.62 82.59:597 63.18-13.44
gemma-3-it 27B 100 100000 9458542 9520 96.75+155 92.83237  78.61  79.51+090 6826-1035 60.15  58.12-203 49.18-1097
1lama-3.3 70B  99.58 100042 96.25333  96.00 96.33+033 9217383  93.74  95.04+130 79.37-1437  73.63 75124149 61.69-11.94
GPT-5 N/A 100 100000  98.75-125  97.33  98.00+0.67 935383  86.67 8475192 7222-1445  78.61  79.60+099 62.19-16.42

Table 3: Accuracy (%) of LLMs on four clinical numeracy tasks. Struct., Fixed, and Variant denote the three context
representations. +x.xx, -x.xx indicates the accuracy increase and decrease relative to the Struct. score in the same row,
respectively. The suffix “-reasoning” indicates that the model is evaluated with its reasoning mode enabled.

itron3 2.35%), and Llama-3.1 falls below 30% on
aggregation. These failures suggest that operations
requiring global reasoning across multiple values,
such as comparison and aggregation, remain a key
bottleneck for clinically reliable numeracy. This
dramatic failure mode suggests that comparison
and aggregation reasoning, particularly operations
requiring global reasoning across multiple values,
remains a critical weakness in clinical numerical
understanding, even for models that excel at re-
trieval and basic calculations.

Finding 2: Medical fine-tuning erodes reasoning-
based LLLMs’ numerical reasoning. General-
purpose LLMs consistently outperform medical-
specialized models across all tasks, with the largest
gaps on comparison and aggregation. This pattern
suggests that medical fine-tuning can reduce numer-
ical reasoning capability. For example, MediPhi at-
tains only 22% on arithmetic, compared to 75.83%
for its base model Phi-3.5-mini; it also shows large
drops on comparison (-23.76%) and aggregation
(-39.3%). We observe similar trends for other medi-
cally adapted models, indicating that standard med-
ical fine-tuning can compromise quantitative rea-
soning. The extent of degradation also depends on
the base model: with a similar fine-tuning strategy,
Meditron3 built on Llama-3.1 loses substantially
more performance than its Qwen2.5-based coun-
terpart, highlighting the importance of base-model
choice. MedGemma further illustrates task-specific
trade-offs: arithmetic drops only slightly, but com-
parison and aggregation decline by 20-60 points
relative to its base. In contrast, models fine-tuned

with chain-of-thought supervision (UltraMedical
and Huatuo-o1l) improve over their base models
on comparison and aggregation, suggesting that
reasoning-trace supervision can preserve or even
enhance numeracy during medical adaptation.

Finding 3: Significant performance degradation
under variant-template contexts indicates for-
mat sensitivity. Performance shifts across con-
text representations depend on task complexity and
model category. Base models exhibit sizeable ro-
bustness gaps between fixed-template and note-
style variant contexts (10-22%), while medical
models show smaller but still meaningful declines
(0.5-15%). We also observe a trade-off: Llama-
3.1 improves on variant templates relative to fixed
templates, whereas CoT-trained medical models
(UltraMedical and Huatuo-o1) degrade on variant
contexts, suggesting that CoT fine-tuning can boost
task performance but reduce format robustness.
Even retrieval, despite its high absolute accuracy,
can drop by 2-43% under formatting changes, in-
dicating sensitivity in basic numerical extraction.
Comparison shows the greatest robustness variabil-
ity, with some models suffering catastrophic drops
exceeding 22 points on certain variants. The robust-
ness gap between 3 models groups shows that med-
ical LLMs tend to have a lower robustness gap than
general LLMs, highlighting the potential impact of
format more than the length of the context. Overall,
these results suggest that current LLMs lack format-
invariant numerical representations and often rely
on surface-level cues, which can fail under realis-
tic documentation variation. This raises a critical
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Figure 2: Fine-grained accuracy of comparison question
types in fixed-template context.

concern for real-world clinical deployment.

4.2 Analysis

Comparison error analysis by question type.
To better understand failures on comparison, we
report accuracy by question type for both compar-
ative and superlative queries: highest, higher,
lower, and lowest (see Section 3.2.3 for defi-
nitions). Figure 2 reports results on the fixed-
template context. A consistent pattern emerges:
lower comparative questions are the most chal-
lenging for nearly all models, while the other
types show larger model-to-model variation. One
plausible reason is that lower comparatives re-
quire jointly tracking temporal order and apply-
ing a direction-sensitive threshold (e.g., finding the
first time a vital drops below a value), which is
prone to errors in inequality direction and record
selection. In contrast, superlative questions can
sometimes be answered by identifying a single ex-
treme value, which may align better with common
prompting heuristics. Overall, this breakdown sug-
gests that comparison failures are not uniform, and
that threshold-based “lower-than” reasoning is a
key bottleneck even when models perform well on
retrieval and arithmetic.

Aggregation robustness under note-style format-
ting variations. To investigate the performance
drop under note-style variant contexts, we analyze
aggregation accuracy under common documenta-
tion variations observed in patient notes. Using
templates extracted in Section 3.1.3, we categorize
prevalent surface-form changes, including abbrevi-
ations (e.g., BP, HR, RR, O; sat), separators (e.g.,
comma, colon, semicolon), and the presence or ab-
sence of units (e.g., “BP 120/70 mmHg” vs. “BP
120/70”). The distribution of these configurations

| full
B abbr

no_unit

M abbr-no_unit
W order_shuffle
| ‘ | sep_change
0— |I I| | |

MedGemma  Gemma MediPhi Phi3.5-mini

»
S

accuracy (%)

N
S

Figure 3: Aggregation accuracy when changing con-
text template configuration. full denotes for the fixed
template with full text and unit. abbr denotes for using
abbreviations such as bp, hr, rr, 02sat. sep_change de-
notes for changing seperator, such as comma, colon.

is summarized in Appendix A.3 (Figure 4).

Figure 3 reports aggregation accuracy under con-
trolled variants of the fixed-template context, in-
cluding abbreviation only, unit removal only, and
their combination. Results show that abbreviations
and missing units are the primary drivers of er-
rors. A plausible explanation is that abbreviations
weaken the lexical cues that bind each number to
the correct vital-sign attribute, while missing units
remove an additional signal for interpreting val-
ues and disambiguating fields. When both factors
co-occur, errors become more frequent, suggest-
ing that models rely on redundant surface cues and
degrade when multiple cues are removed simulta-
neously. In contrast, changes in attribute order or
separator choice have a negligible effect, indicat-
ing that models are less sensitive to shallow punc-
tuation changes than to information that directly
supports value interpretation and field assignment.

Template substitution fidelity check. To en-
sure that our note-style variants preserve the in-
tended measurements, we validate the extraction-
and-substitution pipeline used to instantiate tem-
plates. We apply extraction matching to align vital-
sign spans and values across variant representa-
tions, and manually audit 100 randomly sampled
outputs for semantic correctness. Specifically, we
verify that each substituted vital-sign value corre-
sponds to the correct attribute in the underlying
structured record, that units (when present) are con-
sistent with the intended field, and that no attribute
is dropped or duplicated after substitution. This
audit achieves 96% correctness, indicating that
the constructed note-style variants largely reflect
the underlying vital-sign records. Therefore, the
performance differences observed across context
representations are more likely attributable to rep-
resentational variation rather than template corrup-
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tion or substitution errors.

5 Conclusion

In this paper, we introduce ClinicNumRobBench,
a benchmark that measures clinical numeracy cor-
rectness and robustness to documentation format.
Built from longitudinal MIMIC-IV records with
programmatic ground truth, ClinicNumRobBench
evaluates four core numerical operations (retrieval,
arithmetic, comparison, and aggregation) under
three semantically equivalent context representa-
tions. Experiments on 17 LLMs reveal three limi-
tations: comparison and aggregation remain chal-
lenging, especially for lower comparative queries;
medical fine-tuning can reduce numeracy relative
to base models, particularly for comparison; and
note-style variation, especially abbreviations and
missing units, can substantially degrade perfor-
mance. Overall, ClinicNumRobBench provides
a controlled testbed for diagnosing format sensi-
tivity in clinical numerical reasoning and tracking
progress toward more reliable numeracy for safer
clinical deployment.

6 Discussion

Our systematic analysis yields actionable insights
for both medical model developers and clinical
practitioners. For developers, we identify four
critical strategies to enhance model performance:
(1) strategic selection of foundational architectures
with robust numerical reasoning capabilities, (2) en-
richment of training corpora with non-standard clin-
ical formats and abbreviations, (3) augmentation
of underrepresented task categories such as com-
parative reasoning instances, and (4) integration of
chain-of-thought supervision to strengthen domain
expertise and preserve quantitative reasoning abil-
ities simultaneously. For clinicians, our findings
underscore the importance of providing complete
contextual information, particularly by including
explicit units of measurement and avoiding the con-
current use of abbreviations with unit omissions,
which substantially impairs model performance.
Additionally, clinicians should exercise heightened
caution when deploying these systems for numeri-
cal comparison and data aggregation tasks, where
performance degradation is most pronounced.

Ethical Statement

The data utilized in this study does not contain
any personally identifiable information or offen-

sive content. All data is in English and originates
from multiple sources, each distributed under dif-
ferent licenses. The Open Patients dataset (Khan-
dekar et al., 2024) is sourced from multiple clinical
open access corpora, including the Text Retrieval
Conference (TREC) Clinical Decision Support/-
Clinical Trials tracks, MedQA-USMLE, and PMC-
Patients. MIMIC-IV (Johnson et al., 2023b) and
MIMIC-IV-ED (Johnson et al., 2023a, 2024) are
publicly available under PhysioNet credentialed
access at https://doi.org/10.13026/kpb9-mt58 and
https://doi.org/10.13026/5ntk-km72, respectively.
A condition of releasing a derivative of the MIMIC
datasets it to retain the same license. Therefore, the
data is submitted and published under PhysioNet
credentialed access.

We used Al assistants (manus, Claude, Paper-
Review) to refine Figure 1, enhance language, and
review the manuscript.

Limitations

While our evaluation provides robust insights into
LLM capabilities in medical numeracy, there are
two primary limitations, which are potential for
future investigation. First, our use of question tem-
plates enables systematic evaluation of robustness
in context understanding and reasoning through
controlled variations, ensuring reproducibility and
isolated assessment of contextual factors affect-
ing performance. However, clinical practice in-
volves stakeholders expressing semantically equiv-
alent queries through unconstrained natural phras-
ings. Assessing robustness using naturally ex-
pressed questions, such as those generated through
LLM paraphrasing, LLM generation, or collected
from practitioners, would advance understanding
of LLM capabilities in capturing the full linguistic
variability inherent in clinical settings. Second, we
strategically focused on vital signs and related for-
mulas (e.g., shock index, mean arterial pressure),
selecting well-established medical concepts present
in both structured data (EHRs) and unstructured
text (patient notes) that are likely well-represented
in LLM training data. This foundation enables
confident conclusions about numerical reasoning
on core medical concepts. However, the medical
knowledge landscape encompasses numerous spe-
cialized domains that may be underrepresented in
current models, potentially affecting retrieval and
reasoning performance. Systematically extending
our evaluation framework to these diverse knowl-
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edge domains would provide comprehensive under-
standing of LLM capabilities and limitations across
the medical knowledge spectrum, particularly re-
garding numerical reasoning proficiency.
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A Additional Results

A.1 Arithmetic

Table 4 reports accuracy on arithmetic sub-tasks
with increasing computational depth, including 1-
step, 2-step, and 3-step calculations. Across mod-
els, accuracy generally decreases as the number of
required operations increases, indicating that multi-
step arithmetic remains substantially harder than
single-step computation. Models trained or fine-
tuned with reasoning-focused data show smaller
performance gaps across depths, suggesting greater
robustness to increasing computational complexity.
Overall, these results highlight the importance of
reasoning-oriented supervision for maintaining sta-
ble performance as arithmetic requires more steps.

Model ‘ 1-step 2-steps 3-steps
MedGemma 69.50  73.50 63.50
MediPhi 21.00 14.50 14.00
Meditron3-Qwen2.5 | 82.00  77.00 61.50
Meditron3-Llama 56.00 45.50 38.00
UltraMedical 51.50  38.50 38.00
Huatuo-ol 51.00 51.50 54.00
Gemma 79.00 72.00 68.00
Phi-3.5-mini 86.50  60.00 63.00
Qwen-2.5 90.50  78.50 78.00
llama-3.1 74.00  70.00 55.00
DeepSeek-R1-Distill | 65.00  64.50 27.50
Qwen3 95.50  84.50 68.00
GPT-4.1-mini 96.50  92.50 88.50
Qwen3-reasoning 96.00  94.00 93.00

Table 4: Accuracy of Arithmetic sub-tasks.

A.2 Comparison

Table 6 reports detailed accuracy for the compar-
ison task across the three context representations.

LLM Model Implementation
medgemma-it google/medgemma-4b-it
gemma-3-it google/gemma-3-4b-it
MediPhi microsoft/MediPhi-Instruct
Phi-3.5-mini microsoft/Phi-3.5-mini-instruct

Meditron3-Qwen2.5
Meditron3-Llama

OpenMeditron/Meditron3-Qwen2.5-7B
OpenMeditron/Meditron3-8B

UltraMedical TsinghuaC31/Llama-3.1-8B-UltraMedical
Huatuo-ol FreedomlIntelligence/HuatuoGPT-01-8B
Qwen-2.5 Qwen/Qwen2.5-7B-Instruct
llama-3.1 meta-llama/Llama-3.1-8B-Instruct
Qwen3 Qwen/Qwen3-8B
DeepSeek-R1-Distill-Llama-8B unsloth/DeepSeek-R 1-Distill-Llama-8B
GPT-4.1-mini OpenAl API

Table 5: Details of used LLMs.

A.3 Template Variations

Table 9 reports accuracy under template variations
that reflect common formatting patterns in clini-
cal documentation. While the standardized tem-
plate uses full attribute names, explicit units, and
space separators, real clinical notes exhibit sub-
stantial variation. For example, attributes are of-
ten abbreviated (e.g., heart_rate as HR/hr and
oxygen_saturation as O2sat/SpO2), units may
be omitted, and separators such as commas or
colons are frequently used. These variations cap-
ture realistic note formats and enable systematic
assessment of model robustness to documentation
inconsistencies.

B Benchmark Comparisons

We compare ClinicNumRobBench to existing
benchmarks in Table 7. Table 2 provides a detailed
comparison with MedCalc-Bench, which also eval-
uates numerical reasoning but focuses primarily on
arithmetic computation.

C Lexical Diversity

To quantify the linguistic variation across our con-
text representations, we measure lexical diversity
for each format and compare our most realistic
setting against MedCalc-Bench (Khandekar et al.,
2024). Following standard practice in corpus lin-
guistics, we use the root type—token ratio (Root
TTR) (Guiraud, 1959):

Number of unique tokens

Root_ TTR = .
v/Total number of tokens

6]

Higher Root TTR indicates greater vocabulary rich-
ness and surface-form variability.

Internal comparison across context formats.
Tables 11 and 12 summarize internal and exter-
nal comparisons, respectively. Internally, the note-
style variant representation (Var-Tem.) exhibits
substantially higher lexical diversity, with Root
TTR ranging from 12.56 to 12.87, compared to
structured (4.93-5.49) and fixed-template (4.38—
5.51) representations. This makes Var-Tem. about
two to three times more lexically diverse than
the two controlled baselines, reflecting the note-
derived templates used in Var-Tem., including ab-
breviations, unit omissions, and formatting differ-
ences that mirror real documentation practices.
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Struct.

Fixed Variant

Model sup_highest com_higher com_lower sup_lowest | sup_highest com_higher com_lower sup_lowest | sup_highest com_higher com_lower sup_lowest
medgemma-it 3.12 1.68 1.39 0.00 2.08 2.52 2.78 2.08 2.08 0.00 2.78 2.52
gemma-3-it 61.46 69.75 55.56 63.54 58.33 68.07 50.00 66.67 46.88 46.88 30.56 36.13
MediPhi 29.17 30.25 33.33 26.04 27.08 28.57 31.94 3229 28.12 23.96 18.06 14.29
Phi-3.5-mini 53.12 54.62 52.78 52.08 54.17 57.98 56.94 61.46 44.38 47.50 48.89 46.97
Meditron3-Qwen2.50 44.79 32.77 27.78 38.54 47.92 47.90 45.83 47.92 36.46 37.50 26.39 34.45
Qwen-2.50 77.08 70.59 58.33 60.42 75.00 74.79 66.67 70.83 56.25 57.29 54.17 45.38
UltraMedical 27.71 25.97 19.72 33.96 41.67 33.61 23.61 33.33 19.79 21.88 16.67 15.97
Huatuo-ol 52.08 52.94 33.33 55.21 62.50 57.98 4722 51.04 3229 23.96 25.00 29.41
Meditron3-Llama 4.17 0.84 1.39 3.12 1.04 5.88 0.00 8.33 5.21 4.17 2.78 0.84
Llama-3.1 25.62 15.04 15.56 17.29 46.88 23.53 20.83 36.46 30.62 34.79 19.17 17.73
DeepSeek-R1-Distill-Llama 61.46 73.95 59.72 57.29 60.42 62.18 52.78 66.67 37.71 43.96 39.44 48.57
Qwen3-NonReasoning 76.04 66.39 59.72 81.25 80.21 75.63 68.06 73.96 50.00 50.00 45.83 51.26
GPT-4.1-mini 89.58 99.16 100.00 92.71 90.62 99.16 100.00 90.62 84.38 84.38 84.72 79.83
Qwen3-Reasoning 89.58 99.16 97.22 92.71 90.62 97.48 100.00 93.75 72.92 81.25 79.17 76.47

Table 6: Accuracy of comparison sub-tasks. sup_highest denotes superlative comparisons identifying the highest
value, sup_lowest denotes superlative comparisons identifying the lowest value, com_higher denotes comparative
assessments of whether one value is higher than another, and com_lower denotes comparative assessments of

whether one value is lower than another.

Medical Qual. Reasoning Comput. Non-MCQ Num. Granul. Robust.
MedQA v 4 X X X X X
MedXpertQA v 4 X X X X X
MedBullets v 4 X X X X X
GSMB8K X 4 v v X X X
MATH X 4 v v X X X
NumericBench X v v X v v X
MedCalc v v v v X X X
Ours v v v v v v v

Table 7: Comparison of clinical and numerical reasoning benchmarks for LLM evaluation. Medical: tasks for
medical evaluation; Qualitative (Qual) Reasoning: dataset tests qualitative reasoning; Comput.: dataset requires
computation (i.e., quantitative reasoning); Non-MCQ: questions which have a single answer and without the
use of multiple choices; Numeracy (Num.): dataset for numeracy evaluation; Granularity (Granul.): dataset test
fine-grained levels in particular problem; Robustness (Robust.): the problem space is modeled using several data

views/structures.
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Aggregation
Aggregation vV v v v v

Table 8: Alignment of benchmark tasks with clinical
numerical information types of Mahendra et al. (2024).

External comparison with MedCalc-Bench.
Relative to MedCalc, our Var-Tem. contexts have
Root TTR that is about two points higher (12.71 vs.

10.71) and HDD that is about 0.12 higher (0.85 vs.
0.73), indicating greater local vocabulary variation.
By contrast, MedCalc-Bench attains higher MTLD
(96.10 vs. 84.66), suggesting lexical diversity is
maintained over longer passages. This divergence
is expected because Root TTR and HDD empha-
size local surface variation introduced at the record
level, whereas MTLD captures sustained diversity
across extended text and is influenced by MedCalc-
Bench’s longer narrative note style.

Overall, these metrics confirm that ClinicNum-
RobBench spans a controlled spectrum of linguis-
tic complexity, from structured and fixed-template
baselines to a note-style variant that better reflects
real clinical documentation variability.

D The Prevalence of Numerical
Information in Clinical Settings

Mahendra et al. (2024) documents the prevalence
of numerical information in clinical data. To as-
sess the impact of numerical content on model
performance, we conduct extensive evaluation on
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Model full abbr no_unit abbr-no_unit order_shuffle sep_change
MedGemma 21.87 1741 20.90 17.41 19.90 20.40
Gemma 4379 3329 39.76 30.81 43.74 39.26
MediPhi 26.37 1990  24.88 17.41 25.87 25.87
Phi3.5-mini 59.7 5353 5771 44.78 57.71 53.73
Meditron3-Qwen2.5 | 51.74 48.26  50.74 48.25 48.26 48.76
Qwen-2.5 58.21 5025 5572 50.72 55.72 55.22
Meditron3-Llama 16.92 17.41 17.91 14.43 16.42 16.42
UltraMedical 30.85 33.83 32.84 36.82 31.84 30.35
Huatuo-ol 3532 3085 32.84 32.84 36.82 34.33
Ilama-3.1 29.85 26.87 25.37 27.86 29.85 28.36
DeepSeek-R1-Distill | 34.33 32.81 33.82 27.36 34.82 34.31
Qwen3 76.62 75.60 74.61 74.13 75.62 74.13
GPT-4.1-mini 82.09 80.82 81.76 79.15 81.91 81.14
Qwen3-reasoning 82.59 81.08  82.08 80.60 82.08 82.09

Table 9: Accuracy of the aggregation task when changing a configuration in the context template. full denotes for
the fixed template with full text and unit. abbr denotes for using abbreviations such as bp, hr, rr, 02sat. sep_change
denotes for changing seperator, such as comma, colon, semicolon.

Vital Signs Template Variation Distribution

Blood Pressure

Oxygen Saturation

Figure 4: The distribution of template variations. full denotes full texting of vital sign name, such as blood
pressure, opposite to abbr using abbreviations such as bp. The lightest circle denotes the separator between the

vital sign name and its value used in the template

challenging benchmarks including MedXpertQA
(Zuo et al., 2025) and MedBullets (Jin et al., 2020).
Table 13 shows the prevalence of numerical data
across these benchmarks, while Table 14 presents
corresponding accuracy results. Our analysis re-
veals that numerical information appears in 73.51—
100% of questions across challenging medical
benchmarks and real-world data, yet model perfor-
mance drops around 0.3% on number-containing
questions compared to low overall accuracy, reveal-
ing a critical weakness in current LLMs and the
need of attention on clinical numeracy.

E Prompts

The Zero-shot CoT Prompt

You are a helpful clinical assistant
in <task>. Please think step-by-
step to solve the question. Your
final output should end with a
JSON dict formatted as {"answer":
<short_and_direct_answer_of_the_
question>}.

Here is the task:
<question>

Let’s think step-by-step to solve
the question.

Figure 5: The zero-shot CoT prompt used for evalu-
ation. <task> denotes the evaluating task, which is
retrieval/arithmetic/comparison/aggregation.
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Task Subtask ID Question template Reasoning focus
retrieval retrieval T1-6 What was the {column} of the patient at {charttime}? Single-record lookup
of a vital at a specific
timestamp.
calculation 1step_add T7 Calculate the sum of systolic and diastolic blood A stepin Mean Arterial
pressure at {charttime}. Pressure (MAP)
calculation 1step_sub T8 Calculate the pulse pressure at {charttime}. Difference (SBP -
DBP)
calculation 1step_mul T9 What is the value when multiplying the temperature Scalar multiplication
at {charttime} by 1.8 round to 1 decimal places. (°Cx 1.8)
calculation 1step_div T10 Calculate the Shock Index at {charttime}, round to Heart-rate / SBP ratio.
1 decimal places.
calculation 2step_add_div = TI11 Calculate the average of respiratory rate at the Mean of first or last
{case} 2 records, round to 1 decimal places. two respiratory-rate en-
tries.
calculation 2step_sub_div = T12  Calculate a third of the pulse pressure at Pulse-pressure fol-
{charttime}, round to 1 decimal places. lowed by division by
three.
calculation 2step_add_mul T13 Convert temperature at {charttime} from Celsius to Full °C—°F conver-
Fahrenheit, round to 1 decimal places. sion (x1.8 then +32).
calculation 2step_sub_mul TI14 Calculate the percentage that heart rate at Percentdeviation from
{charttime} exceeds baseline (70 bpm), round to 1 a fixed baseline.
decimal places.
calculation 3step_map T15 Calculate the Mean Arterial Pressure at {charttime}, MAP formula combin-
round to 1 decimal places. ing SBP and DBP.
calculation 3step_change T16  Calculate the percentage change in heart rate from Relative change across
{charttime_1} to {charttime_2}, round to 2 decimal two timestamps.
places.
comparison comparative T17- What is the record datetime when {vital_parameter} Detect first crossing
21 first exceed {threshold}? of clinician-defined
thresholds.
comparison comparative T22- What is the record datetime when {vital_parameter} Detect first crossing
27 first drop below {threshold}? of clinician-defined
thresholds.
comparison superlative T28- What is the record datetime when {vital_parameter} Identify extremal mea-
33 is highest? surement max times-
tamps.
comparison superlative T34- What is the record datetime when {vital_parameter} Identify extremal mea-
39 is lowest? surement min times-
tamps.
aggregation aggregation T40- How many time the patient has {issue}? Return the Count events such as
42 number of records. tachycardia, MAP >

100 mmHg, shock in-
dex >0.7.

Table 10: Complete set of question templates used in the MIMIC-IV-ED Med Numeracy preprocessing pipeline.

Task ‘ Structured ‘ Fixed-Tem. ‘ Var-Tem.

Retrieval 4.9268 4.3826 12.5604 Benchmarks & Datasets % Num

Calculation 5.3545 5.5130 12.5724 MedXpertQA (Zuo et al., 2025) 73.51

Comparison | - 5.4663 46588 | 12.8695 Medbullets (Chen et al., 2025a) 99.35

Aggregation 5.4866 4.7530 12.8291 MedQA (Jin et al., 2020) 35.55

. . . . . MedCalc-Bench (Khandekar et al., 2024 6.73

Table 11: The lexical diversity of questions in three Pui)Mz d(é) Ainz:lirf ot Zln ;0?9‘)3 a ) 36 50

context representations using Root TTR (Guiraud, 1959) EBM.NLP* (Nye et all’ 2018) 90'00
TREC-CDS* (Roberts et al., 2022) 100.00

Metric

‘ MedCalc ‘ Var-Tem.

Root TTR (Guiraud, 1959)
HDD (Malvern et al., 2004)

MTLD (McCarthy and Jarvis, 2010)

10.7108
0.7335
96.0998

Table 12: The lexical diversity of questions between

MedCalc and our dataset
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102;4?8779 Table 13: The ratio of samples containing numerical

3 4.6647 information in question contexts, articles, or patient
notes. * denotes for the value from Mahendra et al.
(2024).



Extraction Prompt

You are a medical documentation specialist. Your task is to extract raw vital sign text in given
patient note which contains temperature, heart rate, respiratory rate, oxygen saturation, blood

pressure. Text extracted must be a exact match from the patient note. Output format follow
the JSON schema:

"$defs": {
"ValueObj": {
"properties”: {
"text": {"type": ["string", "null”],

"description”: "Raw text of the value"},
"number”: {"type"”: ["string”, "null"],
"description”: "Number of the value"},
"unit”: {"type": ["string", "null”],
"description”: "Unit of the value"}
}!
"required”: ["text"”, "number”, "unit"]
}

}Y

"properties”: {
"temperature”: {"$ref": "#/$defs/ValueObj"},
"heart_rate": {"$ref”: "#/$defs/ValueObj"},
"respiratory_rate”: {"$ref”: "#/$defs/ValueObj"},
"oxygen_saturation”: {"$ref”: "#/$defs/ValueObj"},
"blood_pressure": {"$ref”: "#/$defs/ValueObj"}

}!

"required”: ["temperature"”, "heart_rate”, "respiratory_rate”,

"oxygen_saturation”, "blood_pressure”]

Patient Note:
<patient_note>

Figure 6: Extraction Prompt used to extract a match from patient notes for mapping variant templates of the variant
context representation.

MedXpertQA | MedBullets
Full data 13.06 48.70
Number-only 12.72 48.69
%NumSamples 73.51% 99.35%

Table 14: The accuracy of 2 challenging clinical bench-
marks. %NumSample denotes the ratio of samples con-
taining at least 2 numbers as numerical information in
question. Number-only denotes the accuracy of these
samples.

18129



