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Abstract 1 

Background: Cardiovascular disease remains the leading cause of morbidity and morta2 

lity worldwide, with its burden concentrated in older populations. In primary preventio3 

n, decisions to initiate pharmacological interventions such as statins depend on a share4 

d understanding of benefits and harms. Large language models (LLMs) are increasingl5 

y used to convey such quantitative information, yet existing evaluations have focused 6 

almost exclusively on accuracy. 7 

Objective: To evaluate the run-to-run consistency, accuracy, and cross-language consist8 

ency of mainstream LLMs when converting absolute benefit across different risk prese9 

ntations in cardiovascular prevention scenarios for older adults. 10 

Methods: In this cross-sectional multi-model paired study, we constructed 80 synthetic11 

 scenarios of cardiovascular primary prevention. Each scenario was presented in five ri12 

sk formats (relative risk reduction, pre- and post-treatment event rates, natural frequenc13 

ies, risk ratio, and a direct-read positive control). Three LLMs (deepseek-v4-flash, dou14 

bao-seed-2.1-turbo, and kimi-k2.6) answered each item independently three times in bot15 

h Chinese and English, yielding 7,200 responses collected through official application 16 

programming interfaces on 3–4 September 2026. Two independently implemented auto17 

mated scorers (Python and R) graded all responses against a locked gold standard usin18 

g precision-aware tolerance rules, and the two implementations agreed on every item. 19 

The primary outcome was the run-to-run complete agreement rate, defined as identical20 

 values for all four numerical outputs across three repeated runs of the same item gro21 

up (positive controls excluded). Item groups answered correctly but inconsistently were22 
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 analysed for the source of disagreement, and accuracy was reported as a secondary o23 

utcome. Between-model differences were compared using mixed-effects logistic regressi24 

on with scenario as a random intercept. 25 

Results: Complete agreement rates were 88.4% for deepseek, 98.4% for doubao, and 26 

98.6% for kimi. Adjusted marginal agreement rates were 93.7% (95% CI: 90.1%–96.27 

0%), 99.4% (98.6%–99.8%), and 99.5% (98.8%–99.8%), respectively. deepseek was sig28 

nificantly less consistent than both comparators (OR = 0.086 and 0.072; both P < 0.029 

01), whereas doubao and kimi did not differ (P = 0.946). Consistency was higher in t30 

he English arm than in the Chinese arm (OR ≈ 4.2, P < 0.001). Of the 89 correct-bu31 

t-inconsistent item groups, 88 differed only in NNT or NNH by one (rounding instabil32 

ity), and one additionally showed an ARR tail difference of 0.01 percentage points. M33 

alignant inconsistency (materially different values, fluctuating correctness, or runs with 34 

no extractable answer) accounted for 0.16% of item groups (3/1,920). Cross-language 35 

numerical agreement ranged from 92.2% to 99.1%, and McNemar tests detected no as36 

ymmetry in accuracy between languages (P = 0.48–1.00). The four-value fully correct 37 

rate ranged from 99.8% to 100%, indicating a ceiling effect. 38 

Conclusion: On this structured risk-communication task, the numerical conversion accuracy 39 

of current mainstream LLMs has approached the ceiling, and between-model differences lie 40 

primarily in run-to-run consistency. Correct-but-inconsistent responses arose almost entirely 41 

from rounding instability that does not alter clinical conclusions, and Chinese and English 42 

outputs were highly concordant. Evaluations of medical AI should incorporate run-to-run 43 

consistency, particularly the malignant inconsistency rate, alongside accuracy. 44 
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Introduction 47 

Cardiovascular disease (CVD) remains the leading cause of morbidity and mortality 48 

worldwide, and its burden is concentrated in older populations[1]. In primary prevention, the 49 

decision to initiate pharmacological interventions such as statins depends on a shared 50 

understanding of treatment benefits and harms between clinicians and patients[2]. Because 51 

patients perceive no immediate change after taking medication, adherence depends largely on 52 

how they answer the question "how much does this drug benefit me"[2]. How benefits and 53 

risks are expressed therefore directly shapes patients' comprehension, decision-making, and 54 

adherence, and ultimately determines the real-world effectiveness of primary prevention[1]. 55 

 56 

The same treatment evidence can be expressed in several equivalent but numerically distinct 57 

formats, including relative risk reduction (RRR), rate differences (ARR/ARI), natural 58 

frequencies, risk ratios (RR), and the number needed to treat (NNT) and number needed to 59 

harm (NNH)[3]. The choice of format substantially influences the perceptions and choices of 60 

both patients and physicians, and converting between formats requires numeracy, a skill that 61 

is not universal even among clinicians[4]. The same evidence can thus lead to different 62 

interpretations and decisions simply because of how it is presented[5]. This is a long-standing 63 

problem in risk communication, and one that cannot be eliminated by improving numeracy 64 

alone[6]. 65 

 66 

Digital health tools are increasingly applied to CVD prevention to support risk assessment, 67 

patient education, and shared decision-making[7]. Artificial intelligence (AI), and LLMs in 68 

particular, now approach professional-level performance on medical question answering[8] 69 

and are increasingly used directly for health information queries. In high-frequency, 70 

standardised consultation scenarios such as cardiovascular prevention in older adults, these 71 

models have de facto assumed the role of "translating the numbers in the evidence for 72 

patients", making the reliability of their numerical conversion a new research question[5]. 73 
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Existing evaluations, however, have focused almost exclusively on accuracy and have 74 

overlooked at least two dimensions. The first is whether repeated queries of the same question 75 

yield identical values (run-to-run consistency): even under theoretically deterministic 76 

decoding settings, inference services may return different results[9]. The second is whether 77 

answers remain self-consistent when the question is asked in different languages 78 

(cross-language consistency). For use cases in which model outputs are passed directly to 79 

patients, a model that is "almost always right but says something different each time" is not 80 

equivalent in usability to one that is equally accurate and stable[10]. 81 

 82 

Against this background, we used cardiovascular prevention scenarios in older adults as a 83 

testbed to evaluate three mainstream LLMs on the accuracy, run-to-run consistency, and 84 

cross-language consistency of absolute-benefit numerical conversion across five risk 85 

presentation formats. Inconsistent responses were graded by clinical severity. This study 86 

provides empirical evidence for the application and evaluation of medical AI in risk 87 

communication. 88 

Results 89 

2.1 Run-to-run consistency 90 

A total of 7,200 valid responses were obtained, and 1,920 item groups entered the primary 91 

analysis. The overall L1 agreement rate was 95.2% (1,827/1,920). By model, the rates were 92 

88.4% for deepseek (Chinese arm 83.1%, English arm 93.8%), 98.4% for doubao (97.2% and 93 

99.7%, respectively), and 98.6% for kimi (97.5% and 99.7%, respectively). The mixed-effects 94 

model (Table 2) yielded adjusted marginal agreement rates of 93.7% (95% CI: 90.1%–96.0%) 95 

for deepseek, 99.4% (98.6%–99.8%) for doubao, and 99.5% (98.8%–99.8%) for 96 

kimi.Adjusted inter-run consistency by model and language arm is shown in Figure 1. 97 

Deepseek was significantly less consistent than both doubao (OR = 0.086, P < 0.001) and 98 
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kimi (OR = 0.072, P < 0.001), whereas doubao and kimi did not differ (OR = 0.837, P = 99 

0.946). The main effect of language was significant, with higher consistency in the English 100 

arm (OR ≈ 4.2, P < 0.001). The main effect of presentation format was not significant 101 

(adjusted marginal agreement rates 98.3%–99.1%; pairwise P = 0.60–1.00). Consistency by 102 

risk-communication format and language arm is shown in Figure 2. In format-stratified 103 

analyses, deepseek remained significantly less consistent than the other two models across all 104 

four computable formats (all P < 0.015). The GEE sensitivity analysis yielded concordant 105 

directions of effect. 106 

2.2 Characteristics of correct-but-inconsistent responses 107 

We analysed the source of disagreement for each of the 93 inconsistent item groups (Table 3, 108 

Figure 3). Of these, 89 (95.7%) were correct across all three runs but numerically 109 

non-identical ("correct-but-inconsistent": 72 groups for deepseek, 9 for doubao, and 8 for 110 

kimi). In 88 of these groups, the disagreement was confined to NNT or NNH differing by 111 

one—arising from oscillation between rounding up and rounding to the nearest integer—and 112 

one additional group (doubao Chinese arm) also showed an ARR tail difference of 0.01 113 

percentage points; none altered any clinical conclusion. Under the pre-defined rules, one 114 

further group (deepseek Chinese arm), in which one run was judged incorrect but all 115 

numerical differences remained within the clinical-equivalence range (ARR by 0.01 116 

percentage points, NNT by one), was graded benign, bringing the benign total to 90 groups 117 

(96.8%). Malignant inconsistency occurred in three groups (0.16%, 3/1,920): two involved 118 

materially different values with fluctuating correctness (one in the deepseek Chinese arm, 119 

where one run miscalculated the absolute risk increase and NNH; one in the kimi English arm, 120 
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where one run reported an ARR twice that of the other two runs), and one involved two of 121 

three runs producing content entirely unrelated to the stem with only one run answered 122 

correctly (doubao English arm). In other words, the between-model gap in agreement arose 123 

almost entirely from benign, rounding-level variation rather than from instability in clinical 124 

judgement. The severity classification of the 93 inconsistent item groups is summarised in 125 

Figure 3. 126 

2.3 Cross-language consistency 127 

Pairing the Chinese and English responses of the same model, item, and run (1,200 pairs per 128 

model), the proportion with all four values identical was 99.1% for kimi, 95.2% for doubao, 129 

and 92.2% for deepseek (Table 4). McNemar tests detected no significant asymmetry in 130 

four-value correctness between languages (0–2 discordant pairs; P = 0.48–1.00). McNemar 131 

tests detected no significant asymmetry in four-language correctness between languages (0–2 132 

discordant pairs; P = 0.48–1.00). The four-value fully correct rate ranged from 99.8% to 100% 133 

across models and language arms (Table 5), indicating a ceiling effect for accuracy on this 134 

task. 135 

Tables 136 

Table 1. Models and runtime configurations 137 

Model Model ID Temperature Thinking mode Provider 

deepseek deepseek-v4-flash 0 Light thinking 

(platform 

default) 

DeepSeek 

doubao doubao-seed-2-1-turbo-260628 0 Disabled Volcano Engine 

kimi kimi-k2.6 1 (locked by 

platform) 

Enabled 

(platform 

default) 

Moonshot AI 

Note: Between-model comparisons reflect differences between the deployed services as a whole rather than 138 

differences in decoding parameters alone. 139 
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 141 

 142 

 143 

 144 

 145 

 146 

 147 

Table 2. Run-to-run complete agreement rates and mixed-effects model results 148 

Model / comparison L1 agreement, % 

(Chinese / English) 

Adjusted agreement, 

% (95% CI) 

OR (P value) 

deepseek 83.1 / 93.8 93.7 (90.1–96.0) Reference 

doubao 97.2 / 99.7 99.4 (98.6–99.8) vs deepseek: 0.086 

(<0.001) 

kimi 97.5 / 99.7 99.5 (98.8–99.8) vs deepseek: 0.072 

(<0.001) 

doubao vs kimi — — 0.837 (0.946) 

Note: Mixed-effects logistic regression, L1 ~ model × presentation format + language + (1 | scenario), n = 1,920 149 

item groups; OR < 1 indicates lower agreement for the former model. 150 

 151 

 152 

 153 

Table 3. Severity grading of inconsistent item groups (number of groups) 154 

Model Inconsistent groups Benign (within 

clinical-equivalence 

range) 

Malignant 

deepseek 74 73 1 

doubao 10 9 1 

kimi 9 8 1 

Total 93 90 3 

 155 

 156 

 157 

Table 4. Cross-language numerical agreement and McNemar tests 158 

Model Cross-language 

numerical 

agreement, % 

Correct in both 

languages (pairs) 

Correct in one 

language only 

(Chinese / 

English) 

McNemar P 

value 

deepseek 92.2 1,198 0 / 2 0.480 

doubao 95.2 1,198 2 / 0 0.480 

kimi 99.1 1,199 1 / 0 1.000 

 159 

 160 

Table 5. Four-value fully correct rates by model and language (%) 161 
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Model Language Four-value 

fully correct 

ARR correct NNT correct Positive 

control fully 

correct 

deepseek Chinese 99.8 100.0 99.9 100 

deepseek English 100.0 100.0 100.0 100 

doubao Chinese 100.0 100.0 100.0 100 

doubao English 99.8 99.8 99.8 100 

kimi Chinese 100.0 100.0 100.0 100 

kimi English 99.9 99.9 99.9 100 

Note: Primary-outcome items only (F5 excluded); n = 960 per cell. ARI and NNH accuracy likewise ranged 162 

from 99.8% to 100% and are omitted. 163 

 164 

Figures 165 

 166 

Figure 1. Adjusted inter-run consistency by model and language arm. 167 

Estimates are marginal means (95% CI) from the mixed-effects logistic regression (L1 ~ 168 

model × presentation format + language + (1 | scenario), n = 1,920 item groups). The x-axis is 169 

on a logit scale above the axis break. Open circles, Chinese arm; filled circles, English arm. 170 

Numerical labels show adjusted consistency, % (95% CI). 171 

 172 
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Figure 2. Run-to-run consistency by risk-communication format and language ar173 

m. 174 

Each cell shows the percentage of item groups with complete numerical agreement across 175 

three runs; every cell is based on n = 80 scenarios. F1, relative risk reduction format; F2, pre- 176 

and post-treatment event rate format; F3, natural frequency format; F4, risk ratio format. 177 

 178 

 179 

Figure 3. Severity classification of the 93 inconsistent item groups. 180 

Complete consistency (all three runs numerically identical), benign inconsistency (correct in 181 

all runs with differences confined to the clinical-equivalence range: ARR/ARI ≤ 0.01 182 

percentage points, NNT/NNH ≤ 1), and malignant inconsistency (materially different values, 183 

fluctuating correctness, or runs with no extractable answer). Numbers in parentheses are 184 

group counts; denominators are 640 item groups per model. 185 

 186 

Methods 187 

Abbreviations: AI, artificial intelligence; API, application programming interface; ARI, 188 

absolute risk increase; ARR, absolute risk reduction; CI, confidence interval; CVD, 189 

cardiovascular disease; GEE, generalised estimating equations; LLM, large language model; 190 

NNH, number needed to harm; NNT, number needed to treat; OR, odds ratio; RR, risk ratio; 191 

RRR, relative risk reduction. 192 

3.1 Study design 193 

This was an evaluation of numerical computation and risk-presentation performance by LLMs 194 

based on synthetic scenarios, covering 80 cardiovascular primary prevention scenarios in 195 

older adults and five risk presentation formats. The study was conducted between 3 and 4 196 

September 2026 using a two-stage design. First, the research team generated 80 standardised 197 

numerical scenarios by script according to pre-specified parameter distributions (baseline 198 
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event risk 5%–35%, including both 5-year and 10-year time horizons; relative risk reduction 199 

15%–35%; absolute increase in harm risk 0.2%–3.0%; the clinical plausibility of these ranges 200 

was confirmed by cardiovascular specialists). The gold standard, comprising the exact values 201 

and acceptable integer sets for absolute risk reduction (ARR), absolute risk increase (ARI), 202 

NNT, and NNH, was computed in parallel using pre-locked formulas, independently verified 203 

by a statistician, and fully locked before any model output was obtained. Each scenario was 204 

rendered into four arithmetically equivalent but differently worded presentations (relative risk 205 

reduction format, pre- and post-treatment event rate format, natural frequency format, and risk 206 

ratio format), plus one direct-read positive control item designed to distinguish "cannot 207 

compute" from "failed to read a given value". Each item was administered in two language 208 

arms (Chinese and English) with identical underlying values and equivalent semantics. 209 

Second, three LLMs (deepseek-v4-flash, doubao-seed-2.1-turbo-260628, and kimi-k2.6) 210 

answered each item through their official application programming interfaces (APIs) using a 211 

frozen prompt template. The prompt instructed the models to use only the values given in the 212 

item stem and to report the four quantities in fixed fields with a brief explanation. Each item 213 

was presented in an independent session to avoid contextual carry-over and was repeated 214 

independently three times, yielding 7,200 responses. All raw outputs (including model ID, 215 

temperature, timestamps, and token usage) were retained for audit. Responses were scored by 216 

an automated scorer that extracted the four values from the fixed fields, compared them 217 

against the gold standard under precision-aware rules, and assigned pre-specified error labels 218 

(E0–E5). The scorer was implemented independently in Python and R, and the two 219 

implementations agreed on every response. Refusals and parsing failures were retained in the 220 

denominator and never excluded. Model versions, temperatures, endpoints, and access dates 221 

were frozen, documented, and archived together with the raw data. The study workflow is 222 

illustrated in Additional file 1: Figure S1. 223 

3.2 Scenario bank and numerical gold standard 224 

Eighty standardised synthetic clinical scenarios were generated by script according to 225 

pre-specified parameter distributions, representing common decision contexts in 226 

cardiovascular primary prevention among older adults: age 65–80 years; varying sex and 227 

risk-factor combinations (hypertension, dyslipidaemia, smoking, obesity, family history of 228 
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premature CVD, and others); 5-year or 10-year baseline event risk of 5%–35%; treatment 229 

relative risk reduction of 15%–35%; and absolute increase in harm risk of 0.2%–3.0%. The 230 

clinical plausibility of each parameter range was confirmed item by item by cardiovascular 231 

specialists. An illustrative example: a 77-year-old woman with dyslipidaemia, hypertension, 232 

and a family history of premature CVD has a 10-year baseline risk of cardiovascular events of 233 

26.9%; statin therapy confers a relative risk reduction of 16%, and the risk of harm events 234 

increases from 1.2% to 1.4%. The corresponding gold standard is an ARR of 4.3 percentage 235 

points, an NNT of 24 (exact value 23.26), an ARI of 0.2 percentage points, and an NNH of 236 

500. 237 

 238 

For each scenario, the gold standard was computed in parallel using pre-locked formulas: 239 

post-treatment risk p1 = p0 × (1 − relative risk reduction); ARR = p0 − p1 (percentage points); 240 

ARI = harm risk under treatment − harm risk under control (this subtraction had to be 241 

performed by the model and was not given in the stem); NNT = 1/ARR and NNH = 1/ARI, 242 

with integer answers accepted when rounded up or rounded to the nearest integer. The gold 243 

standard was independently verified by a statistician and fully locked before any model output 244 

was obtained. Each scenario was rendered into four arithmetically equivalent but differently 245 

worded presentations: (1) relative risk reduction format; (2) pre- and post-treatment event rate 246 

format; (3) natural frequency format (per 1,000 persons); and (4) risk ratio format (the stem 247 

gives RR to two decimal places only). One additional direct-read positive control item, in 248 

which the stem states ARR and ARI directly, was included to distinguish "cannot compute" 249 

from "failed to read a given value". Each item was administered in Chinese and English arms 250 

with identical underlying values and equivalent semantics. 251 

 252 

These scenarios were deliberately constructed to cover clinical heterogeneity in baseline risk, 253 

magnitude of benefit, time horizon, and risk factors, but they do not encompass the full 254 

complexity encountered in routine clinical practice. 255 

3.3 Models and prompting 256 

All interactions were conducted through the official APIs of the three models: 257 

deepseek-v4-flash (DeepSeek, temperature 0), doubao-seed-2.1-turbo-260628 (Volcano 258 
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Engine, temperature 0, thinking mode disabled), and kimi-k2.6 (Moonshot AI, temperature 259 

locked at 1 by the platform). Data were collected on 3–4 September 2026 under a 260 

"platform-default or best-available configuration" principle. Model versions, temperatures, 261 

endpoints, and access dates were documented throughout and archived with the data (Table 262 

1). 263 

 264 

All items used a standardised, frozen prompt template to ensure methodological consistency 265 

and reproducibility. The model had access to all numerical information given in the stem 266 

(baseline risk, relative benefit or an equivalent presentation, harm risks in both groups, and 267 

the time horizon). The core instruction read: "Using only the values given in the stem, 268 

calculate and report the absolute risk reduction (ARR), absolute risk increase (ARI), number 269 

needed to treat (NNT), and number needed to harm (NNH) over 10 years (or the time horizon 270 

given in the stem); output the four values in the fixed fields with a brief explanation; do not 271 

use any information beyond the stem." 272 

 273 

Each item was administered in an independent session, executed by a single script to ensure 274 

consistency, and repeated independently three times. Model outputs were evaluated exactly as 275 

produced, with no editing, modification, regeneration, or post-processing before scoring. All 276 

raw outputs (including model ID, temperature, and timestamps) were retained for audit. 277 

3.4 Evaluation procedure 278 

An automated scorer extracted the four values (ARR, ARI, NNT, NNH) from the fixed fields 279 

of each model output and compared them with the gold standard under pre-defined rules. 280 

Precision-aware adjudication was used: whether a response constituted the correct rounding of 281 

the gold standard was judged at the precision at which the model answered, so that legitimate 282 

rounding was not misclassified as error. For the information loss inherent in the risk ratio 283 

format (RR given to two decimal places only), both the true value and the value derived from 284 

the presented RR were accepted as correct (dual gold standard). Hazardous errors were 285 

flagged with a pre-defined label system: E0, no value given; E1, relative quantity reported as 286 

absolute; E2, unit misuse causing relative–absolute confusion; E3, reciprocal of a relative risk; 287 

E4, time-horizon drift; E5, direction error. The scorer was implemented independently in 288 
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Python and R, and the two implementations agreed on all 7,200 responses. Refusals and 289 

parsing failures were retained in the denominator and never excluded. Positive control items 290 

were analysed separately and did not contribute to the primary outcome. 291 

 292 

3.5 Outcome measures and statistical analysis 293 

The primary outcome was the run-to-run complete agreement rate (L1): within an item group 294 

(model × language × scenario × presentation format; n = 1,920 after exclusion of positive 295 

controls), all four numerical values were identical across the three repeated runs. Secondary 296 

outcomes included the four-value fully correct rate (all four values correct in a single response 297 

with no hazardous error); the definitional sensitivity metrics L2 (agreement in correctness 298 

labels) and L3 (clinically equivalent agreement: ARR/ARI differing by no more than 0.01 299 

percentage points and NNT/NNH by no more than one); clinical severity grading of 300 

inconsistencies (benign: all three runs answered in the required format, with numerical 301 

differences within the clinical-equivalence range, including NNT/NNH rounding instability of 302 

±1 and ARR/ARI tail differences of ±0.01 percentage points; malignant: materially different 303 

values, fluctuating correctness, or containing a run with no extractable answer—runs that 304 

failed to produce extractable values were counted as erroneous runs); and the cross-language 305 

numerical agreement rate together with paired comparison of Chinese–English correctness on 306 

the same item. 307 

 308 

A mixed-effects logistic regression was fitted with L1 agreement of the item group as the 309 

dependent variable (fixed effects: model × presentation format + language; random intercept: 310 

scenario). Adjusted marginal agreement rates (95% CI) and pairwise odds ratios are reported. 311 
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Generalised estimating equations (exchangeable correlation) served as a sensitivity analysis. 312 

Cross-language correctness was compared with McNemar tests. Two-sided α = 0.05. 313 

Analyses were performed in R 4.4 (packages lme4, emmeans, and geepack). 314 

3.6 Ethics 315 

Because the study involved only hypothetical, non-identifiable synthetic clinical scenarios and 316 

included no human participants or patient data, ethical approval was not required under 317 

institutional policy. 318 

Discussion 319 

This simulation study evaluated three LLMs on absolute-benefit numerical conversion across 320 

five risk presentation formats in cardiovascular prevention scenarios for older adults, with 321 

run-to-run consistency as the primary outcome. The assessed models stably produced 322 

absolute-benefit quantities consistent with clinical interpretation in structured numerical 323 

scenarios. Run-to-run inconsistencies were almost entirely confined to rounding-level 324 

variation that does not alter conclusions, and accuracy, as a secondary outcome, had 325 

approached the ceiling. 326 

4.1 Between-model differences in run-to-run consistency 327 

One of the most salient findings of this study is that run-to-run consistency differed 328 

substantially and robustly between models. The complete agreement rate of deepseek (88.4%) 329 

was significantly lower than that of doubao (98.4%) and kimi (98.6%), with adjusted odds of 330 

inconsistency 11–14 times higher, and this difference held across all four computable formats 331 

and both languages. Most notably, 11.6% of item groups still received different values from 332 

deepseek at temperature 0, a setting theoretically corresponding to deterministic decoding. 333 

This suggests that the widely held assumption that "temperature 0 guarantees reproducibility" 334 

does not hold for production inference services [11]. The point matters particularly in risk 335 

communication, where the trust of patients and physicians in a model rests on the expectation 336 

that the same question receives the same answer [12], and numerical fluctuation may erode 337 
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that trust [13]. Output variation under deterministic settings indicates that factors beyond 338 

decoding parameters, such as implementation details of the inference service, also affect 339 

reproducibility. This is consistent with prior warnings that non-determinism should not be 340 

neglected in the evaluation of LLMs [12]. It should be noted that we could not confirm the 341 

specific mechanism from external observation; the above interpretation is a reasonable 342 

inference only. 343 

4.2 Correct-but-inconsistent responses are dominated by rounding-level variation 344 

Item-level analysis of the 93 inconsistent groups showed that 96.8% were benign: 95.7% were 345 

correct-but-inconsistent (all three runs answered correctly), with disagreements almost 346 

entirely confined to NNT or NNH differing by one (only one group additionally showed an 347 

ARR tail difference of 0.01 percentage points), and one further group contained an incorrect 348 

run while its numerical differences remained within the clinical-equivalence range. Truly 349 

conclusion-altering, malignant inconsistency (materially different values, fluctuating 350 

correctness, or runs with no extractable answer) accounted for only 0.16%.This observation 351 

suggests that consistency and accuracy are two independent evaluation dimensions [14]: a 352 

model can be almost always correct yet give slightly different numbers each time; conversely, 353 

minor numerical fluctuation does not necessarily imply unstable clinical judgement. Clinically, 354 

an NNT differing by one would not change any primary prevention decision[15], but 355 

receiving two different NNTs for the same question asked three times may still be perceived 356 

as unreliable in real communication [16]. We therefore propose the malignant inconsistency 357 

rate, rather than an undifferentiated agreement rate, as the clinical yardstick for consistency 358 

evaluation. 359 

4.3 Accuracy approaches the ceiling 360 

These findings accord with the overall performance of LLMs on structured medical 361 

assessment tasks: models excel on tasks with explicit rules, accuracy approaches the ceiling, 362 

and accuracy metrics lose discriminative power on such tasks [17]. Setting run-to-run 363 

consistency as the primary outcome responds directly to this shift. Once "computing 364 

correctly" no longer differentiates models, "answering stably" becomes the next critical 365 

dimension of evaluation. During the pre-analysis phase, accuracy on the risk ratio format 366 

appeared lower; verification confirmed that this arose from information loss in the stem rather 367 
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than from model error, and the difference disappeared after the dual-gold-standard treatment. 368 

Evaluators must therefore distinguish "errors of the model" from "pseudo-errors created by 369 

measurement" [18]. 370 

4.4 Cross-language consistency 371 

The cross-language results support the above conclusions from another angle. Numerical 372 

agreement between Chinese and English ranged from 92.2% to 99.1% across the three models, 373 

and McNemar tests detected no language asymmetry in correctness, indicating that numerical 374 

conversion ability on this task does not depend on the language of the query. For application 375 

scenarios serving predominantly Chinese-speaking older populations in China, this is an 376 

encouraging signal. Nevertheless, the significant main effect favouring the English arm 377 

(driven mainly by deepseek) indicates that independent evaluation for non-English settings 378 

remains necessary. 379 

4.5 Implications for practice and evaluation 380 

These findings are consistent with the broader view that AI should augment, not replace, 381 

clinical expertise [17]. Within this framework, the appropriate role of LLMs in risk 382 

communication is to perform the structured, verifiable intermediate step of "translating the 383 

numbers in the evidence", freeing clinicians for higher-level tasks such as individualised 384 

decision-making and patient communication, while model outputs remain under professional 385 

verification. 386 

 387 

From an application and regulatory perspective, our results have two implications. First, in 388 

high-frequency, standardised consultation scenarios such as cardiovascular prevention in 389 

older adults, current mainstream models can already convey absolute-benefit values at a level 390 

suitable for assisted use, for example as tools for patient education and consultation support. 391 

Second, for product evaluation, "passing a single test" is insufficient evidence of reliability 392 

[19]: products with identical accuracy may differ vastly in repeatability [20]. Run-to-run 393 

consistency, particularly the malignant inconsistency rate, should be incorporated into the 394 

evaluation and acceptance framework for medical AI products. Our dual-platform 395 

cross-scoring pipeline and locked gold standard provide a replicable paradigm for such 396 

evaluation. 397 
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4.6 Limitations 398 

Several limitations must be acknowledged. First, the study was based on hypothetical 399 

synthetic scenarios and cannot fully capture the ambiguity, missing information, and 400 

comorbidity complexity of real patient consultations. Although the scenarios covered clinical 401 

heterogeneity in baseline risk, magnitude of benefit, time horizon, and risk factors, they did 402 

not span the full range of routine practice, and the conclusions should not be extrapolated to 403 

real clinical conversations. Second, all evaluations were conducted under simulated 404 

conditions, and no conclusions can be drawn about clinical effectiveness or patient outcomes. 405 

Third, only three models and a single disease area were included; the models represent a 406 

snapshot as of September 2026, and version updates may alter the conclusions. The three 407 

configurations followed platform defaults or best-available settings rather than full alignment 408 

(kimi-k2.6 temperature locked at 1; thinking mode disabled for doubao), and between-model 409 

comparisons should therefore be read as comparisons of the deployed services as a whole. 410 

Fourth, two deviations from the original study protocol were documented in the deviation log: 411 

the primary outcome was changed from the four-value fully correct rate to run-to-run 412 

consistency, in view of the ceiling effect observed in both the pre-analysis and the formal 413 

scoring, and the planned human double-rating dimension of "presentational fidelity" was not 414 

included following the shift in analytic focus. Fifth, run-to-run consistency was based on only 415 

three repetitions; finer-grained characterisation of variability requires more runs. Finally, this 416 

study evaluated the accuracy and consistency of computation and conversion in fixed 417 

numerical scenarios, which is not equivalent to evaluating the overall clinical usability of the 418 

models. LLMs can still produce confident outputs that lack supporting evidence [21], and 419 

professional oversight is indispensable for any practical application of such tools. 420 

4.7 Future directions 421 

These limitations point to directions for future work: validating the findings in real 422 

consultation corpora and more complex scenarios; expanding coverage of models and disease 423 

areas; increasing the number of repetitions sufficiently to characterise output distributions; 424 

and directly comparing model outputs with conversions performed by clinical experts. To our 425 

knowledge, this is among the first studies to systematically evaluate the computational 426 

accuracy and run-to-run consistency of LLMs in absolute benefit and risk presentation against 427 
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a fixed numerical gold standard, addressing an evaluation gap in the current literature that 428 

emphasises accuracy over consistency [22]. 429 

 430 

Conclusion 431 

In conclusion, on a structured absolute-benefit conversion task in cardiovascular prevention 432 

for older adults, the three mainstream LLMs achieved near-ceiling accuracy, and 433 

between-model differences lay primarily in run-to-run consistency rather than correctness. 434 

Run-to-run inconsistencies were almost entirely benign, rounding-level variation that does not 435 

alter clinical conclusions, whereas malignant inconsistency was rare (0.16%) but clinically 436 

relevant. Run-to-run consistency—particularly the malignant inconsistency rate assessed 437 

against clinical-equivalence criteria—should complement accuracy in the evaluation 438 

framework for medical AI, and model outputs should remain under professional verification 439 

before being used to communicate benefits and harms to patients. 440 

 441 

 442 

 443 
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