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Supplementary Methods S1. Candidate base-model benchmarking
Candidate large language models were benchmarked using a common ART hormone-result review template and fixed inference settings. The comparison included Qwen3, Baichuan, HuatuoGPT2, Llama, Gemma 3, Mistral, DeepSeek, gpt-oss, and GLM model families. Model selection was performed using the model-selection validation set. False-negative rate (FNR) was prioritized because a false-negative classification could allow a review unit requiring further evaluation to be classified as suitable for release; negative predictive value (NPV) and sensitivity were secondary criteria. Baichuan-M2-32B was selected as the base model for NovaMind.
[bookmark: _Toc238946673]Supplementary Table S1. Candidate base-model performance in the model-selection validation set
	Model
	FNR (95% CI)
	NPV (95% CI)
	Sensitivity (95% CI)
	Specificity (95% CI)
	macro-F1 (95% CI)

	Qwen3-32B
	51.00% (41.35%–60.58%)
	80.31% (75.04%–84.69%)
	49.00% (39.42%–58.65%)
	55.61% (50.55%–60.57%)
	48.41% (44.05%–52.81%)

	Baichuan-M2-32B
	39.00% (30.02%–48.80%)
	86.07% (81.53%–89.64%)
	61.00% (51.20%–69.98%)
	64.44% (59.46%–69.12%)
	57.60% (52.87%–62.16%)

	HuatuoGPT2-34B
	52.00% (42.32%–61.54%)
	79.84% (74.53%–84.29%)
	48.00% (38.46%–57.68%)
	55.08% (50.01%–60.04%)
	47.78% (43.22%–52.19%)

	Llama-3.3-70B-Instruct
	53.00% (43.29%–62.49%)
	79.38% (74.02%–83.87%)
	47.00% (37.51%–56.71%)
	54.55% (49.48%–59.52%)
	47.16% (42.67%–51.31%)

	Gemma-3-27B-IT
	54.00% (44.26%–63.44%)
	78.91% (73.50%–83.46%)
	46.00% (36.56%–55.74%)
	54.01% (48.94%–59.00%)
	46.53% (42.09%–50.95%)

	Mistral-Small-3.1-24B-Instruct-2503
	55.00% (45.24%–64.39%)
	78.43% (72.98%–83.04%)
	45.00% (35.61%–54.76%)
	53.48% (48.41%–58.47%)
	45.90% (41.59%–50.24%)

	DeepSeek-R1-Distill-Qwen-32B
	52.00% (42.32%–61.54%)
	79.77% (74.43%–84.22%)
	48.00% (38.46%–57.68%)
	54.81% (49.75%–59.78%)
	47.63% (43.13%–52.17%)

	gpt-oss-20b
	55.00% (45.24%–64.39%)
	78.52% (73.08%–83.11%)
	45.00% (35.61%–54.76%)
	53.74% (48.68%–58.73%)
	46.06% (41.60%–50.43%)

	GLM-4-32B-0414
	53.00% (43.29%–62.49%)
	79.38% (74.02%–83.87%)
	47.00% (37.51%–56.71%)
	54.55% (49.48%–59.52%)
	47.16% (42.63%–51.59%)


CI, confidence interval; FNR, false-negative rate; NPV, negative predictive value.
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No naturally occurring positive review units were observed in the consecutively collected prospective silent cohort. An augmented challenge set was therefore constructed to assess detection of abnormal patterns under the data distribution observed during the prospective period. The challenge set comprised 900 real-world negative review units and 100 data-augmented abnormal review units. The 900 negative units had no patient overlap with the silent cohort, and no patient was represented in more than one study dataset.
De-identified source records containing ART cycle information, treatment and medication context, current hormone measurements, and available longitudinal hormone history were used as structural templates. Candidate abnormal units were generated under prespecified clinical and data-integrity constraints. Two experts independently assessed each candidate for clinical plausibility, internal consistency, and whether the intended abnormality required further review. Disagreements were resolved by consensus or adjudication by a third expert.
[bookmark: _Toc238946675]Supplementary Table S2. Prespecified abnormal-case augmentation and quality-assurance framework
	Component
	Prespecified approach

	Source templates
	De-identified prospective-period records containing the relevant ART cycle, treatment, medication, current hormone, and longitudinal information

	Information retained
	Record structure, encounter context, and non-target information

	Permitted modifications
	The target hormone value, its temporal relationship to the ART cycle, or the minimum contextual element required to create the intended abnormal pattern

	Abnormal-pattern domains
	Discordance with cycle stage, treatment regimen, medication or trigger timing, oocyte-retrieval or embryo-transfer context, or longitudinal hormone trajectory

	Independent quality assessment
	Two experts assessed clinical plausibility, internal consistency, and whether the intended concern required further review

	Adjudication
	Consensus or adjudication by a third expert

	Exclusion criteria
	Unresolved inconsistency, insufficient contextual information, or no definitive concern requiring further review

	Final use
	The 100 accepted abnormal units were used only for augmented challenge-set evaluation and do not represent naturally occurring positive cases or their prevalence
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NovaMind was developed using two-stage supervised fine-tuning. The first stage provided medical-domain adaptation to medical terminology, biochemical relationships, and laboratory quality control. The second stage used review units from the retrospective training set to adapt the model to ART hormone-result review. Both stages used low-rank adaptation (LoRA) with the AdamW optimizer, an initial learning rate of 2 × 10⁻⁵, cosine-decay scheduling, and three epochs. The final checkpoint was selected primarily on the basis of FNR, with NPV and sensitivity considered as secondary criteria.
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	Parameter
	Stage 1
	Stage 2

	Starting model/checkpoint
	Baichuan-M2-32B
	Baichuan-M2-32B after medical-domain adaptation

	Training objective
	Medical-domain adaptation
	Task-specific ART hormone-result review

	Resulting model/checkpoint
	Medically adapted Baichuan-M2-32B
	NovaMind

	Fine-tuning method
	LoRA
	LoRA

	LoRA rank / alpha / dropout
	16 / 32 / 0.05
	16 / 32 / 0.05

	Target modules
	q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, down_proj
	q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, down_proj

	Optimizer
	AdamW
	AdamW

	Learning rate
	2 × 10⁻⁵
	2 × 10⁻⁵

	Schedule
	Cosine decay with warm-up
	Cosine decay with warm-up

	Epochs
	3
	3

	Microbatch / gradient accumulation
	1 per GPU / 8
	1 per GPU / 8

	Effective batch size
	64
	64

	Maximum input length
	4,096 tokens
	4,096 tokens

	Numerical precision
	FP16
	FP16

	Random seed
	42
	42

	Hardware
	8 × NVIDIA H100 GPUs
	8 × NVIDIA RTX 4090 GPUs (24 GB)

	Checkpoint selection
	Validation loss and medical-task performance
	Primarily FNR; NPV and sensitivity secondary
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	Parameter
	Setting

	Software environment
	Python 3.11; vLLM 0.15.0; PyTorch 2.10.0; CUDA 12.8; cuDNN 9.x; Transformers 5.0.0

	Temperature
	0

	Top-p
	1

	Top-k
	Disabled

	Maximum output length
	1,024 tokens

	Repeated sampling
	None; each input was evaluated once

	Hardware
	8 × NVIDIA RTX 4090 GPUs (24 GB)
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PBRTQC was developed separately for E2, P, LH, FSH, and hCG using retrospective patient-result streams. For each analyte, values were transformed as uᵢ = ln(1 + xᵢ). A rolling reference window of the preceding 30 eligible results was summarized using the median and median absolute deviation (MAD), and a robust standardized score was calculated as zᵢ = (uᵢ − median) / (1.4826 × MAD + ε). An exponentially weighted moving average (EWMA) was updated as EWMAᵢ = 0.25zᵢ + 0.75EWMAᵢ₋₁.
The PBRTQC feature set included the robust standardized score, EWMA, short-window mean, rolling median, local variability, and concentration-level information. These features were combined using XGBoost to identify potential systematic shifts. Analyte-specific parameters and alert thresholds were determined during retrospective development and locked before evaluation. The first 15 eligible results in a stream were used for initialization, and no alerts were generated during this period. Thereafter, an alert required the threshold condition to be met at least twice within three consecutive eligible results.
Detection performance was evaluated using prespecified simulated-shift scenarios in an independent retrospective dataset that was not used for PBRTQC tuning. Detection rate was the proportion of simulated-shift scenarios producing an alert within the prespecified evaluation window. Detection delay was the number of consecutive results between shift onset and the first qualifying alert among detected scenarios. False-alert rate was calculated from eligible monitoring positions in corresponding no-shift streams. During the prospective period, PBRTQC operated silently on unmodified real-world result streams and did not influence clinical decisions.
[bookmark: _Toc238946680]Supplementary Table S5. Locked common PBRTQC parameters
	Component
	Locked specification

	Analytes
	E2, P, LH, FSH, and hCG

	Transformation
	Natural logarithm of 1 + result

	Rolling reference window
	30 preceding eligible results

	Robust location and scale
	Median and MAD

	EWMA smoothing coefficient
	0.25

	Initialization period
	First 15 eligible results; alerts suppressed

	Alert persistence rule
	Threshold condition met at least twice within three consecutive eligible results

	Evaluation data
	Independent retrospective data for simulated shifts; unmodified prospective streams for silent operation
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In the augmented challenge set, discordance between NovaMind and the expert-derived reference standard was summarized according to the availability of longitudinal hormone history.
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	Longitudinal hormone history
	n
	False positive
	False negative
	Discordant, n
	Discordance rate (95% CI)

	Not available
	101
	25
	0
	25
	24.8% (17.4%–34.0%)

	Available
	899
	170
	23
	193
	21.5% (18.9%–24.3%)
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During prospective silent operation from 1 March to 1 May 2026, PBRTQC generated 52 analyte-level alerts. Review of the underlying result sequences and the available internal quality-control data, calibration records, reagent-lot information, instrument-maintenance records, and repeat-test results did not confirm a naturally occurring system-level analytical event during the observation period. The prospective phase therefore characterized false-alert performance in routine data streams but did not evaluate detection of naturally occurring analytical shifts.
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	Analyte
	Alerts, n
	False-alert rate (95% CI)

	E2
	16
	1.28% (0.79%–2.07%)

	P
	8
	0.67% (0.34%–1.31%)

	LH
	13
	1.25% (0.73%–2.12%)

	FSH
	8
	0.82% (0.41%–1.60%)

	hCG
	7
	0.92% (0.44%–1.88%)

	Total
	52
	—
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ART, assisted reproductive technology; CI, confidence interval; E2, estradiol; EWMA, exponentially weighted moving average; FNR, false-negative rate; FSH, follicle-stimulating hormone; hCG, human chorionic gonadotropin; LH, luteinizing hormone; LLM, large language model; LoRA, low-rank adaptation; MAD, median absolute deviation; NPV, negative predictive value; P, progesterone; PBRTQC, patient-based real-time quality control; XGBoost, extreme gradient boosting.
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