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Abstract

Large language models (LLMs) hold promise for automated extraction of structured biolog-
ical information from scientific literature, yet their reliability in some domain-specific tasks,
such as DNA probe parsing remains underexplored. We developed a verification-focused,
schema-guided extraction pipeline that transforms unstructured texts from scientific articles
into a normalized database of oligonucleotide probes, primers, and associated metadata.
The system combined multi-turn JSON generation, strict schema validation, sequence-
specific rule checks, and a post-processing recovery module that rescues systematically
corrupted nucleotide outputs. Benchmarking across nine contemporary LLMs revealed dis-
tinct accuracy-hallucination trade-offs, with the context-optimized Qwen3 model achieving
the highest overall extraction efficiency while maintaining low hallucination rates. Iterative
prompting substantially improved fidelity but introduced notable latency and variance.
Across all models, stable error profiles and the success of the recovery module indicated
that most extraction failures stem from systematic and correctable formatting issues rather
than semantic misunderstandings. These findings highlight both the potential and the
current limitations of LLMs for structured scientific data extraction. The research provides
a reproducible benchmark and extensible framework for future large-scale curation of
molecular biology datasets.

Keywords: large language model (LLM); data extraction; nucleotide probe

1. Introduction

Scientific literature is a treasure trove of biological data. However, manually extracting
the latter is a monumental task. Today, large language models (LLMs) can be suggested
to provide remarkable proficiency in addressing this challenge. Recent studies [1-6] un-
derscore these prospects: LLMs have successfully mined species interactions from tens
of thousands of articles with high precision [7] and achieved near-expert-level accuracy
in identifying biological entities [8]. Another work has demonstrated high accuracy in
extracting complex data elements [9] and robust performance across diverse biological data
types, from experimental parameters to database metadata [4,10,11].

Previous benchmarks show both efficiency and challenges with LLM data extraction.
While these methods are much more efficient than SOTA fine-tuning approaches, they
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tend to be less precise in most cases [12]. LLMs exhibit several recurring error types in
biological data extraction. These include missed data items (the most common error) [10],
false positives/negatives in entity recognition [2,10], and poor quantitative data extraction
despite good performance on categorical data [6]. Furthermore, LLMs struggle with
complex biological concepts, showing high error rates in causal inference and the semantic
mapping of experimental conditions [1,3,9]. Beyond these specific errors, hallucination
represents a critical and well-documented barrier to reliable use. Multiple studies identify
the generation of fabricated information as a major obstacle in biomedical text mining [1,13],
a problem exacerbated by the domain’s complex terminology and the potential impact of
errors [14].

Evidence demonstrates moderate to strong effectiveness for several verification ap-
proaches. A dual-stage verifier that identifies missing data before filtering incorrect extrac-
tions achieved up to a 20% F1-score improvement over standard methods [15]. Similarly, a
collaborative approach using two LLMs for cross-critique yielded 94% accuracy on concor-
dant responses and improved discordant response accuracy to 76% [16]. External validation,
such as comparing extracted biological statements to web searches, has shown high pre-
cision (88%), though with limited recall (44%) [5]. While these methods are promising,
with one large-scale application achieving 89.5% precision on biological interactions [7].
Therefore, studies achieving high accuracy still emphasize that human oversight remains
essential for reliable results [9].

Despite these advances, the field lacks a specialized benchmark and tool for the
automated extraction and, crucially, the verification of structured data for specific biological
constructs like DNA probes. To address this gap, we have developed a novel, verification-
focused extraction pipeline and present a comprehensive benchmark of various LLMs on
this specialized task. We hypothesize that for this domain, smaller, task-specific LLMs
with constrained context windows will be efficient, and that structuring the extraction
around JSON prompts, combined with the stepped data extraction maximize accuracy. Our
final approach, even if it sacrifices some recall and efficiency, achieves exceptionally high
precision of the extracted data.

2. Materials and Methods
2.1. Datasets and Representativeness

The benchmark dataset consists of ten randomly selected peer-reviewed research
articles describing experimental DNA probe usage, complemented by one artificially con-
structed article (AD) containing 100 probes. The artificial article was designed to mirror real
literature structure by distributing probes across multiple sections (Methods and Results,
Supplementary-style tables), varying probe types (e.g., primers, hybridization probes),
and including non-trivial relations between probes, targets, and experimental conditions.
This synthetic setup allows controlled stress-testing of extraction, validation, and recovery
under conditions comparable to real manuscripts while providing an unambiguous ground
truth. The dataset details are available in Supplementary Methods S1. Ground-truth probe
annotations were created by manual expert curation.

To assess robustness beyond the benchmark models, we additionally evaluated multi-
ple local LLMs (Ollama family) on the same set of ten real articles. Their performance trends
closely matched those observed in the main benchmark, supporting the representativeness
of the selected articles. Finally, the best-performing model was applied to the full article
corpus to evaluate the scalability and practical behavior of the verification-centric pipeline
beyond the small benchmark subset.

To minimize the risk of training-set memorization, the selected real-world articles were
published after the publicly documented knowledge cut-off dates of the evaluated LLMs,
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where such dates are available. Moreover, the extraction task requires reconstructing struc-
tured probe records from dispersed textual mentions rather than reproducing memorized
outputs. The observed errors—predominantly formatting inconsistencies and low-distance
sequence distortions—are inconsistent with verbatim recall and instead indicate generative
reconstruction behavior.

2.2. LLM Benchmarking

A standardized JSON prompt (Supplementary Methods S2) was used to benchmark
models, including both web-based interfaces and open-source implementations. Model
outputs were compared against ground-truth annotations to calculate a set of normalized
key performance metrics (all ranging from 0 to 1, with 1 responding to the better value).
Raw extraction efficiency (EEf) is defined as the fraction of ground-truth probes for which
a model produces a candidate output. Corrected extraction efficiency (cEEf) measures
the fraction of probes that pass all three validation stages (schema, sequence rules, and
textual fidelity). Hallucination rate (HR) quantifies the proportion of extracted probes
that fail validation, while hallucination distance (HD) measures the normalized edit dis-
tance between predicted and reference sequences, capturing the severity of sequence-level
errors. To characterize the severity of hallucination errors, we additionally define the
high-perturbation proportion (HP), which is calculated as the fraction of extracted probes
whose hallucination distance (HD) exceeds 0.5. The formulas for these metrics are provided
and explained in Supplementary Methods S3.

To handle the articles with extensive data, we employed an iterative prompting strat-
egy (Supplementary Methods S2). We investigated the impact of several critical parameters
on performance, including the number of thinking tokens, input text preprocessing with
the Marker tool, and the underlying LLM architecture.

Visualizations and statistical analysis were performed using R 4.2 [17]. We used
tidyverse [18], jsonlite [19] and stringdist [20] packages for the parsing. For visualizations,
we applied ggplot2-based graphics [21] with ggpubr [22], aplot [23], ggviolinbox [24] and
ggridges [25]. Mixed linear models were fitted with Ime4 [26] and ImerTest [27].

2.3. Data Extraction Pipeline

Our automated pipeline for extracting the experimental data from scientific publica-
tions comprises three principal stages: document preparation, schema-guided LLM parsing,
and data verification.

During document preparation, PDF articles are converted into a structured text format.
Initial use of raw text layers from PDFs resulted in poor quality due to the loss of tabular
structures and multi-column layouts. To mitigate this, we adopted the Marker tool [28],
which converts PDFs into coherent Markdown while preserving structural elements. This
step effectively reduces erratic line breaks, text duplication and other artifacts. We utilized
the Force OCR mode to handle complex layouts, forgoing the built-in LLM correction due
to its computational demands.

The second stage of the schema-guided LLM parsing involves LLM-based data extrac-
tion, which utilizes a combination of schema-guided JSON generation and multi-step chat
completions using the Outlines library [29]. We defined a comprehensive JSON schema
encapsulating all target data points, including article metadata, hybridization experiment
parameters, and nucleotide sequences (probes and primers) in multiple formats. Direct
extraction into this full schema proved unfeasible; therefore, we implemented a multi-step
approach. Initially, the model extracts metadata, all nucleotide sequences, and a general
experiment description using simplified schemas with fewer than five fields each. Subse-
quently, each identified sequence is processed in a dedicated chat session where the model,
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provided with the full article text, is queried to confirm the sequence’s role, reformat it,
and associate it with specific experimental parameters. All responses are constrained by
small JSON schemas [30]. The results are aggregated into a final JSON object conforming to
the complete schema and stored in a SQLite database [31]. More details on the iterative
prompting approach are available in Supplementary Methods S2.

Given the long context required (often exceeding 32,000 tokens), we primarily used
models from the Qwen family [32-34]. For comparative performance analysis, we also
evaluated Gemma3 [35] and Phi-4 [36] models. All models were hosted locally using
the Ollama inference server [37] on a dedicated machine featuring a Ryzen 7900X CPU
with 64 GB of RAM and RTX 3090Ti GPU. It provides an API for request completion or
chat completion.

The data verification stage helps to ensure the integrity of the automatically extracted
data, and we implemented a rigorous three-stage validation process. First, syntactic valida-
tion checks for strict compliance with the predefined JSON schema, including correct syntax,
presence of all required fields, and the absence of any extraneous fields; non-compliant
records are rejected. Second, semantic validation applies custom regular expressions to
nucleotide sequence fields to verify they contain only permitted characters and patterns.
To reduce losses, a recovery stage was tested. If the Hallucination Distance between the
erroneous sequence predicted in the article is at least 0.5, a search for the closest sequence
is performed. If there is only one such sequence, it is considered the target. It is not
used streamlined manner in the final pipeline (we have only estimated the recovery step’s
possible efficiency), as it introduces errors into the final dataset, leading to the need for at
least partial curation of the database. Finally, we perform a textual-fidelity check, wherein
each reported probe sequence must be at least 90% verifiable within the original article text
to guard against hallucinations. Records failing any validation step were rejected from the
final dataset.

3. Results
3.1. Benchmarking

Initial benchmarking on real data suggested that different LLMs might rely on distinct
model-specific extraction behavior—that is, internally preferred patterns of probe recove-
ry—despite achieving similar baseline efficiency. Without any task-specific prompting,
most models retrieved up to 10 out of 20 probes per iteration (~50%). However, the specific
probes extracted differed markedly between the GPT—Gemini group and the DeepSeek
models, indicating that comparable accuracy can arise from divergent extraction pathways
(Supplementary Figure S1). DeepSeek also generated the most structurally detailed outputs,
returning the longest JSON objects, consistent with a richer internal representation of the
input. Comparative analysis of the probe sets extracted by each model supported this
interpretation. GPT-40, Gemini, Sider, and chatPDF formed a tightly overlapping cluster,
recovering largely similar subsets of probes, whereas DeepSeek and DeepSeek-R1 occupied
a partially overlapping but predominantly distinct extraction space. SciSpace showed
minimal overlap with any model, producing the lowest efficiency yet capturing several
unique probes. These patterns indicated that the models differ not only in extraction
success but also in the breadth and structural richness of the information they return.

Across all evaluated settings, the presence of Marker preprocessing had the strongest
positive effect on extraction reliability. Although the Marker tool only restructures the PDF
into a cleaner Markdown representation, this preprocessing substantially reduced noise in the
model’s input and improved downstream consistency. Configurations using Marker consis-
tently achieved higher extraction efficiency (EEf), corrected extraction efficiency (cEEf), and
lower hallucination rate (HR) compared to runs without preprocessing. These improvements
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were evident both across iterative extraction steps (Supplementary Figure 52) and in summary
metrics aggregated across sequence classes (Supplementary Figure S3).

Prompt length also proved critical. As expected, we observed that shorter prompts
produced better overall performance, even when longer versions included the full JSON-
schema inline. While JSON-schema guidance was beneficial, embedding the entire schema
directly into the prompt increased verbosity without improving accuracy. Instead, loading
the JSON-schema into memory and passing only a minimal reference within the prompt
provided a more compact, stable context for the model. This design preserved structural
constraints while avoiding unnecessary linguistic overhead.

To select the model, we benchmark them on the standardized prompt (Figure 1).
Its minimal version includes a JSON structure tailored for nucleotide-probe extraction
(Supplementary Methods S3). Models with larger token capacities, such as DeepSeek
and GPT-4o, immediately showed improved performance when this prompt was applied,
extracting all probes from the real dataset. Building on this structured prompt, large-scale
probe extraction became feasible, and we validated this capability using synthetic datasets.

: 0.7 (0
1 JEESEEEENOREN 0.9
50% 0 50% EEf cEEf HR HD HP

Hallucinations True extractions

halluc. total
de novo steps

T

hallucinations true extractions

with
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Qwen3max-30720
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Figure 1. Performance, hallucination behavior, and error structure of large language models (LLMs)
in artificial probe-sequence extraction. (A) Bidirectional bar plot summarizing, for each LLM, the
distribution of correctly extracted probes (right side) and hallucinated probes (left side). Transparent
overlays denote variability across iterations; red-outlined segments represent de novo hallucinations
with high perturbation (HP). (B) Heatmap of key extraction metrics: raw Extraction Efficiency (EEf),
corrected Extraction Efficiency (cEEf), Hallucination Rate (HR), Hallucination Distance (HD), and
high-perturbation proportion (HP). (C) Error-category heatmap showing the fraction of probes recovered
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within each synthetic degradation class (e.g., lowercase, repeats, short/long degeneration, modified).
Values represent per-instrument recovery normalized by the number of true probes in each class.

To formally test the hypothesis of distinct model-specific extraction behavior, we evalu-
ated whether multi-step (“stepped”) extraction would amplify or preserve these model-specific
probe signatures. If models relied on reproducible extraction pathways, repeated sampling
should reinforce their unique probe subsets. However, the UpSet analysis of correctly ex-
tracted probes across all models and iterations (Supplementary Figure S4) did not support
this assumption. Intersection patterns were highly entangled: most probes were recovered
by multiple models in various combinations, and only a small fraction of intersections were
model-specific. Models that appeared distinct in single-step extraction did not maintain
clearly separable extraction trajectories across repetitions. Instead, stepped extraction
revealed substantial overlap between previously divergent model groups, suggesting that
the hypothesized model-specific extraction behavior is not stable across iterations. Across
models, the stepped-extraction analysis did not support the hypothesis that repeated
prompting gradually amplifies errors or uncovers stable model-specific extraction behavior.
Instead, performance across iterations was largely stable, and shifts in the extracted probe
sets appeared stochastic rather than directional. Therefore, probably, one LLM agent is
sufficient to extract all probes. That is, instead of model-specific, it may be more appropriate
to talk about run-specific behavior or its patterns. However, this goes beyond the scope of
this study.

Models differed systematically in how they balanced correct extraction and halluci-
nations. Glm, Gemini and Qwen showed the most favorable trade-off: high proportions
of correct probes with relatively few hallucinations, and consistently low hallucination
distance. DeepSeek and DeepSeek-R1 achieved stronger recall but at the cost of higher hallu-
cination burden, producing many fabricated sequences per iteration—though these tended
to remain close to the true sequence space. GPT-40 behaved conservatively, generating
fewer hallucinations but also retrieving substantially fewer correct probes.

Error profiles showed two reproducible failure modes across all LLMs. First, models
systematically struggled with lowercase sequences, frequently ignoring or transforming
them, suggesting that orthography alone can trigger extraction failures. Second, all models
showed predictable difficulty with repeat-encoded sequences (e.g., (NNN), notation), often
misinterpreting or expanding the repeat structure. These category-specific errors were
more consistent than any iteration-dependent drift, further supporting the conclusion
that extraction behavior is shaped more by model-specific heuristics than by cumulative
reasoning across steps.

Analysis of hallucination patterns revealed that most “hallucinations” were error-type
distortions of true probes rather than de novo inventions. Across all models, most of the
non-matching sequences fell into the low-HD range (0 < HD < 0.5)—indicating that the
models attempted to reproduce the correct sequence but instead introduced substitutions,
dropped characters, or misinterpreted repeat blocks. Truly novel, high-HD fabrications
(HD > 0.5) were comparatively rare and usually appeared in models with aggressive
extraction behavior, such as early-iteration Qwen3-1k/3k or DeepSeek.

The distribution of Hallucination distances (Supplementary Figure S5A) illustrates this
pattern clearly: nearly every model shows a dominant low-HD component, with DeepSeek
and Qwen3-1k showing slightly broader tails. Error-type hallucinations also accounted
for a large share of total extracted sequences, explaining why hallucination rates (HR;
Supplementary Figure S3B) are high for models with high recall—many errors represent “near-
misses” rather than unrelated fabrications. Iterative reasoning (Supplementary Figure S5C)
typically reduced the proportion of these errors over steps, especially in Qwen3-10k
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and Gemini, which showed the most consistent improvement in corrected extraction
efficiency (cEEf).

Different amounts of "thinking tokens" influence the extraction efficiency and hal-
lucination rates of the model (Supplementary Figure S6A). To formally test this effect,
we fitted linear mixed-effects models with iteration-dependent cumulative metrics as re-
sponses. The number of thinking tokens showed a significant negative effect on corrected
extraction efficiency (cEEf) (Pr(>1t1) = 0.0016, df = 44.66, t = —3.37), indicating that in-
creasing the amount of chain-of-thought reasoning systematically reduced the proportion
of correctly extracted items after adjusting for hallucinations. In contrast, hallucination
rate (HR) was not affected by the number of thinking tokens (Pr(> 1) = 0.943, df = 3.00,
t = —0.078), demonstrating that longer reasoning traces did not increase the likelihood of
fabricating sequences.

We also hypothesized that increasing the number of iterations would lead to a
higher probability of hallucinations (Supplementary Figure S6B). However, this expec-
tation was not supported by statistical analysis. Across the full dataset, iteration count
showed no significant effect on hallucination rate (mixed-effects model: Pr(>1¢1) = 0.221,
df =48, t = 1.24). A separate analysis restricted to Qwen variants with different thinking-
token configurations yielded the same conclusion (mixed-effects model: Pr(> |t 1) = 0.476,
df =36, t = 0.72). These findings indicate that iterative querying of LLMs does not increase
hallucination probability, thus enabling repeated extraction cycles until the model returns
empty JSON responses.

However, different models showed comparable speeds on the full extraction task
(Supplementary Figure S7). Iterative prompting introduces substantial overhead and
dominates the temporal structure of the pipeline (Supplementary Figure S8). While a full
end-to-end extraction requires, on average, 8.2 + 4.4 s per article (peaking at 19 s), most
baseline extraction stages (A-F) remain close to zero after normalization. In contrast, the
iterative steps—primarily SeqPrompt and SeqDesc—consistently emerge as the slowest
segments across all models and articles.

Taken together, the results show that models differ not only in extraction capacity but
also in how they trade recall for hallucination risk. While some models achieved comparable
raw extraction efficiency (EEf), corrected extraction efficiency (cEEf) and hallucination-
related metrics (HR, HD, HP) revealed substantial differences in reliability. Qwen3-1k, 10k
and glm-4.6 provided the strongest overall balance, achieving high proportions of correct
extraction with relatively controlled hallucination behavior. Context length emerges as a
key driver of Qwen’s performance: insufficient context leads to aggressive but hallucination-
prone extraction, while a well-scaled window supports both higher accuracy and greater
reliability. So, we selected Qwen for further development.

3.2. Tool Architecture

We adopted an extraction architecture that pairs a schema-guided first pass with a
controlled multi-turn refinement stage to balance recall and hallucination risk based on the
Qwen. In the initial step, the model receives the full article and a minimal JSON schema that
enforces basic nucleotide-sequence constraints, allowing it to enumerate all candidate probe
sequences without prematurely filtering potentially valid items. Each candidate is then
validated in an isolated chat session in which the full article is re-supplied as context and
the model responds to a fixed sequence of narrowly scoped questions, each restricted by a
compact JSON schema. This design forces the model to justify every probe individually,
reducing hallucination rates while preserving the high recall observed in models with
larger context windows. The outputs of these per-probe dialogs—structural attributes,
modifications, targets, primer sets, and experimental conditions—are subsequently merged
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with article-level metadata to generate a complete, database-ready JSON entry. Although
computationally slower due to the per-probe multi-turn structure, this architecture provides
the most reliable balance between extraction efficiency and hallucination control observed
in our benchmarks.

The resulting data model organizes the LLM-derived information into a coherent
relational structure that links articles, extraction runs, experiments, and all sequence-level
entities (Figure 2). Each article may generate multiple extraction runs, and each run yields a
set of structured experiments. Within an experiment, all molecular entities are represented
through a common table, which serves as the central sequence repository. Probes and
primer pairs are associated with their corresponding experiments through direct references,
while target sequences, outcomes, measurements, and pairwise relationships provide the
detailed experimental context required for downstream analyses. Diagnostic extraction
reports remain linked at the experiment level, allowing auditability and fine-grained error
tracing. This schema enables robust integration of heterogeneous LLM outputs into a stable,
queryable database suited for large-scale comparative studies.

Article
4 S—
SeqPrompt
creates raw_payloads
creates
experiments oligos
- j%\
parameters outcomes pairings probes related seq targets~” probe oligos related targets
A 3 R
measurements outcomes pairings probes related_sequences target_sequences

A —Core extraction

B —Index extraction

C —Probe extraction

D — Parameter extraction

E — Outcome extraction

b t t
(experiments, etc) — (experiments) | (probes, target_sequences, [|—p (measurements) —> (outcomes)
related_sequences)
F — Pairings extraction SeqPrompt / Strict SeqDesc mappin Experiment construction Final article assembl
g ) q P ) q ppIng > p ) y

(pairings)

(raw_payloads)

(all seqdesc)

(ConstructSingle passes)

(articles, runs)

Figure 2. Unified schema of the LLM-based extraction workflow and its execution pipeline.
(A) Simplified UML-style entity—relationship diagram illustrating the structured JSON schema. Ar-
rows show how higher-level objects create or reference lower-level components. (B) Overview of the
sequential extraction pipeline, from core entity generation (A-F) through iterative prompting stages
(SeqPrompt/Strict and SeqDesc), followed by experiment assembly and final article construction.
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A validation pipeline was implemented to assess the quality of the sequences extracted
by the LLMs. The script connects directly to the SQL database generated in the previous
step and evaluates each sequence following the procedure outlined in Section 2. Out of
approximately 1500 extracted sequences, only 210 passed the first structural and lexical
validation filters, and 208 remained after the full validation workflow. This sharp reduction
indicates that LLMs tend to produce either fully correct sequences or completely nonsensical
strings, rather than generating hallucinations that closely resemble real probes. Importantly,
at least some of these nonsensical outputs can often be matched to true sequences through
reverse search, allowing recovery of the correct probe and substantially improving overall
extraction performance. Incorporating this recovery step can possibly increase the final
extraction efficiency up to 81.8% (Supplementary Figure S9). However, this recovery stage
might largely increase other error rates (such as LEr and ExEr).

4. Discussion

We developed and benchmarked a verification-centered pipeline for automated extrac-
tion of structured DNA probe data from scientific literature. The schema-guided, multi-turn
parsing strategy—implemented with Qwen, Marker and Outlines—achieved an effective
balance between recall and hallucination control. The final extraction efficiency of approx-
imately 82%, reached only after a stringent three-stage validation and a post-processing
recovery phase, demonstrates the necessity of verification for LLM-based data mining [16].

Different extraction efficiency metrics substantially vary across the models. High-recall
systems (DeepSeek variants and Qwen3-1k/10k) approach complete probe enumeration
on the artificial dataset, while conservative systems such as GPT-40 exhibited markedly
lower raw extraction efficiency (EEf). However, corrected extraction efficiency (cEEf)
revealed a more informative ranking: models with aggressive extraction strategies often
lost substantial fractions of outputs during validation, leading to reduced final usable yield.
In contrast, Qwen3-10k and glm-4.6 achieved the most favorable balance, maintaining high
EEf while preserving low hallucination rate (HR) and low hallucination distance (HD).
Hallucination severity further differentiated model classes. Although HR increased in
high-recall systems, most hallucinated sequences exhibited low HD values, indicating near-
miss distortions rather than de novo inventions. The high-perturbation proportion (HP;
HD > 0.5) remained low across most models and became elevated primarily in early-
iteration or context-constrained configurations. Thus, model selection depends not solely
on recall (EEf), but on the combined profile of cEEf, HR, HD, and HP.

Benchmarking revealed distinct model-specific extraction behavior among different
LLMs. This aligns with evidence that models with similar overall accuracy can rely on
very different internal heuristics, attention patterns, and representational strategies. In
our experiments, Qwen3’s performance improved significantly when the context window
was scaled appropriately—an effect consistent with recent trends in LLM optimization
that prioritize configuration and context over raw model size [3,29]. When context was
insufficient, Qwen3 exhibited aggressive extraction but high hallucination rates, expanding
the context window stabilized output quality and reliability. These observations suggest
that for complex scientific tasks, task-specific tuning of context length, temperature, and
reasoning budget can be more effective than default usage of the largest available models.
Models such as DeepSeek, which prioritized high recall, often produced structured but
hallucination-prone outputs—behavior consistent with well-characterized LLM failure
modes where models “satisfice” uncertain prompts by producing plausible but incorrect
outputs [14,30].

Single-pass outputs initially suggested the presence of model-specific extraction biases.
However, repeated sampling revealed that these tendencies were not stable. Variability
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across iterations was mild, non-directional, and partially stochastic. Broader performance
categories persisted across all runs: high-precision systems (Gemini, Qwen3-10k), high-
recall but hallucination-prone systems (DeepSeek), and conservative, low-recall systems
(GPT-40). This suggests that iterative prompting does not substantially shift an LLM’s
underlying extraction strategy.

Analysis of failure cases shows that hallucinations were typically due to fidelity
breakdowns, not imaginative invention. Most incorrect outputs closely resembled valid
probes but failed on specific formatting or lexical constraints (repeat encodings, case
sensitivity). This observation is consistent with the broader literature: hallucination in
structured-domain LLM applications often stems from boundary-condition failures rather
than wholesale invention [12-14]. Slight modifications—such as enforcing stricter output
formats, normalizing input, or adding explicit “if not found, output null” instructions—may
substantially reduce error rates in future pipelines.

Runtime profiling showed that pure JSON-field extraction accounted for a negligi-
ble portion of wall-clock time. The majority of the latency stems from reasoning-heavy,
multi-turn, or validation—regeneration stages, regardless of model architecture. Iterative
prompting increased both runtime and variance, and was the major contributor to partial
or empty JSON outputs; such failures tended to cluster in long articles and with models
that processed chain-of-thought slowly. To quantify practical performance, we explicitly
measured end-to-end runtime characteristics of the extraction pipeline. Baseline JSON-field
extraction stages contributed minimally to wall-clock time, whereas iterative per-probe
refinement (SeqPrompt and SeqDesc stages) dominated computational cost. Importantly,
validation steps add negligible overhead relative to LLM inference, demonstrating that
strict verification can be incorporated without materially increasing runtime. Therefore,
iterative prompting is the primary scalability bottleneck of the system.

The raw-data validity verification relies on explicit and quantifiable constraints: strict
JSON-schema conformance, nucleotide-pattern regular-expression checks, and >90% tex-
tual verifiability threshold. These parameters were chosen to prioritize precision over recall
and were empirically validated across the artificial dataset. The high rejection rate at early
validation stages reflects the stringency of these filters rather than the instability of the LLM
output. Importantly, HP analysis demonstrates that truly high-perturbation fabrications
(HD > 0.5) remain rare across models, indicating that most rejected outputs are near-miss
distortions rather than synthetic inventions.

The three-stage validation pipeline—syntactic, semantic, and textual-fidelity chec-
ks—proved to be a critical strength. It mitigated the most problematic LLM failure mode:
structured hallucination, where outputs appear confident and schema-valid but are factu-
ally incorrect [14,30]. By requiring strict JSON-schema conformance, nucleotide-pattern
compliance, and at least 90% verifiability against the source text, we enforced high preci-
sion. The subsequent post-processing recovery step, which attempted to match nonsensical
LLM output to true sequences via reverse search, was especially effective. This hybrid
approach—combining statistical modeling (LLMs) with deterministic rule-based post-
processing—leverages the strengths of both paradigms and improves robustness [29,30].

Compared to other LLM-based biomedical data extraction frameworks [3,5,7,9,11,16],
our approach differs in prioritizing deterministic multi-stage verification over post hoc
confidence scoring or dual-model consensus. While collaborative or verifier-augmented
approaches report strong precision improvements (up to ~20% F1 gain) [7,15,16], they
typically rely on secondary LLM inference. In contrast, our pipeline integrates structural
schema enforcement, nucleotide-specific validation, and textual fidelity constraints directly
into the extraction loop. This design achieves comparable precision while maintaining
transparent, reproducible rule-based validation. Furthermore, the explicit measurement of
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hallucination distance (HD) and high-perturbation proportion (HP) provides a quantitative
characterization of hallucination severity not commonly reported in prior LLM-based
extraction studies.

There remain important limitations. The computational overhead of the multi-turn
per-probe refinement is substantial. While this design improves precision, it substantially
slows throughput compared to single-pass extraction systems [38]. For applications de-
manding high-throughput or near real-time processing, this trade-off may be unacceptable.
Future work could explore more efficient verification strategies. For example, a collabo-
rative two-LLM “cross-critique” design—where two models independently extract data
and then compare/harmonize their outputs—has shown promise in reducing errors in
systematic review workflows [16]. External validation against public databases or web-
based evidence could further improve reliability, though likely at the expense of recall [5].
Another promising direction is embedding extracted entities into biologically informed
semantic networks (e.g., ontology /knowledge graphs) to perform consistency and plausi-
bility checks—not just at the sequence level but at the level of functional relationships [39].
Finally, the current benchmark focuses on nucleotide probes, which are highly structured
and constrained. Extending evaluation to more abstract biological constructs—such as
causal relationships, experimental conditions, or phenotype annotations—will be crucial to
assess the generalizability of this verification-guided extraction paradigm [1,3,9].

5. Conclusions

Our research confirms that LLMs hold immense promise for automating the extraction
of structured biological data. However, this promise is best realized not by treating LLMs as
infallible oracles, but by embedding them within a robust, verification-centric architecture.
The combination of schema-guided parsing, iterative refinement, multi-stage validation,
and intelligent post-processing is a powerful way to achieve high-precision extraction. As
LLM technology continues to evolve, with growing emphasis on efficiency, reasoning, and
specialization, the principles and pipeline established here will provide a strong foundation
for building ever more reliable and comprehensive scientific knowledge bases.
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and extraction performance across all evaluated LLMs; Figure S6: Effect of the number of “think-
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Abbreviations

The following abbreviations are used in this manuscript:

AD Artificial Data

API Application Programming Interface
CPU Central Processing Unit

cEEf Corrected Extraction Efficiency

EEf Extraction Efficiency

EEr Extraction Errors

ExEr Experiment Errors

ggplot2  Grammar of Graphics plotting library for R
GPU Graphics Processing Unit

HD Hallucination Distance
HR Hallucination Rate

JSON JavaScript Object Notation
LEr Linking Errors

LLM Large Language Model
Ime4 Linear Mixed-Effects Models for R
OCR Optical Character Recognition

PDF Portable Document Format
R R programming language
RAM Random Access Memory
RD Real Data

SOTA State of the Art
SQL Structured Query Language
UML Unified Modeling Language
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