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Abstract

Pharmacokinetic (PK) parameters are criti-
cal to drug development, but many remain
embedded in free-text biomedical literature
rather than a structured form. Existing ex-
traction approaches primarily target explicit
parameter mentions, while a substantial pro-
portion of PK values must be inferred from
context. We introduce implicit PK parameter
extraction, where parameter identity is not ex-
plicitly stated but must be resolved through
domain-grounded, multi-sentence reasoning.
To address this challenge, we propose CORVA,
a validation-enhanced LLM-based extraction
framework that integrates reasoning and do-
main constraints to extract structured PK tu-
ples from text. We also construct a labelled
dataset from DrugBank absorption descriptions,
of which 47.5% involve implicit expressions.
Relative to the strongest baseline, the proposed
method improves F1 by 35.3% and tuple ac-
curacy by 52.9%. CORVA achieves the high-
est implicit recognition rate at 45.8%, which
is 10.5 points ahead of the runner-up. Our
results demonstrate that reliable implicit PK
extraction requires validation as a first-class
component rather than a post-processing step,
which offers a practical framework for scal-
able knowledge extraction from biomedical lit-
erature. The code and data are available at
https://github.com/wuqinhao/CORVA.

1 Introduction

Drug development is a costly and multi-stage pro-
cess in which quantitative pharmacology plays
a crucial role. Pharmacokinetic (PK) models
guide dosing design, toxicity analysis, and clin-
ical trial planning throughout the development
pipeline (Danhof et al., 2008; Mould and Upton,
2012). However, PK parameter values remain dis-
persed across thousands of publications, embedded
in free text rather than structured form (Hunter
and Cohen, 2006). As pharmacological literature

continues to grow and encompasses increasingly
diverse patient populations, the lack of machine-
readable PK resources remains a persistent bottle-
neck hindering computational pharmacology (Re-
cino et al., 2025).

Automating the extraction of structured PK in-
formation from biomedical literature has attracted
growing attention in natural language processing
(NLP) (Hernandez et al., 2024b; Sholehrasa et al.,
2025). However, a fundamental challenge remains
unaddressed: several PK parameters are not stated
explicitly. Values such as Tmax and oral absorption
rate constant ka must instead be inferred from con-
text, resolved across heterogeneous linguistic and
numeric expressions, and sometimes reconstructed
through multi-sentence reasoning.

Prior work has addressed related problems
through text mining (Wu et al., 2013), named entity
recognition (NER) of PK terms (Hernandez et al.,
2024a), and large language model (LLM) based
extraction from structured tables (Sholehrasa et al.,
2025). However, these approaches target parame-
ters that appear in explicit, recognisable semantic
form, which makes it challenging to extract implicit
parameters.

An LLM-based system offers a promising path
forward, given its capacity for contextual inference
over domain-specific text (Sholehrasa et al., 2025).
However, LLMs generate responses based on sta-
tistical patterns rather than verified facts (Ji et al.,
2023), and this tendency is especially dangerous
in implicit extraction. Reasoning-induced halluci-
nation (Lones, 2026) can introduce non-existent
parameter values, assign values to the wrong pa-
rameter, or propagate incorrect units, resulting in
corrupt downstream pharmacometric modelling.

Furthermore, the challenge of implicit reason-
ing is also domain-specific (Hernandez et al.,
2024a). Extracting these parameters requires not
only domain-grounded reasoning to identify the
correct value, but also rigorous validation to guard

1403

https://github.com/wuqinhao/CORVA


Figure 1: The workflow of the CORVA Framework.

against plausible yet incorrect inferences. This
condition reveals a fundamental trade-off of rea-
soning and validation in NLP. Reasoning strategies
improve recall in implicit cases by enabling infer-
ence beyond the surface form, but systematically
amplify hallucinations, while validation strategies
suppress false positives but risk over-pruning valid
inferences. Our preliminary results suggest that
neither reasoning nor validation alone is sufficient.

We propose CORVA, a COnceptual Reasoning
and VAlidation framework (workflow shown in
Figure 1) that grounds LLM-generated extraction
candidates against domain constraints, facilitating
drug development and clinical applications. Rather
than treating validation as a post-processing step,
CORVA integrates it into the extraction process, al-
lowing the system to selectively accept inferences
that satisfy domain-grounded criteria while reject-
ing hallucinated candidates. We construct tuples
to evaluate implicit PK parameter extraction from
DrugBank (Wishart et al., 2018) absorption descrip-
tions. The CORVA framework yields a reliable
extraction pipeline that achieves the best balance
of precision and recall across our benchmark. The
contributions of this paper are as follows.

• We introduce the problem of implicit PK pa-
rameter extraction, characterised by seman-
tic implicitness, multi-candidate interleaving,
and the requirement for domain-grounded rea-
soning.

• We propose CORVA, a validation-enhanced
LLM-based framework that extracts struc-
tured PK tuples from unstructured biomedical
text, improving reliability in implicit extrac-
tion settings.

• We construct a dataset of absorption-related
PK parameters from DrugBank, in which a
substantial portion of the annotations involve
implicit expressions, enabling realistic evalua-
tion of implicit extraction.

• We conduct a systematic analysis of rea-
soning and validation mechanisms in LLM-
based extraction, showing their complemen-
tary roles and trade-offs in implicit informa-
tion retrieval.

Our proposed method can provide implicit PK
parameters while reducing hallucination rates com-
pared to other approaches.

2 Related Works

Biomedical information retrieval has attracted in-
creasing attention with advances in information
extraction techniques, which aim to unlock struc-
tured knowledge from the growing biomedical lit-
erature (Luo et al., 2022; Goyal and Singh, 2025).
Existing studies have focused predominantly on
named entity recognition (NER), relation extrac-
tion (RE), knowledge graph construction, and
ontology-based formalisation (Perera et al., 2020;
Luo et al., 2022; Abu-Salih et al., 2023; Dong et al.,
2023; Soman et al., 2024; Goyal and Singh, 2025),
with transformer-based models such as BERT (De-
vlin et al., 2019) and BioBERT (Lee et al., 2020)
becoming the dominant backbone by capturing con-
textual semantics more effectively than static em-
beddings.

Despite their strong performance on explicit en-
tity and relation extraction, these approaches are
fundamentally designed for information that is ex-
plicitly expressed in the text. As a result, they
rely heavily on surface-level matching between lin-
guistic patterns and predefined labels, and strug-
gle when parameter identity must be inferred from
context rather than directly observed. In addition,
pipeline-based NER-RE systems are vulnerable to
error propagation (Giorgi et al., 2019), and biomed-
ical texts frequently contain overlapping entities
and complex relational structures that are difficult
to resolve with conventional pipelines (Yang et al.,
2023). Consequently, these methods are insuffi-
cient for scenarios involving implicit parameter ex-
pressions, where the target variable must be derived
through contextual reasoning rather than explicit
mention (Chen et al., 2023).

Alternatively, LLMs have demonstrated strong
capability for joint NER-RE by following
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task-specific instructions, generating schema-
constrained outputs, and reasoning over com-
plex structures without requiring task-specific fine-
tuning (Dagdelen et al., 2024; Obeidat et al., 2025).
This flexibility makes LLMs particularly attrac-
tive for low-resource biomedical extraction settings.
However, LLMs generate outputs based on statis-
tical patterns rather than verified facts, and are
therefore prone to hallucination, which can cor-
rupt downstream structured outputs (Nagar et al.,
2025; Wang et al., 2025). This issue is especially
pronounced in implicit extraction settings, where
the model must infer parameter identity beyond
surface-level cues, often leading to incorrect or un-
supported predictions (Li et al., 2024).

Recent work has explored biomedical NLP ap-
proaches for PK-related entity recognition and ex-
traction. Hernandez et al. (2024a) introduced a ded-
icated PK-NER corpus and a fine-tuned BioBERT
model, which was later extended to an end-to-
end (E2E) extraction pipeline evaluated on the
PRED corpus (Hernandez et al., 2024b). Au-
toPK (Sholehrasa et al., 2025) further leveraged
LLMs for PK parameter extraction from structured
tables. However, these approaches focus on explicit
PK terms and are not designed to handle implicit
parameter expressions, where parameter identity
must be inferred from context. Moreover, exist-
ing datasets do not explicitly account for implicit
cases, limiting their effectiveness in realistic extrac-
tion scenarios. To address this gap, we propose a
zero-shot LLM-based framework for implicit PK
parameter extraction, incorporating structured rea-
soning and validation to improve reliability.

3 Task Definition

We introduce the task of extracting implicit PK
parameters from literature text. PK information
may be explicitly stated in standard terminology
or implicitly inferred from context. This task is
challenging because biomedical text often contains
incomplete expressions and implicit descriptions
that require reasoning beyond semantic keyword
matching.

Given a set of sentences of drugs, the goal is to
extract the structured tuples T from the input. We
define the extraction target for drug di consisting
Ni PK tuples:

Ti = {(Pi, Vi, Ui)},

where Pi, Vi, and Ui denote the parameter names,

values, and units of tuples, respectively. The full
dataset is then T = {Ti}mi=1 over m drugs.

Among the Ni tuples of Drug di, let Ki denote
the number of tuples whose parameter name ap-
pears explicitly in the text. The remaining Ni−Ki

tuples are implicit. Their parameter identity must
be inferred from context rather than matched di-
rectly to a surface form. The goal of our task is to
recover the complete Ti, including both explicit and
implicit tuples, from the free-text PK description.

For example, in the sentence “Cmax of 28
ng/ml is reached 2 hours after initial adminis-
tration with an AUC of about 200 ng · h/ml", the
parameter Tmax is not explicitly mentioned. A cor-
rect extraction requires inferring the tuple (Tmax,
2, hours) from the temporal cue embedded in the
description of when Cmax is attained. Furthermore,
implicit parameters further appear in heterogeneous
forms (e.g., the same value may be written as “two
hours”). Such cases illustrate the need for reason-
ing beyond surface-level matching.

4 Dataset

We construct a corpus for the implicit PK extrac-
tion, using the absorption field of DrugBank (Ver-
sion 5.1.12) (Wishart et al., 2018). The absorption
field of each entry contains free-text descriptions
of how a drug enters systemic circulation, which
is rarely stated explicitly and instead must be in-
ferred from context. For example, Tmax is implied
by a description of when peak concentration is ob-
served. After filtering for non-empty entries, our
corpus comprises 2480 drug descriptions.

We constructed a dataset of absorption-related
tuples (parameter, value, unit) through an in-house
annotation process conducted by two expert phar-
macometricians (senior and junior) with over ten
and two years of experience, respectively. An-
notators followed the guidelines detailed in Ap-
pendix A, labelling all valid PK tuples including
implicit expressions, multi-value interleaving, and
cases requiring cross-sentence reasoning. The full
annotation process spanned two weeks of dedicated
expert effort. The corpus contains 3605 PK-related
mentions, from which 469 absorption-related tu-
ples were annotated and retained for evaluation.
Notably, 223 of these (47.6%) involve implicit pa-
rameter expressions. The Inter-Annotator Agree-
ment score is measured by Cohen’s κ (Cohen,
1960) with a score of 0.875.
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Figure 2: Illustration of the reasoning topology of CORVA. Different steps of CORVA based on the example of
calcitriol, expanding each candidate into a separate reasoning path and resolving it over four steps, so that only
validated tuples reach the output. The solid node represents the valid candidates under certain step, while the dashed
node is pruned by validation.

5 Extraction Strategy Formulation

To illustrate our proposed CORVA framework for
the implicit PK parameter extraction, we will state
it in the following stages to illustrate the necessity
of reasoning and validation with LLMs. Note that
implicit extraction in this work refers to implicit
parameter identity resolution. Numerical values
must still appear explicitly in the text and are never
hallucinated or generated. The prompts for each
stage are listed in Appendix B.

Stage 1: Implicit Extraction Prior. The first
stage establishes the baseline by prompting the
LLM with only a task description c, with no
structural constraints, demonstrations, or reasoning
guidance (Zhang et al., 2023). This isolates the
model’s intrinsic capacity for extracting PK param-
eters. For each drug di, we decode the highest-
probability set of PK tuples:

Ŷi ∼ Pθ(Y | xi, c), (1)

where Pθ(· | xi, c) is the conditional distribution
parametrised by θ over candidate tuple sets Y ,
given the input corpus xi of drug di and the task
description c. The candidate space Ti ranges over
all admissible PK tuples, including those whose
parameter or value is not stated explicitly in xi
and must be inferred. Ŷi is the decoded output.
This stage reveals the upper bound of zero-shot ex-
traction and exposes the model’s tendency to infer
implicit parameters without grounding constraints.
It serves as the foundation onto which subsequent
stages stack.

Stage 2: Rule-based Structural Extraction.
Building on Stage 1, we introduce a set of struc-
tural constraints c0 that specify the required output

format and extraction rules, formalising the extrac-
tion as Ŷi ∼ Pθ(Y | xi, c, c0) (He et al., 2024).
The constraints c0 enforce tuple structure, restrict
admissible parameter names, and specify unit nor-
malisation rules. Over Stage 1, this stage improves
output consistency and reduces format-level errors,
but does not address the underlying reasoning re-
quired to resolve implicit parameters.

Stage 3: Procedural Reasoning. On top of
Stage 2, Stage 3 adds an explicit reasoning step
R before the final extraction (Wang et al., 2024).
The generation is decomposed as Ŷi ∼ Pθ(Y |
xi, c, R) · Pθ(R | xi, c), where R = {r1} rep-
resents a single reasoning path. Specifically, we
condition the reasoning on the oral administration
route, seeking the proper implicit parameters. Com-
pared to Stage 2, this stage relaxes the semantic
dependency and improves recall on implicit cases
by enabling multi-step inference.

Stage 4: CORVA (Full Framework). Combin-
ing the reasoning and validation mechanism (Yao
et al., 2023; Adam et al., 2025), we propose the
CORVA framework for implicit PK extraction.
Rather than committing to a single reasoning path
from Stage 3, CORVA generates n candidate rea-
soning paths R = {r1, r2, . . . , rn} and scores each
against domain constraints:

Ŷi ∼ Pθ(rj | xi, c)Pθ(Y | xi, c, c0, rj)S(rj),
(2)

where S(rj) ∈ [0, 1] is a validation score reflect-
ing the proportion of tuples satisfying all valida-
tion constraints (e.g., parameter-unit consistency,
administration route-absorption parameter consis-
tency, numeric value check, and tuple completeness
check).
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The reasoning and validation mechanism of
CORVA is shown in Figure 2. By generating multi-
ple candidate reasoning paths in parallel and carry-
ing each independently through parameter assign-
ment and tuple construction, the model avoids the
premature commitment. Validation is applied to
every branch then prunes the invalid candidates
before the final tuples are produced. Validation en-
forces domain constraints such as parameter–unit
compatibility, route consistency, and numeric plau-
sibility, ensuring that only pharmacologically con-
sistent tuples are retained. The details of the vali-
dation are included in Appendix F.

6 Experiments

Our proposed CORVA and baseline methods are
evaluated against the annotations constructed from
DrugBank absorption texts, as described in Sec-
tion 4. We refer to Stage 1 (Implicit Extraction
Prior), Stage 2 (Rule-based Structural Extraction),
Stage 3 (Procedural Reasoning), and the proposed
CORVA as “Implicit”, “Rule-based”, “Procedural”,
and “CORVA”, respectively, throughout all tables
and figures. We evaluate Drug-PK pair extraction
using precision (P), recall (R), and F1-score (Cam-
pos et al., 2012). Extraction accuracy is assessed
separately for PK values and units, as well as at the
tuple level.

We use Mistral-7B (Jiang et al., 2023) to evalu-
ate all strategies, focusing on text-only PK extrac-
tion in a controlled zero-shot setting. Mistral was
accessed via its API and was not constrained to
local hardware resources. All other models were
deployed locally on a workstation with an NVIDIA
GeForce RTX 2080 Super Max-Q GPU (8 GB
VRAM) and 32 GB RAM. The proposed frame-
work is model-agnostic and can be applied to any
instruction-tuned LLMs.

6.1 Strategic Stage Performance

The Drug-PK matching performance and extrac-
tion accuracy for each Mistral-based strategy are
listed in Table 1. The comprehensive results are
listed in Appendices C and D. CORVA achieves
the best overall performance, obtaining the highest
recall and F1-score, indicating the effectiveness at
identifying PK parameters. In contrast, Procedu-
ral Reasoning achieves slightly higher precision,
while CORVA provides a better overall balance,
suggesting that reasoning is essential for reducing
false positives but may miss more valid Drug-PK

Table 1: Different strategy performance with Mistral.

Method R P F1 Value Unit Tuple
Implicit 0.7179 0.3556 0.4756 0.6624 0.6838 0.6474
Rule-based 0.6197 0.3329 0.4331 0.5363 0.5940 0.5235
Procedural 0.6752 0.4370 0.5306 0.6218 0.6453 0.6154
CORVA 0.7885 0.4028 0.5332 0.6902 0.7628 0.6859

Table 2: Best strategy performance compared to the
benchmark. McNemar’s test (Yan et al., 2017) is ap-
plied to compare the proposed method with the E2E
extraction pipeline with the fine-tuned BioBERT. The
significance level of McNemar’s test is denoted as † for
p < 0.005.

Method R P F1 Value Unit Tuple
SciSpaCy 0.2985 0.1571 0.2058 0.1940 0.1620 0.1514
AutoPK 0.9915 0.0783 0.1451 0.5800 0.7249 0.4051
BioBERT 0.6368 0.2853 0.3941 0.4573 0.5726 0.4487
CORVA 0.7885 0.4028 0.5332† 0.6902 0.7628 0.6859†

pairs at the cost of recall. CORVA consistently
achieves the best performance across value, unit,
and complete tuple matching, with tuple accuracy
of 0.6859. These ablation results confirm that each
component of the pipeline contributes incremen-
tally to procedural reasoning, which improves in-
ference over implicit expressions, while validation
corrects erroneous candidates introduced by uncon-
strained generation. Overall, they indicate that both
reasoning and validation are necessary for reliable
implicit PK extraction, and that neither alone is
sufficient.

6.2 Comparison with Baseline Methods

We compare CORVA against three baselines, listed
in Table 2: the E2E extraction pipeline of Hernan-
dez et al. (2024b), instantiated with SciSpaCy (Neu-
mann et al., 2019) and with BioBERT (Hernan-
dez et al., 2024a) as its NER component, and Au-
toPK (Sholehrasa et al., 2025). Each baseline is
fine-tuned on the PK extraction task following its
original configuration.

CORVA achieves the highest scores in five met-
rics except recall. Notably, AutoPK attains the
highest Recall, indicating it retrieves nearly ev-
ery PK parameter. This is attributable to the Au-
toPK pipeline, which provides broad coverage by
mapping extracted mentions to a predefined pa-
rameter vocabulary and effectively maximising re-
trieval at the expense of precision. However, its
substantially low Precision indicates a high rate
of spurious extractions, and its insufficient “Value”
and “Tuple” scores reveal difficulty in resolving im-
plicit or context-dependent parameter expressions.
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Figure 3: Recognised implicit PK extraction across
methods. The comparison of explicit and implicit pa-
rameter extraction counts (left y-axis, stacked bars) and
implicit recognition rates (right y-axis, orange bars).

Table 3: Invalid output rate of each strategy per PK
parameter (name), value, and unit.

Method Name (%) Value (%) Unit (%)
Implicit 0.76 20.03 1.49
Rule-based 1.04 3.47 1.47
Procedural 3.01 14.57 9.31
CORVA 2.21 11.28 3.48

Among the baseline methods, BioBERT yields the
strongest overall performance, balancing Recall
and Precision to achieve an F1 of 0.3941 and Tu-
ple accuracy of 0.4487. The CORVA outperforms
BioBERT by about 35.3% in F1 and 52.9% in tuple
accuracy significantly, highlighting the benefit of
conceptual reasoning and validation mechanism for
implicit PK parameter extraction.

Implicit Extraction Performance. We further
analyse the implicit PK extraction rate of the pro-
posed CORVA and the baseline methods shown in
Figure 3, which breaks down correctly extracted pa-
rameters into explicit and implicit mentions, along
with their implicit recognition rates. CORVA ex-
tracts both explicit and implicit tuples, achieving
the highest implicit recognition rate of 0.458. In
contrast, baseline methods recover more explicit ex-
traction but recognise far fewer implicit ones, con-
firming that their pattern-matching approach strug-
gles with implicit information extraction. These
results demonstrate that the reasoning mechanism
in the proposed CORVA is particularly effective at
extracting implicit PK parameters.

6.3 Failure Mode Analysis
Table 3 reports the invalid extraction rate of each
strategy, where invalid outputs are defined per col-
umn as follows: for Name, any generic placeholder
(e.g., “PK parameter”) or empty output is consid-
ered invalid; for Value, an output is valid only if it

Figure 4: Case of combining the reasoning and valida-
tion for the hidden information for Tmax extraction.

contains a numeric value; and for Unit, an output is
valid only if it is a non-empty, non-numeric string.

Combined with Table 1, the four stages trace
a clear precision–recall trade-off. The Implicit
Extraction Prior reflects the model’s intrinsic na-
ture: it extracts widely without constraints, pro-
viding high recall but the most field-level error.
Adding structural constraints in the Rule-based
Structural Extraction flips this behaviour: structural
constraints produce the fewest field-level errors, but
they suppress coverage, lowering recall, precision,
and F1. The Procedural Reasoning restores balance
through reasoning, achieving the highest precision,
at the cost of reintroducing some field-level error.
CORVA reconciles all three: multipath reasoning
delivers the highest recall, while validation prunes
implausible tuples to restore precision and field ac-
curacy, yielding the best F1 and the best extraction
scores.

Constraints improve accuracy but are too con-
servative, reasoning provides coverage but is too
permissive, and neither reaches a good operating
point alone. CORVA combines these two: reason-
ing supplies recall over implicit cases, and valida-
tion enforces precision. Thus, CORVA attains the
best balance and the strongest overall performance.

6.4 Extraction Case of Validation
Figure 4 presents a case that requires both reason-
ing and validation for correct extraction. In this ex-
ample, the text does not explicitly mention PK pa-
rameter cues, such as Cmax or Tmax, which likely
causes SciSpaCy, AutoPK, and Stages 1-3 to miss
the parameter entirely. In this extreme case, Au-
toPK misses the sentence entirely, as it describes a
change in mean serum concentration that deviates
from its few-shot examples. BioBERT recovers
the parameter but assigns an incorrect value, likely
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extracted from a later part of the sentence with-
out grounding in the absorption context. The text
describes a concentration curve that rises until 2
hours and then declines, implying that Tmax occurs
at 2 hours. Among the compared strategies, only
CORVA identifies this implicit temporal cue and ex-
tracts the corresponding tuple. This case illustrates
the advantage of CORVA in handling implicit PK
information that requires inference beyond surface-
level matching.

7 Discussion

The results suggest that reasoning and validation
play complementary roles: reasoning improves cov-
erage of implicit cases, whereas validation miti-
gates hallucinations introduced by unconstrained
inference. CORVA achieves the strongest over-
all performance, with its reasoning and validation
mechanism proving particularly effective for im-
plicit parameter recognition, outperforming pattern-
matching baselines, i.e., SciSpaCy, AutoPK, and
BioBERT. Although AutoPK achieves the highest
recall, its low precision and tuple accuracy reveal
its inability to extract implicit PK parameters. Com-
pared with the best baseline method, the improve-
ment in CORVA results is statistically significant
according to McNemar’s test.

Different strategies exhibit different error pat-
terns. CORVA provides a better balance by combin-
ing inference with validation, allowing the model
to recover implicit PK information while reducing
unsupported outputs. These findings indicate that
validation is essential when deploying LLM-based
extraction systems in high-stakes biomedical set-
tings.

This is particularly important in pharmacological
applications, where incorrect parameter extraction
may propagate errors into downstream pharmaco-
metric models for drug development and clinical
applications.

Despite CORVA’s gains, several failure modes re-
main. The model still misassigns parameters from
misleading contextual cues, and struggles to select
the correct value when multiple numerical candi-
dates appear in the same sentence. We also observe
incorrect unit generation and hallucinated param-
eter–value associations, where the extracted tuple
is internally plausible but unsupported by the text.
Cases requiring long-range reasoning across sen-
tences remain difficult, as the relevant evidence is
often distributed rather than local. These categories

point to the main open challenges for implicit PK
extraction and mark the direction for future work.

8 Conclusion

We proposed CORVA, a validation-enhanced LLM
framework for extracting implicit PK parameters
from biomedical text. By combining reasoning and
validation, CORVA achieves strong performance
and improves reliability in implicit extraction set-
tings. Our results demonstrate that accurate PK
extraction requires not only reasoning over context
but also explicit validation to control hallucination.
This enables scalable construction of pharmaco-
logical knowledge bases from unstructured text,
reducing reliance on manual curation in drug de-
velopment workflows. Future work will explore
CORVA’s robustness across models and domains,
its integration with human-in-the-loop validation,
and the use of domain-specific foundation models
for this task.

Limitations

While CORVA demonstrates strong performance
on implicit PK parameter extraction, several limita-
tions should be acknowledged.

Task scope. This work focuses specifically
on absorption-related PK parameters extracted
from DrugBank absorption descriptions. It does
not cover the full PK spectrum, leaving distribu-
tion, metabolism, and excretion parameters unad-
dressed.

Few-shot setting. Although few-shot prompting
has shown promise in biomedical NLP, we do not
include few-shot experiments in this work. The
primary reason is the limited size of our dataset.

Model scale and computational cost. All ex-
periments are conducted using small LLMs, cho-
sen to reflect deployment constraints in real-world
pharmacological settings where large proprietary
models may be unavailable or cost-prohibitive.

Ethical Statements

The DrugBank dataset used in this work is released
under the CC BY-NC 4.0 license. In accordance
with its terms, we do not redistribute the raw Drug-
Bank data. The original dataset can be accessed at
https://go.drugbank.com/. We release our an-
notations upon request, alongside DrugBank entry
identifiers to allow reconstruction of the full dataset
upon obtaining access.
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All annotators were fairly compensated profes-
sionals employed by the authors’ institution. The
annotation process was conducted over one month,
during which annotators extracted and validated all
absorption-related tuples following the guidelines
detailed in Appendix A. The dataset contains no
personally identifiable information, as all entries
are sourced from publicly available DrugBank.
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A Annotation Guidelines

A.1 Task Definition

Annotators are asked to identify all absorption-
related pharmacokinetic (PK) parameter expres-
sions from a given DrugBank absorption descrip-
tion and record them as structured tuples of the
form (parameter, value, unit).

A.2 Implicit Expression Handling

Annotators must apply domain knowledge to re-
solve which parameter a given value refers to,
rather than relying on surface-level keyword match-
ing. The following principles govern implicit cases:

Inferential Identification. If the parameter name
does not appear verbatim but can be unambigu-
ously determined from context, the tuple should be
annotated.

Multi-Candidate Disambiguation. When multi-
ple numeric expressions appear in a single sentence,
annotators must identify which values correspond
to absorption parameters and which do not.

A.3 Exclusion Criteria

Annotators should not record a tuple if any of the
following conditions apply:

• The parameter is a distribution, metabolism,
or elimination parameter (e.g., half-life, vol-
ume of distribution, clearance) unless it ap-
pears in direct support of an absorption infer-
ence.

• The value is speculative, model-predicted, or
population-derived without a specific reported
figure in the text.

• The parameter identity cannot be determined
with confidence even after applying domain
reasoning.

• The value is a relative comparison (e.g., “high”
or “quickly absorb”) without an absolute an-
chor.

A.4 Annotation Process

Each DrugBank absorption entry was indepen-
dently annotated by two expert annotators with
backgrounds in pharmacology. Annotators were
trained on a shared pilot set of 30 entries prior to
the main annotation phase, during which the guide-
lines were refined iteratively based on observed
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disagreements. Annotations were recorded using a
structured spreadsheet interface, with one row per
tuple per entry.

A.5 Conflict Resolution

Disagreements between the two annotators were
resolved through a two-stage adjudication protocol.
For each entry with at least one disagreement, the
two annotators first reviewed each other’s annota-
tions independently and attempted to reach con-
sensus through discussion. Disagreements arising
from ambiguous parameter identity or unit infer-
ence were resolved by referring to the PK param-
eter and, where necessary, consulting the original
source literature cited by DrugBank.

A.6 Quality Control

Inter-annotator agreement was computed using Co-
hen’s κ (Cohen, 1960) at the tuple level, treating
each tuple as a binary match. A tuple was counted
as agreed upon if both annotators produced an iden-
tical triple; partial matches were counted as dis-
agreements to enforce strict quality standards. The
final dataset retains only tuples confirmed by both
annotators or resolved through adjudication.

B Extraction Strategy Template

For reproducibility, we provide the exact prompts
used in all experiments. Each stage employs a
system prompt that delivers high-level task instruc-
tions and constrains the output format, with stage-
specific user prompts detailed in the subsections
below. The four stages differ in the degree of struc-
tural constraint, reasoning guidance, and validation
applied to the user prompts, reflecting the progres-
sive pipeline design.

[SYSTEM PROMPT]
You are a pharmacometric expert.

Extract the Pharmacokinetic (PK)
data from the text and output it as
CSV -formatted rows strictly.

Return format:
- The columns must be in this exact

order: ’PK parameter ’, ’value ’,
’unit ’.

- Do not include headers.
- Do not include any introductory or

concluding text.
- Output ONLY the comma -separated

values. Example output:
Cmax ,15.2,mg/L

B.1 Stage 1: Implicit Extraction Prior

Stage 1 defines the PK extraction task in the prompt
as Equation 1, asking the LLM only to prioritise
accuracy and to answer NIL when unsure. This
isolates the model’s intrinsic ability to recover PK
parameters, including implicit ones, from context
alone, which is why we call it the implicit extrac-
tion prior.

[USER PROMPT]
Task: You will receive a parameter

mentioned in scientific literature.
Your task is to accurately extract
the PK parameter name , its value ,
and the unit of measurement.

- Accuracy is paramount. If the text
does not precisely refer to any of
the concepts listed below , please
answer NIL.

- If the text does not refer to a PK
parameter (e.g. part of a
pharmacodynamic parameter , or a
PBPK , chemical , in vitro , clinical ,
or other unrelated term), please
answer NIL.

- If you are unsure , please answer NIL.

Text: ‘‘{text}’’

Follow the steps above and output the
final data row.

B.2 Stage 2: Rule-based Structural Extraction

Stage 2 augments Stage 1’s prompt with a set of
explicit PK extraction rules (c0) that constrain how
parameters and values are identified and formatted.
These structural constraints build directly on Stage
1 while preserving its accuracy requirement and the
instruction to answer NIL when unsure.

[USER PROMPT]
Task: Extract Pharmacokinetic (PK) data

from the text provided below.

You possess the skill to extract PK
parameters from text. Apply this
skill to the following sentence by
strictly adhering to these
extraction rules:

**PK Extraction Rules :**
1. A PK parameter is identified as a

sequence: [Descriptive Name] ...
[Numerical Value] [Unit], or,
[Descriptive Name1][ Descriptive
Name2] ... [Numerical Value1]
[Unit1] ... [Numerical Value2]
[Unit2].

2. Locate all such sequences within
the provided sentence. Including
also similar sequences that may be
part of a larger phrase.
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3. For each sequence , identify the ’PK
parameter ’ as the descriptive name ,
the ’Value ’ as the numerical value ,
and the ’Unit ’ as the unit of
measurement.

4. Structure the output as a
CSV -formatted row with columns: ’PK
parameter ’, ’value ’, ’unit ’.

Only include values explicitly
mentioned. If you are unsure ,
return NIL only.

Text: "{text}"

Follow the steps above and output the
final data row.

B.3 Stage 3: Procedural Reasoning

Stage 3 extends Stage 2 by adding a single chain
of reasoning steps (R = {r1}) that guide the LLM
to reason explicitly before extraction. It retains all
of Stage 2’s structural constraints and the instruc-
tion to answer NIL when unsure, adding only the
procedural reasoning layer.

[USER PROMPT]
Task: Extract Pharmacokinetic (PK) data

from the text provided below.

1. Step 1: Identify the drug name.
2. Step 2: Identify all routes of

administration (e.g., IV bolus ,
Infusion , SC).

3. Step 3: Identify only the oral
route; discard the other routes and
identify the dose.

4. Step 4: Locate PK parameters (Cmax ,
Tmax , AUC , Bioavailability , etc.)
linked to those doses.

5. Step 5: Format the final output as
a structured format (as Example
output).

Only include values explicitly
mentioned. If you are unsure ,
return NIL only.

Text: ‘‘{text}’’

Follow the steps above and output the
final data row.

B.4 Stage 4: CORVA (Full Framework)

Building on Stage 3, CORVA generates multiple
reasoning paths rather than one. This stage gener-
alises the chain-of-thought prompt from Stage 3
into a multiple-reasoning-path prompt as stated in
Equation 2. Afterwards, it adds a validation step
(S(rj) where j represents the j-th path) that scores
each path’s results against domain constraints and
outputs only conflict-free paths. The system gen-

erates candidate PK tuples across reasoning paths
and prunes invalid tuples from the final output.

Stage 4 inherits Stage 2’s structural constraints
and Stage 3’s procedural reasoning, yielding a com-
bined reasoning-and-validation framework for PK
parameter extraction.
[USER PROMPT]
Task: Extract Pharmacokinetic (PK) data

from the text provided below.

Follow this Tree of Thoughts process:
1. ** Brainstorm Potential PK

Parameters **: List all possible
phrases or segments in the sentence
that *might* represent a PK
parameter (description , value ,
unit). Do not filter yet.

2. ** Evaluate Each Potential
Parameter **: For each item
brainstormed , critically assess if
it truly fits the definition of a
PK parameter through the oral route
(valid numerical value , and
distinct unit). Discard any that
are incomplete or ambiguous.

3. ** Synthesize Final Extraction **:
Combine all the *valid* and
*reasoned* PK parameters into a
structured output as Example. Each
element in the array should be an
object with ’PK parameter ’,
’Value ’, and ’Unit ’ keys.

4. **Check for Conflicts **: Ensure
that the extracted unit is
consistent with the expected unit
for each PK parameter.

Only include values explicitly
mentioned. If you are unsure ,
return NIL only.

Text: "{text}"

Follow the steps above and output the
final data row.

C Drug-PK Pair Extraction Results

We evaluate our proposed four methods on five lan-
guage models: Mistral-7B (Mistral), GPT-4o-mini
(GPT), Qwen2.5-3B (Qwen)1, Phi-3.5-mini (Phi)2,
and Llama-3.2-3B (Llama)3. Mistral and GPT are
accessed via their respective APIs, while Qwen,
Phi, and Llama are loaded locally through Hug-
gingFace. Three baselines were evaluated: E2E
extraction pipeline of Hernandez et al. (2024b) in-
stantiated with SciSpaCy (Neumann et al., 2019)

1https://huggingface.co/Qwen/Qwen2.
5-3B-Instruct

2https://huggingface.co/microsoft/Phi-3.
5-mini-instruct

3https://huggingface.co/meta-llama/Llama-3.
2-3B-Instruct
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Table 4: Results of Drug-PK Parameter Pairs

Method Recall Precision F1
SciSpaCy 0.2985 0.1571 0.2058
AutoPK 0.9915 0.0783 0.1451
BioBERT 0.6368 0.2853 0.3941
Mistral-implicit 0.7179 0.3556 0.4756∗∗

Mistral-rule-based 0.6197 0.3329 0.4331
Mistral-procedural 0.6752 0.4370 0.5306
Mistral-CORVA 0.7885 0.4028 0.5332∗∗∗

GPT-implicit 0.1111 0.3973 0.1737
GPT-rule-based 0.4509 0.4662 0.4584∗∗∗

GPT-procedural 0.5534 0.3137 0.4004∗∗∗

GPT-CORVA 0.5919 0.3623 0.4495∗∗∗

Qwen-implicit 0.6944 0.0586 0.1080∗

Qwen-rule-based 0.5919 0.1594 0.2511
Qwen-procedural 0.4744 0.0921 0.1542∗

Qwen-CORVA 0.6239 0.1268 0.2108
Phi-implicit 0.3932 0.2130 0.2763∗∗∗

Phi-rule-based 0.1902 0.3758 0.2525∗∗∗

Phi-procedural 0.2094 0.3061 0.2487∗∗∗

Phi-CORVA 0.2115 0.2870 0.2435∗∗∗

Llama-implicit 0.8846 0.0583 0.1094∗∗∗

Llama-rule-based 0.8483 0.0445 0.0846∗∗∗

Llama-procedural 0.8632 0.0258 0.0501∗∗∗

Llama-CORVA 0.6218 0.0208 0.0403

and with BioBERT (Hernandez et al., 2024b) as its
NER component, and AutoPK (Sholehrasa et al.,
2025). Each baseline is fine-tuned on the PK ex-
traction task following its original configuration
and the default hyperparameter setting. Specifi-
cally, the SciSpaCy used the en_ner_bc5cdr_md
model, while AutoPK used its default GPT-4o-mini
backbone via API. All extracted tuples are filtered
to retain only absorption-related parameters (i.e.,
Tmax and ka).

We use McNemar’s test (Yan et al., 2017) to
measure the performance difference between the
proposed method and the fine-tuned BioBERT. The
significance level of McNemar’s test is denoted
as *, **, and *** for p < 0.05, p < 0.01, and
p < 0.005, respectively.

Among the three baselines, BioBERT achieves
the strongest F1 (0.3941), reflecting its broad cov-
erage strategy. SciSpaCy performs weakest over-
all, struggling with both precision and recall on
this task. Compared to the LLM-based meth-
ods, Mistral-based methods consistently achieve
stronger performance across all four stages, with
Mistral-CORVA attaining the highest recall and
the highest F1 significantly among all LLM con-
figurations. Both outperform all three baselines
by a substantial margin. GPT yields competitive
precision but lower recall, reflecting a more con-

Table 5: Accuracy of PK Information Extraction

Method Value Unit Matching
SciSpaCy 0.1940 0.1620 0.1514
AutoPK 0.5800 0.7249 0.4051
BioBERT 0.4573 0.5726 0.4487
Mistral-implicit 0.6624 0.6838 0.6474∗∗∗

Mistral-rule-based 0.5363 0.5940 0.5235∗∗

Mistral-procedural 0.6218 0.6453 0.6154∗∗∗

Mistral-CORVA 0.6902 0.7628 0.6859∗∗∗

GPT-implicit 0.1966 0.1859 0.1517∗∗∗

GPT-rule-based 0.6239 0.7179 0.6004∗∗∗

GPT-procedural 0.6709 0.7393 0.5620∗∗∗

GPT-CORVA 0.6517 0.7906 0.6026∗∗∗

Qwen-implicit 0.1303 0.0491 0.0278∗∗∗

Qwen-rule-based 0.2244 0.1068 0.0897∗∗∗

Qwen-procedural 0.3611 0.1752 0.1410∗∗∗

Qwen-CORVA 0.2692 0.1175 0.0940∗∗∗

Phi-implicit 0.2222 0.2585 0.2094∗∗∗

Phi-rule-based 0.1346 0.1517 0.1325∗∗∗

Phi-procedural 0.1432 0.1603 0.1282∗∗∗

Phi-CORVA 0.1496 0.1709 0.1410∗∗∗

Llama-implicit 0.3504 0.4188 0.2286∗∗∗

Llama-rule-based 0.3504 0.3739 0.2436∗∗∗

Llama-procedural 0.2201 0.2329 0.1453∗∗∗

Llama-CORVA 0.1880 0.1538 0.0705∗∗∗

servative extraction tendency. Qwen and Llama
exhibit a pronounced precision-recall imbalance:
both achieve relatively high recall in their implicit
stage but extremely low precision, resulting in F1
scores that fall below even the weakest baseline.
Phi shows the opposite pattern, achieving moderate
precision but low recall across all stages.

D Tuple Accuracy Results

Table 5 reports tuple accuracy across the same four
stages and five language models: Mistral, GPT,
Qwen, Phi, and Llama. Statistical significance is
assessed using McNemar’s test (Yan et al., 2017)
with fine-tuned BioBERT as the reference baseline.

Table 5 reports extraction accuracy for all meth-
ods. Among the baselines, AutoPK achieves
the strongest unit accuracy (0.7249), benefiting
from its standardised parameter vocabulary, while
BioBERT attains competitive value and tuple accu-
racy. SciSpaCy performs weakest across all three
metrics, reflecting its limited capacity for implicit
parameter resolution.

Among the LLM-based methods, Mistral-
CORVA achieves the highest tuple accuracy over-
all, outperforming the strongest baseline by about
28.7%, and leads on both value (0.6902) and unit
(0.7628) accuracy within its model family. The
staged progression from Implicit to CORVA is con-
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sistent for Mistral, with each component contribut-
ing incrementally to tuple accuracy. GPT-CORVA
achieves the highest unit accuracy across all meth-
ods. Qwen, Phi, and Llama all perform substan-
tially below Mistral and GPT across all three met-
rics.

E LLM Selection

We also computed the F1 and accuracy for all
five models: Mistral, GPT, Qwen, Phi, and Llama,
shown in Figure 5. The description of each model
can be found in Appendix C. We have recorded the
inference time and token cost for all five models
across different stage strategies, as listed in Tables 6
and 7, respectively. The definitions of the models
and strategies can be found in Appendix C. Each
result is reported in terms of average (Avg), stan-
dard deviation (Std), minimum (Min), maximum
(Max), and median (Med).

Figure 5: Average performance of each model

Mistral achieves the highest and most consistent
performance across both metrics, indicating sta-
ble performance across stages. GPT shows strong
tuple accuracy (median approximately 0.50) but
greater variance in both metrics, reflecting its sensi-
tivity to prompting strategy. Qwen, Phi, and Llama
all perform substantially below Mistral and GPT,
with median F1 and accuracy below 0.25 across
all stages. Notably, Qwen and Llama exhibit low
tuple accuracy despite moderate F1 in some stages,
suggesting that while they may identify Drug-PK
pairs, they struggle to extract correct values and
units consistently. Phi shows relatively low vari-
ance, indicating consistent performance regardless
of the prompting stage.

Table 6 reports inference time per sample in
seconds. Overall, inference times remain prac-
tical across all models and stages, confirming
that CORVA’s additional reasoning and validation
steps do not incur prohibitive overhead. Mistral is
marginally faster than GPT and substantially faster

Table 6: Inference time for each model.

Method Avg (s) Std (s) Min (s) Max (s) Med (s)
Mistral-implicit 0.41 0.14 0.26 0.74 0.37
Mistral-rule-based 0.48 0.21 0.24 0.88 0.43
Mistral-procedural 0.73 0.80 0.29 3.57 0.40
Mistral-CORVA 0.93 0.88 0.25 3.40 0.56
GPT-implicit 0.76 0.31 0.50 1.55 0.64
GPT-rule-based 0.83 0.40 0.48 2.10 0.69
GPT-procedural 1.18 0.77 0.59 3.33 0.90
GPT-CORVA 0.88 0.30 0.56 1.46 0.75
Qwen-implicit 0.24 0.31 0.09 2.48 0.10
Qwen-rule-based 0.31 0.32 0.16 2.77 0.19
Qwen-procedural 1.18 0.80 0.23 11.21 1.16
Qwen-CORVA 0.26 0.29 0.15 2.53 0.16
Phi-implicit 0.60 0.55 0.13 3.54 0.41
Phi-rule-based 1.47 1.13 0.21 3.40 1.12
Phi-procedural 1.68 1.29 0.33 5.37 1.29
Phi-CORVA 1.68 1.34 0.20 6.07 1.37
Llama-implicit 0.23 0.50 0.09 10.58 0.10
Llama-rule-based 1.07 2.19 0.19 9.90 0.39
Llama-procedural 1.00 0.76 0.12 8.68 0.93
Llama-CORVA 1.28 2.20 0.16 9.74 0.61

Table 7: Total token cost for each model.

Method Avg Std Min Max Med
Mistral-implicit 300.29 49.59 251 424 280
Mistral-rule-based 367.18 59.68 309 476 341
Mistral-procedural 326.65 91.38 246 509 275
Mistral-CORVA 426.76 111.95 323 681 368
GPT-implicit 276.53 34.87 239 344 267
GPT-rule-based 349.35 52.10 299 486 327
GPT-procedural 308.53 87.30 237 541 270
GPT-CORVA 360.53 46.42 311 459 349
Qwen-implicit 167.01 39.57 131 662 157
Qwen-rule-based 400.62 39.82 365 902 391
Qwen-procedural 285.46 42.78 235 891 276
Qwen-CORVA 351.84 38.76 317 849 343
Phi-implicit 204.11 51.99 149 549 195
Phi-rule-based 506.55 62.47 423 618 501
Phi-procedural 356.17 58.91 276 683 344
Phi-CORVA 464.30 71.41 372 683 457
Llama-implicit 185.61 39.77 153 857 177
Llama-rule-based 443.68 79.45 387 925 419
Llama-procedural 304.57 38.19 250 762 298
Llama-CORVA 404.23 77.00 339 883 383

than Phi and Llama, with Mistral-CORVA and GPT-
CORVA achieving comparable times (median 0.56s
vs. 0.75s). Qwen is the fastest overall but delivers
the weakest extraction quality, while Phi and Llama
exhibit higher variance and occasional instability
in generation length. Mistral offers the best trade-
off between extraction performance and inference
efficiency.

The total token cost per sample is listed in Ta-
ble 7. Mistral-CORVA consumes an average of
426.76 tokens, a moderate increase over Mistral-
implicit, reflecting additional reasoning paths. The
higher variance of Mistral-CORVA (111.95) is at-
tributable to more complex implicit cases requir-
ing longer reasoning paths. Token cost across
CORVA variants is broadly comparable across
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models, while Phi incurs the highest consumption
yet delivers among the weakest extraction perfor-
mance. Mistral-CORVA achieves the best extrac-
tion performance at a competitive token cost, con-
firming it as the most efficient and effective config-
uration overall.

Overall, Mistral demonstrates the most stable
and consistent performance across all stages, mak-
ing it the most suitable model for illustrating the
effect of each pipeline component.

F CORVA Validation Specifics

Each constraint checks an extracted tuple
(P, V, U), i.e., parameter, value, unit, given the
drug’s administration context.

• Parameter–unit consistency. Each param-
eter admits only certain units: Tmax require
time units (e.g., h,min); Cmax requires con-
centration units (e.g., ng/mL); Area under
concentration curve requires concentration
and time (ng·h/mL). Impossible pairings are
flagged as invalid.

• Route–absorption consistency. Some pa-
rameters are route-specific. For intravenous
administration, absorption is bypassed, and
Tmax or ka are undefined. Any extracted tu-
ple asserting an absorption parameter for an
intravenous formulation is therefore flagged
as invalid.

• Numeric validity. The value must be present,
parseable, non-negative, and within range (e.g.
bioavailability should be within [0, 1]).

• Tuple completeness. Parameter, value, and
unit must all be present (unit exempt for di-
mensionless parameters). Partial tuples are
counted as invalid.

Sj in Equation 2 is the proportion of fully valid
tuples and multiplies the path’s likelihood in Stage
4 selection, so better-validated reasoning is pre-
ferred. Because these check pharmacological plau-
sibility rather than surface form, they are effective
at filtering confident-but-wrong outputs in the im-
plicit setting, where no surface span anchors the
extraction.
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