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Natural language processing (NLP) is a branch of artificial intelligence, which combines computational linguistics,
machine learning, and deep learning models to process human language. Although there is a surge in NLP

usage across various industries in recent years, NLP has not been widely evaluated and utilized to support drug
development. To demonstrate how advanced NLP can expedite the extraction and analyses of information to help
address clinical pharmacology questions, inform clinical trial designs, and support drug development, three use cases
are described in this article: (1) dose optimization strategy in oncology, (2) common covariates on pharmacokinetic
(PK) parameters in oncology, and (3) physiologically-based PK (PBPK) analyses for regulatory review and product
label. The NLP workflow includes (1) preparation of source files, (2) NLP model building, and (3) automation of
data extraction. The Clinical Pharmacology and Biopharmaceutics Summary Basis of Approval (SBA) documents,
US package inserts (USPI), and approval letters from the US Food and Drug Administration (FDA) were used as

our source data. As demonstrated in the three example use cases, advanced NLP can expedite the extraction and
analyses of large amounts of information from regulatory review documents to help address important clinical
pharmacology questions. Although this has not been adopted widely, integrating advanced NLP into the clinical
pharmacology workflow can increase efficiency in extracting impactful information to advance drug development.

Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE
TOPIC:?

V] Natural language processing (NLP) is commonly used and
is embedded in various aspects of our lives. However, NLP
has not been widely evaluated and utilized to support drug
development.

WHAT QUESTION DID THIS STUDY ADDRESS?

V] This work demonstrated how advanced NLP can be lever-
aged to expedite the extraction and analyses of information
for a few case examples in clinical pharmacology: (1) What is
the trend for dose optimization in oncology? (2) What are the
common covariates on pharmacokinetic (PK) parameters in
population PK analyses for oncology drugs? (3) How frequent
are PBPK analyses used to support regulatory submissions or
labeling recommendations?

The field of natural language processing (NLP) started in the 1940s,
combining computer science with artificial intelligence (AI) to ex-
tract pertinent information efficiently and accurately from large
amounts of natural language data. NLP has become increasingly

WHAT DOES THIS STUDY ADD TO OUR
KNOWLEDGE?

V] Advanced NLP is a powerful tool which can be leveraged to
further support drug development by summarizing trends that
could aid in performing risk-benefit assessments, informing
clinical trial designs, monitoring pharmacovigilance and post-
marketing surveillance, and facilitating steps toward personal-
ized medicine.

HOW MIGHT THIS CHANGE CLINICAL PHARMA-
COLOGY ORTRANSLATIONAL SCIENCE?

4| Integrating advanced NLP into the clinical pharmacology
workflow has the potential to increase efficiency in extracting
impactful information that could ultimately optimize drug
development.

ubiquitous and is embedded in various aspects of our daily lives, rang-
ing from spell/grammar checks, online translators, search engines,
and chatbots. Despite the surge in usage in recent years, NLP has not
been widely evaluated and utilized to support drug development.”™
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The US Food and Drug Administration (FDA) has made a
vast amount of documents from drug approval packages available
to the public.5 Several publications have manually mined these
publicly available data. For example, Shi ez al® extracted evidence
from drug labels to provide a resource for physicians on how to
use drug products for treatment. Lu ez al reviewed the Clinical
Pharmacology and Biopharmaceutics Summary Basis of Approval
(SBA) documents and drug labels for oncology new molecular en-
tities (NMEs) to summarize learnings about approved doses in the
drug label and their relationship with postmarketing requirements
or commitments (PMRs/PMCs).

The SBA documents and drug labels contain valuable informa-
tion that can be leveraged to support molecules under development
and future strategic direction in drug development. However, man-
ually summarizing these large documents can be time-consuming,
which may deter scientists from using them for evidence syntheses.
Even if manual curation is conducted, the process can still be te-
dious, time-consuming, and error-prone. Fortunately, NLP offers
an opportunity to analyze unstructured text and enable efficient
and accurate extraction of key information. By leveraging machine/
deep learning technologies, advanced NLP can be trained to (1)
retrieve relevant sentences with evidence using text classification
(TC),} (2) recognize scientific evidence in key phrases or keywords
by named entity recognition (NER), and question answering
(QA),” and (3) extract entity relationships, such as the identifica-
tion of adverse drug events by relationship extraction (RE)."’ With
advanced training, NLP can efficiently and accurately survey large
amounts of data, refine the most important items, and structure
the data to allow for interpretation and further analyses.

Advanced NLP can be leveraged to expedite the extraction and
analysis of information to help address an array of clinical phar-
macology questions, inform clinical trial designs, and support
drug development. To demonstrate how advanced NLP can be
leveraged to support drug development, the following three clin-
ical pharmacology use cases were selected as there was information
previously curated manually,” > which was ideal for NLP model
development and assessment:

1. Dose optimization strategy in oncology: The dose optimi-
zation strategy was assessed for 112 NME applications for
oncology drugs approved by the FDA from 2010 through
the third quarter (Q3) of 2020. Data sources included the
clinical pharmacology and biopharmaceutics SBA review doc-
uments, US package inserts (USPIs), and approval letters.
The objectives were to summarize the dose selection rationale
for registrational trials, the relationship between maximum
tolerated dose (MTD) and the final label dose, the exposure-
response (E-R) analyses conducted to support the optimal
dose, and whether dose optimization-related PMRs/PMCs
for NME applications are common for oncology drugs.

2. Common covariates on pharmacokinetic (PK) parameters in
oncology: Significant covariates identified by the population
PK (PopPK) analysis were assessed for NME oncology drugs
approved from 2010 through Q3 of 2020 by the FDA. The
effect of covariates on PK parameters summarized in SBA
review documents and USPI were evaluated, and the most
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commonly used covariates were identified for both large and
small molecules.

3. Physiologically-based PK (PBPK) analyses for regulatory re-
view and product label: The impact and use of PBPK analy-
sis to support NME applications were surveyed for NME that
were approved by the FDA from 2013 through Q3 of 2020.
Among the 328 NME across therapeutic areas, 72 approved
drugs were identified to contain PBPK analysis results in the
drug approval package, and their SBA review documents and
USPI were evaluated.

METHODS

In-house NLP tool: Highlighting Annotation Web Kit

The NLP Text Highlighting and Annotation Web Kit (HAWK) is a
customized Al tool that uses advanced deep learning NLP models and
custom document-specific processing pipelines to retrieve and annotate
documents more efficiently. In addition, HAWK also allows users to: (1)
manually annotate evidence in a user-friendly interface, which enables
quick generation of training data for NLP models and (2) implement
final review of NLP result and approval by a domain expert, which is a
crucial step to ensure the quality of the data for NLP model building as
well as injection into downstream informatics systems.

Data preparation

To prepare the data for the NLP workflow (Figure 1), drug candidates
were manually curated from the FDA website on NME drugand new bi-
ologic approvals."? Using New Drug Application numbers for those drug
candidates, PDFs of the original SBA review documents, druglabels, and
approval letters were systematically downloaded from the FDA website
and fed into HAWK for data preprocessing and extraction.

In this workflow, SBA review documents, drug labels, and approval
letters for 149 drug candidates approved between 2010 and Q3 of 2020
were prepared for the use cases described in this article. Among 149 drugs,
112 oncology drugs were assessed for their dose optimization strategy and
common covariates on PK parameters. For the PBPK analyses use case, a

total of 72 drugs (23 non-oncology and 49 oncology drugs) were analyzed.

Data preprocessing

Data conversion. Document processing starts with conversion of files
from PDF to HTML format using Abbyy Finereader, which uses optical
character recognition on the input PDF file to infer an HTML struc-
ture.'* This step yields files where the text, tables, and figures from the
original document are organized into an HTML tree, complete with
properties for each node, such as an inferred font size, font weight, inden-
tation, etc. This HTML file is the entry point for all document process-
ing because contents of HTML files are organized and easily accessible.

Section extraction. To begin the process of information retrieval, doc-
uments are automatically pruned to only include text that is likely to
contain key information. For example, when extracting information on
exposure-cfficacy (EE) relationships, the document is parsed to identify
sections of text that are likely to contain EE-related information. All
other sections are not processed. This step is referred to as “section ex-
traction.” The motivation behind this method is that documents can be
large, and preselecting sections of text for processing can improve perfor-
mance and speed.

Scientific documents are often organized into labeled sections, so an
intuitive approach to identify relevant information would be to split a
document into sections and select sections that have related labels. This
is the foundation of our section extraction. We devised a set of rules to
parse the HTML tree and identify section headers.
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Figure 1 Overview of NLP workflow. The NLP workflow includes three components: (1) data preparation for collecting PDF files from the FDA
website, (2) data preprocessing for NLP model building, and (3) automated data extraction from tables and text for final review. E-R, exposure-
response; FDA, US Food and Drug Administration; NLP, Natural language processing; PMR/PMC, postmarketing requirements or commitments;

SBA, summary basis of approval.

Data extraction Question answering. Some metadata fields, such as
MTD, are less likely to be reported in a consistent fashion and are often
contained within the text of the document itself. In these cases, the pat-
tern matching approach is inadequate and an NLP approach is needed.”
QA is a common NLP task in deep learning, which involves providing a
question to a trained deep learning model, as well as providing a body of
text (also referred to as “context”) that potentially contains the answer.
In this task, a pre-trained BioBERT QA model from Huggingface was
used.'® The model processes the context and extracts the span of text
that it calculates to most likely contain the answer to the question. For
example, to extract information on MTD, the QA model will identify
all paragraphs containing MTD-related information. Subsequently, the
extracted paragraphs are used as the context for the question: “What is
the maximum tolerated dose or MTD related to dose selection?”

Text classification. Machine learning methods were used to automati-
cally annotate sentences for categories of interest, and labeled data were
required to train the model to annotate. The categories of interest, which

are related to dose selection, include EE analysis, exposure-safety (ES)
analysis, PMR, and PMC.

¢ Acquiring labeled data: Training data were collected by manually
annotating key sentences for categories of interest from a collection
of documents. The output of this step is a CSV file for each cate-
gory, with columns containing each sentence from the document
that is extracted for that particular category, the document name,
and the sentence label. Sentences are labeled 1 if they are annotated
and 0 if they are not. For each category, 41 out of 112 documents
were manually annotated, resulting in several thousand sentence
samples and labels per category.

e Training TC models: The labeled sentences were then used to train
machine learning models to perform automatic annotation in a way
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that mimics how humans would annotate a document. The specific
model architecture used was a variant of the popular BERT archi-
tecture called ERNIE-BERT.Y In our case, a separate model was
trained for each category.

e Predictingannotations on new documents: Once a model is trained
for cach category, they could be used to predict annotations of
new documents to enable automatic annotation. Given a batch
of unannotated documents, a python script could be executed to
extract sections for each category, split the section into individual
sentences, and subsequently predict whether the sentence should be
annotated. The output of this step is the same as the output of a
manually annotated document, which is a .json file containing all
annotated sentences.

Details of the NLP workflow are described in Methods S1.

RESULTS

Dose optimization strategy in oncology

Lu ez al’ conducted a comprehensive survey of the label dose
for NME applications for oncology drugs approved by the FDA
from 2010 through Q1 of 2015. Using clinical pharmacology
and biopharmaceutics SBA review documents, USPI, and ap-
proval letters, a total of 41 oncology drugs were manually cu-
rated. The dose optimization use case highlights the advantage
of leveraging an advanced NLP platform to extract and summa-
rize the dose selection rationale for registrational trials, the rela-
tionship of the MTD and the final label dose, the PMR or PMC
related to dose optimization activities, and typical E-R analysis
conducted for oncology drugs approved by the FDA from 2010
through Q3 of 2020.
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To enable NLP for automatically extracting the evidence for
EE analysis, ES analysis, and PMR/PMC related to dose selec-
tion, three NLP models (model 1 for EE, model 2 for ES, and
model 3 for PMR/PMC) were used. The 41 drugs surveyed by
Lu et al.” were used to train the models as the first step. Among
the 41 drugs, we identified 29 positive sentences for EE, 147
positive sentences for ES, and 68 positive sentences for PMR/
PMC. Subsequently, three TC models were developed to enable
automated extraction of sentences containing evidence of E-R
analyses for safety and efficacy and postmarketing requirements
related to dose optimization activities for NME applications for
oncology drugs approved by the FDA from the second quarter
(Q2) of 2015 through Q3 of 2020. In addition, QA was applied
to the paragraphs containing MTD evidence, and sentences con-
taining evidence on the relationship of the MTD and the final
label dose were identified.

Summary. A total of 112 NME applications for oncology drugs
were approved by the FDA from 2010 through Q3 of 2020, 71
of which were approved after Q1 of 2015. Drug development in
oncology using MTD was common; 33% proposed the MTD
as the labeled drug dose, of which 86% were small molecules
(Table 1). Of those oncology drugs that proposed the MTD
as the labeled drug dose, 27% (10/37) had a PMR or PMC
issued for dose optimization activities. For those drugs where
the MTD was not identified or was not proposed as the labeled
drug dose, 84% (63/75) conducted E-R analyses to support
the dose rationale. Approximately 15% of the oncology drugs
approved between 2010 and Q3 of 2020 were issued PMR or
PMC to identify any alternative dose which may confer a better
risk—benefit profile.

The number of small and large molecule oncology drugs that
were approved from Q2 of 2015 to Q3 of 2020 almost doubled
compared with those approved between 2010 and QI of 2015
(Table 1). In addition, the number of oncology drugs that were
granted accelerated approval (AA), breakthrough therapy (BT),
fast track (FT), or orphan drug (OD) designation between Q2 of
2015 to Q3 of 2020 more than doubled compared with those ap-
proved between 2010 and Q1 of 2015 in cach category (Table 2).
Of the oncology drugs that were granted AA, BT, FT, or OD
designation from 2010 through Q3 of 2020, the percentage of ap-
proved drugs that were issued PMR or PMC related to dose justifi-
cation or optimization decreased under each designation category
after Q1 of 2015 compared with that from 2010 through Q1 of
2015 (Table 2).

Compared with results presented in Lu etal. the NLP approach
was able to come to the same conclusion regarding the trends in the
MTD dosing approach and PMRs/PMC:s related to dose optimi-
zation for oncology NMEs approved from 2010 through Q3 of
2020. Detailed results for the dose optimization use case are sum-
marized in Table S1.

Common covariates on PK parameters in oncology

To our knowledge, a comparison of PopPK covariates for
small and large oncology molecules has not been summarized.
This use case builds on a previous study by Bajaj ez al" which
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Table 1 Statistics and categorization of approved oncology drugs from 2010 through Q3 of 2020

Large molecule

Small molecule

MTD
proposed as

MTD
proposed as

label dose
(%) [# of drug

label dose
(%) [# of drug

with MTD
proposed
as label
dose/total
# of large
molecules
approved
during each

with MTD
proposed
as label
dose/total
# of small
molecules
approved
during each

Others
(radioactive

Others

therapeutic

agent and
chemotherapy)

Non-Kl small

(enzyme
and fusion
protein) (n)

Antibody drug

molecule

Monoclonal
antibodies (n)

conjugates

targeted

time frame]

Total (n)

(n)

(n) Total (n) time frame]

drugs (n)

TKls (n)

23% [3/13]

13

2

64% [18/28]

28

16

01 2010 - Q1

2015

10% [2/20]

20

10

9

27% [14/51]

51

17

Q22015-Q3

2020

15% [5/33]

33

11 19

40% [32/79]

79

25

46

Q12010-Q3

2020

MTD, maximum tolerated dose; Non-Kl, non-kinase inhibitor; Q1/2/3, quarter 1/2/3; TKI, tyrosine kinase inhibitors.
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Table 2 Summary of drugs that have a PMR or PMC related to dose optimization across different designations

Types of approval

AAs (# of drug with AA
that has a PMR related
to optimal dose/# of AA

BT (# of drug with BT
that has a PMR related
to optimal dose/# of BT

FT (# of drug with FT
that has a PMR related
to optimal dose/# FT of

OD (# of drug with OD
that has a PMR related
to optimal dose/# of OD

drugs) drugs) drugs) drugs)
Q1 2010 - Q1 2015 2/11 (18%) 4/16 (25%) 1/11 (9%) 3/18 (17%)
Q2 2015 - Q3 2020 3/30 (10%) 4/39 (10%) 1/27 (4%) 4/54 (7.0%)
Q1 2010 - Q3 2020 5/41 (12%) 8/55 (15%) 2/38 (5%) 7/72 (10%)

AA, accelerated approvals; BT, breakthrough therapy; FT, fast track; OD, orphan drug; PMC, post marketing commitments; PMR, post marketing requirements;

Q1/2/3, quarter 1/2/3.

manually curated PopPK covariates for 25 monoclonal antibod-
ies in the oncology space. Here, we present findings from 82
NME applications for oncology drugs (53 small and 29 large
molecules) which were approved by the FDA between 2010 and
Q3 0f2020. In this use case, NER and RE were utilized to iden-
tify which covariates affect different PK parameters. In addi-
tion to the relationship between PK parameters and covariates,
the statistical and clinical significance of these relationships
were extracted and assessed.

Summary. Using our NLP technologies (NER and TC) for mining
SBA documents via HAWK, the covariates were extracted for the
82 oncology NME:s that have PopPK information. The three most
common covariates identified for both large and small molecules
are body weight, albumin, and sex (Figure 2). Approximately 20%
of the large molecules evaluated mention the impact of body weight
on exposure (Figure 3). Creatinine clearance, age, body surface
area (BSA), and race are common covariates for small molecule
drugs but not as common for large molecule drugs (Figure 3).
Clearance appears to be the PK parameter that is most affected by
the identified covariates, followed by volume (Figure 3).

PBPK analyses for regulatory review and product label

With increasing use of PBPK modeling in drug development, the
impact of PBPK on regulatory reviews and drug labels was pre-
viously evaluated by Yoshida ez al’* for NMEs approved from
January 2013 through August 2016. The current use case extends
this work to survey the inclusion of PBPK modeling in the clini-
cal pharmacology and biopharmaceutics SBA review documents
for drugs approved between 2013 and Q3 of 2020. Using the
NLP approach, a total of 72 drugs which included PBPK-related
keywords were identified from QI of 2013 to Q3 of 2020. The
keywords utilized include terms and synonyms related to PBPK
applications (e.g., Simcyp, GastroPlus, Physiolab, etc.), PK param-
eters (e.g., area under the curve (AUC), clearance (CL), maximum
concentration (C__ ), etc.), and Enzyme/Transporter names (e.g.,
CYP3A4, UGTI1AL, etc.).

Among the 72 drugs, 27 were utilized as the training dataset to
train the TC models (17 between January 2013 and August 2016
and 10 between 2017 and Q3 2020)."* HAWK was used for man-
ual annotation to identify different categories of information on
“Detail of PBPK Predicted Scenarios,” “PBPK Simulation Result,”
“Impact/outcome on drug label,” and “Dataset or strategy for
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model development/validation,” which lead to the identification
of 150, 233, 147, and 163 positive sentences, respectively, for these
four TC models. Automatic extraction using the 4 developed TC
models was then performed for the remaining 45 drugs.

Summary. As shown in Figure 4, the leading use for PBPK models
is for predicting the effect of metabolic enzyme and/or transporter
mediated drug—drug interactions (DDI), followed by predicting
absorption and evaluating the effects of organ impairment. The
number of PBPK applications increases over the years across all
arcas (Figure 4). This increase could be attributed to the ongoing
efforts in the field for PBPK model verification in comparison to
those prior to 2016.132°

DISCUSSION

Dose optimization strategy in oncology

Historically, the dosing strategy for oncology drugs relied heavily
on the identification of the MTD to deliver safe and efficacious
treatments quickly to patients with cancer who oftentimes have
limited treatment options. It was believed that dose and thera-
peutic effect are linked. Therefore, the MTD would provide the
greatest therapeutic benefit, and using MTD as the labeled dose
would provide the fastest development path. However, dose op-
timization remains a major challenge today for the development
of oncologic therapeutics due to disease heterogeneity, additive
toxicity from combination therapy, and drug response variability,
among many other factors.

Between 2010 and Q1 of 2015, ~50% (21/41) of the approved
oncology drugs had proposed label dose at MTD, of which 43%
(9/21) had a PMR or PMC related to dose justification or optimi-
zation, including clinical trials to study alternative doses to the ap-
proved label dose, or to conduct additional E-R analyses to justify
the label dose.” These PMRs or PMCs suggested that the MTD
approach was inadequate to find the optimal dose. The more re-
cent trend appears to move away from developing drugs at MTD,
as only 23% (16/71) of oncology drugs approved between Q2 of
2015 and Q3 0f 2020 proposed the MTD as the labeled drug dose.
Not only was there a decrease in the number of drugs approved
at MTD as labeled dose, the percentage of drugs that were issued
a PMR or PMC related to dose justification or optimization also
decreased (2010-Q1 of 2015: 27% (11/41), Q2 of 2015-Q3 of
2020: 8% (6/71)). Morcover, although the number of oncology
drugs that were granted AA, BT, FT, or OD designation more
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Figure 2 Percent of molecules with covariates included on PK parameters to explain variability using PopPK analyses for oncology drugs
approved by the FDA between 2010 and Q3 of 2020, by molecular size. ALB, albumin; ALT, alanine transaminase; AP, alkaline phosphatase;
AST, aspartate aminotransferase; BILI, bilirubin; BSA, body surface area; BWT, body weight; CRCL, creatinine clearance; ECOG, Eastern
Cooperative Oncology Group performance status; FDA, US Food and Drug Administration; IGG, immunoglobulin G; PK, pharmacokinetic;

PopPK, population pharmacokinetic; PPI, proton pump inhibitor.

than doubled between Q2 02015 and Q3 of 2020, there was a de-
creasing trend in the PMRs or PMCs issued in each category that
were related to dose optimization. This may be attributed to the
increased utilization and integration of the model-informed drug
development (MIDD) approach.”

With the launch of Project Optimus, an initiative to reform and
improve dose optimization and selection in oncology drug devel-
opment, by the FDA Oncology Center of Excellence in 2021, there
are additional opportunities to move toward a dose optimization

CLINICAL PHARMACOLOGY & THERAPEUTICS | VOLUME 115 NUMBER 4 | April 2024

paradigm that emphasizes selection of a dose or doses that maxi-
mizes the efficacy, safety, and tolerability of a drug.

Common covariates on PK parameters in oncology

NLP allows for systematic and efficient identification of covariates
that are repeatedly identified as being significant across large and
small molecule drugs. Our findings are consistent with previously
published work by Bajaj ez al.'" which also identified body weight,
sex, and albumin as significant covariates on CL, body weight, and
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Figure 3 Percent of molecules with covariates included on PK parameters to explain variability using PopPK analyses for oncology drugs
approved by the FDA between 2010 and Q3 of 2020, by PK parameter and by molecular size. ALB, albumin; ALT, alanine transaminase; AP,
alkaline phosphatase; AST, aspartate aminotransferase; BILI, bilirubin; BSA, body surface area; BWT, body weight; CRCL, creatinine clearance;
CL, clearance; ECOG, Eastern Cooperative Oncology Group performance status; FDA, US Food and Drug Administration; IGG, immunoglobulin

G; PK, pharmacokinetic; PopPK, population pharmacokinetic; V, volume.

sex as significant covariates on volume (Figure 3). Comparing the
covariates for large and small molecules, there is an overlap for cer-
tain covariates, such as body weight, albumin, and sex. However,
there is also a large number of covariates consistently identified for
small molecules (compared with large molecules) such as creati-
nine CL, age, food effect, use of proton pump inhibitors, and race,
all of which are factors and variables considered and accounted for
during development of small molecule drugs (Figure 2). Finally,
as expected, these covariates are found to have an impact on CL,
in line with how age, kidney function, BSA, and race may affect
drug climination (Figure 3).

The use case presented here summarizes significant covariates
across 82 small and large molecule oncology drugs (53 small and
29 large molecules) approved between 2010 and Q3 of 2020.
These findings have great utility in informing the design of future
clinical trials as well as help make strides toward personalized med-
icine. With respect to the former, this work can help inform what
type of data should be collected in future clinical studies, how pa-
tients may need to be stratified, and/or which inclusion/exclusion
criteria should be implemented to ensure a wide range of patients
are enrolled to allow assessment of a covariate of interest (i.e., obese
vs. non-obese patients because weight is consistently a significant
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Figure 4 Areas of physiologically-based pharmacokinetic (PBPK) application for drugs approved by the US Food and Drug Administration
between 2013 and Q3 of 2020. DDI, drug—drug interaction; w/, with; NME, new molecular entities.
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covariate across large and small molecules). Additionally, using
NLP to systematically identify which covariates consistently have a
significant and/or clinical impact on drugabsorption, distribution,
exposure, and/or elimination across various large and small mole-
cules help us make strides toward personalized medicine.

PBPK analyses for regulatory review and product labels
PBPK models have increasingly been used in regulatory sub-
missions in recent years, especially for labeling recommenda-
tions.”* 2% Consistent with the previous evaluation by Yoshida ez
al.,'* the regulatory impacts of PBPK analysis mainly focus on the
assessment of potential metabolism-based DDI and absorption-
related PK changes for NMEs that were approved between August
2016 and Q3 of 2020. It is worth noting that there is an increase
in the number of NME:s for which PBPK analyses were included
in the submissions, especially from 2016 through 2020. This may
be attributed to the increased utilization and integration of the
MIDD approaches in recent years. In addition, the accumulated
experiences in PBPK analyses over the years has likely helped to
establish the level of confidence that is required to inform regula-
tory decisions.”

Challenges and future opportunities

While we have demonstrated several advanced NLP use cases to ad-
dress clinical pharmacology questions efficiently, there are several
challenges. First and foremost, postprocessing steps are required
to organize information extracted by NLP methods to produce
interpretable and meaningful results. Without any postprocess-
ing, the raw output from NLP lacks sufficient structure for direct
analysis and interpretation. Second, it is essential to provide spe-
cific terminologies in order to extract data that is tailored for each
search. Otherwise, the results extracted by NLP will likely be too
broad and may not be useful or meaningful. Third, when the topic
of interest includes multiple terminologies, it may be challenging
to extract complete information if not all synonyms are provided.
For example, “exposure-response” can be written as “exposure-
efficacy,” “exposure-safety,” “exposure-cfficacy/safety,” or “ER,” to
name a few. For terms that lack standardization, it is important to
include alternative phrases or wording to ensure extraction of per-
tinent information. Last, text included in figures and tables cannot
be mined due to differences in formatting for each figure and table.
This is a challenging task for current NLP technologies, as valu-
able information could reside in the figures and tables. Potentially,
this can be resolved by using a novel Large Language Model (LLM)
built specifically for figures and tables. Although LLM can provide
an efficient way for information retrieval from unstructured docu-
ments, it is also not fully matured yet. It still relies highly on asking
specific questions and providing well-crafted prompts.

As demonstrated in the use cases, advanced NLP can be lever-
aged to expedite the extraction and analyses of information from
regulatory review documents and product labels to help address
important clinical pharmacology questions. Once an NLP model
is developed, it can be used to address various questions. Going
forward, close collaboration between Clinical Pharmacologists
and Computational Scientists are needed to apply NLP effec-
tively into the Clinical Pharmacology workflow to help advance

CLINICAL PHARMACOLOGY & THERAPEUTICS | VOLUME 115 NUMBER 4 | April 2024

drug development. Expanding the NLP platform, such as includ-
ing PubMed abstracts/papers, journals and conference abstracts
included in Embase and the University of Washington’s Drug
Interaction Database, will further enhance its ability to mine valu-
able information. There are other FDA resource-derived databases,
such as Side Effect Resource (SIDER)/SIDER? for adverse events
that could also be integrated into clinical pharmacology analysis if
warranted. Although it has not yet been adopted widely, advanced
NLP is a very powerful tool to further support drug development
by summarizing trends that could aid in performing risk-benefit
assessment, informing clinical trial designs, monitoring pharma-
covigilance and postmarketing surveillance, and facilitating steps
toward personalized medicine. Hence, integrating advanced NLP
into the clinical pharmacology field has the potential to increase ef-
ficiency in extracting impactful information that could ultimately
optimize drug development and lower costs to patients.

SUPPORTING INFORMATION
Supplementary information accompanies this paper on the Clinical
Pharmacology & Therapeutics website (www.cpt-journal.com).
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