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Abstract. Unstructured text data are valuable but underutilized resources in analytics due
to the lack of reliable, scalable, and cost-effective extraction methods. The growing use of
large language models (LLMs) is increasing the demand for clean input data from such
sources, yet users lack practical guidance on incorporating these models into analytical
workflows. We introduce the programmatic building blocks for working with LLMs in
analytics pipelines, including API-based deployment, structured outputs, temperature
control, multimodal processing, and cost-effective model selection. We then construct an
end-to-end pipeline that transforms unstructured PDF documents into structured,
analysis-ready JSON data. Using U.S. Food and Drug Administration Advisory Committee
transcripts as a running example, we demonstrate a two-stage approach: vision-based text
extraction followed by LLM-driven text structuring. Throughout, we emphasize transfer-
able design principles, including task decomposition and parameter control. We show
how the resulting structured data enables quantitative analysis that would not be feasible
on the raw source documents. Using extracted speaker-statement pairs, we compute
speaker-level word counts and sentiment scores, illustrating how these features can charac-
terize stakeholder dynamics in regulatory deliberations. More broadly, the pipeline provides
an extensible framework for converting unstructured documents into inputs suitable for fore-
casting, classification, or decision-making applications. All code is publicly available.

History: This paper was refereed.
Supplemental Material: The online appendix is available at https: //doi.org/10.1287/inte.2026.0314.

Keywords: LLM - data cleaning « data preparation « natural language processing

Introduction

Recent advances in large language models (LLMs)
expand access to natural language processing for ana-
lytics practitioners. At the same time, the volume of
unstructured text data, such as verbatim meeting tran-
scripts, online product reviews, and patient medical
records, has proliferated. Converting these sources
into structured, machine-readable formats is a neces-
sary but often burdensome step in analytics pipelines.
Existing extraction approaches, such as regular expres-
sions, require extensive manual configuration and
are sensitive to document variations. Common arti-
facts in formats like PDFs, such as inconsistent lay-
outs, embedded headers and footers, and poor
digitization quality, further complicate extraction.
Consequently, traditional pipelines are difficult to
scale, and extraction errors often propagate through-
out the analytical workflow, undermining model

validity and reproducibility.

LLMs represent a promising development, because
they can process unstructured natural language
inputs and generate structured, analysis-ready outputs.
Despite growing interest in LLMs across various appli-
cations (Bray 2025, Li et al. 2025, Cohen et al. 2026), there
is a lack of practical guidance on effectively incorporat-
ing these models into production-level analytical
workflows. Recent evidence indicates that LLMs are
highly sensitive to minor input variations (Mohammadi
2024, De Kok 2025), reinforcing the analytics principle
that poor-quality inputs inevitably yield unreliable out-
puts. Although recent methodological work (Schilling-
Wilhelmi et al. 2025) formalizes the use of LLMs for text
extraction and transcription (Humphries et al. 2025),
practitioners still require practical guidance on stan-
dardizing these outputs for quantitative analytics and
ensuring rigorous validation and responsible inte-
gration of LLMs into analytics pipelines (Wasserkrug
2026).
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In this tutorial, we present an end-to-end framework
for transforming raw, unstructured documents (e.g.,
PDFs) into structured data formats (e.g., JSON) that can
directly support analytical workflows and decision
making. Across industries, valuable information rele-
vant to organizational decisions is locked in unstruc-
tured text sources such as meeting transcripts (Wu
2024, De Kok 2025), open-text surveys (Bumblauskas
et al. 2022), procurement documents (Li et al. 2025),
maintenance reports (Wasserkrug et al. 2019), and regu-
latory filings (Zhu et al. 2025, Zhalechian et al. 2026).
We demonstrate our framework using publicly avail-
able U.S. Food and Drug Administration (FDA) Advisory
Committee transcripts. These documents are verbatim
records of expert deliberations that inform regulatory
decisions on drug and medical device approvals, safety
evaluations, and related conditions of use. They are valu-
able to multiple stakeholders: regulators seeking to
understand how evidence is discussed during committee
review, sponsors preparing for future submissions or
Advisory Committee meetings, researchers studying reg-
ulatory decision making, and members of the public seek-
ing transparency into decisions that affect patient safety
and treatment access.

From an analytics perspective, these transcripts
exhibit challenges common to real-world text extraction:
inconsistent formatting across transcription providers,
degraded digitization in older documents, and docu-
ment lengths that make manual processing impractical.
To analyze these deliberations systematically, an analyst
must first accurately convert the raw documents into
structured data that allows for the identification of
speaker turns and associations. These speaker-statement
pairs then enable analysts to perform further down-
stream analyses such as speaker participation and senti-
ment analysis, as well as other natural language
processing (NLP) steps that can serve as features for pre-
dicting or explaining advisory vote outcomes.

This tutorial is intended for practitioners who need to
extract and analyze information from unstructured text
sources as part of their decision-making workflows. We
use this FDA Advisory Committee setting as a running
example throughout the tutorial to show how an LLM
pipeline can be deployed in practice, by first extracting
the raw text, then structuring it into JSON, and finally
conducting downstream analysis on the structured
data, which can yield actionable insights for decision-
making. The tutorial is ideal for users who have tried
LLMs through chat interfaces and want to apply these
models in practice. We assume some familiarity with
Python and application programming interfaces (APIs),
but no prior expertise with LLM APIs specifically.

We first introduce the fundamental programmatic
building blocks of LLMs, their distinct multimodal
capabilities, and highlight practical design choices.
These choices affect the reliability and reusability of

LLM-based extraction workflows, including how to
segment long documents, define structured outputs,
and guide model behavior through prompts and
schema. We then present a step-by-step guideline for
building a comprehensive two-stage data-extraction
pipeline that transforms lengthy and irregular meeting
transcripts into a structured data format. Furthermore,
we provide practical guidance on evaluating extraction
quality against ground truth and applying the resulting
data to downstream analyses. Each stage includes
reproducible code designed for adoption across various
document types and analytical settings. In doing so, we
provide an extensible starting point for analytics practi-
tioners seeking to incorporate LLM-based document
extraction into their own analytical pipelines.’

Tutorial and LLM Building Blocks

We begin by introducing several “building blocks”
toward a programmatic approach to LLMs for analytics
tasks. We first discuss why programmatic access is
essential for repeatable analytical workflows and out-
line the main deployment options available. We then
address a core practical challenge: LLMs produce vari-
able outputs across runs, both in structure and in con-
tent, and we present techniques to enforce consistency
in each. Next, we introduce the multimodal capabilities
of recent LLMs, which allow them to process images
and documents alongside text. Finally, we discuss
model selection while managing costs, particularly
when designing multistep pipelines. We bring these
building blocks together in the following section, where
we construct an end-to-end pipeline that transforms
unstructured PDF documents into structured, analysis-
ready data.

LLM Deployment Options
Most readers will be familiar with the web, desktop, or
mobile interfaces from various LLM providers, such as
OpenAl's ChatGPT, Anthropic’s Claude, or Google’s
Gemini. Although these interfaces are effective for one-
off queries, they are not well suited for automated,
repeatable workflows required in data analytics pipe-
lines. Instead, programmatic interactions with LLMs
are preferred: sending requests and receiving responses
through code rather than a chat window. This lets us
control model behavior more precisely, process large
volumes of data automatically, and better integrate LLM
outputs directly into downstream analytics workflows.
Table 1 describes and compares the main program-
matic deployment options for LLMs. In this tutorial, we
focus on serverless inference. These services provide
access to both proprietary and open-weight models
without requiring users to manage infrastructure, mak-
ing them well suited to rapid prototyping and explor-
atory data analysis. Although usage costs can scale with
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Table 1. Programmatic Deployment Options for LLMs

Feature Serverless inference

Cloud (self-managed) Local (on-premise)

Description Send requests to a provider’s
API (e.g., OpenAl,
Anthropic); no infrastructure
required

Accessible via API; zero
infrastructure management

Setup and maintenance

Cost model Pay-per-token; approximately
usage-based scaling

Sent to third party; relies on
vendor privacy terms

Automatically managed by the
LLM provider

Proprietary frontier models and
open-weight models

Rapid prototyping and access
to frontier proprietary
models

Data privacy
Scalability
Model access

Use cases

Rent GPU instances from a

Requires managing cloud

Pay for provisioned compute
Isolated within user-controlled
Scales by provisioning
Open-weight models for self-

Deployments requiring data

Run models on owned and

cloud provider (e.g., AWS, operated physical hardware

Azure) and run models

independently

Requires managing physical
hardware, power/cooling,
OS, and model serving
runtimes

Upfront hardware cost plus
operating costs

Fully isolated on owned
physical infrastructure

Limited by physical hardware
constraints

Open-weight models

virtual infrastructure, model
serving runtimes, and
networking

(e.g., GPU instances, storage)
cloud infrastructure
additional cloud resources
hosted instances

Workloads requiring full

infrastructure and data
control

control and scaling

volume, they offer a low barrier to entry and minimal
setup. Importantly, the interaction patterns for calling
models are largely consistent across deployment
options. The primary differences lie in how models are
hosted and accessed. Cloud-based or on-premise
deployments may be preferable when greater control
over infrastructure, performance, and long—term costs
are more salient. Moreover, serverless and some cloud-
based deployment modes require transmitting docu-
ment content to a third-party provider, which may be
inappropriate or require additional safeguards. In such
settings, organizations may prefer self-managed cloud
or local deployments that provide greater control over
data access and storage. Therefore, analysts must assess
whether source documents contain personally identifi-
able information (PII), protected health information
(PHI), confidential business information, or other regu-
lated data when selecting deployment options.

For demonstration purposes, we use OpenAl GPT
models in a serverless deployment throughout the tuto-
rial. Nevertheless, the principles presented in this tuto-
rial are broadly applicable across LLM providers, and
we do not attempt to identify a single “best” model.
Accordingly, specific model names, API calls, and
parameter settings should be viewed as illustrative
implementations of the broader workflow rather than
prescriptive recommendations. Instead, we focus on the
practical challenges of managing LLM output in analyt-
ical workflows, and we provide guidance on enforcing
consistency and decomposing tasks into cost-effective,
performant pipelines.

Challenges to Consistent Outputs
By default, LLMs often generate varying outputs, even
when provided with identical instructions (i.e., “prompts”).

Achieving desired outcomes with LLMs is therefore
highly prompt dependent, and outputs can remain
sensitive to minor prompt changes (Mohammadi
2024).> This stochastic nature of LLMs produces two
forms of instability in their outputs: one in the structure
of the output and a second in the content of the output.
One can provide the same prompt multiple times, and
the output will often vary substantially, as shown in
Figure 1. Even though the answers to the question on
the FDA'’s key purposes are “similar,” the outputs dif-
fer in structure, with varied use of bullet points and
section numbers, and in content, in terms of the key
purposes and provided explanations.

This poses two main challenges for downstream data
analysis. Variations in structure are problematic because
most tools and workflows require inputs in a consistent,
predefined format, that is, consistent variables, rows,
and data types. When the output is organized differ-
ently across runs (such as switching between bullet
points, numbered lists, or prose), downstream applica-
tions might struggle (or even fail) to read in the data. As
shown in Figure 1, the first generation presents (most)
explanations as prose paragraphs, whereas the third
generation organizes them as bullet points under each
heading, requiring entirely different parsing logic to
extract the same information. Variations in content are
also problematic, because they make it difficult to distin-
guish whether differences in later analysis results stem
from the underlying data or from the LLM generating
different responses across runs. In Figure 1, the first gen-
eration identifies six key purposes of the FDA, whereas
the third generation identifies seven with different
groupings, meaning any attempt to systematically count
or compare purposes across runs would yield inconsis-
tent results.
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Figure 1. Repeated Use of the Same Prompt Produces Structural and Contextual Differences in the Generated Outputs

(a) 1st prompt generation

(b) 3rd prompt generation

— ChatGPT v

What are the FDA's key purposes?

The U.S. Food and Drug Administration (FDA) has several core
purposes centered around protecting and promoting public health. Its

key roles are:

1. Ensure safety and effectiveness of products

The FDA evaluates and regulates:

e Prescription and over-the-counter drugs
® Vaccines and biologics
* Medical devices

® Food products, cosmetics, and dietary supplements

2. Protect public health
It monitors products after they reach the market to catch safety issues,

issue recalls, and respond to health risks.

3. Provide accurate information to the public
The FDA ensures labeling is truthful and not misleading, and

communicates risks, benefits, and proper usage of products.

4. Regulate manufacturing and quality standards
It sets and enforces standards for how products are made, stored, and

distributed to ensure consistency and safety.

5. Advance innovation
The FDA helps speed up the development of new medical products (like

drugs and devices) while maintaining safety standards.

6. Oversee tobacco products
It regulates the manufacturing, marketing, and distribution of tobacco

to reduce harm, especially among youth.

In short, the FDA's mission is to make sure products people use and

consume are safe, effective, and properly labeled.

B> 6 P Lo

4 Askanything )

ChatGPT can make mistakes. OpenAl doesn't use Drexel University ChatGPT Edu workspace
data to train its models.

= ChatGPT ~

What are the FDA's key purposes?

The U.S. Food and Drug Administration (FDA) has several core
purposes centered on protecting public health. In plain terms, its key

roles are:

1. Ensure Safety of Food Supply

® Regulates most foods (except meat, poultry, and some egg
products handled by USDA)
® Oversees food labeling, additives, and contamination prevention

2. Regulate Drugs and Medical Products

e Reviews and approves prescription and over-the-counter drugs
e Ensures drugs are safe, effective, and properly labeled

® Monitors side effects after products are on the market

3. Oversee Medical Devices

® Regulates items like pacemakers, diagnostic tests, and surgical tools

® Ensures devices are safe and perform as intended

4. Control Biologics

¢ Includes vaccines, blood products, gene therapies, etc.

® Ensures their safety, purity, and effectiveness

5. Regulate Tobacco Products

e Sets standards for manufacturing, marketing, and distribution

® Aims to reduce tobacco-related harm, especially among youth

6. Ensure Safety of Cosmetics and Radiation-Emitting Products
® Monitors cosmetics for safety (though pre-approval is limited)
® Regulates products like X-ray machines and microwaves for

radiation safety

7. Provide Public Health Information
N

e [ssues warnings, recalls, and g. ™ ance
® Educates consumers and healthcare professionals

+ Ask anything 9

ChatGPT can make mistakes. OpenAl doesn't use Drexel University ChatGPT Edu workspace

data to train its models.

Limiting Variations in Structure

One might expect sophisticated prompting to solve
these problems. At the very least, specifically request-
ing the LLM to provide an output in a structured data
format such as CSV, XML, or JSON seems like it
should solve the problem of structure. Yet, although
LLMs have steadily improved their ability to follow
instructions, strict adherence to the task at hand is still
not guaranteed (Young et al. 2025). As a result,
prompting alone cannot reliably enforce strict struc-
tural constraints in settings that require machine-

readable consistency. Hence, to address this limitation,
LLM providers have introduced native support for
structured outputs.” Rather than relying on the model
to follow formatting instructions, these approaches
enforce structure by validating the outputs against a
predefined (user-specified) schema. In practice, this
typically takes the form of JSON data objects that must
conform exactly to a specified schema. JSON is parti-
cularly well suited for this purpose: It is both human
and machine readable; supports hierarchical, nested
data beyond tabular formats such as CSV; integrates
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naturally into LLM-based pipelines; and can be imported
into analytics software.

Validated structured output is not accessible through
the familiar consumer-friendly “chat” interfaces, but
only through APIs. These have an initial learning curve
but provide two primary advantages for our context.
First, APIs enable automated, high-throughput proces-
sing of large volumes of data (for example, by looping
over multiple prompts) and allow outputs to be inte-
grated directly into downstream data processing pipe-
lines. Second, APIs provide explicit control over model
versions and parameters, which is critical for reproduc-
ibility. Consumer-facing interfaces may change the
underlying model at the LLM provider’s discretion,
meaning results can vary between sessions for reasons
outside the user’s control. By specifying a fixed model
snapshot, we can promote more consistent model
behavior over time.

To access the API, we utilize OpenAl’s Python API
library. Although this library is designed for OpenAl
services, it is also widely accepted as an interface for
other commercial providers. We note that these inter-
faces are currently constantly evolving, and we aim to
provide code that, with some modest adaptation, can be
used across any of the major LLM providers. As with
any other package we discuss in this tutorial, it can
be installed via the Python package manager: pip
install openai. Accessing models this way requires
a valid API key and a paid account.” In Figure 2, on

Line 7, we include the same prompt as previously
used in Figure 1. Executing Lines 5-8 sends the request
to the LLM provider for the specified model snapshot
gpt-5.4-2026-03-05 and stores it in the object
response, with the generated output printed on Lines
11-22. Note that in Figure 2 the LLM’s output contains
many markdown characters (e.g., “**” for bold) that
will vary each time the model is run, as seen in Figure 1.

Now that the APl is sorted, we can turn to solving the
structure variation problem. In Figure 3, we first define
a desired structure of the output using the Pydantic
package (Colvin et al. 2025). Pydantic lets users define a
schema using Python classes that act as templates
describing what each piece of data should look like.
Using Pydantic with LLMs lets us describe required
field entries in natural language, which the LLM can
then interpret and populate. In this case, we require on
Lines 5-11 in Figure 3 that each entry must contain two
fields: a short purpose and a corresponding expla-
nation. We also include descriptions for these fields
that serve as additional instructions for the model on
what each value should contain. We define the overall
output structure on Lines 14-17 as a list of these entries.
This ensures that the model returns a consistent,
machine-readable format. Finally, we modify the
prompt to be explicit in how many key purposes we
require on Line 22. However, note that this does not
guarantee strict adherence to this constraint, because it
is not restricted in the Pydantic schema.

Figure 2. (Color online) API Call for the Same Prompt as in Figure 1

from openai import OpenAl

response = client.responses.create (
6 model="gpt-5.4-2026-03-05",

client = OpenAl (api_key="your_api_key_here")

7 input="What are the FDA’s key purposes?"

8 )

10 print (response.output_text)

11 nwn

<~ means it:

14 1. x*xEnsures safety and effectiveness*x of:

15 — Human and veterinary drugs
16 — Vaccines and other biologics
17 — Medical devices

2 The FDA’s key purposes are to xxprotect and promote public health*x. In practice, that

19 2. xxHelps ensure the safety of foodxx supply (except most meat, poultry, and some egg
— products, which are mainly overseen by USDA) .

20
200 [... lines omitted for brevity ... ]

9 wnn
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Figure 3. (Color online) Adding a Structured Format to the Outputs We Request

I from pydantic import BaseModel, Field
from typing import List

S}

4 # Define schema for each row
5 class FDAPurposeltem(BaseModel) :
6 purpose: str = Field(

7 description="A short phrase summarizing one core purpose of the FDA."

8 )
9 explanation: str = Field(

10 description="A single concise sentence explaining the purpose."

11 )

13 # Define overall response schema
14 class FDAPurposes (BaseModel) :
15 items: List [FDAPurposeltem] = Field(

16 description="A list of FDA purposes,

17 )

19 # Call API with structured parsing

each with a short label and explanation."

20 response = client.responses.parse (

21 model="gpt-5.4-2026-03-05",

22 input="What are the FDA’s 3 key purposes?",
23 text_format=FDAPurposes

24 )

To move from unstructured text generation to struc-
tured data outputs, OpenAl’s APl requires us to replace
the . create call with . parse (Line 20). This allows us
to pass the schema directly via the text_format argu-
ment, enforcing adherence to the specified structure
and returning validated outputs. We also use the typ-
ing package to specify expected data types (e.g., a list
of items), enabling Pydantic to validate that the model’s
response matches the defined schema.

We have now effectively dealt with the issue of struc-
ture, as seen from the outputs in Figures 4 and 5. Both
prompt generations produced a valid JSON object that
precisely adhered to our requested schema, containing
three purposes and an explanation. However, across
the two sequential runs of the code in Figure 3, we still
observe content variations.

Limiting Variations in Content

If the goal is to achieve consistency in outputs, content
variability can be explicitly controlled. LLMs generate
text stochastically by sampling from a probability distri-
bution over possible next words. Most APIs offer users
the ability to adjust a “temperature” parameter. This
controls the shape of the distribution, affecting the likeli-
hood of selecting both high- and low-probability words.
Lowering the temperature sharpens the distribution,
increasing the relative likelihood of high-probability
words and reducing variation in the generated output.
For example, reducing the temperature from the typical
default of around 0.7 to 0.0 produces more deterministic

responses. Conversely, increasing the temperature to 2.0
flattens the distribution, leading to more diverse and
variable outputs. Beyond temperature, the available
parameters to control content variability differ across
providers and model families and continue to evolve. It
is important to consult the documentation for a chosen
model and view the specific parameter settings used
throughout this tutorial as illustrative implementa-
tions of this broader principle rather than prescriptive
recommendations.

To demonstrate this control, Line 4 in Figure 6 modi-
fies Figure 3 by adding the temperature argument to
our request and setting it to 0.0. Figures 7 and 8 display
the generated outputs. We see that they continue to fol-
low the output structure we requested, but we now also
achieve less variation in content. Both runs generate
identical purposes, and the associated explanations
exhibit substantially fewer variations compared with
the previous examples in Figures 4 and 5.

Modifying the temperature parameter is often
assumed to make an LLM deterministic. However, as
our example demonstrates, this is not strictly true (Atil
et al. 2025). Although the text of the first key purpose is
identical across Figures 7 and 8, the second and third
purposes still contain variations in content. Although
research suggests that lowering the temperature has no
impact on applications such as problem solving (Renze
2024), it improves consistency in other tasks, such as
code generation (Ouyang et al. 2025). For verbatim text
extraction, we observe improvements in consistency
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Figure 4. (Color online) Generation 1 of Code in Figure 3

S

"items": [

3 {

4 "purpose": "Protect public health",
5 "explanation": "The FDA helps
ensure that foods, drugs, vaccines,
medical devices, and other regulated
products are safe and effective for
consumers."

6 },

7 {

8 "purpose": "Advance public health",
9 "explanation": "The FDA supports
innovation and improves access to
useful medical products by guiding
development and reviewing products
based on science."

10 b,

11 {

12 "purpose":
information",
13 "explanation": "The FDA gives the
public evidence-based information so
people can use foods, medicines, and
other health-related products safely

n

(el

(rel

"Provide accurate

(el !

O

(see Online Appendix). Accordingly, we recommend
using the strongest available mechanism for reducing
output variability, such as setting the temperature to

zero when supported by the selected model.”

Leveraging Multimodal LLM Capabilities

Early LLMs were designed to process text exclusively,
accepting natural language input and producing natu-
ral language output. Since GPT-4, “multimodal” LLMs
can also process images, audio, and video while still
being prompted in natural language. This is particu-
larly relevant for text extraction tasks: Rather than rely-
ing on specialized text recognition software, a
multimodal LLM can directly interpret what a docu-
ment page looks like and extract its content in a single

Figure 5. (Color online) Generation 2 of Code in Figure 3

S

"items": [
3 {
4 "purpose": "Protect public health",

"explanation": "The FDA helps
ensure that foods, drugs, vaccines,
medical devices, and other regulated
products are safe and effective for
the public."

6 }I

7 {

8 "purpose": "Regulate product
quality and labeling",

9 "explanation": "The FDA sets and
enforces standards for manufacturing,
marketing, and labeling so consumers
receive accurate information and
reliable products."”

10 },

11 {

12 "purpose": "Advance innovation and
informed use",

"explanation": "The FDA supports
medical and scientific innovation
while providing guidance that helps
healthcare professionals and
consumers use products appropriately

w

( (e d )

L)

step. Because these LLMs interpret a page’s visual lay-
out and meaning rather than simply recognizing indi-
vidual characters, they can handle complex document
formats with contextual understanding. In some Visual
Question Answering benchmarks, multimodal LLMs
have been shown to achieve near-human performance
(Fuetal. 2025).

To illustrate, we pass an image of a PowerPoint slide
from an FDA Advisory Committee Meeting (Figure 9)
into gpt-5. 4. Because APIs are designed for text trans-
mission, images must first be encoded into a compatible
format. Here, we use Base64 encoding, as shown in
Figure 10 on Lines 7-8.° This converts the image into a
text string that can be directly included in the input
argument, as in Line 34.

Figure 6. (Color online) Adding a Temperature Control to Our Structured Prompt Request

I response = client.responses.parse (
model="gpt-5.4-2026-03-05",

N}

3 input="What are the FDA’s 3 key purposes?",

4 temperature=0.0,
5 text_format=FDAPurposes
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In contrast to our previous prompt in Figure 3, the
input now contains multiple items. On Line 29 of
Figure 10, we define the role as user, which specifies
the source of the prompt or input. In practice, two roles
are commonly used: user for task-specific inputs and
system for instructions governing overall behavior.
Because we include both text and images, the input
must be structured into typed components input_
text and input_image, respectively. On Line 32, we
prompt the model to “Extract and identify the descrip-
tive headings from this slide.” In addition, we update
the schema definition (Lines 11-23) to extract headings
and structural elements.

The output is now a structured JSON that includes
the extracted headline and type identification. For
example, as shown in Figure 11, the LLM correctly
identified that “Number of Patients” is the “y-axis
label” of the graph. This simplifies integrating otherwise
complex image-processing capabilities into our pipeline.
Natural language instructions provide fine control over
the extraction process. For example, we could easily
rewrite the prompt to only extract the y-axis or, vice
versa, to ignore it. This simplicity in interacting with
multimodal data with essentially the same interface is

Figure 7. (Color online) Generation 1 Using Code in Figure 6

1
2 "items": [
3 {
4 "purpose": "Protect public health",
5 "explanation": "The FDA helps
< ensure that foods, drugs, medical
— devices, and other regulated products
— are safe and effective for the
— public."
6 }I
7 {
8 "purpose": "Advance public health",

9 "explanation": "The FDA supports
innovation and improves access to
safe medical products by helping
speed the development and review of
new treatments and technologies."

10 b,

! {

12 "purpose":
information",
13 "explanation": "The FDA gives the
public science-based information so
people can use medicines, foods, and
other health-related products safely
and effectively."

(el

"Provide accurate

)

(el

14 }

O

another benefit of using LLMs in data analytics pipelines
compared with task-specific algorithms.

Cost and Model Considerations
To this point, we have used gpt-5 . 4. However, provi-
ders offer a variety of models. These differ in their capa-
bilities and costs, making model selection an important
practical consideration when designing a data pipeline.
For commercial LLMs accessed via API, costs are deter-
mined by the number of “tokens” processed in both the
input and output. Rather than operating directly on
raw text, LLMs convert text into tokens that correspond
to whole words, subword fragments, or punctuation.7
Through tokenization, text is converted into a sequence
of numbers that the model can process. These tokens
serve as the basis for both pricing and technical con-
straints, such as the model’s context window, that is,
the maximum number of tokens it can handle at once.
For example, the image processing task in Figure 10
consumed 1,030 input tokens and 76 output tokens,
resulting in a cost of less than $0.01. Although this is
negligible for a single request, costs can scale rapidly for
more complex tasks or high-volume workflows. At the
time of writing, gpt-5.4 is priced at $2.50 per million

Figure 8. (Color online) Generation 2 Using Code in Figure 6

2 "items": [
3 {
4 "purpose": "Protect public health",
5 "explanation": "The FDA helps
< ensure that foods, drugs, medical
— devices, and other regulated products
<~ are safe and effective for the
— public."
6 }I
7 {
8 "purpose": "Advance public health",

9 "explanation": "The FDA supports
- innovation and improves access to
— safe and effective medical products
— through science-based regulation.”

10 },

1

12 "purpose": "Provide accurate
— information",
"explanation": "The FDA gives the

— public evidence-based information so
< people can use medicines, foods, and
- other products safely."

14 }
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Figure 9. (Color online) Sample Slide from the December 13, 2000, FDA Advisory Committee Meeting Illustrates the Mixture of

Images and Text That Multimodal LLMs Can Process
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input tokens and $15 per million output tokens, with a
maximum input (the context window) of up to 1 million
tokens, and a maximum output of up to 128,000
tokens.® This asymmetry in pricing leads to an impor-
tant practical consideration for analytical tasks. Differ-
ent models not only vary in absolute cost, but also in the
relative cost of input versus output tokens. Tasks such
as summarization or classification typically involve
large inputs and minimal outputs, whereas generative
tasks (e.g., report or image generation) often have rela-
tively small inputs but produce substantially larger out-
puts. As a result, cost-efficient system design should
account for whether a task is input-heavy or output-
heavy, and optimize accordingly.

In practice, this often means investing additional
effortin prompt design or preprocessing inputs to mini-
mize token usage. If a task requires more context than a
model can accommodate, it may be necessary to use a
larger model with a longer context window, even if
increased reasoning capability is not required. Output
limits present a different challenge, as the required
response length is often difficult to determine in
advance.

Decomposing tasks into smaller, more manageable
subtasks can improve cost-effectiveness by enabling
the use of lower-cost models and mitigating con-
straints on context window and output length. For
example, gpt-4.1 is approximately 20% and 45%
cheaper than gpt-5.4 for input and output tokens,

respectively, but it has a shorter maximum output of
32,000 tokens, which can constrain certain tasks. Even
highly capable models may underperform when
required to process large, complex inputs in a single
pass, as relevant information can be diluted within
long contexts (Liu et al. 2024). As a result, breaking
problems into targeted subtasks can improve perfor-
mance, making model inference both cheaper and
more scalable (Belcak et al. 2025). For example, for a
summarization task, we can split an original docu-
ment with 100,000 tokens into five chunks of 20,000
tokens each. This encourages a shift away from relying
exclusively on the most capable models, toward
designing pipelines that allocate subtasks to appropri-
ately sized models. This strategy of decomposing com-
plex objectives into sequences of smaller model calls is
also commonly employed in agentic Al systems.

Finally, for analytics workflows where real-time
response is not a primary requirement but requests
often need to be made in large numbers, batch proces-
sing is also available. Batch processing groups multi-
ple requests into a single job, which is executed
asynchronously and in parallel rather than as individual,
sequential calls. Most major commercial providers now
support batch functionality, offering discounts of around
50% on the same request. However, this approach intro-
duces additional setup complexity and longer turn-
around times, with jobs taking up to 24 hours to
complete.’
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Figure 10. (Color online) Prompting GPT to Analyze an Image

I import base64
from pathlib import Path

S}

4 # Path to your image

5 1image_path = Path("3954t1-FDA_Page_37.png")

7 with open (image_path, "rb") as f:

8 base64_image = baseb4.bb6dencode (f.read()) .decode ()

10 # Define schema for each row
11 class GraphItem(BaseModel) :
12 label: str = Field(

13 description="The exact text of the headings as it appears in the graph."

14 )
15 type: str = Field(

16 description="Identifier of the structural element this text represents"

19 # Define overall response schema
20 class GraphLabels (BaseModel) :
21 items: List[GraphItem] = Field(

22 description="A list of descriptive headings extracted from the graph."

25 # Call API with structured parsing

26 response = client.responses.parse (

27 model="gpt-5.4-2026-03-05",

28 input=[{

29 "role": "user",

30 "content": [

31 {"type": "input_text",

32 "text": "Extract and identify the descriptive headings from this slide"},
33 {"type": "input_image",

34 "image_url": f"data:image/Jjpeg;base64d, {base64_image}"}
35 ]

36 1,

37 text_format=GraphLabels

Building a Pipeline for Obtaining
Structured Data from Unstructured Text
We now turn to applying the above building blocks and
LLM techniques to construct an end-to-end pipeline
that transforms unstructured text documents into struc-
tured data suitable for downstream analysis. The pipe-
line, depicted in Figure 12, consists of two main stages.
Stage I converts each page of a PDF document into an
image and uses a multimodal LLM to extract the raw
text, one page at a time. The per-page outputs are then
concatenated into a single text file. Stage II divides this
text into manageable chunks and passes each through
an LLM with a defined data schema, producing
speaker-statement pairs in a structured JSON data file.
Several deliberate design choices improve the pipe-
line’s performance. These design choices are indepen-
dent of any specific LLM provider or API and illustrate

transferable principles for building reliable analytics
pipelines. Specifically, separating text extraction (Stage
I) from data structuring (Stage II) allows each stage to
focus on a single task, thereby improving output accu-
racy. Processing documents in smaller pieces (individ-
ual PDF pages/images in Stage I, and chunks of text in
Stage II) enables the use of lower-cost models while
staying within context window limits. Deferring edge
cases and “clean up” to a deterministic postprocessing
step avoids overcomplicating the LLM prompts and
minimizes the chance of further errors.

Such a modular, LLM-based processing pipeline offers
several key advantages. First, it is highly flexible with
respect to input format, accommodating documents with
or without embedded text layers, as well as scanned
or photographed documents. Second, by decomposing
documents into smaller chunks, the pipeline is inherently
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Figure 11. Structured Output from Image Analysis

2 "items": [
{
4 "label": "% of All Transmissions that were Diagnosed to be Atrial Fibrillation",
5 "type": "title"
6 }y
7 {
8 "label": "Baseline Transmissions",
9 "type": "subtitle"
10 },
11 {
12 "label": "Number of Patients",
13 "type": "y-axis label"
14 b
15 {
16 "label": "Percentage of Transmissions Symptomatic AF",
17 "type": "x—axis label"

18 }
19 ]
20 }

Figure 12. Extraction Pipeline Converts Unstructured PDF Documents into Structured JSON Through a Two-Stage Process:
Vision-Based Text Extraction Using a Multimodal LLM Followed by LLM-Based Text Structuring
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scalable, enabling efficient processing of long and com-
plex documents. This chunking strategy also improves
accuracy, as models operate on more focused inputs, and
it enhances cost-effectiveness by allowing the use of
smaller, less expensive models. Third, prompting in nat-
ural language further increases flexibility, allowing the
LLM to generalize across diverse document formats
without requiring task-specific rules. Additionally, the
pipeline is easily extendable through postprocessing
steps, where deterministic or NLP-based methods can
refine outputs further. Finally, by structuring results in
JSON, the pipeline produces a standardized, machine-
readable format that seamlessly supports a wide range of
downstream analytical tasks.

To ground the demonstration, we use verbatim tran-
scripts from U.S. FDA Advisory Committee meetings,
which are publicly available. Advisory Committee
deliberations directly inform FDA regulatory decisions
on drug approvals and safety evaluations, carrying sig-
nificant implications for public health policy. Accurate
records of these discussions are therefore valuable to
researchers, regulators, and drug and medical device
sponsors alike. However, these PDF transcripts pose
several challenges common to real-world text extraction
tasks. Their layouts and digitization quality vary con-
siderably over time, with differences in headers, footers,

and line-numbering formats across transcription provi-
ders (see Figure 13, (a) and (b), for extracts from two
documents). These differences make it difficult to
develop a single rule-based extraction approach. More-
over, their document length (often 200+ pages) renders
cost-effective processing challenging.

Stage I: Vision-Based Text Extraction

Stage I of the pipeline first converts a PDF into a series
of high-resolution PNG images, before turning them
over to a multimodal LLM to extract the text. In Figure
14, Lines 6-9 convert each page of a PDF into a separate
PNG image using the convert_from_path function
from the pdf2image library. This function accesses the
PDF, extracts each page as a PNG image, and saves
each image to a specified output folder. An example
image is then encoded in Lines 12-14 using the same
Base64 function as in Figure 10. This encoding converts
the image into a text string that can be included directly
in the APIrequest (in Line 37), allowing the page image,
prompt, and model settings to be passed together in a
single, self-contained call. (For simplicity, the code in
Figure 14 focuses on the single page shown in Figure
13(a); however, the same procedure applies to all pages
via simple iteration.)

Figure 13. Sample Pages Illustrating Variation in Formatting and Structure Across the FDA Advisory Committee Documents

(a) Sample page from Dec 13, 2000 meeting

(b) Sample page from May 9, 2007 meeting

ajh
1 | commonly just a measurable drop in blood pressure without
2 | clinical sywptoms. A small percent of patients did become
3 || symptomatic and responded quickly to fluids.
4 DR. SLEDGE: Going forward, is there something
5 | that you would recommend as part of the package that
6 | patients have their blood pressure monitored regularly while
7 | they are getting therapy?
8 DR. BRETTMAN: Certainly during the early stages
9 | of therapy, ves.
10 DR. NERENSTONE: Dr. Lippman?
11 DR. LIPPMAN: It was a very clear presentation of
12 | the primary data. My questions are really just trying to get
13 |a sense or a suggestion of which subgroups may do better or
14 [differently. Did you look at patients who had prior
15 | responses to fludarabine but had progressed within the 6
16 [month eligibility? Did they do better on the subsequent
17 |l Campath?
18 DR. BRETTMAN: Let me show that to you. Patients
19 |fwho had ever responded to fludarabine versus those that had
20 |not -- it will just take a moment.
21 DR. LIPPMAN: While they are looking for that, the
22 | other subgroup which you may not have data on because T know
23 [it is very rare, although we know that there is at least one
24 [patient that fit this category with T-cell CLL, was there a

25 | different response in that group, or did you look at that?

MILLER EPOKTING COMPANY, INC
35 8% Street, S.E.
Washington, D.C. 20003
205 leces

Capital Reporting Company

Page 265
1 at the one-year endpoint was relapse of leukemia.

N}

The study was not stratified for relapse risk.

w

We did analyze it in retrospect, but that’s a variable
4 that we couldn’t control, the biologic behavior of the

5  underlying malignancy. That is one potential

6 explanation.

7 CHAIRPERSON HUSSAIN: I have a question to the
8 FDA. Either of the presenters could take it.

9  Understanding that the day 80 time-to-failure or number

10 of failures was a secondary endpoint, but in reality it

11  is just an extension of time, so why is it not good
12 enough?

13 DR. SCHER: I guess the answer is statistical.
14 CHAIRPERSON HUSSAIN: I guess I understand

15 it’s statistical. I understand that party

16 line of failing primary endpoint, therefore
17 everything is exploratory otherwise. But in
18 this case, this is not a different endpoint.
19 It is really just a matter of extending from
20 day 50 to day 80.

21 DR. SCHER: Well, the Sponsor has said that

22 they failed the day 50 endpoint because they had bad

(866)448-DEPO
www.CapitalReportingCompany.com ©2007
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Figure 14. (Color online) Code to Convert Image and Prompt LLM to Extract Raw Text

I from pdf2image import convert_from_path
from pathlib import Path

3 from openai import OpenAl

import base64

)

IS

6 pdf Path("example.pdf") # input PDF
7 out = Path("example") # output folder

8§ out.mkdir (parents=True, exist_ok=True) # create folder if it does not exist
9 images = convert_from_path (pdf, output_folder=out, fmt="png", output_file=pdf.stem)

11 # We load and encode one single page into base64
12 image_path = Path ("example/example0001-061.png")

13 with open (image_path, "rb") as f:

14 baseb4_image = baseb4.bbdencode (f.read()) .decode ()

16 # Initialize OpenAI client

17 client = OpenAl (api_key="your_api_key_here")

19 # Image extraction prompt

20 prompt = """You are a professional OCR engine. Transcribe the text EXACTLY as written.

21 Do not correct spelling or grammar errors.

2 If text is blurry use context to infer the word.

24 nun

26 # Image extraction call

3 Ignore headers footers as well as line and page numbers.

27 response = client.responses.create (

28 model="gpt-4.1-mini-2025-04-14",

29 temperature = 0.0,

30 input=][

31 {

32 "role": "user",

33 "content": [

34 { "type": "input_text", "text": prompt},
35 {

36 "type": "input_image",

37 "image_url": f"data:image/Jjpeg;base64d, {base64_image}",
38 bo

39 P

40 }

41 15

4 # store output for further processing
45 raw_text = response.output_text

Next, each encoded page image is passed to the LLM
along with a short extraction prompt specifying exactly
how the text should be transcribed. The user prompt on
Lines 20-24 defines the model’s extraction task at the
page level. The prompt includes several instructions. It
instructs the model to behave like an optical character rec-
ognition (OCR) engine and transcribe the text exactly as
written, making verbatim fidelity the central objective. It
then reinforces this objective by explicitly prohibiting
spelling and grammar correction, because even “helpful”
edits would reduce fidelity to the source document. A

further instruction specifies how the model should
behave when the page quality is degraded: rather than
omitting uncertain text or introducing arbitrary noise, it
should use the surrounding visual and textual context to
infer the most likely word. Finally, the model is instructed
to ignore headers, footers, and line or page numbers,
allowing its visual attention to focus on the substantive
transcript content rather than recurring layout artifacts.
LLMs allow us to define this extraction behavior
directly in natural language. Rather than programmati-
cally attempting to specify where footers occur on the
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page, the LLM is left to “reason” about what a footer is
and to deal with it accordingly. Depending on the use
case, the same basic prompt on Lines 20-24 can be easily
adapted to preserve headers, include annotations, or
target other document types, without requiring
document-specific, rule-based preprocessing.

Rather than combining visual transcription with
additional formatting or structuring instructions, we
keep the task at the level of page-by-page raw text
extraction. This improves the reliability of the vision-
based extraction step and, by reducing the problem to a
single page and task at a time, allows the user to lever-
age a smaller multimodal model such as gpt-4.1-
mini. Compared with gpt-5.4, this reduces costs by
approximately 84% and 89% in input and output
tokens, respectively. We execute this prompt through
the client.responses.create function for each
PNG image, with the temperature set to 0.0 to minimize
variability as shown on Line 29.

The resulting output is high-quality, raw text, which
we store as raw_text on Line 45. To see this, we can
compare Figures 15 and 16. Figure 15 demonstrates the
text obtained by directly extracting the PDF’s underly-
ing embedded text layer—that is, the text one might
obtain by programmatically reading the PDF rather
than analyzing the page visually with an LLM. In
poorly digitized documents, as in our example, this
embedded text layer can be degraded: visual characters
may not match their underlying encodings, words may
be fragmented across arbitrary line breaks, and layout
artifacts such as line numbers or marginal text may be
mixed into the extracted content.

In contrast, Figure 16 demonstrates that the LLM-
based approach successfully follows our instructions
and recovers the substantive transcript text from the
rendered page itself. In particular, it has successfully
removed nonessential elements such as line numbers,
page numbers, and idiosyncratic marginalia (e.g., “ajh”)
while preserving domain-specific terminology (e.g., “T-
cell CLL”), brand names (e.g., “Campath”), and proper
names. The extracted text closely matches the original
document while reducing token volume by approxi-
mately 30%, thereby lowering the input costs for Stage
II (see the Online Appendix for more details on the costs
to execute the pipeline).

These results are achieved without the need for
document-specific, rule-based preprocessing pipelines,
which would otherwise require substantial develop-
ment effort and often fail to generalize across different
page layouts. This flexibility allows a much wider range
of unstructured documents to be processed effectively,
improving the quality of data available for analysis.
This vision-based approach is more expensive than pro-
cessing the PDF’s built-in text layer directly. However,
in our experience, the cleaner and more consistent text
it produces more than compensates for these extra costs

Figure 15. (Color online) Native PDF Text Layer

jh [<—— Probable initials]

#
# [<—— Line numbers in PDF]

I
o U W NP

8 [... lines omitted for brevity ... ]
9 13

0 14

115

2 16

13 17

14 18

15 19

16 20

17 21

18 22

9 23

20 24

21 25

2 61 # [<-- Page Number]

23 commonly

24 just

25 a measurable

26 drop

27 in

28 blood

29 pressure

30 [... lines omitted for brevity ... ]
31 you

32 look

33 at

3 that?

357 MILLER # [<—-—- Transcriber address]
36 REPORTING

37 COMPANY,

33 INC.

39 735

40 gfh Street, # [<-— Unknown word]
41 S.E.

42 Washington,

43 D.C.
4420003
45 13n3\ # [<—— Unknown unicode]

16 c;dC-CCCC # [<-— Extra characters]

in downstream analytical tasks, as illustrated by Figures
15and 16.

Stage II: Text Structuring
The cleaned raw text from Stage I forms the input to
Stage II. This second stage will transform the text into a
structured JSON for downstream analysis. This requires
two considerations.

The first consideration is to define the target data
structure. For meeting transcripts such as in our case, a
natural representation is to store the dialogue as a



Downloaded from informs.org by [216.73.216.37] on 09 October 2026, at 16:06 . For personal use only, al rights reserved.

Spavound, Schaer, and Markou: Extracting Unstructured Text Using LLMs
INFORMS Journal on Applied Analytics, Articles in Advance, pp. 1-24, © 2026 The Author(s) 15

Figure 16. (Color online) LLM Vision-Based Text Extraction

commonly Jjust a measurable drop in blood
— pressure without clinical symptoms. A
— small percent of patients did become
— symptomatic and responded quickly to
— fluids.

o

3 DR. SLEDGE: Going forward, is there
something that you would recommend as
part of the package that patients
have their blood pressure monitored
regularly while they are getting
therapy?

U

5 DR. BRETTMAN: Certainly during the
— early stages of therapy, ves.

7 DR. NERENSTONE: Dr. Lippman?

9 DR. LIPPMAN: It was a very clear
presentation of the primary data. My
questions are really Jjust trying to
get a sense or a suggestion of which
subgroups may do better or
differently. Did you look at patients
who had prior responses to
fludarabine but had progressed within
the 6-month eligibility? Did they do
better on the subsequent Campath?

L A A A

11 DR. BRETTMAN: Let me show that to you.
< Patients who had ever responded to
< fludarabine versus those that had not
—-— it will Jjust take a moment.

)

13 DR. LIPPMAN: While they are looking for
that, the other subgroup which you
may not have data on because I know
it is very rare, although we know
that there is at least one patient
that fit this category with T-cell
CLL, was there a different response
in that group, or did you look at
that?

Crieeelld

sequence of speaker-statement entries: Each entry con-
tains one field identifying the speaker and a second
field containing that speaker’s spoken statement. This
structure mirrors the way transcripts are organized in
the source documents and converts the dialogue into a
machine-readable format that can be validated, filtered,
and analyzed programmatically. In our case, this
representation is useful because it allows us to isolate
individual speakers, compare contributions across par-
ticipants, and prepare the transcript for subsequent
quantitative analysis. This approach is not limited to
this format, however; the same pipeline can be adapted

to other output structures, provided that the desired
schema can be specified in Pydantic.

Figure 17 presents the Pydantic schema adapted for
our use case involving meeting transcripts. The schema
defines an array of entries, each with two required
properties: speaker and statement. As with the ear-
lier demonstration, the schema requires us to specify
the desired entry (Line 5) and the overall response
structure (Line 16). Beyond defining data types, the
schema serves as a secondary layer of instructions
through the description field. Specifically, we
restate that the speaker property must be in upper-
case, reiterate the naming rule for the unidentified
speaker turn (Line 9), and that the statement prop-
erty must capture the text verbatim while normalizing
whitespace (Line 12). Finally, to strictly enforce schema
adherence without adding additional fields, we include
an extramodel_config argument on Lines 6 and 17.

The second consideration is the original document
size. In our example, the PDF transcripts often exceed
200 pages. Passing the text from an entire document in a
single request would require input and output exceed-
ing 100,000 tokens, necessitating using models with
large context windows, which are typically significantly
more expensive. Moreover, prior work suggests that
model performance can degrade when processing very
long inputs (Liu et al. 2024). To address this, we will
split the text into smaller units, or “chunks,” akin to
what we did for the pages in Stage I. Chunking reduces
the token requirements per request, allowing users to
use smaller, more cost-effective models, while also
improving the reliability of structured outputs.

However, chunking introduces a tradeoff: Smaller
chunks improve cost and reliability, but each request
must resend the prompt, which counts toward the input
token limit. This overhead is a greater concern here,
because the structuring prompt in Stage II is substan-
tially longer than in Stage I (i.e., 50 versus 230 tokens),
as we will see shortly. For example, on a 350-page tran-
script (~87,500 tokens), page-by-page parsing would
add approximately 80,500 tokens in prompt overhead
alone, effectively doubling our overall input token
costs. For this demonstration, we provide code to pro-
cess a single chunk containing the text fragment
extracted in Stage I and shown in Figure 16. However,
the accompanying GitHub repository includes a ver-
sion that uses a chunk size of 5,000 tokens to process the
entire transcript iteratively. Each text chunk is then
passed to the LLM, and the outputs are combined to
generate a single structured JSON.

Our system prompt on Line 2 in Figure 18 is zero-
shot, meaning that the prompt includes task instruc-
tions but no examples. This approach is appropriate for
the present use case as verbatim text extraction requires
relatively limited interpretation, and the zero-shot con-
figuration performed well in our evaluation. The



Downloaded from informs.org by [216.73.216.37] on 09 October 2026, at 16:06 . For personal use only, al rights reserved.

Spavound, Schaer, and Markou: Extracting Unstructured Text Using LLMs

16 INFORMS Journal on Applied Analytics, Articles in Advance, pp. 1-24, © 2026 The Author(s)

Figure 17. (Color online) Structured Format for Returning Speaker-Statement Pairs from the Raw Text

I from pydantic import ConfigDict, BaseModel,

S}

from typing import List

Field

4 # Pydantic class for speaker-statement pairs

5 class TranscriptEntry (BaseModel) :

6 model_config = ConfigDict (extra="forbid")

8 speaker: str = Field(

9 description="The speaker’s name in UPPERCASE. Use ’UNKNOWN’ if the text starts
<— without a name. Do not extract names from headers or rosters."

10 )

11 statement: str = Field(
12 description="The spoken text verbatim, including all bracketed [...] or
<— parenthetical (...) notes like [Laughter.], (Applause.). Remove all line breaks

— (\\n) so it is a single line."

13 )

15 # Pydantic schema class
16 class TranscriptResponse (BaseModel) :

19 entries: List[TranscriptEntry] = Field(

7 model_config = ConfigDict (extra="forbid")

20 description="A list of transcript entries."

system prompt on Line 2 establishes a “Prime Directive”
that prioritizes word fidelity and whitespace normaliza-
tion. Although more elaborate prompts may provide
benefits by allowing the LLM to correct typos or gram-
mar, doing so carries the risk of unintended alterations
to the original text; we recommend performing this in
a separate postprocessing step, if required. The prompt
also includes rules for ignoring metadata or Stage I
artifacts, and guidelines for speaker identification. The
latter is essential for handling “orphaned” text, that
is, dialogue that lacks a speaker name because the
speaker-turn began in the preceding text chunk. The
LLM labels these instances as “UNKNOWN,” which
we will resolve later. Considering such potential fail-
ure modes when dealing with LLMs is vital for good
performance in analytics tasks.

Having access to clean raw text also makes Stage II
suitable for many other analytics use cases beyond ver-
batim transcription. In many applications, analysts may
not need to extract every word from a document, but
instead need to identify specific decision-relevant quan-
tities. For example, in procurement settings, extracting
purchase quantities, supplier information, or prices
from unstructured documents can support down-
stream sourcing and planning decisions (Li et al. 2025).
This can be accommodated by modifying the prompt in
Figure 18 and replacing the speaker-statement schema
in Figure 17 with a schema tailored to the desired fields.
Extraction tasks that involve complex field definitions
or recurrent edge cases may benefit from alternative

prompt strategies, such as few-shot prompting (Brown
et al. 2020), in which representative examples are
included in the prompt to demonstrate the desired
extraction behavior. This can be particularly helpful
when fields are ambiguous or when similar text should
be treated differently depending on context. Moreover,
retrieval-augmented generation (RAG) may be appro-
priate when the desired output depends on information
beyond the current document, or when extracted infor-
mation needs to be validated or standardized against a
larger document collection, such as product catalogs or
business records. In these settings, the model first
retrieves the relevant documents and uses them to
inform its response before generating an output (Lewis
et al. 2020). Finally, for organizations repeatedly per-
forming the same highly specialized extraction task at
scale, fine-tuning may further improve extraction per-
formance and, in some cases, reduce costs by enabling
task-specialized models, but it requires substantially
more development effort (Lu et al. 2025). The principles
of task decomposition and structured outputs outlined
here remain applicable regardless of the prompting
strategy employed.

To execute these instructions, the API call shown in
Figure 18 combines the system prompt, the raw_-
text chunk generated in Figure 14, and the structured-
output schema defined by TranscriptResponse.
The resulting structured data are shown in Figure 19.
As in Stage I, we set the model temperature to 0.0 to
minimize content variation. Splitting the task into
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Figure 18. (Color online) LLM Prompt and API Call to Structure Text

1 # Text structuring prompt

2> system_prompt = """You are an expert transcript cleaner. You will receive a raw text
— chunk. Your goal is to extract the dialogue into a structured format.

4 xxPRIME DIRECTIVE - WORD FIDELITY VS. FORMAT FLEXIBILITY:**

5 1. xxDO NOTx* change words, fix grammar,

remove non-verbal markers (e.g., [Laughter

— .], (Applause.)) or autocomplete sentences.
6 2. xxDO*xx fix whitespace. You must remove line breaks within a sentence and normalize

= multiple spaces into a single space.

8 Follow these processing rules:

10 1. xxScope & Exclusions:x*x

11 - xxIgnore Metadata:** Do not extract meeting rosters, attendee lists, or headers.
< Start extracting only when the actual dialogue begins.

14 2. xxSpeaker Identification:xx

2 — *x*xIgnore Artifacts:** Remove page numbers, file paths, and margin line numbers.

15 - xxStandard Speech:** Extract the speaker’s name exactly as written and convert to

<— UPPERCASE.

16 — xxOrphaned Speech:*x If the chunk starts with sentences/dialogue but has no
— speaker name attached, label the speaker as: UNKNOWN."""

18 # text structuring call

19 response = client.responses.parse (

20 model="gpt-4.1-mini-2025-04-14",

21 temperature=0.0,

2 input=[

23 {"role": "system", "content": system prompt}, # Prompt instructions
24 {"role": "user", "content": raw_text} # Section of raw text
25 1/

26 text_format=TranscriptResponse

smaller chunks also reduces the required context and
output-token limits, allowing us to use a smaller, less
expensive model. However, model selection remains a
specific design choice, and empirical testing is required
to determine the appropriate tradeoff between cost,
speed, and accuracy for any specific use case.

Despite the careful prompt design and structured
output constraints above, LLM-based extraction is not
error-free. Although such errors are typically infre-
quent, they are systematic enough to require explicit
postprocessing handling. However, this postprocessing
is not limited to correcting extraction errors. Once the
transcript is converted into a structured format, a wide
range of additional transformations becomes straight-
forward to implement. These may include filtering out
specific speakers, standardizing grammar or punctua-
tion, removing transcription artifacts such as [sic], or
translating the text into another language. The exact set
of operations depends on the intended downstream
analysis and may be implemented using deterministic
rules or additional inference-based methods. All of
these steps, such as filtering, are now simpler to execute
as they can be applied directly to our structured data.

Although it is technically possible to perform many of
these transformations within a single LLM call, doing so
introduces unnecessary complexity. Recall our design
principle in splitting tasks, in that the LLM is primarily
responsible for handling variability in the input and con-
verting unstructured text into a consistent, structured
representation. Subsequent transformations are then
applied to this structured output using programmatic
postprocessing. In other words, LLMs handle nondeter-
ministic tasks—such as interpreting inconsistent for-
matting or identifying speaker boundaries—whereas
deterministic operations are best handled explicitly
outside the model. This separation results in a more
modular, interpretable, and maintainable system.

A simple example illustrates this design. In Figure 19,
the first entry is labeled with the speaker “UNKNOWN.”
This occurs when a chunk begins midstatement or when
a speaker’s contribution spans a chunk boundary, pre-
venting the model from confidently assigning a speaker
label. In a postprocessing step, we replace each
UNKNOWN label with the most recently identified
speaker. (For brevity, we omit the implementation and
refer the reader to the associated GitHub repository.) This
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Figure 19. (Color online) Output of Stage II: Structured JSON Outputs of the Processed Text from Figure 16

2 "entries": [

3 {

4 "speaker": "UNKNOWN",
5 "statement":

"commonly just a measurable drop in blood pressure without clinical

— symptoms. A small percent of patients did become symptomatic and responded

— quickly to fluids."
6 },
7 {
8 "speaker": "DR. SLEDGE",
9 "statement":

"Going forward, is there something that you would recommend as part

< of the package that patients have their blood pressure monitored regularly while

— they are getting therapy?"
10 },
11 {
12 "speaker": "DR. BRETTMAN",
13 "statement":

16 "speaker": "DR. NERENSTONE",
17 "statement": "Dr. Lippman?"
18 }o

19 {

20 "speaker": "DR. LIPPMAN",

21 "statement":

[ere

on the subsequent Campath?"

22 },

"Certainly during the early stages of therapy, yes."

"It was a very clear presentation of the primary data. My questions
are really just trying to get a sense or a suggestion of which subgroups may do

better or differently. Did you look at patients who had prior responses to
fludarabine but had progressed within the 6-month eligibility? Did they do better

24 "speaker": "DR. BRETTMAN",
25 "statement": "Let me show that to you. Patients who had ever responded to
< fludarabine versus those that had not —-- it will just take a moment."
26 },
27 {
28 "speaker": "DR. LIPPMAN",
29 "statement": "While they are looking for that, the other subgroup which you may

<= not have data on because I know it is very rare, although we know that there is at
< least one patient that fit this category with T-cell CLL, was there a different
< response in that group, or did you look at that?"

30 }

deterministic correction resolves the ambiguity without
increasing prompt complexity or repeated LLM calls. By
separating extraction from refinement, the pipeline
ensures that structured outputs remain both consistent
and extensible.

Considerations for Downstream Analysis

The structured JSON output from the pipeline provides
a clean and flexible foundation for downstream analy-
sis, enabling further transformations and analytics
without reprocessing the original text. In the following,

we discuss how to evaluate the quality of LLM extrac-
tion and illustrate how such structured data can facili-
tate downstream analytical tasks in practice.

Assessing LLM Extraction Accuracy

LLM-based extraction requires careful validation before
implementation into any decision-making process
(Wasserkrug 2026). For verbatim text extraction, we are
particularly interested in text extraction accuracy and
correct speaker identification. To exemplify this con-
cern, Figure 20 shows malformed output produced by
Stage II when directly passed a degraded PDF text
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Figure 20. (Color online) Malformed Text Processed from
Text Extract Layer

1 "speaker": "DR. SLEDGE",

2 "statement": "Second question, could
— you give me a oetter sense of_w,hat
— the hypotensive events meant, and the
< —. severity of the hypotension that
<~ was observed, and was any of this
— anaphylactoid?"

layer. Note the mistaken character changes and addi-
tions (e.g., “oetter” instead of “better” and “w,hat”
instead of “what”). Figure 21 shows the same passage
correctly processed with the extracted text from our
vision-based Stage 1. Beyond infrequent character-level
errors, we found LLMs to occasionally hallucinate by
correcting typos in the source document or dropping
short speaker statements. Finding and correcting these
patterns via effective evaluation procedures is essential
for designing targeted postprocessing steps or prompt
adjustments.

Several ways exist to assess text extraction accuracy
(see Neudecker et al. (2021) for an overview). The most
straightforward approach requires two components: an
appropriate accuracy metric and a human-verified
ground truth to compare against. Although there are
several OCR benchmarks that help gauge and compare
the algorithm’s general capabilities (Fu et al. 2025, Yang
et al. 2025), they are often not domain specific (Beyene
and Dancy 2026). This is particularly problematic for
extraction tasks with additional structural complexity,
as in our meeting transcripts, which include speaker
turns. Therefore, we highly recommend creating a
domain-specific ground truth from the extraction
source document. In addition, such a ground truth
directly enables us to build rules or train algorithms for
a postprocessing pipeline to handle any systematic
errors if required (Nguyen et al. 2021).

To establish a domain-specific ground truth, one
approach is to synthetically generate digital typeset
source documents and mimic the degradation and noise
by manually printing and scanning them (Kanungo and
Haralick 1999). However, our FDA transcripts span 18
years and vary considerably in formatting and image

Figure 21. (Color online) Correct Text Processed from Vision
Extraction

1 "speaker": "DR. SLEDGE",

2 "statement": "Second question, could
<— you give me a better sense of what
< the hypotensive events meant, and the
< severity of the hypotension that was
— observed, and was any of this
— anaphylactoid?"”

quality, making a synthetic generation approach
impractical. Because exhaustive transcription of large
text documents is rarely feasible, we instead recommend
verifying a representative sample that captures the
structural diversity. As an example, we sampled across
multiple documents rather than exhaustively verifying
a single source. Specifically, we manually extracted 25
continuous pages from 10 randomly selected transcripts,
yielding a 250-page evaluation benchmark. This sam-
pling strategy ensures coverage of distinct meeting
phases with varying speaker-turn patterns, such as short
turnovers in the introduction and multipage-long
speaker statements in the sponsor presentation phase.

After establishing ground truth, we can measure the
pipeline’s text accuracy. Although various error mea-
sures exist (see Neudecker et al. (2021) for a comprehen-
sive survey), verbatim text fidelity is typically
evaluated using character error rate (CER) or its coun-
terpart, character accuracy (1 — CER). CER calculates
the minimum number of character insertions, substitu-
tions, and deletions required to transform the pipeline
output into the ground truth. The error is standardized
by the number of characters in the ground truth, mak-
ing the metric sensitive to sentence length; that is, the
same number of errors leads to a much higher error for
a short sentence than for a much longer one. Therefore,
computing a cumulative error rate across the entire doc-
ument can provide a more stable comparison. In addi-
tion to character accuracy, entity extraction tasks such
as speaker attribution are more appropriately evaluated
using a metric like the F;j-score, because it measures
classification performance independently of document
length. In the Online Appendix, we present a detailed
benchmarking and cost analysis. Evaluated against the
250-page ground truth, our pipeline achieves a charac-
ter accuracy and Fj-score of 0.99925 and 0.99927, respec-
tively. Scaling the pipeline to process all 1,922 pages
across the 10 transcripts incurred a total processing cost
of $3.50.

Finally, for meaning-dependent tasks such as topic
modeling, semantic similarity scores like the BERT-
Score compare contextual word embeddings to assess
whether the output preserves the original text’s mean-
ing even when paraphrased (Zhang et al. 2019).
Domain-specific variants can further improve this eval-
uation by capturing terminology and nuances particu-
lar to specialized fields. For example, BioBERT (Lee
et al. 2019), trained on biomedical corpora such as
research articles and clinical notes, could be used to
evaluate extraction accuracy in contexts like FDA Advi-
sory Committee transcripts where domain-specific ter-
minology is prevalent.

Data Analysis
Now that the unstructured text is in a structured data
format defined by consistent JSON keys, we can
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analyze the JSON directly or, if preferred, easily flatten
the data into any two-dimensional data format, such as
a CSV, or place it into a database. To briefly illustrate
how this structured format supports downstream pro-
cessing of the extracted transcript, we present two
examples: a structured speaker-participation analysis
via speaker labels and word counts and a sentiment
analysis on the unstructured individual statements. In
the context of FDA Advisory Committee discussions,
insights into who speaks, what they say, and how they
say it can provide valuable information for FDA
reviewers deciding whether to approve a drug or
device application; product sponsors deciding how to
design clinical trials and research pipelines; and the
broader public seeking transparency into how regula-
tory decisions that affect patient safety and treatment
access are reached. For brevity, we omit the required
code here and refer to the accompanying GitHub
repository.

Structured Analysis: Speaker Participation. To dem-
onstrate the utility of the structured output, we first
evaluate speaker participation during a meeting by
mapping the extracted text to external metadata. Using
the structured JSON, we aggregate the total number of
spoken words by grouping the records by the speaker
field. We then augment these data by matching each
unique speaker name to their official role during the

meeting, for example, committee member, consultant,
or FDA personnel. As shown in Figure 22, the resulting
distribution reveals a highly right-skewed participation
pattern, where a single sponsor representative and an
FDA official account for the majority of spoken words,
contrasted by a long tail of participants with minimal
contributions. This structured representation allows
analysts to directly understand meeting dynamics and
identify key actors before conducting more granular
text analysis.

Unstructured Analysis: Speaker Sentiment. Because
Advisory Committee meetings influence critical regula-
tory outcomes, evaluating the tone of the discussion
can provide additional context regarding the decision-
making process (Hansen et al. 2018, Markou and Chan
2026). Unlike the preceding word-count analysis, which
operates on the speaker identification, sentiment
analysis processes the unstructured text within the
statement field. Because our JSON schema explicitly
pairs each unstructured text block with a specific
speaker key, these statements can be programmati-
cally passed to a text-processing pipeline and aggre-
gated by individual speakers or stakeholder role (e.g.,
FDA representatives, sponsors, committee members, or
patient representatives).

To demonstrate this capability, we apply the widely
accessible vaderSentiment package (Hutto and

Figure 22. (Color online) Number of Spoken Words Varies Substantially Across Speakers, Demonstrating That Participation in

the Meeting Was Concentrated Among a Subset of Participants
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Note. Each column represents individual speakers, the vertical axis reports the number of words attributed to each speaker, and the color

encodes their respective roles.
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Gilbert 2014) to the extracted statements and average
the scores by speaker. As a generic, rule-based lexicon,
Valence Aware Dictionary and Entiment Reasoner
(VADER) provides a highly reproducible baseline for our
pipeline, although it lacks domain adaptation for complex
regulatory environments. Because our focus is on the
data-extraction phase, we present these scores solely as a
demonstration of downstream analysis rather than a
validated sentiment measure. Applications supporting
decision-critical analyses should validate the chosen senti-
ment methodology against appropriate ground truth.

In the example shown in Figure 23, the speaker-level
scores illustrate how the extracted structured data can
generate decision-relevant insights by identifying
which participants expressed relatively more positive
or critical language during the deliberation. A sponsor
preparing for a future Advisory Committee meeting
could use these results to identify speakers expressing
relatively negative sentiment and immediately retrieve
their associated statements to understand the scientific
questions, safety concerns, or evidentiary issues that
motivated those views. Likewise, FDA reviewers could
quickly identify stakeholder groups expressing greater
concern and prioritize the corresponding discussion for
closer review during the deliberative process. Speaker-
level sentiment and other transcript-derived features
can also serve as direct inputs to predictive models.
Aggregating sentiment by stakeholder role allows

analysts to quantify how critically committee members
assessed the sponsor’s evidence relative to the FDA’s
reviewers. Similarly, speaker-level sentiment may serve
as one predictor of the Advisory Committee voting out-
comes, which the FDA follows in the vast majority of
cases. Markou and Chan (2026) demonstrate that delib-
eration patterns in these meetings are predictive of vot-
ing outcomes, and Hansen et al. (2018) apply similar
text-based analyses to Federal Reserve deliberations to
study how discussion dynamics shape monetary policy
decisions.

Such analyses provide a quantitative summary of dis-
cussions previously accessible only through manual
reading of lengthy transcripts. Although we illustrate
this capability using sentiment analysis, the same struc-
tured speaker-statement representation can support
many other downstream analytical workflows. More
broadly, structured data extraction of unstructured text
enables many forms of downstream analysis beyond
the example considered here. Many institutional
records are distributed as PDFs, and historical archives
may exist only as scanned or printed documents that
must first be digitized before analysis can occur. Exam-
ples include transcripts of customer feedback sessions
or focus groups, records of telephone conversations,
discussions of government decision-making bodies, or
collections of written feedback and survey responses
stored in difficult-to-analyze formats. Converting these

Figure 23. (Color online) Speaker-Level Sentiment Variation Across Meeting Participants, Revealing Differences That Are

Obscured When the Transcript Is Analyzed Only in Aggregate
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materials into structured data makes them amenable to
modern analytics workflows, enabling practitioners to
apply quantitative methods to previously unstructured
sources of information.

Concluding Remarks

The substantial time traditionally required for data
extraction and cleaning has long been a bottleneck in
analytical workflows. As LLMs are increasingly adopted
across a wide range of tasks beyond data preparation
itself, they create a growing demand for clean, well-
structured inputs; resources that have historically been
difficult and costly to obtain. At the same time, these
models offer a practical means to address this challenge,
providing new tools to automate and scale the transfor-
mation of unstructured data. In this tutorial, we present
an end-to-end pipeline that transforms raw, unstruc-
tured PDFs into structured data and, ultimately, into fea-
tures suitable for downstream analysis and decision
making. Central to this approach are two key capabili-
ties: structured outputs, which ensure consistent output
formats, and multimodal processing, which allows mod-
els to interpret complex visual document layouts.

Through our specific application to FDA documents,
we have demonstrated how such a document-
extraction pipeline can achieve high accuracy, outlined
practical approaches for evaluating its performance,
and presented a use case for downstream data analysis.
We emphasized the importance of programmatic inter-
action with LLMs via APIs, enabling tighter control
over outputs and facilitating integration into broader
analytical workflows. We also highlighted the benefits
and motivation for decomposing tasks into smaller,
more manageable components, allowing the effective
use of lower-cost models without sacrificing overall
performance.

Text extraction is not only a standalone data prepara-
tion task; it is a foundational component of analytics
workflows that are rapidly adopting Generative Al For
example, RAG systems combine LLMs with external
document retrieval, ensuring model responses are
well grounded in relevant information. These systems
depend on clean, well-structured source material that can
be indexed, searched, and retrieved reliably. Looking for-
ward, extraction pipelines are also likely to become core
components of agentic systems, in which LLM-based
agents retrieve documents, extract relevant fields, validate
outputs, and pass structured information to downstream
optimization, forecasting, or decision models.

Taken together, this tutorial provides a functional
and extensible framework for deploying LLM-based
extraction pipelines in real-world settings. We antici-
pate future work will build on this foundation to pro-
vide access to a wide range of document types,

including financial reports, medical records, and supply
chain documentation. By reducing the time and cost of
unlocking information from unstructured sources, such
approaches have the potential to significantly expand
access to data and improve decision making across
domains.
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Endnotes

' The accompanying code is maintained on GitHub (https: // github.
com/sos-analytics/ijaa-llm-tutorial) and permanently archived on
Zenodo (https://doi.org/10.5281/zenod0.22013691).

2 For this reason, optimal prompt styles vary between providers
and are constantly evolving, and regularly consulting provider
guidelines is prudent. Official prompt guidance is provided
by OpenAl (https://platform.openai.com/docs/guides/prompt-
engineering); Anthropic (https://platform.claude.com/docs/en/
build-with-claude/prompt-engineering); and Google (https://ai.
google.dev/gemini-api/docs/prompting-strategies). Additionally,
OpenAl provides a prompt optimization feature (https://platform.
openai.com/chat/edit?models=gpt-4.1&optimize=true).

3See OpenAl's structured output overview (https://developers.
openai.com/api/docs/guides/structured-outputs).

“ For instructions on key generation and the billing process, visit
OpenAl’s official documentation (https://platform.openai.com/
docs/quickstart).

5 Some recent reasoning models provide only limited support for
temperature adjustment. For OpenAl models GPT-5 and newer,
only two temperature settings are supported (zero and one) when
reasoning_effort=none. Although these settings seem undoc-
umented, setting temperature = 0 yields more consistent outputs
(see Online Appendix).

6 Images can also be transmitted via URL or uploaded directly to
LLM providers.

7 OpenAl provides a free tokenizer tool, which allows users to mea-
sure how many tokens a prompt will use (https://platform.openai.
com/tokenizer).

8 Last accessed on August 19, 2026. For current pricing, visit
OpenAl ( https://developers.openai.com/api/docs/pricing).

9 For implementation details, see the OpenAlI Batch API documen-
tation (https://platform.openai.com/docs/api-reference/batch).
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