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WHAT?

What is Al, atrtificial intelligence, and how has it evolved?




Three Generations of Al Technology
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Al

Any computer system that performs "intelligent" tasks

Machine Learning

Systems that improve through experience

Deep Learning

Neural networks that mimic human brain

Generative Al

Creates new content (text, images, analysis) Y precursor to Agentic Al
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Artificial Intelligence

A broad field that covers the theory and development of
computer systems capable of performing tasks that typically
require human intelligence:

Visual perception
Speech recognition
Decision-making

Language translation




Machine Learning (ML)

Machine Learning is a subset of artificial intelligence that enables
systems to learn and improve from data without explicit programming.

Data-driven learning : Algorithms analyze datasets to identify patterns
and relationships automatically

Pattern recognition : Systems build models from training data to make
accurate predictions on new information

Adaptive performance : Models continuously improve as they process
more data, unlike static programmed rules

Automated decision -making : Computers make informed decisions
based on learned patterns rather than predetermined instructions

This approach enables systems to handle complex tasks that would be
impractical to solve through conventional programming.
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Generative Al (Gen Al)

A subset of artificial intelligence systems that are designed to
create new data , rather than simply analyzing existing data.

These systems use machine learning algorithms, particularly
deep learning techniques, to generate new content such as
images, text, audio, or video that resembles the training data
they were exposed to.

Examples of generative Al include text -to-image models like

DALL-E and large language models (LLM) like GPT -4/Claude.
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HOW?

How has Al affected the legal industry and litigation
practices?




Three Eras of Legal Al

2014-2020: The TAR Revolution 1
(E Technology-Assisted Review becomes
mainstream
E Machine learning enters the courtroom 2 2022-2024: The Generative Al
Breakthrough
(E ChatGPT changes everything
2025 & Beyond: The Age of Agentic Al 3 & Natural language understanding transforms

E Al that can think, plan, and execute document analysis

E From system of records Y system of actions



The Power of Generative Al in Legal Practice

(E Understand the meaning and intent of your requests
(E Generates responses that are relevant to your needs
(E Communicates clearly without coding or specialized training

(E Uncovers insights and answers that would take otherwise require
substantial time and effort

Envision it as: Having a brilliant legal assistant who has reviewed every

document in your case and can instantly provide relevant information




Agentic Al: Represents the next era of Al development

1 Capabilities of Al Agents

(E Interact with environment,
craft strategy, and take action
towards self-determined /
predefined goals

(E Understand, plan, execute,
and rerun on feedback

2

Evolving Roles for
Litigation Support

(E Litigation support staff
become "Al supervisors"

(E Focus on quality control and

alignment

(E Shift to more strategic,

impactful work

3

Importance for Law Firms

(E Crucial for staying ahead of

the curve

(E Unlock new levels of
efficiency, insight, and
innovation

E Deliver better outcomes for

clients



Rt nn Al
teammates

Instead of manually orchestrating steps and inputs, Al
agents are becoming more flexible, atomic, and steerable
enough to take action on your behalf to achieve specific

goals

Source: From Handcrafted Workflows to Al Agents to

Aqgentic Workflows
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WHY?

Why use Al in legal practice, and specifically, litigation?



Billable Hours: Not losing hours but shifting to more meaningful
work

@ Save attorney hours spent on "grunt work"

Reallocate those hours to high -value work that you enjoy

‘07 Better case understanding

More time for legal and critical analysis

¥t Front-load your high-level work

Perform case-analysis earlier rather than after document review
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Work with clearly defined document sets

Focus reading on what's needed for trial/depositions

060

Higher satisfaction

Don't miss important life events due to low -value work



WHERE?

Where exactly do we use Al today?

From basic document review to autonomous legal

reasoning, artificial intelligence has fundamentally changed
how attorneys prepare and litigate cases.




Early Case Assessment

During early case assessment, you may want to understand
the stories and narratives surrounding the claims as you build

your case.
Key Use-Case:

Use Al to generate summaries of events, cited back to the

source documents.

8 hours manually reviewing vs 10 minutes asking
guestions for similar results

Decide to settle quickly or prepare your team for the battle.
Can you explore more success-based fee-arrangements?

Create a fact memo about key topics in the documents. These documents relate to the legal actions
and settlements arising from McKinsey & Company's consulting work with opioid manufacturers,
particularly Purdue Pharma, the maker of OxyContin, during the height of the opioid crisis in the
United States. | am a defense attorney who is defending Purdue pharma in a subsequent civil case
defending Purdue against plaintiffs who were harmed by opioid usage. Explain why each search was

selected.

06/12/25 12:46 o M\

® Fact memo

I. SUMMARY

The documents collectively detail McKinsey & Company’s consulting work for Purdue Pharma on OxyContin,
including evaluating underlying drivers of product performance, recommending strategies to boost sales, and
developing messaging approaches. ® They also reference searches for external information (e.g., press coverage
and legal cases) that McKinsey conducted or proposed, as well as the rationale for gathering data on competitors,
prescribing patterns, and potential threats to Purdue's position. 8 These materials offer insight into Purdue’s
awareness of marketplace headwinds, emphasis on targeted initiatives to improve market share, and steps taken to
understand and address external regulatory or reputational challenges.

IIl. OXYCONTIN PERFORMANCE DRIVERS

1. Declining Performance vs. Aspirations

* Many memos (e.g., “Rapid opportunity identification for OxyContin,
Gasdia”) note OxyContin's 2012 and early 2013 results were below Purdue’s forecasts and “shared aspirations.”
= McKinsey identified national-level factors reducing prescriptions, such as growing regulatory scrutiny and

o

Memorandum to John Stewart and Russ



Deposition Prep and Analysis

Given 42 depositions with 6000 exhibits, Fileread was able to save

on average 70% in time spent reviewing.

Key Use Case:

Based on the pre-trial brief, use Al to find instances of

contradictions in the testimony.

Example: "I'm going to upload all the expert reports that this expert
has ever filed, show me times when he has contradicted himself."

>200 hours spent chasing something that might not exist or is
even worth exploring vs a few days.

Find more ammunition to support your arguments, or identify risks
you may have missed
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Accuracy 80% 99.99%
Time 16 days 5 days



Reasoning and Analysis

A language model grounded in the text data of a matter can

weave faCtS together to see hOW th ey rela‘te to one an Other |n Are there any documents that contradict Arnab Ghatak's claim made at deposition that he had no
knowledge regarding the deletion of documents?
the context of an overall narrative. o2sB/251005 @ @

Key Use Case: 208A

Yes, there are documents that contradict Arnab Ghatak's claim made at deposition that he had no knowledge
. f . nge regarding the deletion of documents. Specifically, a message from Arnab Ghatak dated April 11, 2018, states: "Not
An em ployee g IVES a depOS|t|On . We can Sa'y fl nd me a” the yet. Prob all deleted. # Could try Laura” in response to a request about locating Purdue strategy documents. B
This suggests that Ghatak was aware of the potential deletion of documents related to Purdue strategy.
Furthermore, the reference to deletion directly implies his knowledge of missing documents € , which contradicts
any claim of lack of awareness regarding document deletion.

facts that disprove his testimony about not knowing data
being deleted".

Generated by Al B Sources @ Annotations .‘ L

We can say: "He knew that wasn't true. He admitted to

deleting data."

80% time savings (56 hour task) for this particular request.



Extractions / Classifications

Al is capable of extracting key pieces information and classifying data to help you organize the facts, so your team can focu s on applying

the facts to the law.

Rodriguez v. City Transit Authority

Greenfiold Construction LLC v. M.

Johnson v. TechCorp Industries

Rodriguez v. City Transit Authority

Greenfiedd Construction LLC v. M.

Johnson v. TechCorp Industries

Rodriguez v. City Transit Authority

Key Use Cases:

(E Given a set of invoices, extract the standard terms (amount, payment terms, date)
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o Plairtifts

Greenfield Construction LLC

Sarah Johnson

Maria Rodriguez; Cartos Rodriguez (loss of consorti_.

Greerfield Construction LLC

Sarah Johnson

Maria Rodriguez; Carlos Rodriguez (loss of conserti..

Greenfield Construction LLC

Sarah Johnson

Maria Rodriguez; Carlos Rodriguez (loss of consorti..

Greenfield Construction LLC

Sarah Johnson

Maria Rodriguez; Cartos Rodriguez (loss of consorti..

Robert Chy

TechCorp Industries, Inc.; Marcus Willams (MR Dire.

City Transit Authority; First Transit inc.; John Doe (b...

Metro Dx Grougx, Robert C!

TechCorp Industries, inc.; Marcus Willams (HR Dire_

City Transit Authority; First Transit Inc.; Jobn Doe (b..

Grougr Robert Chw

TechCorp Industries, Inc.; Marcus Willams (HR Dire.

City Transit Authority; First Transit Inc.; Jobn Doe (b..

Metro O Groug, Robert Ch

TechCorp Industries, inc.; Marcus Willlams (HR Diro..

City Transit Authority; Frst Transit inc.; Jobn Doe (b..

(E Generate metadata fields to organize your universe of documents

(E Auto-tag/code documents based on case knowledge and review protocols (aiR for review, Cecilia, etc.)



