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shuse  Disclaimer

The views and opinions presented in this paper, along with the associated
presentation and slides, are solely those of the presenter and do not
necessarily represent those of BeOne. This analysis is based entirely on

publicly available data, and BeOne does not ensure the accuracy or reliability
of the information provided.
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p@e Background - Challenge

=  What We Expect » \What We Face The Innovation Boom in China Biotech

Morgan Stanley Q

+ Annual revenue from drugs originating in China could jump toan estimated $34
billion by 2030 and $220 billion by 2040.

+ China s projected to account for 35% of approvals by the US. Food and Drug

Administration, up from only 5% currently

Tesla Gigafactory 3 Shanghai i self-dri
e bleatactory anens _ Pony.ai self-drive . . + Chinese biotech companies are now increasingly developing novel drugs in
https://www.youtube.com/watch?v=-Ds1xV7M2g| https://www.youtube.com/watch?v=jKFV7gjWaD4
areas of high value, including treatments for cancer, diabetes and obesity.

*Standardized, accurate, and repeatable
*Well-defined, controlled processes
*Errors easily detected and corrected

'DynamiC, ever'Changing; and Complex + Global pharmaceutical companies may look for icensing partnerships in China
*Human factors and real-world variability tosupplment e dugpurtofos
*Rare events and exceptions are critical

+ Geopolitics remain a key variable to the advance of China's biotech and its

integration with the global industry.



https://www.youtube.com/watch?v=-Ds1xV7M2gI
https://www.youtube.com/watch?v=jKFV7qjWaD4
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Rhuse  Background - Opportunities from Al

Considerations for the Use of B PEARKNERRARBAH WEIR R | BR | R | 0 . .
Artificial Intelligence to Support - Enterprise Success in Action
Regulatory Decision-Making for
Drug and Biological Products TUFHEEAERE AR IBAENE (BT seE . L. L . .
Guidance for Industry and Other STHESE (2025—20306) ) This collaboration is reshaping industries and accelerating
Interested Parties . B . .
e = see innovarion across sectors. Novo Nordisk, a global healtheare
leader, has revolutionized their drug approval process using
LHEEER -
BHEATXTHRABREE AT
A s 6 OEO
e oo mrtan sames additional daily revenue through earlier market entry.

Artificial Intelligence

FRlREL Similarly, Zendesk has revolutionized customer
in Drug Manufaq

et St e COMPANY USE OF Al experience delivery by integrating Claude through
AIUSE IN CLINICALTRIALS INCLINICALTRIALS

WORETE MR, SEATNERATANRNEETIRE

Amazon Bedrock. “Al is transforming customer and
employee interactions, and soon, it will shape virtually
all of them,” said Zendesk CTO Adrian McDermott. The
results speak for themselves: more empathetic customer

Using Artificial Intelligence
& Machine Learning

in the Development of
Drug & Biological Products

Discussion Paper and Request for Feedback

interactions, enhanced personalization, and significantly
improved agent efficiency through intelligent automation.

Anthropic-AWS-info-sheet.pdf
Novo Nordisk Revolutionizes Drug Discovery with

MediData Al Report 2025 — The State of
Al in Clinical Trials: Today and Generative Al, Powered by MongoDB, Anthropic and AWS

Tomorrow


https://assets.anthropic.com/m/319d41d452322da/original/Anthropic-AWS-info-sheet.pdf
https://aws.amazon.com/cn/awstv/watch/a9a9399c66c/?sc_channel=sm&sc_campaign=APN%20Partner%20Success&sc_publisher=LINKEDIN&sc_country=global&sc_geo=GLOBAL&sc_outcome=awareness&linkId=838003677
https://aws.amazon.com/cn/awstv/watch/a9a9399c66c/?sc_channel=sm&sc_campaign=APN%20Partner%20Success&sc_publisher=LINKEDIN&sc_country=global&sc_geo=GLOBAL&sc_outcome=awareness&linkId=838003677
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le_Jje Background - Al Implementation from POC to Production

: 3.2 THE PILOT-TO-PRODUCTION CHASM :

Takeaway: The GenAl Divide is starkest in deployment rates, only 5% of custom enterprise Exhibit: Why GanAl pi[ots fail: lop hartiers to scaling Alinthe enterprise

Al tools reach production. Chatbots succeed because they're easy to try and flexible, but fail )
Illil- in critical workflows due to lack of memory and customization. This fundamental gap Users were asked o rate each issLe on a scale 0(1'10

explains why most organizations remain on the wrong side of the divide.

Our research reveals a steep drop-off between investigations of GenAl adoption tools and
pilots and actual implementations, with significant variation between generic and custom Chllenging change management

The GenAl Divide \ solutions.
STAT E O F ‘ N | I N Research Limitations: These figures are directionally accurate based on individual } . ]
interviews rather than official company reporting. Sample sizes vary by category, and Lack ofexecutve sponsarship

B U S | N ESS success definitions may differ across organizations.
2 O 2 5 Exhibit: The steep drop from pilots to production for task-specific GenAl tools reveals

the GenAl divide

u General-Purpose LLMs B Embedded or Task-Specific GenAl

5%
|

Investigated Successfully Implemented

MIT report: 95% of generative Al pilots at companies are failing



https://mlq.ai/media/quarterly_decks/v0.1_State_of_AI_in_Business_2025_Report.pdf
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th_Jje Background - Al Implementation Strategy

Vision -> Insight -> Execution

Tech Feasibility

Business Value

A Vendor expertise
100%
9

o 90%
@ Internal Sylitel

Performance

¥\ 9
m Dev Group \k\

60% MVP
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Translation CodeGenius MedCoding SDTM DE
N < =
a B g
Al-enhanced multilingual translation platform Al-powered IDE for automated SAS Automated medical coding platform with Al-driven R-based platform for automated
for clinical documents programming and optimization clustering and scoring capabilities SDTM dataset generation

« Platform Deployment: 2 PROD, 1 UAT, 1 DEV

« Target Users: Medical Writing, Programing, Data Management

*  Programming Languages: R, Python, C#

*  ML/AI: Semantic Search, Embedding, Clustering, Segmentation, RAG, Prompt Engineering, Agent, MCP, Fine-Tuning
* Integration Capabilities: MS Azure, Databricks, ElasticSearch, Posit

* LLMs: Azure OpenAl, Claude, Deepseek, Qwen




p@e Background - Comparative Pros & Cons of

Nt LLM Implementation Methodologies
BT

;)Lr;t;::ddeployment A G0 G - Limited control over output consistency
Prom pt ~ Highly flexible and easy to iterate - Can require corpplgx engineering for nuance X X X X
g - Prone to hallucinations
- Minimal compute cost
- Groun r nses with up-to- . . . .
RAG Grou .ded espp DU R EEILD - Complex setup (indexing, embeddings, retrieval)
Retrievals factual information . .
(Retrieva o . .. -Additional latency at query time X X X X
Augmented - Reduces hallucinations without retraining . S .
; - Maintenance of data pipeline required
Generation) - Scalable to large corpora
- Automates multi-step workflows and
integrates external tools - High development complexity
Ag ent - Modular combination of strategies - Requires monitoring and error handling X X X
(prompt, RAG, APIs) - Potentially brittle if downstream APIs change
- Facilitates orchestration of complex tasks
- Deep customization for domain-specific
Fine- tasks - Significant compute and data requirements
. - Consistent, high-quality outputs - Long retraining cycles X X
Tuni ng - Reduced reliance on prompt engineering - Less flexible—model updates require re-training
for niche contexts
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Real-world business value or ROI

Planning & Design

Success metrics °

Interaction/UX design

Integration with legacy systems

Development
Systematic context engineering

Expectation management
Iteration & Maintenance Model performance

o o
Competitive moat ° o
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Planning & Design - Interaction/UX design

lati : : Show Difference for e B—
Translation APl Eaummdl Translation Add-in s review Al results easily :MM

I SEURHBRALHRENTEASGA T HATIRD (£1431261),

_ Customized Prompt & Provide self-defined prompt,
MedCoding BB Clustering & Scoring R order and flag results for review

conveniently

et
e P ) N
e O Mook Tk (Verbaim wer e —— Cotng 11 G 71 ot 14 Codng 71 Condenc Conbenc Comitenc
Nuber bt rame  beson charge | WT wTCooC BT FICOOE WY MICODt MGT OB SOC  S0CCON Vere + s LT sz 3 oy eicoce oot v5e
- stnal Casmorme
rmine s v aom
VOMITMEG Yomiting  WOHTIV0 Vemiing 10047100 syveroms 1C030EL7 spmtoms 0GB diseders 1017967 21 O Vowtng vowtre Melewce Vommng vomurg [331 0 st
s
-y e Gmom
e vt o e
VOMITNS Woing 10047700 Vomtng  100€TICD Syvehoes JOOIHRLY spmtiows 20018511 dissders 10TIBMY 31 COM oy Vomtig beleasce Vomtag Vomtig N
e
- oy oo
vomang v - L
VOMITM Vomiting | 1OLTNO Vomtng 1007700 wynerems 100LALT symtons 106IBN2 dsadrs 1001780 1 0O Vomes Vomtin belowece Womtng Vomtes w0 ot
— e e
ot cour ot =~ o e
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POC & Validation - Depth-first approach

« Start with ONE complete, production-ready solution

- eCRT Translation Platform -> R&D Translation Platform
- Focus deeply on single use case: Protocol translation
- Validate thoroughly before expansion

* Integrate Knowledge base into the platform

- Leverage domain specific knowledge (e.g., CDISC SDTM MCP)
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Development - Integration complexity with legacy systems

Context:

« Trados: Medical writing translation software r Trados Studio
» Our asset: Python-based translation function
« Gap: Trados C# plugin framework

Solution Strategy: <

» Wrapped Python function as API on Databricks databricks
« Engaged Trados technical support, rapid framework learning through vendor guidance
* Built C# plugin with new features based on user requirements

- Translation Memory Upload/Multi-selection/priority list

- Difference between source and matched source & target and matched target



VR

p@e Case Sharing

I S
Production Deployment - Change management and employee buy-in
User Adoption Barriers:

* Habit disruption: SAS deeply ingrained in daily work
* Missing feature: Cannot execute code directly (critical gap)

Chatbot for daily work

Lack of Change Management:

* |nsufficient feedback collection at release
« Limited tracking of adoption metrics

Platform Enhancement:

* Embedded company standard macros, template code
* Iterative improvements addressing user pain points

_ * GxP Validation for SAS engine connection
CodeGenius Ul Platform Trace:

* User Champion Team
* Al API use metrics
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Iteration & Maintenance - Competitive moat

Copycats
Feature t} 2 Tech ré Legacy @ S
Copycats : Giant s Players v
A L
Knowledge Algorithm Ecosystlem Expert Team
Integration
+  Translation Memory +  Domain-specific model + Deep integrations with . Multidisciplinary expert
+ Term Base fine-tuning (e.g., translation industry platforms + team covering the full
» Historical MedCoding model) End-to-end clinical trial lifecycle
Reports *  Customized Al pipelines +  Domain-specific API (e.g., medical translator,
* Study & Standard SAS (SDTM / MedCoding) services coders, biostatistician,
Template Code . . . ... statistical programmers,

. ... CDISC specialists)
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ﬁ W Be Translate File

<

Translation
CodeGenius

Original In-house SAS PROGRAMMING
translation

Vendor1

Playround Code-tdnee

E MedCoding

= MedDRA Coding v28.0

il Flag & Report Analysis

MedCoding = - SDTM pigital Employee

Analysis Settings

. Final Analysis Result Details D eS i g n D e m O
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Transform noisy raw data into searchable and graded data.

Data Clean: Through pre-defined rules and machine learning models, automatically clean and verify data to
grade data quality.

Data Strategy: For different quality levels of data, different training strategies are used to maximize the value

of data.
e Business Rules Gold-Trained o General LLM
Model
Rule-Based vs GOld- Utilizes deterministic A domain-specific model Leverages a large language

regex patterns to match . . model with in-context
fine-tuned exclusively on

and correct common i i learning to denoise entire
high-quality (gold) data. sentences. It generalizes well

Data cleaning and to unseen corruptions.
grading based on

probability distribution
differences

Trained vs LLM

misspellings and known
artefacts.
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— Model Training: Split-Strategy Training

Gold Data

High-quality, manually labelled

data used for Supervised Fine-

Tuning (SFT).

Method:
Standard Cross-Entropy Loss

Noisy Data

Silver data with label noise.
Optimized with Robust Loss or
RL.

Method:
Robust Loss or RL

Unlabeled Text
Raw text for Continued
Pre-Training (CPT) to

broaden context.

Method:
Masked-Language or Next Token

Predict Objective



p@e Al Engineering -
" Model Training: Domain Fine-tuning
I I
Take the translation of medical documents as an example:
Domain fine-tuning based on internal high-quality text can effectively
improve the model performance of specific tasks.

Before fine-tuning: limitations of the general model
The understanding of professional terms and context is insufficient,

and the accuracy and fluency of translation need to be improved.

After fine-tuning: the birth of domain experts

Accurately grasp industry terms and expression habits, and
significantly improve translation quality and work efficiency.
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~ Model Training: Reinforcement Learning Alignment
I

Processing noisy data: Reward training based on TER
In the translation task, the

W Is used as a reward signal to guide the model
to learn on noisy data and improve its robustness.

Handling specific negative cases: DPO(Direct Preference

Optimization) 1 5, e the problem of inconsistent terms and

D{b ( ]D untranslated words, construct negative examples, and

use DPO method to directly optimize model
preferences and align human expectations.
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MCP (model context protocol) defines three types of core semantic interfaces on top of
standard rest, so that agents from different suppliers can discover, call and combine

with each other.

B Text Translation MCP
ZA‘ Wrapping Translation function to MCP

Query CDISC Library

Data Search MCP
Agents understand and ;’3

interpret complex CDISC
standards.

Wrap semantic search and key word search to MCP



i Al Engineering

— Data Query Platform based on ElasticSearch

Semantic retrieval: understand the query intention and return
relevant results.

Keyword search: accurate matching, fast positioning.

Hybrid search: combine multiple ways to provide the best query
experience.
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R Summary

v GenAl is reshaping biopharma; clinical trials are the
next transformation frontier, unlocking faster, smarter
drug development.

v Success hinges on three essentials: high-quality,
fit-for-purpose data; domain-specific customization;
continuous, rigorous iteration and human verification;

4 Disciplined engineering and cross-functional Anayacat bt r ot

Data production per dollar

collaboration can translate promising POCs into S A O

Labor pool

reliable and scalable production solutions - turning  raaseermes e
data into clinical impact and accelerating time-to-

Possible Solutions?

k t Better automation
I I I ar e " Higher-level abstractions for humans

Combinations of the two
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