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« Statistical analysis efforts estimation
« Why is statistical analysis efforts estimations important?
« How is it done currently?
« Need for streamlined process
« Use of NLP in statistical analysis effort estimations
« Model
- Use cases:
SDTM Estimations

Benefits and challenges

Key takeaways
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IO@G Statistical analysis effort estimations

Estimating the resources, time and cost required to conduct statistical analysis for
clinical trials

Functional
endpoints
analysis

Iterative
refinement

Jf

Project
Dynamics

. Tools
required

SME
assessments

- Analogous
estimations




p@e Why are statistical analysis efforts estimation

important?
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Project
planning

Accurate
budget
estimations

Process
refinement

Effort
estimation
process

Resource
allocations




Vil
phuse
N

How is it done currently?

O Protocol

Scope of
work &
timelines

-

Sponsor inputs

Deliverables
targeted

Data Quality
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Project activities
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Complexity
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Project Management
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Documentation
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Efforts and budget
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SME Inputs
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Documentation
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Gaps in estimation

Issues with documentation

Contextual understanding Benchmarking and validation
[

Iterative revision

.... Dynamic adaptability
°

Data quality and availability
° °

Feedback mechanisms

Skillset considerations and
knowledge sharing
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p@e Need for streamlining the estimation process

Technological advancements,
process refinement, and a
commitment to learning from past
experiences

Moving from a manual process to
automation for enhanced efficiency,
accuracy, and effectiveness

Address frequently faced Iterative process improvement on
issues feedback and evolving project
requirements
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Data Exploration Training set Model Algorithms | Validate with Pilot projects and | Train the model
and Data mining based on Historical Test fine-tuning Model | and scale-up
standards data and SME
inputs
Analyse Model NLP Model Validate Implement Improvise
Training
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p@e Where NLP can be applied?

Protocol

Scope of
work &
timelines

Deliverables
targeted

Sponsor inputs

Data Quality**
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Project activities*
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Complexity*
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Project Management
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Documentation
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SME Inputs

*NLP estimations
**Pre-defined Algorithmic estimations
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Documentation
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Fine
tuning
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p@e Use case- Determining the number of SDTMs with
" their complexity

Application of NLP methods in determining the number of SDTMs
needed for the study and the complexity + efforts estimated

4 Data preparation to feed into the\
model

\—[ Protocol

/—t Model

* Trained and tested
NLP(supervised ML) models

- J

(SDTM’s Domain names and )
number of domains estimated
along with their complexity

* Pre-defined Complexity-budget
information (Cost + hours
details) to facilitate pricing.

\—t Estimations

Final
estimations

» Review and acknowledge the

estimations and finalize

* Revise the estimates as needed

and fine-tuning models(training
datasets) for next iteration based
on SME inputs
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p@e Intermediate outputs from the model

Screenshot 1: Similarity Score Screenshot 2: Number of SDTM Domains ~ Screenshot 3: Pre-defined Complexity-Cost factor

' Domain | Cosine_Score_SUM |Cosine_Score_Mean Phrases hed | Domain C I Complexity |Skillset Level |Time in hours |Cost/hour |Total Type
FA 10.36589838 0.062823627 Default DM |Medium High S1 XX XX XX Prod
v 2.003074436 0.019447325 ge:a":I E: :58: Medium s1 x x . Prod
RP 7.093712373 0.097174142 sz::h ~ H:gh Low 51 XX x - Prod
2: 3;;‘2‘?‘153;22 ggg‘;’ggggég Default T |Medium High s1 xx x xx Val

- - Default TE Medium Medium S1 XX XX XX Val
NV 1.293024112 0.035917336 Dofault A IMedium
OF 5.572303815 0075301403 Default s TMediom Low s1 XX XX XX Val
B 0.204700007 0.003055224 Default v |Medium High S2 XX XX XX Prod
MB 2.061983812 0.00950223 Default DV Low Medium S2 XX XX XX Prod
BS 0.300522391 0.018782649 Default IE Low Low S2 XX XX XX Prod
ss 0.115214724 0.038404908 Default M |low High S2 XX XX XX Val
cp 2.907384549 0.007178727 gz:::: 'C; tszv Medium 52 XX XX . val
GF 0.028012351 0.00560247 o v Low 2 x x XX val
LB 17.22874321 0.015996976 126 v Low High SS1 XX XX XX Prod
= siousenl o ! ——— T S ———
£G 3.869600184 0.021986365 1438 5 |migh Low S51 XX XX i Prod
sC 4.914189871 0.100289589 62 Vs |Medum High Ss1 XX XX XX Val
DA 0.019602165 0.003267028 182 EG  [Medium Medium SS1 xx Xx XX Val
TU 0.066743096 0.005134084 55 sC Low Low Ss1 XX XX XX Val

Screenshot 4: Protocol-Domain Mapping: RE  Screenshot 5: Protocol-Domain Mapping: FA

Matched Phrase from protocol (for review) Domain Matched Phrase from protocol (for review) Domain
diffusion capacity of lung for co; tico; transfer largest diameter of primary lesion; longest
factor of lung for co RE diameter of primary lesion FA
mean diffusion capacity of lung for co RE number of abscesses FA
fraction of inspired oxygen RE number of episodes FA

Ici to 1/40th initial concentration; Ici to 2.5%
initial concentration; lung clearance index to
1/40th initial concentration; lung clearance index
to 2.5% initial concentration RE number of fistulas FA
Ici to 1/20th initial concentration; Ici to 5% initial
concentration; lung clearance index to 1/20th
initial concentration; lung clearance index to 5%
initial concentration RE number of hospitalizations FA
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Benefits and Key challenges

Benefits>

Data driven insights
Enhanced decision making
Scalability

Consistency

chracy and Validation

Data quality and diversity\

Complexity of the medical
jargon

Context understanding

Difficult to interpret and
justify
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Streamlined Faster decision-  Upfront costs Vs Enhanced Optimization Future
process making and early long-term Collaboration of resources enhancements
insights benefits across different utilization, and continuous
stakeholders adaptability, and improvement

consistency



7\
phuse
\_
The Global Healthcare
Data Science Community
Contact Channels Social Media
UK +44 1843 609600 @phusetwitta

| office@phuse.global /phusebook
phuse.global /phusetube
/company/phuse

Thank you
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