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Biometric Teams

Three workflows biometrics owns — trial design and simulation, statistical
programming from SAP to TFL, and digital twin simulation. Purpose-built
agents, running in your environment and toolchain, with an audit trail and a
source citation for every output.
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THE PLATFORM

TrialMind: Al agents for clinical trials

A regulatory-grade Al agent platform covering every clinical research stage. Biometrics owns

three of the five.

Planning Initiation Execution Analysis Reporting
Competitive intelligence Site Selection Data Monitoring Biostat Analysis & Regulatory Writing
Real-world Data Analysis ~ Patient Recruitment Safety Signal Analysis Programming Evidence Generation

Trial Design Enroliment Projection Outcome Prediction

Digital Twin

01 PLANNING 04 ANALYSIS 05 REPORTING
Human equivalent: clinical data Human equivalent: Human equivalent: medical
scientist, biostatistician, biostatistician, statistical writer, regulatory specialist,
protocol designer programmer, clinical data compliance auditor
scientist
Your experts TrialMind agents
[
Set the question, review the work Do the iteration, show their work

Every stage runs inside your environment and your toolchain — SAS, R, Python, EDC, eTMF — with audit
trails, source citations, and traceable logic for each output.

SCOPE OF THIS DOCUMENT

This brochure covers the biometrics use cases. The TrialMind overview covers the rest — real-world
evidence, HEOR, clinical operations, and site and patient workflows.

Keiji Al - TrialMind for Biometrics



THE CONSTRAINT

What we hear from biometrics leaders

Pressure arrives at both ends of a study, and usually lands on the same people.

TRIAL DESIGN STATISTICAL PROGRAMMING

The design decides the cost of the trial, and SAP development, SDTM-to-ADaM

the methods that would optimize it are the programming, and TFL generation consume
ones there is never time for: real-world weeks per trial against a lock date that does
evidence to ground control-arm assumptions, not move. Double programming absorbs
Bayesian and adaptive designs, simulation much of what is left, and every deliverable
across the assumption grid, digital twins to has to arrive with its derivations documented
test a design before anyone is enrolled. Each and defensible. An amendment or a

is days of work per round, every assumption late data issue re-opens work that was

must be defensible to a regulator, and an already checked.

amendment re-derives much of it. So the
design that ships is the one that could be
justified in the time available.

The same statisticians carry both, so design iteration becomes unbudgeted work competing with the
study analysis. Headcount is not the lever — a senior member in the biometrics department is a
scarce hire, and the requisition takes months to fill after it is approved.

So the ask is more throughput from the same team, at the quality bar the FDA expects.

The constraint isn't producing the analysis.
It's completing and defending it on a deadline that
doesn't move.
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WHERE TRIALMIND FITS

Design simulations before the
SAP, validated SAS and R after

Before protocol finalization, TrialMind simulates power and sample-size assumptions, with evidence cited for
each. Afterward, it generates validated SAS and R directly from the SAP, following your existing standards and
macros—augmenting your current workflow rather than replacing it.

Every output carries an audit trail, source citations, and traceable logic — from the source dataset through the
derivation to the tables, figures, and listings. That is a design decision, not a feature added later, and it is what
allows the throughput gain to survive a regulatory review rather than create a problem downstream of it.

It is also where the productivity difference is most directly countable — in statistician-days on a design question,
and in programmer-weeks against a database lock date you already have on the calendar.

TRACEABLE END TO END

Source dataset Derivation Table, listing, figure CSR section

eCTD submission

Each step carries its own audit record, so a reviewer's question about any number — in a CSR section or in the
eCTD package it ships in — resolves to the derivation and the source behind it rather than to a rerun.

WHEN THE PROTOCOL CHANGES

An amendment is where the same traceability pays for itself. Today, realigning SAP amendment - spec -
dataset - TFL takes the whole team months, and most of that time goes to working out what was affected
rather than to changing it.

SAP amendment Spec Dataset TFL

Because every deliverable is linked to the derivation and source behind it, TrialMind monitors that chain
continuously — within a study and across a programme — and answers the question a statistician actually asks:
if this changes, what else is impacted? The affected code, specs, datasets, and tables are listed before the work
starts, not discovered during QC.




WHERE WE WOULD START

Three workflows from TrialMind

01 Trial design and simulation

Estimands defined per ICH E9(R1), then sample size and power computed across effect size, accrual,
dropout, and interim-analysis assumptions.

The output is a range of feasible designs rather than a single n, so the tradeoffs are visible. Simulations use
published evidence together with your own program context — target product profiles, unpublished results,
draft protocols.

02 Statistical programming

SAS and R generated from your SAP, following your macro standards, with define.xml, the reviewer’s guide,
and an audit trail from source record to final table.

Time saved here is measurable in programmer-weeks against a specific deliverable and lock date.

03 Digital twin simulation

Two capabilities.

Individual patient data reconstructed from published trials. Patient-level datasets rebuilt from reported
results and survival curves in the literature — so a design can be simulated against realistic patient
trajectories before you have enrolled anyone, and without access to anybody’s raw data.

Prognostic modeling on your own completed studies. Risk models that stratify patients by predicted
outcome and quantify the sample size a design would actually support, with sensitivity across assumed risk
differences and power levels.

Reconstruction provides a comparator where none exists; prognostic adjustment reduces the sample size
needed at the same power.

ALSO IN SCOPE
Protocol & SAP ¢ ICF consistency checking - Independent QC by recomputation - Legacy SAS macro

documentation and migration - CDISC conformance remediation - CSR draft assembly from TFLs

TrialMind supports these workflows end to end. Where quality assurance is critical, independent QC by
recomputation is especially powerful—producing a separate derivation that verifies the result independently,
rather than rechecking the same code.

Keiji Al - TrialMind for Biometrics



WORKFLOW 01 | TRIAL DESIGN AND SIMULATION

Trial design and simulation

For teams whose work starts before the SAP, the trial design workflow runs the same way.
The steps below are illustrated with a time-to-event superiority design — the sequence is the
same for other endpoints and design types.

Literature review to research the current therapeutic landscape

Structured evidence extraction that defines the assumptions the design will rest on

Estimand and sample size assessment per ICH guidance

Populations and endpoints formalized, with initial sample size and event requirements computed per
scenario

Grid search across design assumptions

Sample size requirements mapped across the assumptions that drive the design — hazard ratios and
control-arm response, for example, in a time-to-event trial — visualized as heatmaps so the feasible
design region is visible rather than inferred

Evidence-based simulation

Published trial results incorporated directly into combination-therapy design scenarios, with sample
size, power, and event targets recommended

Final design output

The trade-offs across scenarios quantified, with the supporting visualizations and report

The point of showing the grid rather than a single recommended n is that design decisions
are negotiations between efficacy, statistics and operational reality. You need to see the
shape of the trade-off to have that conversation.




WORKFLOW 01 | TRIAL DESIGN AND SIMULATION

The evidence and the estimands,
before a number is chosen

An EGFR NSCLC example: literature review structured into a research framework, then estimands and design
parameters extracted from the trials that inform them.

(o] EGFR Trial Simulations > 1. EGFR NSCLC Literature Review to Grid Search sondvcu . | sww w0 Logon
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9 Agent es
o " [re—— — Program Execution Output
oot e, 1 Sxecution
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01 Literature review and research framework definition
Evidence landscape, GOF vs LOF differences, and candidate papers, resolved into a

framework diagram

[ EOMRTelSimuations > 1.EGFR NSCLC Litrsture Review 1o Grid Search swmoc | ez Do
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02 Estimand definition and design parameter extraction
Four ICH E9(R1) estimand documents and rpact sample size and power across five

design scenarios



WORKFLOW 01 | TRIAL DESIGN AND SIMULATION

The feasible design region,
not a single recommended n

1,080 design scenarios mapped across hazard ratio and control-arm PFS, then published combination-therapy
results folded back into the simulation.

[e] EGFR Trial Simulations » 1.EGFRNSCLCLeratwre ReviewtoGridSearch e o e ® | Gl
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03 Evidence-based grid search and feasibility mapping
Sample size as a heatmap over hazard ratio and control median PFS, with scenarios

triaged by feasibility
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04 Evidence-based combination therapy simulation
FLAURA2, MARIPOSA, and TOP results incorporated, with type-ll error sensitivity and

accrual varied

Keiji Al - TrialMind for Biometrics



WORKFLOW 02 | STATISTICAL PROGRAMMING

Statistical programming

Not a black box that returns datasets. Five reviewable steps, each of which your team

inspects before the next one runs.

01

02

03

04

05

Protocol and SAP Review
PR, EX, and CM domains generated with the mapping made explicit

Schedule of Events, CRF extraction into TFL Mocks
AE, CE, DS, and MH, with quality checks built into the mapping rather than run afterward

SDTM Workflow

SDTM specs, domain generation, validation + remediation, reviewer guide creation

Rule-based ADaM validation

ADaM specs, dataset generation, validation + remediation,reviewer guide creation

TFL generation

Against your macro standards, with define.xml and the reviewer's guide



WORKFLOW 02 | STATISTICAL PROGRAMMING

Every step is inspectable — plan,
code, and output side by side

The agent states what it will do, writes the R or SAS your team can read and export, and returns the dataset with
the checks already run.

[J Demo-Biostat-Data-Flow > SDTM Table Construction from ODM Data: PR, EX, CM Sandbox > Export Code [} save @

<
Analysis Plan Outputs ® m
@ D PR_spec.csv (CSV) | D EX_spoc.csv (CSV) | D CM_spec.esv (CSV) Show failed seripts (] 03

based on the given specs for the sdtm tables CM, EX, and PR. process the ODM data to build coll1(R) .
2 the three tables. make sure the "Req" fields do exist in the built tables.
1 Library(dplyr)
) Agent Response 2 Ubrary(readr)
I} 3 Ubrary(tidyr)
Il help you build the three SDTM tables (CM, EX, and PR) from the ODM data according to the ; Uibrary{ubridate}
- specifications provided. Let me start by examining the specification files and the ODM data s |4 Lond 00M data and OH tabla
structure. 7 cat(*== Loading bata ===\n")
8 read_cswi*/workdir/odn-car-t-openclinica.csv")
>_ Code Execution -~ Completed (exi10] v 9 ead_csv("/workdir/dm_sdtn.csv")
=] 10
11  # Load specifications
Excellent! I've successfully built all three SDTM tables (CM, EX, and PR) from the ODM data 12 en_spec < readr::read_csv(*/workdir/uploaded_files/CH_spec.csv')
m according to the provided specifications. Here's what was accomplished: 13 ex_spec < readr::read_csv("/orkdir/uploaded_files/EX_spec.csv")
N 3 o 14 pr_spec <= readri:read_csv("/workdir/uploaded_files/PR_spec.csv")
CM Table (Concomitant Medications) v 15
" . .16 # Extract required variables from specs
* 273 rows extracted from the "ConMed" form © 17 cn_req <= cm_spec %% dplyr Req") %% dplyr::pull(*Variable Name')
« All required fields validated: 18 q < ex_spec %% dplyr "Req") %% dplyri:pull( Variable Name')
19 q <= pr_spec %% dplyr 'Req") %=% dplyriipull( Variable Name’ )
- STUDYID: 100% complete 2
+ DOMAIN: 100% complete 21
2
- USUBJID: 100% complete 2
+ CMSEQ: 100% complete u
« CMTRT: 99.6% complete 26 # Get unique subjects from DM for linking
« Additional fields included: CMINDC, CMDOSE, CMDOSU, CMDOSFRQ, CMROUTE, CMSTDTC, 77 janlink < d By
28 dplyrisselect(STUDYID, USUBJID, SUBJID = SUBJID, RFSTDTC) %%
CMENDTC 29 dplyrizdistinct()
30
EX Table (Exposure) v 31  cat("\n=== Building CM Table (Concomitant Medications)
2
33 # Extract ConMed data
38 conmed_long < odn %%
35 dplyri:filter(formname == "ConMed") %%
36 dplyrizselect(studyoid, studysubjectid, itemname, value, startdate, studyeventoid, itemgrouprep
37
38  # Pivot ConMed to wide format
{ BTble | DFfiles @ & Tools 39 conned_wide <~ conmed_long %%
a0 dplyr::group_bylstudyoid, studysubjectid, studyeventoid, itemgrouprepeatkey) %%
Domains built from the generated or uploaded specs, with the R visible and exportable
rJ Demo-Biostat-Data-Flow > SDTM Table Construction from ODM Data: AE Sandbox ». Export Code (3 Save (@
«
AnalysisPlan  Code (TS
@ D MH_spec.csv (CSV) | D DS_spec.csv (CSV) | D CE_spec.csv (CSV) D AE_spec.csv (CSV)
based on the given specs for the sitm tables AE, GE DS, and MH. process the ODM data to Output? Detautview © (3 &
- build the three tables. make sure the "Req" fields do exist in the built tables.
)
o ds_sdtm.csv
5 Agent Response
[n] 1l help you build the SDTM tables (AE, CE, DS, and MH) from the ODM data based on the provided sTUDVID DOMAIN usuBJID DSSEQ  DSTERM  DSSTDIC  DSDECOD
specifications. Let me start by examining the specification files and the ODM data structure.
S_DF(TEST) DS S_DF(TEST)-DF-030 1 Disposition
8 )
> Code Execution ~ Completed 1) v
S_MGH_6315(TEST) bs S er-esIe ST MGH: 1 Disposition
(] Perfect! I've successfully built all four SDOTM tables from the ODM data. Here's a summary of what
was created
m SDTM Tables Created Output 2 petauview * [ &
5 1. AE (Adverse Events) Table
+ Records: 493 ea_sdim.cav
- Source: Forms containing "ADVERSE" in formname
sTUoVID DOMAIN ususJID CESEQ CETERM  CESTOTC  CEOCCUR
- Required fields verified: v STUDYID, DOMAIN, USUBJID, AESEQ, AETERM
- Additional fields: AESTDTC, AEENDTC, AESEV, AESER, AEREL, AEACN, AEOUT, AESPID, S-DF(TEST) e S-DF(TEST)-DF-001 N Endpoint
AEONGO S_DF(TEST) CE S_DF(TEST)-DF-002 1 Endpoint
- File: /workdir/execution_sutputs/ae_sdtm.csv
S_DF(TEST) CE S_DF(TEST)-DF-004 1 Endpeint
2. CE (Clinical Events) Table
S_DF(TEST. ce S_DF(TEST)-DF-005 1 Endpoint
- Records: 20 (TEsT) (TEsT) o
« Source: Forms containing "SUSPECTED", "COMMITTEE", or "CLINICAL" in formname S_DF(TEST) ce 5_DF(TEST)-DF-005 2 Endooin
+ Required fields ve! « STUDYID, DOMAIN, USUBJID, CESEQ, CETERM
S_DF(TEST) cE S_DF(TEST)-DF-006 1 Endpoint
« Additional fields: CFSTDTC CFOCCUR
5_DF(TEST) ce S_DF(TEST)-DF-015 1 Endpoimt
S_DF(TEST) CE S_DF(TEST)-DF-016 1 Endpoint
S_DF(TEST) ce S_DF(TEST)-DF-028 1 Endpoint
< Brable | DFiles @ Tools .
S_DF(TEST) ce S_DF(TEST)-DF-035 1 Endpoint

02 validation at scale
CDISC core engine and/or P21 validation and remediation
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WORKFLOW 02

STATISTICAL PROGRAMMING

From SDTM to a validated ADSL,
with the evidence attached

C

Demo-Biostat-Data-Flow > ADSL Creation and Validation

D adsl_spec.csv (CSV)

please create ADSL table with the created SDTM tables based on the given specifications.

) Agent Response
'l help you create the ADSL (Analysis Dataset Subject Level) table based on the SDTM tables and

the specification file provided. Let me start by examining the specification file.

> Code Execution - Completed (ex10) v
Perfect! I've successfully created the ADSL (Analysis Dataset Subject Level) table based on the
SDTM tables and the ADaM specification you provided
Summary

ADSL table created with:

- 810 subjects

- 33 variables covering all required ADaM ADSL elements.
Key Variables Included:

identifiers (Required):

- STUDYID, USUBJID, SUBJID, SITEID

Demographics (Required):

- AGE, AGEU, SEX, RACE, ETHNIC

- AGEGR1, AGEGRIN (age group categorizations: <18, 18-65, >65)

Population Flags (Required - at least one):

< {8 Table Dfiles @ 2 Teols .

03 ADSL derivation from SDTM

C

2

Demo-Biostat-Data-Flow > ADSL Creation and Validation

D adam_validation_rules_pZ1.csv (CSV)

i have the validation rules as given from P21. please apply the rules for ADSL table and give
me a rule-level validation results for the created ads| table.

Il help you validate the ADSL table against the P21 ADaM validation rules. Let me examine the
validation rules file and then apply them to the ADSL table.

>_ Code Execution ~ Completed (exit0) v

Excellent! |'ve successfully validated the ADSL table against the P21 ADaM validation rules. Here are
the comprehensive rule-level validation results:

ul Validation Summary
Overall Result: @ ALL CHECKS PASSED

- Total Rules Checked: 15
« Passed: 12 (80.0%)

- Failed: 0 (0.0%)

« Not Applicable: 3 (20.0%)

Passed Rules (12)
Rule Code Rule Description Details
AD00O1 Missing ADSL dataset ADSL dataset exists
ADO005B *FL valua is net ¥, N or null Al 5 flag variablas have valid values (Y/Njnull)

< B Table Driles @ [ Tools

https-fjga.trislmindapis.com

Sandbox > ExportCode [3  Save B
Population flags created
80
Date variables converted to numeric
Disposition information merged
Final ADSL table created
Tatal cuiarres A0
Output 1 DefaultView ¥ [7 &,
adsl.csv
sTUDYID usuBJID suBJID SITEID  AGE AGEU SEX  RACE
2020-
5_20204824(TEST)-2020
s_202088240msT) ot A0 LTS as2a72- 2020
12-001
NATIVE
HAWAIAN
5_20208824(TEST) oo S0 ABZATEST)- CART2O020- carT2020 F OROTHER
CART2020-002
PACIFIC
ISLANDER
S_20204824(TEST)- CART2020-
5_20202824(TEST) S0 20 NIl CART2020
5_20204824(TEST)- CART2020-
s-2020a82a(tEsT) 320204808 (TE o CART2020
4 7). T2020-
5 20208524(TEST) S 20R0482U(TEST) CARTZ020-  capT2020 Mo WHITE

CART2020-004

810 subjects, 33 variables, population flags and demographics traceable to source

Sandbox > Export Code Save [
AnalysisPlan  Code (JSlNEIE
exit code: @

BRI AUBLUL UL LU e
! Checking ADBB37: Inconsistent value for +GRyN
Checking ADSL-specific requirements

= Validation Complete ===

VALIDATION SUMMARY
Total rules checked: 15
PASSED: 12 (80.0%)
FAILED: 6 (0.0%)
N/A: 3 (20.0%)

PASSED RULES
[ADBBB1) Missing ADSL dataset — ADSL dataset exists
FANAAASR] «Fl walua dc mnt ¥ M ar null 811 & #lan variahloc haus valid ualuee IVA/A1 1)

Output 1 Default view ~ [ &

ads|_validation_report.txt

P21 ADaM VALIDATION REPORT FOR ADSL TABLE

Report Generated: 2025-12-12 02:23:25.823776
ADSL File: /workdir/execution_outputs/adsl.csy
Total Subjects: 810

Total Variables: 33

VALIDATION SUMMARY

04 Rule-based ADaM validation

P21 rules applied to ADSL and reported rule by rule, not as a pass/fail verdict



WORKFLOW 03 | DIGITAL TWIN AND SIMULATION

Digital twin simulation

The same reviewable structure, in five steps — and the first one is what makes the rest possible

without patient data.

01

02

03

04

05

Individual patient data reconstruction from published trials

Patient-level datasets rebuilt from the results and survival curves reported in the literature, with the
digitization, censoring, and subgroup-recovery assumptions stated rather than buried

Cohort assembly and validation

Outcome and treatment variables identified, joinability confirmed, and event rates checked to be
adequate for prognostic modeling before anything is fitted

Prognostic modeling and sample size estimation
Risk models trained, patients stratified by predicted outcome, and the sample size reduction
against a conventional design quantified

Sensitivity across design assumptions

How the requirement moves under different assumed risk differences and power levels, so the
estimate arrives with its own error bars

Applied back to the design

Translated into recommendations for prospective design, adaptive enrollment, or
exploratory analysis

Every step is reviewable, and the assumptions behind each one are stated rather than buried —
censoring, digitization, and subgroup recovery included. Your statisticians can interrogate the method
before they trust anything downstream of it; the peer-reviewed work behind each step is listed on the
next page.
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THE RESEARCH BEHIND THE WORK

Related publications by use case

Most of what we claim is in the literature, so your methodologists can judge the approach without a reference call.

Preprints are listed separately; work under review is left out entirely.

01 Trial design and
simulation

Trial2Vec
EMNLP Findings 2022

Zero-shot retrieval of comparable trials —
the step that supplies your design priors

AutoTrial
EMNLP 2023

Eligibility criteria generated and refined
from trial context and precedent, not
carried forward from the last protocol

HINT
Cell Patterns 2022

Outcome prediction from design, drug,
disease, and population — a feasibility read
before a design is committed

SPOT
ACM-BCB 2023
Sequential outcome modeling across

a development programme, phase |
through IlI

InformGen
JAMIA 2025

Compliant consent document generation —
the ICF side of the same design package

02 Statistical programming

Can LLMs Replace Data Scientists in
Clinical Research?

Nature Biomedical Engineering 2024
Reports where agents match a data

scientist on clinical analysis tasks — and
where they do not

DSWizard
Nature Biomedical Engineering 2026

Multi-step analysis agents reliable enough
to be checked: roughly three months of
work in about a day

03 Digital twin and
simulation

IPD reconstruction method
MLHC 2026 — accepted

Patient-level data rebuilt from
published results and survival curves,
with the digitization and censoring
assumptions stated

TransTab
NeurlPS 2022

Unified encoding of patient records across
differently structured tables

MediTab
IJCAI 2024

Pre-training on EHR for zero-shot prediction
on trial populations

TWIN
KDD 2023

Treatment-conditioned trajectory modeling
— counterfactual twins at the patient level

PromptEHR
EMNLP 2022

Longitudinal record generation over
medical events, prefix-tuned for
personalization

HALO
Nature Communications 2023

Synthesis of high-dimensional
longitudinal records

SynTEG
JAMIA 2021

Temporal structured EHR simulation — the
foundation the rest build on

Our Al research provides the foundation for clinical research and
biometrics—from trial design and simulation to statistical programming,
patient-level modeling, and synthetic data generation.



POSITIONING

TrialMind: key differentiators

Secure by design

Al control plane separate from the secure
data plane

No raw data ever leaves your environment

Every output auditable — audit trail, source
citations, traceable logic

SOC 2 Type ll 1SO 27001 HIPAA

GxP controls in place

Purpose-built
model performance

Comprehensive data pipeline

1.3M+ clinical trial publications, 850K+
protocols, 150K+ patient notes

Indexed across 14 registries and
medical ontologies

A clinical trial knowledge base behind every
answer, not retrieval over the open web

Keiji Al - TrialMind for Biometrics

Interoperable by design

Agents trained on clinical trial data rather than a
general model prompted at it

Published benchmarks on systematic review,
trial design drafting, trial analysis, recruitment,
and data science tasks

Test it against your own SAP — that comparison
is the actual pitch

Bring your own workflows — import R, Python,
and SAS code, templates, and skills

Programmable — call TrialMind from scripts,
including through Claude Code

Works with your data — attach CSVs, registries,
and design grids directly

Reproducible pipelines — save, share, and re-
run workflows
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ENGAGEMENT

Three ways to work with us

The right model depends on where your team already is rather than on what we would prefer to sell.

01 License the platform — your team runs it

TrialMind deployed in our environment or on-prem in your VPC, and we help operate it — tuning for speed and
accuracy, and standing behind data security and compliance. For teams who want the platform as their own
tooling but need compliance and domain depth a general-purpose Al tool does not carry.

YOU GET The platform, fitted to your data model, macro standards, SAP structure, and validation
SOPs
YOU OWN The outputs, the code, and the validated workflows you build on it

GETTING THERE  Roughly 1-3 months to fit the agents to your data model, then 1-3 months extending
workflows

COMMERCIALLY A one-time integration cost plus an ongoing licence

02 Delivered as a service — we produce the deliverable

You buy the output: a completed SAP, a validated CDISC dataset, a TFL package, a submission-ready CSR
section. For teams under a date they cannot move. Not a CRO relationship in a new wrapper — a specific
deliverable, done by the team that built the tooling.

YOU GET The finished deliverable, in your standards, with the audit trail and traceability intact

YOU OWN The deliverable and everything supporting it

COMMERCIALLY Priced per deliverable, per study, or per milestone — an outcome, not a seat count

03 Build with us — we build it on your stack, your team owns it

For groups that have decided to build their own Al agents. You have the mandate and the domain expertise;
what is usually missing is Al engineers who have built agents for regulated clinical work. We bring that
expertise and our existing agents, so your team starts from working infrastructure rather than a blank
repository — and owns what we build together.

YOU GET Custom agents and validated pipelines on your stack, plus production agent infrastructure
and 100+ clinical MCP tools

YOU OWN The pipelines, the skills, and the capability — knowledge transfer is the deliverable

SCOPE A defined scope with a delivery date — never an open-ended staffing arrangement

COMMERCIALLY Scoped project pricing. More at keiji.ai/build-with-us

Keiji Al - TrialMind for Biometrics


https://keiji.ai/build-with-us

c

Keiji Al

THE FIRST STEP

Pick one workflow
and we will run it

Use a completed or public study, redacted or synthetic data, or your own
materials under NDA. In 30 minutes we will show you what TrialMind found —

and how it got there.

START HERE — NO DATA REQUIRED
Tell us your indication and endpoint

We reconstruct patient-level data from the
published trials in your space, run the design

grid on it, and walk you through what it shows.

CONTACT

contact@keiji.ai

THEN
Bring one completed study

We build the prognostic model and show what
sample size that design would have supported,
against the number you enrolled. You already

know the answer — you are checking our work.

Keiji Al Inc - keiji.ai
Seattle, WA, USA





