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Executive Summary

Clinical attrition is among the most persistent challenges in drug development. Across
therapeutic areas, roughly nine out of ten candidates that enter clinical trials fail to reach
patients, and late-stage failure is substantially expensive in both cost and time [Hay 2014;
Sun 2022]. The root cause is well understood: the gap between preclinical models and
human biology is wide, and the models used to select candidates may fail to predict how
those candidates will behave in humans [Ineichen 2024]. The problem is most acute in
oncology, where xenograft mouse models have shown limited predictive value for clinical
activity [Johnson 2001; Gould 2015].
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InSilicoTrials has developed MOL2CLIN, a fully integrated in silico workflow that evaluates
a new compound from its molecular structure through a simulated clinical trial outcome.
Rather than replacing experimental work, MOL2CLIN provides a rigorous, mechanistic,
human-data-calibrated decision layer at the earliest stage of drug development. The result
is a structured, quantitative answer to the most consequential question in R&D: is this
compound worth developing for patients?

Applied to oncology, MOL2CLIN produces a structured set of outputs (predicted PK target
engagement, tumor response, safety profile, virtual trial readouts) connected through typed
mechanistic relationships that form a knowledge graph linking molecular structure to
predicted clinical outcome. This structure allows sponsors to ingest MOL2CLIN results
directly into their internal knowledge graphs and consume them through agent
frameworks, contributing structured, provenance-tagged evidence at the candidate
selection stage rather than another disconnected vendor output.

This whitepaper describes the MOL2CLIN workflow applied in oncology. its scientific
foundations, the human-in-the-loop decision architecture that governs each stage, the
structure of its outputs, and a concrete illustrative example in EGFR-mutant non-small cell
lung cancer (EGFRm NSCLC).

The Challenge: High Attrition, High Cost

Oncology drug development is the most expensive failure-prone enterprise in modern
medicine. A single Phase 3 trial can cost hundreds of millions of dollars and consume years
of scientific effort [DiMasi 2016]. When those trials fail, which they do the overwhelming
majority of the time, the cost is borne not only by the sponsoring company but by the
broader ecosystem of patients awaiting better treatments.

The dominant cause of late-stage failure is not a lack of scientific ingenuity. It is @
systematic mismatch between the biological models used to select candidates and the
human biology those candidates must ultimately address [Gould 2015; Mak 2014].
Preclinical in vivo models capture some aspects of tumor biology but fail to reproduce the
complexity of human pharmacokinetics [Gould 2015], tumor microenvironment [Day 2015],
and interpatient variability.

The strategic consequence is that the pharmaceutical industry spends enormous
resources carrying forward compounds that were unlikely to work in humans from a very
early stage. A decision support layer anchored in human clinical data, applied at the
candidate selection stage, would change that calculus fundamentally.

A second, related challenge is becoming visible across the industry: despite substantial Al
investment, attrition and cycle-time outcomes have not moved in proportion to the inputs
[Jayatunga 2022]. Much of that gap reflects fragmentation. Point Al tools optimized for
narrow tasks generate outputs that never reach the systems where development decisions
are actually made, because those outputs arrive as standalone reports rather than as
structured evidence that can be merged into a sponsor's internal knowledge base. Closing
the outcomes gap requires Al tools whose outputs are structured, identifier-bearing, and
reusable across the candidate-to-trial workflow: exactly the form that knowledge graphs
and agent frameworks consume.
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MOL2CLIN for Oncology: A Four-Stage Simulation Workflow

The MOL2CLIN workflow takes a newly designed compound, represented initially only by its
molecular structure in SMILES format, and generates a quantitative prediction of how it is
likely to behave in real cancer patients. The workflow is structured as a sequential four-
stage pipeline with integrated human review checkpoints at each transition. Scientists
retain full interpretive control throughout, while the platform surfaces the quantitative
evidence needed to make rigorous, defensible decisions.

Fach simulation stage is reviewed by a scientist before the next stage is run. The platform
produces the evidence: the team makes the call. This structure converts a black-box
prediction into an auditable, iterative decision flow, aligning with the joint FDA/EMA Guiding
Principles of Good Al Practice in Drug Development (January 2026), which call for human-
centric design and transparent documentation of the data underlying model predictions.

Fach stage emits typed, identifier-bearing outputs: a compound node carrying its SMILES
string and physicochemical descriptors; a target node carrying the gene and protein
identifiers, the activating and resistance mutations, and the predicted binding affinity
against each variant; exposure and occupancy nodes carrying the predicted PK and
engagement parameters with their uncertainty ranges: and trial outcome nodes carrying
the simulated endpoints. These outputs are not isolated data points; they are connected by
explicit mechanistic dependencies:

1 Exposure drives occupancy,
11 Occupancy drives tumor inhibition
1 Predicted endpoints benchmark against the standard of care.

Together with their stable identifiers and typed relationships, MOL2CLIN's outputs form a
knowledge graph that links every prediction back to the molecular structure it derives from.
This structure is what allows the outputs to be ingested into sponsor knowledge graphs and
consumed by agent frameworks without an intermediate normalization step. Figure 1
provides an overview of the workflow while the full schema is illustrated on the IST-01
example in the next section.
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Compound (SMILES)

|

Stage 1 — ADME & pharmacokinetics

Exposure curves, PK benchmarks

Human checkpoint 1 — exposure review
Proceed, redesign, or adjust dose

|

Stage 2 — target engagement

Binding affinity, receptor occupancy

Human checkpoint 2 — occupancy review
Sufficient engagement, selectivity OK

|

Stage 3 — tumor response & safety

Growth dynamics, off-target liabilities

Human checkpoint 3 — efficacy & safety review
Reconsider dose and schedule

|

Stage 4 — virtual clinical trial

Synthetic cohort, head-to-head readout

Human checkpoint 4 — go / no-go / redesign
Final decision rests with the team

Figure 1: The MOL2CLIN workflow. Four simulation stages (deep blue) are separated by four human review
checkpoints (peach). The final checkpoint (pink) is the binding go / no-go / redesign decision

Stage 1: ADME and Pharmacokinetic Prediction

Starting from molecular structure alone, the platform’'s ADME/PK Predictor generates key
pharmacokinetic parameters governing how the drug is expected to move through the
human body: oral bioavailability, systemic clearance, volume of distribution, elimination
half-life, and unbound plasma fraction. Predictions are generated directly from molecular
structure (SMILES) without reliance on experimentally derived physicochemical descriptors
on in vitro data. The underlying Al framework is trained on a large, rigorously curated
dataset comprising more than 37.000 validated experimental measurements and has
undergone extensive internal and external validation across multiple ADME/PK endpoints.

Rather than producing single-point estimates, the predictor uses a conformal prediction
framework to generate uncertainty-aware parameter ranges. Prediction intervals reflect
the degree to which a query compound differs from compounds represented in the training
data, providing scientists with a transparent view of both predicted behavior and
associated uncertainty.

The predicted parameters are then fed into a mathematical pharmacokinetic model that
simulates drug concentration over time across a range of doses and dosing schedules. The
resulting exposure curves are compared against the InSilicoTrials library of pre-fitted PK
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models for hundreds of approved oncology agents and against published clinical PK data
retrieved by the platform for any approved drug in the same class.

PK is increasingly recognized across the industry as a critical enabler of reverse
translational research, the question many sponsors have framed as “can ML models predict
human PK?" MOL2CLIN's ADME/PK stage is built to answer that question directly.
combining structure-based ML prediction with mechanistic simulation to estimate human
drug exposure, and exposing the resulting parameters in a form that can be consumed by
sponsor-side knowledge graphs and agents for downstream scoring.

Human-in-the-Loop Checkpoint 1

The scientist reviews simulated exposure curves and PK benchmark comparisons. If the
exposure profile looks unrealistic, or if the compound cannot achieve the concentrations needed
at a safe dose, the team can stop here, flag the compound for structural redesign, or adjust the
dose range before any further modelling is run.

Stage 2: Target Engagement and Receptor Occupancy

Once the systemic exposure profile is established, the platform’s binding affinity prediction
stage estimates key target engagement parameters directly from molecular structure.
Using the SMILES representation of the compound, the predictor infers target-specific
binding affinity (KD), describing how tightly the drug binds to its intended protein target.
together with cellular potency measures such as IC50, reflecting the concentration required
to inhibit cancer cell proliferation by 50% in a relevant cellular context. Together, these
parameters capture both the molecular interaction and its expected functional cellular
consequence.

Predictions are generated through a structure-based bioactivity profiling framework that
performs multi-fingerprint similarity searching against a high-quality reference library of
more than 632,000 experimentally characterized bioactive compounds spanning over
6.000 protein targets in the ChEMBL database. By leveraging experimentally observed
structure-activity relationships across a broad pharmacological space. the platform
enables target affinity estimation directly from molecular structure without requiring
experimentally measured binding data for the query compound.

These binding parameters are integrated into a receptor occupancy model that uses the
exposure profile from Stage 1 to calculate the fraction of target protein occupied by the
drug at each point in the dosing cycle. The platform pays particular attention to occupancy
at the trough, the lowest point between doses, since sustained engagement between
administrations is typically required for durable clinical activity.

Human-in-the-Loop Checkpoint 2

The scientist reviews receptor occupancy curves. Are occupancy levels sufficient across the
dosing interval? Does the selectivity profile raise tolerability concerns? Does the compound
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engage unintended targets at clinically relevant concentrations? At this point the team decides
whether to proceed or to revisit the compound design.

Stage 3: Tumor Response and Safety Prediction

The tumor response model is where in silico oncology prediction achieves its most
distinctive value. Rather than assuming a proportional relationship between target
occupancy and tumor shrinkage, the platform simulates how a tumor grows and contracts
over time under drug treatment, accounting for the balance between pharmacological
effect and the tumor's intrinsic growth dynamics.

For targeted therapies such as kinase inhibitors, the model captures cytostatic and
cytotoxic effects on the proliferating cell population, the delay between drug exposure and
measurable tumor shrinkage, and the emergence of acquired resistance over the
treatment course. The tumor biology parameters, including baseline growth rate and
cellular proliferation kinetics, are derived from large public databases of clinical tumor data
rather than from compound-specific experiments, ensuring that the biological context is
grounded in real patient observations.

In parallel, the platform evaluates the drug's predicted safety profile at the intended clinical
dose. For cytotoxic agents, dedicated models predict the impact on bone marrow
progenitor cells and the risk of neutropenia. For targeted therapies, the selectivity profile
from Stage 2 is mapped against known off-target safety liabilities.

Human-in-the-Loop Checkpoint 3

Before running the full trial simulation, the scientist reviews the predicted efficacy signal and
the safety profile together. Is the predicted tumor response clinically meaningful? Are there off-
target liabilities, predicted toxicities at the required dose, or structural alerts warranting further
investigation? This is the right moment to reconsider dose and schedule before investing in the
final simulation.

Stage 4: VVirtual Clinical Trial Simulation

The final stage applies the predicted drug effects to a virtual patient population, a synthetic
cohort that reflects the real diversity of cancer patients in terms of clinically relevant
baseline characteristics such as age, body weight, disease stage, and baseline tumor
burden. Each virtual patient runs through the tumor response model with their individual
characteristics, generating simulated tumor measurements at each treatment assessment
point.

The platform applies the same response criteria used in real oncology trials: a tumor
shrinkage of at least 30% from baseline constitutes a response, while growth of more than
20% from the nadir constitutes progression. Where a synthetic patient population exists for
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the relevant indication, it can serve as a comparator arm, enabling a head-to-head
prediction that directly informs trial design.

Human-in-the-Loop Checkpoint 4

After the trial simulation, the clinical development team reviews the full readout. This is the
decision point that matters most: go, no-go, or redesign. The platform provides a quantitative,
reproducible basis for that decision, but the final judgement remains entirely with the scientists
and clinicians who understand the full strategic context.

Three Exit Paths at Every Checkpoint

Each checkpoint is not a gate with two outcomes but a router with three. Approve advances
the candidate to the next simulation stage. Adjust and rerun loops back into the current
stage with revised inputs (a different dose, a different schedule, a different assumption).
Request redesign loops all the way back to medicinal chemistry, where a new compound
enters Stage 1. This structure is what makes the workflow iterative: early evidence of a
problem feeds directly into compound or protocol improvement rather than ending the
program.

Human checkpoint
Scientist reviews stage output

| |

Request|redesign Adjust and rerun Approve

A&

Medicinal chemistry Same stage, new inputs Next simulation stage
New SMILES, new run

Dose or schedule change

Pipeline advances

|

‘ Stage N re-runs ‘ ‘ Stage N+1 runs

Figure 2: Decision flow at each checkpoint. Every gate has three exit paths, not two, supporting iteration on
both the compound and the protocol.
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lllustrative Example: IST-01in First-Line EGFRm NSCLC

These predictions are illustrative. IST-01 is a hypothetical compound and the comparator
values are taken from published FLAURA data. The point is not the specific numbers but
what they represent: a structured. mechanistic. head-to-head evaluation of a new
candidate against the current standard of care, completed before a single patient is
enrolled.

To make the workflow concrete, consider a hypothetical fourth-generation EGFR tyrosine
kinase inhibitor, designated IST-01, evaluated in first-line EGFR-mutant non-small cell lung
cancer. The defining feature of a fourth-generation agent is retained activity against the
Cr978S resistance mutation, which is the primary on-target mechanism of failure for the
third-generation class. The current standard-of-care monotherapy benchmark for this
indication is osimertinib, approved on the basis of the FLAURA trial [Soria 2017], in which
osimertinib delivered a median progression-free survival of 18.9 months versus 10.2 months
for first-generation EGFR-TKI comparators. Any new first-line EGFR-TKI monotherapy must
demonstrate meaningful improvement over the FLAURA benchmark to be commercially
viable, a high bar that the MOL2CLIN workflow can evaluate before significant clinical
investment is made.

Starting from the molecular structure of IST-01 as a SMILES string, the platform generates
the following outputs through the full four-stage workflow.

ADME and PK

Predicted oral bioavailability of 64% and half-life of 22 hours, supporting a once-daily dosing
profile consistent with the approved EGFR-TKI class.

Target Engagement

ICB0 of 2.4 nM against activating EGFR mutations with retained activity against the CT97S
resistance mutation that limits all currently approved third-generation EGFR-TKIs. Modeled
receptor occupancy at the predicted clinical dose remains above 85% at trough, above the
threshold expected for sustained activity in this class, with no off-target safety liabilities
flagged at the predicted clinical dose.

V/irtual Trial Design

B600-patient virtual Phase 3 study (to match the FLAURA trial sample size) with 30-month
follow-up using a FLAURA-aligned synthetic population of first-line EGFRm NSCLC patients,
with osimertinib monotherapy as the comparator arm.
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Predicted vs Benchmark Endpoints

Endpoint IST-01 (Simulated) Osimertinib (FLAURA)
Overall response rate 85% 80% (FLAURA, investigator)

Median progression-free 221 months 18.9 months
survival

A Knowledge Graph View of the IST-01Run

The four-stage workflow produces a structured set of outputs at each stage: predicted PK
parameters, target binding affinities, receptor occupancy curves, tumor growth dynamics,
safety predictions, and virtual trial endpoints. These outputs are connected by explicit
mechanistic dependencies, which together form a knowledge graph linking the molecular
structure of the compound to the predicted clinical outcome through every intermediate
step. Figure 3 shows that graph for IST-01.

Compound - IST-01

smiles  CC1=NC=C(F)C(=N1)Nc2ncnc3...
MW 486 Da | cLogP: 3.7 | PSA: 91 A%
EGFR TKI - 3rd-gen covalent

\’/ ! 1 BINDS_T0 J/
Exposure Profile (Stage 1) EGFR Target (Stage 2)
Floral - 64% o DETERMINES 70| Gene: ERBBI | UniProt PO0S33
s 22 h - once-daily dosing = = Driver mut 94
Clearance
AUC s 3,840 ng-h/mL at 80 mg
vd 220 L (wide distribution) 2.4nM
11 nM (4.6x shift, retained)
CALIBRATES
rrves socomanoa)
7
Calibration Library Receptor Occupancy (Stage 2)
37,000+ validated measurements. Model - Emax: RO = [C]/ (IC] + KD_free) (ON_TARGETTOX)
A peakro- 95%
T 0- a8 % (cinically adequate)
d-  >75 % trough - sustained EGFR block
z
Virtual Cohort (Stage 4) Tumor Growth Inhibition (Stage 3) On-target Safety (Stage 3)
N 600 patients (virtual) Model - Stein-Zimmer TG ODE Toxicity source inhi Gl epithelium
Populatio EGFRm NSCLC - 1st line GFR{ —+ RAS/MAPK !, PI3K/AKT 4 inib)
Covariat: Age 6211 yr - SLD 58+22 mm roliferative + pro-apoptotic
BSVon CL-Vd - kg kg = 0.0023 /day
kd = 0.019 /day at 80 mg QD
C797S onset ~9 months
SIMULATES {iNFoRMs_SAFETY)
Trial Outcome (Stage 4) { SoC - Osimertinib i

nib - FLAURA2)
0

—— Mechanistic inference  ===: Emplrical calibration —— Benchmarking comparison —— Resistance / acquired mutation

Figure 3. Knowledge Graph representing the use case of the MOL2CLIN workflow.

Nodes. Each node represents one entity in the prediction chain and carries its attributes as

properties:

71 The Compound node (IST-01) carries its SMILES, molecular weight, cLogP, PSA, and
class annotation.
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"1 The Target node carries the gene symbol (EGFR), UniProt accession (PO0533), driver
mutation (L858R / exonl19del), resistance mutation (CT97S), and predicted KD and
IC50 against each variant.

11 Exposure Profile, Receptor Occupancy. Tumor Growth Inhibition, and On-target
Safety nodes carry the predicted parameters from Stages 1-3, including the model
specifications used and the uncertainty ranges around each prediction.

0 Virtual Cohort and Trial Outcome nodes carry the Stage 4 cohort composition and
the simulated endpoints (ORR, median PFS, 956% CI. go/no-go threshold).

o1 A Calibration Library for the data behind each prediction.

Edges. Relationships between nodes are typed and carry mechanistic meaning,
distinguished in Figure 3 by color:

(1 Mechanistic inference encodes the causal chain from molecular structure to
predicted trial outcome.

*1 Empirical calibration links each predictive stage to the human data it was calibrated
against, making the provenance of every prediction explicit.

1 Benchmarking comparison links predicted endpoints to the standard-of-care
reference.

I Resistance / acquired mutation links target variants to the predicted clinical
consequences of resistance or on-target toxicity.

Why this matters. Because every node carries a stable identifier and every edge carries
an explicit type. the IST-01 graph can be ingested into a sponsor’s existing knowledge graph
and merged with whatever the sponsor already knows about the compound, the EGFR
target, or prior EGFR-TKI programs. An agent traversing the graph can answer questions
of the form ‘why does the platform predict 22.1-month PFS for IST-017" by walking from
Trial Outcome — Tumor Growth Inhibition — Receptor Occupancy — Exposure Profile —
Calibration Library, surfacing the model, parameters, and human data behind each step.
Because every prediction node also carries its uncertainty range, downstream confidence-
weighted scoring frameworks can weigh evidence by its provenance rather than treating
all predictions as equally reliable.

Strategic Implications for Pharma and Biotech

The practical consequence of deploying MOL2CLIN in an oncology pipeline is that the first
question asked about a new candidate changes. Instead of asking how quickly a compound
can be synthesized for xenograft studies, the question becomes whether the predicted
target engagement, tumor response, and safety profileare strong enough to justify any
further investment on behalf of patients. That is a fundamentally different and more
efficient starting point.
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For large pharmaceutical companies, MOL2CLIN adds a rigorous in silico triage layer to
complement and prioritize experimental programs. Portfolio teams can apply the workflow
systematically across compound series, generating quantitative comparisons that support
go/no-go decisions with a level of mechanistic detail that internal scoring methods rarely
achieve. MOLOCLIN's outputs are structured along two axes that make them knowledge-
graph-compatible: edges named after the mechanistic relationship they encode, and nodes
that act as aggregating entities, each one bringing together everything the platform knows
about a given input, intermediate prediction, or reference. This structure fits naturally into
a sponsor's internal knowledge base, with each run contributing to the graph the sponsor
is building. The result can be consumed directly by confidence-weighted scoring
frameworks, in which each piece of evidence is weighted by its provenance and uncertainty
rather than treated as equally reliable.

For emerging biotech companies with limited resources, the value is even more direct. The
cost of a single clinical failure can be existential. MOL2CLIN provides a way to pressure-
test a lead compound against the clinical standard of care before committing to IND-
enabling studies, identifying the compounds that deserve full investment on the path to
patients and those that need further optimization.

Within the broader landscape of Al for clinical development, MOL2CLIN occupies a distinct
position. Most Al-driven simulation platforms operate at the trial-execution layer: they
optimize protocol design, adaptive enrollment, and statistical power for compounds that
have already been selected for clinical development, typically by training large statistical or
digital-twin models on real-world and EHR data. That work is valuable, but it begins after
the most consequential decision, which compound to advance, has already been made.

MOL2CLIN operates upstream of that decision. The workflow starts from molecular
structure, before a candidate has been nominated, and chains mechanistic models of
human PK, target engagement, tumor dynamics, safety, and trial response to produce a
quantitative go/no-go artefact prior to IND-enabling investment. Three properties
distinguish the approach. First, it is mechanistic rather than purely data-driven, meaning
predictions are biologically interpretable and explain why a compound is likely to succeed
or fail. Second, predicted exposure, target engagement, efficacy and safety profiles can be
contextualized against published clinical data and existing pharmacological models for
approved oncology agents, allowing compounds to be benchmarked against standards of
care. Third the platform produces a decision-grade evaluation artefact, a virtual head-to-
head assessment, that can support progression decisions using predefined quantitative
criteria rather than qualitative interpretation alone.

Taken together, these properties address the recurring failure modes that have prevented
Al pilots in pharma R&D from translating into pipeline outcomes. MOL2CLIN targets the
layer of the value stack where the bottleneck actually sits (candidate selection) rather than
the easier layers below it. It ships not as a model but as a workflow, with mechanistic
models wrapped in tools, benchmarks, and human-in-the-loop checkpoints. This white
paper focuses on oncology application, but MOL2CLIN can be customized to many other
therapeutic areas. And because its outputs are structured for direct ingestion into sponsor
knowledge graphs, evidence from each run accumulates in the sponsor's knowledge base
rather than ending up as a standalone report.
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Why In Silico Prediction Is the Right Starting Point for Oncology

Oncology is not like other therapeutic areas. The heterogeneity of tumors, the complexity
of resistance mechanisms, the narrow therapeutic windows, and the high bar set by
existing standards of care all conspire to make it the most demanding environment for drug
development. It is also the area where computational prediction has the most to offer,
precisely because the human clinical data needed to calibrate predictive models is available
in abundance.

MOL2CLIN does not replace experimental biology. It provides a structured mechanism for
asking better questions of experimental data, for understanding which parameters matter
most for patients, and for identifying the compounds most likely to succeed before the
investment of human subjects. The patients waiting for better cancer treatments deserve
a development process that earns its way to them: experiments aimed at the questions
that matter most, candidates de-risked before they ever reach a human subject, and drugs
that arrive faster and at lower cost because the trial and error happened in silico, not in a
clinic. That is the future MOL2CLIN is built to enable, and it begins with the decisions we
make today.
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