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From prediction to causality: why randomized trials still matter in
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[ Abstract] Artificial intelligence (AI) is becoming deeply embedded throughout clinical research and has

substantially improved the efficiency of data processing and analysis in observational studies, including
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identification of risk factors, risk stratification, and outcome prediction. However, advances in predictive
performance do not automatically translate into improved causal identification. Even when Al-assisted high-
dimensional covariate processing and target trial emulation allow observational studies to approximate the
structure of randomized controlled trials (RCTs), causal interpretation remains strongly dependent on the
“ignorability assumption” , namely that all key confounders have been accurately measured and included in
the model. Such approaches cannot eliminate residual confounding from unmeasured factors and are
powerless against unrecognized confounders. By contrast, RCTs use randomized allocation at the design
and implementation stages to balance measured and unmeasured confounders across comparison groups,
thereby providing an irreplaceable basis for causal identification in intervention evaluation. This article
delineates a tripartite, progressive evidence pathway: “Al-driven prediction discovery — approximation of
causal inference—>confirmation via randomized trials” , and analyzes the methodological boundaries and
synergistic strategies associated with integrating Al into RCTs. In an era defined by complex data
architectures, rapid model iteration, and the highly efficient, prolific generation of research literature, we
must remain vigilant against the critical methodological trap of conflating “predictive association” with
“causal effect”. Upholding the unpredictability of random allocation and the integrity of randomization

remains the indispensable methodological cornerstone that secures the RCT’ s status as the gold standard

for evaluating medical interventions.
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Observational data

- EHR / registries :>

- Imaging and follow-up
- Real-world care

Al prediction
- Risk prediction
- Phenotype recognition
- Signal detection

RCT validation

- Random allocation
- Prespecified endpoints
- Causal confirmation

Causal approximation
- Target trial emulation
- PS matching /weighting
- Sensitivity analysis

b

Boundary note
Prediction supports hypotheses; RCT confirms causal effects.

EHR: Electronic health records; PS: Propensity score.
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Fig1 Progression of evidence from modeling and prediction in observational data to causal inference and trial validation
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Tab 1 Differences between predictive and causal questions

Core question . . o
4 variables are associated with it?

Main data sources .
medical data

Main role of Al . .
signal discovery

Key assumptions . o .
Y/ P ignorability assumption

Meaning of evidence Generates hypotheses, signals risk, and supports decisions

Who is more likely to experience an outcome? Which
Existing clinical data, real-world data, and multimodal
Risk prediction, phenotype recognition, outcome alerts, and

Future data are sufficiently similar to the training data/

Does an intervention cause a change in the outcome?

Trial data collected under a prespecified protocol, with
possible support from RWE

Assisting design, conduct, measurement, and analysis,
while relying on causal design

Treatment and control groups are comparable, or
explicit identification conditions are satisfied

Supports or refutes causal effect of intervention

RWE: Real world evidence.
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Tab 2 Critical components of randomization integrity in RCTs

Random sequence generation . .. .
manipulation in participants enrollment

Allocation concealment

Allocation implementation

Ensures allocation unpredictability and prevents

Prevents investigators from selecting participants based
on foreknowledge of upcoming assignments

Ensures participants receive the intervention
corresponding to their randomized assignment

Use computer-generated random numbers or other
explicit auditable mechanisms

Centralized randomization, IWRS, or sealed envelopes
should be auditable

Record protocol deviations and crossover

IWRS:: Interactive web response system.
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Tab 3 Advantages and limitations of common randomization methods in clinical trials

Complete Large trials with stable enrollment; interim
randomization treatment balance is not critical

Trials requiring approximate treatment
balance between group sizes throughout
enrollment

Fixed block
randomization

Variable block  Trials requiring both interim balance and
randomization reduced deterministic assignments

Simple; highly unpredictable ; lowest
risk of selection bias

Facilitates drug supply, site
management, interim quality control,
and interim analyses

approximate treatment balance

May cause treatment imbalance in small
trials or during interim enrollment

If the block size is known, future
assignments may become highly
predictable

Less deterministic allocation compared Periodic treatment balancing remains,
to fixed block sizes, while maintaining but predictability may still far exceed

that of complete randomization

Sandwich Any setting suitable for block randomization, Improves allocation uncertainty while — Relatively new; software
mixed especially non-blinded, single-center, or high controlling treatment imbalance during implementation and application
randomization  selection-bias-risk trials recruitment experience need wider dissemination
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Tab 4 Examples of small or low-cost RCTs producing key evidence

Random allocation under resource-limited

MRC streptomycin trial for

. 107 patients
pulmonary tuberculosis™"’ p
concealment

Antenatal betamethasone for
. . 282 pregnant
prevention of respiratory

. t31] women
distress syndrome

H. pylori eradication to

conditions, with emphasis on allocation

Low-cost existing drug evaluated with clear
neonatal outcomes

A methodological milestone for modern
randomized controlled trials

Helped establish evidence for antenatal
corticosteroid therapy in perinatal medicine

Supported the shift from acid suppression

reduce duodenal ulcer 100 patients
relapse"*

Adjunctive dexamethasone
for adult bacterial

meningitis **’

301 patients

Propranolol for infantile .
. [34] 40 patients
hemangiomas

RECOVERY platform trial
of dexamethasone for

COVID-19"" comparison

TASTE trial of thrombus

. 7 244 patients
aspiration in STEMI"® p

6 425 patients in
the dexamethasone

Antimicrobial/bismuth-based therapy with
endoscopic follow-up

Low-cost corticosteroid used as adjunctive
therapy to antibiotics

Drug repurposing with placebo control and
blinded volume/photo assessment

Platform RCT embedded in routine NHS
care, with web-based randomization and
routine health-data follow-up

Registry-based randomization and outcome
data collection using national clinical
registries

alone to causal treatment of peptic ulcer
disease

Showed that inexpensive interventions can
improve important clinical outcomes in
rigorous RCT

Moved observational signals into randomized
validation and strengthened the treatment
evidence chain

Rapidly produced practice-changing evidence
for a low-cost treatment in hospitalized
COVID-19 patients

Demonstrated the feasibility of large-scale,
low unit-cost RCTs and showed no mortality
benefit of routine thrombus aspiration

NHS: National Health Service.
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Tab 5 Al integration in RCTs: main stages and risk controls

Design . . . e
g selection, stratification-factor identification

Recruitment and EHR-based prescreening and phenotype

screening recognition

. Centralized systems and stratification-factor
Random allocation .
suggestions

Assisted reading of imaging, pathology, and

Endpoint assessment
text-based outcomes

Data governance .
trails

Literature review, sample-size simulation, site

Missing-data detection, logic checks, and audit

Improves protocol Prespecify algorithm use and avoid post

efficiency and feasibility ~ hoc selection
Improves enrollment

efficiency

Require human confirmation to prevent
misclassification and selection bias

Improves procedural Conceal allocation sequences and

standardization prevent prediction of assignments
Improves consistency

and efficiency

Maintain blinding and lock model
versions

Keep logs to ensure traceability and

Improves data quality cepreilelifi

EHR: Electronic health records.
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