Discovery report for Predictive Analysis of AI Driven
Drug Discovery Trends

Research Objective

I'm interested in predicting trends in drug discovery and the effects of Al

Some trends are happening and I want you to predict the consequences of these trends and explore
them:

a) Chinese biotech is very strong because of easier patient enrollment, lower cost of labor, and the
co-location of CROs. They are beating US biotech now in acquisition from US pharma. b) Opus
4.5, the latest LLM from anthropic, is extremely good when scaffolded with Claude Code. It can
do many pharma tasks. Another example is Kosmos, from Edison, that can automate discovery.
Current trends show Al will make another few large jumps as B200s/Rubin chips from NVIDIA
come online. ¢) Regulatory change interest is growing in the US d) With compounded GLP-1s and
gray market retatrutide, we are seeing an extreme consumer appetite for drugs that are peptides
and mostly cosmetic. e) Healthcare costs continue to outpace inflation in the US, and certain things
like dialysis are consuming a large fraction of the US GDP f) Automated labs are coming online,
but there is also a retrenchment in data sharing and access from publishers g) Jobs are starting to
tighten with improvements in AI h) Speculation is starting that Al may already be "good enough'
and scaffolding/specialization may be the only barrier left.

I want you to reason and do some data-analysis predictions on the consequences of these trends. You
can also validate/argue about these trends.

Dataset Description

Some data on the state and trends in Al and automation. There is a README inside, as this is
multiple datasets combined. They may or may not be useful.

Summary of Discoveries

Discovery 1: Divergent US-China Al Clinical Research Pathways Driven by Data Governance
and Innovation Models

Cross-national evidence shows a structural split in how AI is deployed in clinical research:
Chinas registrations are predominantly observational, while the U.S. portfolio skews interventional.
Legalinstitutional differences in data governance and innovation models plausibly channel China
toward domestically contained, automation-at-scale applications and the U.S. toward human-in-the-
loop augmentation using heterogeneous and often international data.

Discovery 2: Skill-Biased Technical Change in Pharmaceutical R&D and Scientific Services

Across pharmaceutical R&D and adjacent scientific services, Al adoption is generating skillbiased
technical change: task bundles are being reconfigured toward orchestration, validation, and lifecycle
governance rather than broad displacement. Crossindustry evidence shows that 2020 socialinteraction
vulnerability proxies misestimate exposure in highwage, cognitionheavy sectors, while sectoral and
case evidence in pharma documents concrete expansions in Alcentric teams and codified governance
responsibilities.

Discovery 3: Al Efficiency Gains Are Insufficient to Offset Structural Cost and Policy
Frictions in US-China Biotech Competition

Quantitative benchmarking shows that plausible Al-enabled automation savings in US biotech-relevant



sectors are large in absolute terms but cover only about one-fifth of the structural USChina labor cost
gap. Rising policy frictions and constrained data access further limit the translation of Al capability
into sustained cost competitiveness, and there is no comparative evidence that formal Al governance
models causally improve core R&D metrics, implying that strategy must couple selective automation
with policy navigation and outcome-tied organizational redesign.

Discovery 4: AI-Related Clinical Trial Activity Prioritizes High-Cost Chronic Diseases over
Lifestyle Interventions

Analysis of 2022present ClinicalTrials.gov records shows that AI/ML is mentioned far more often in
trials for high-cost chronic diseases than in lifestyle indications. Sponsor-type differences appear in
one analysis but failed to replicate in a curated sample, and the distribution of Al application types
does not differ significantly across cohorts.



Divergent US-China AI Clinical Research Pathways
Driven by Data Governance and Innovation Models

Summary

Cross-national evidence shows a structural split
in how AT is deployed in clinical research: Chi-
nas registrations are predominantly observa-
tional, while the U.S. portfolio skews interven-
tional. Legalinstitutional differences in data
governance and innovation models plausibly
channel China toward domestically contained,
automation-at-scale applications and the U.S.
toward human-in-the-loop augmentation using
heterogeneous and often international data.

Background

Al methods are permeating drug discovery and
clinical development, but their form and pace
of adoption depend on the surrounding data in-
frastructure, regulatory constraints, and innova-
tion models. Clinical trial design choices (obser-
vational versus interventional), the provenance
and cross-border mobility of training data, and
the degree of human oversight embedded in
workflows all shape where Al creates value in
practice. Understanding how these forces differ
across major R&D centers is essential for pre-
dicting comparative advantages, commercializa-
tion trajectories, and the likely division of labor
in Al-enabled therapeutics and clinical care.

Results & Discussion

A structured audit of ClinicalTrials.gov registra-
tions since 2022 using exact-phrase queries for
artificial intelligence or machine learning shows
a marked divergence by country: China lists
511 observational and 191 interventional AT/ML
studies (72.8% observational), whereas the U.S.
lists 257 observational and 377 interventional
(40.6% observational) among 1,336 total stud-
ies analyzed. A 2(E2 chi-squared test of inde-
pendence rejects the null of no association be-
tween country and study type (x?~141.9, df=1,
p<1* 10%), with Cramérs V~0.326 indicating
a moderate effect; all expected counts exceeded
5. The observational proportion thus differs
substantially, with China far more observation-
ally oriented and the U.S. more interventional.
Limitations include exact-phrase filtering that
could miss synonyms (e.g., Al, deep learn-

ing), registrant-entered study-type labels that
may vary across settings, multi-country studies
counted in multiple national tallies, and registry
coverage differences; however, the magnitude of
the difference and large cell sizes render the asso-
ciation robust to modest misclassification under
consistent date filters (2022present) [r46].

The governance context explains much of this
orientation. In the U.S., HIPA As sectoral model
enables secondary use via de-identification,
data-use agreements, and research waivers, with
comparatively fewer cross-border prohibitions,
which lowers frictions for institutional EHR and
imaging capture and reuse across organizations.
By contrast, Chinas PIPL treats medical data
as sensitive, requires separate consent, imposes
stringent anonymization and cross-border trans-
fer assessments or standard contracts, and op-
erates under centralized oversight with grow-
ing state-led infrastructureconditions that favor
domestically contained aggregation and greater
reliance on consumer-side capture (e.g., apps,
wearables) when institutional sharing is cuamber-
some. These legalinstitutional choices predict
more heterogeneous, often international, insti-
tutional data flows and human-in-the-loop aug-
mentation in the U.S., versus centralized, on-
shore aggregation and automation-at-scale in
China [r67, wang2022, reer2023, 112019, xia2024,
wu2024, jiang2025].

Observed project data sources align with
these governance-driven expectations. Qualita-
tive coding of named deployments shows Chi-
nese systems concentrated on domestic hospi-
tal imaging and national/provincial administra-
tive platforms (e.g., Alibabas CT image an-
alytics, Nankai University CAT-scan screen-
ing, Baidus real-time maps linked with Alipay
health-code infrastructure), whereas U.S./allied
projects pair hospital/ EHR data with cross-
border collaborations and international public
resources (e.g., AWSUC San Diego chest X-ray
AT; Rimidi EHR-integrated apps; ZOE symp-
tom tracking; Exscientia with Diamond Light
Source and Scripps; and platforms drawing on
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ChEMBL, DrugBank, and large public omics
such as those used for AlphaFold). This pat-
tern reinforces the inference that Chinese de-
ployments leverage centrally integrated domes-
tic assets at scale, while U.S. efforts more of-
ten integrate heterogeneous institutional and
public datasets across borders [r71, mehta2022,
chen2023, wang2022].

These data and governance asymmetries
map onto distinct innovation models with im-
plications for drug discovery.  Comparative
industry and labor evidence indicates that
the U.S. system emphasizes human-in-the-loop
augmentationtask-level automation embedded
in expert workflows, publicprivate partnerships
for privacy-preserving data sharing, and risk-
based oversightconditions that favor AI for
decision support, target triage, trial design,
and regulatory documentation. Chinas state-
coordinated, data-centric modelcentralized clin-
ical and genomic assets, scaled sequencing ca-
pacity, and large public-hospital/trial network-
senables automation-at-scale for population-
level pattern-recognition workloads such as di-
agnostics, screening, and patient stratification,
with procurement and localization policies shap-
ing rapid domestic adoption. = Commercial-
ization patterns reflect this split: the U.S.
hosts dense partnership networks and firm-led
translation, while China exhibits high publi-
cation and patenting volumes, strong infras-
tructure growth, and relatively more domestic-
scale deployments in clinical Al, albeit with
private commercialization still converging on
U.S. peers [r69, barbosu2024, leslie2024, atkin-
son2024, brown2025, mutambara2025].

Forward-looking implications and testable
predictions follow. First, the observed trial skew
should persist even as broader search terms are
included: Chinas observational share is expected
to remain higher than the U.S., with imaging-
focused studies comprising a larger fraction of
observational registrations in China [r46]. Sec-
ond, provenance will continue to diverge: U.S.
AT studies should exhibit a higher share of insti-
tutional EHR /imaging training data and greater
use of international public biobanks, whereas
Chinese deployments should be more likely
to integrate national/provincial administrative
platforms and rely more on consumer/mobile

health streams under PIPL constraints [r67, r71,
wang2022, jiang2025, mehta2022]. Third, scal-
ing frontier models alone will not erase these
structural differences: in the U.S., skill-biased,
augmentation-centric integration is likely to
dominate due to Als strength in prediction
rather than causal inference and the organiza-
tional complements required, while Chinas cen-
tralized assets will continue to advantage large-
scale pattern-recognition use cases in clinical de-
velopment and related biomarker stratification
[r69, leslie2024, barbosu2024]. These predic-
tions are falsifiable via cross-country audits of
study design, data provenance, and use-case mix
across 20222026 filings and public project dis-
closures, including the specific hypotheses artic-
ulated in the source analyses [r46, r67, r69, r71].
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Trajectory Sources

Trajectory r46: The proportion of observational
vs interventional AI/ML trials differs signifi-
cantly between China and the US, with China
markedly more observational (511/702 = 72.8%)
than the US (257/634 = 40.6%; x2~141.9, df=1,
p<le-25). (Clinical Trial Search: 14560817716,
Clinical Trial Search: edal7acee3f4, C...

Trajectory r67: The comparative record sup-
ports the hypothesis: U.S. HIPAAs sectoral,
DUA-enabled, researchexception model and
fragmented but permissive governance favor
institutional (EHR/imaging) capture, whereas
Chinas PIPLcentered, sovereignty- and con-
sentheavy regime with strict crossborder con-
trols and ...

Trajectory r69: The assembled evidence sup-
ports the hypothesis: U.S. drug-discovery Al
primarily follows a human-in-the-loop augmen-
tation philosophy anchored in skilled labor,
open collaboration, and risk-based regulation,
while Chinas approach emphasizes automation-
at-scale enabled by centralized data assets, sta...

Trajectory r71: The hypothesis is supported:
recent descriptions show U.S. AI projects draw-
ing on heterogeneous, often international and
cross-institutional public datasets and collabo-
rations, while Chinese deployments concentrate
on domestically sourced hospital imaging, mo-
bile/location, and administrative platfor...
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Skill-Biased Technical Change in Pharmaceutical R&D

and Scientific Services

Summary

Across pharmaceutical R&D and adjacent sci-
entific services, Al adoption is generating skill-
biased technical change: task bundles are be-
ing reconfigured toward orchestration, valida-
tion, and lifecycle governance rather than broad
displacement.  Crossindustry evidence shows
that 2020 socialinteraction vulnerability prox-
ies misestimate exposure in highwage, cognition-
heavy sectors, while sectoral and case evidence
in pharma documents concrete expansions in Al-
centric teams and codified governance responsi-
bilities.

Background

Drug discovery and scientific services are at an
inflection point where rapid gains in large lan-
guage models and automated experimentation
intersect with regulated workflows, data hetero-
geneity, and rising scrutiny over model assur-
ance. Traditional exposure metrics built around
physical presence or customer interaction do not
fully capture the automation frontier for analyt-
ical, regulatory, and coordination tasks. Con-
sequently, organizations are reallocating skills
toward managerial oversight, data stewardship,
and MLOps, while regulators formalize continu-
ous lifecycle controls that further institutional-
ize these roles.

Results & Discussion

The discovery links three strands of evidence
into a single narrative. First, a reanalysis of
a 2020 interactionbased proxy for industry vul-
nerability estimated a multiple linear regres-
sion on 84 industries to predict an affected
share from communication and customer inter-
action shares: affectedgpae = 13.23 + 1.57 (B
communicationgpare 0.76 (E customergpare (R2
= 0.6404; communication p < 107; customer
p = 0.063), with reasonable predictive accu-
racy despite nonnormal residuals (65.5% within
$10 points; 90.5% within §15) [r1]. Residu-
als (actual predicted) show that Professional,
Scientific, and Technical Services (NAICS 541)
is a prominent overprediction case (13.0% ac-
tual vs 24.47% predicted; residual 11.47), rank-

ing #8 by negative residuals among 84 indus-
tries [r12]. Crucially, industries with negative
residuals (predicted > actual) are systematically
higher wage: in this group, residuals correlate
negatively with wages (r = 0.4537, p = 5(E10%),
and mean wages are ~$89.5k versus ~$71.4k for
the positiveresidual group, confirming that the
2020 socialinteraction proxy misestimates expo-
sure in highwage, cognitively intensive sectors
[r24]. Together, these diagnostics indicate that
interactioncentric measures are insufficient for
knowledge work and that vulnerability must be
measured at the task level to capture cognitive
composition [rl, r12, r24].

Second, firmlevel and sectoral labor evidence
supports a skillbiased technical change mech-
anism in knowledgeintensive services. Using
job postings matched to firm data, higher
Al adoption raises managerial vacancies by
roughly 2.5%7.5% per 1 percentage point in-
crease in Al share and increases the man-
ager share by 0.41.4 percentage points; posted
wages rise (OLS ~ +1.2% per 1 pp Al share;
IV ~ +7%), while required skills shift to-
ward teamwork/collaboration, creativity, stake-
holder management, and data analysis, with
routine administrative skills declining [r47,
alekseeva2024].  These patterns are concen-
trated in softwareintensive sectors such as Fi-
nance/Insurance, Information (including Pub-
lishing), and Professional services, where falling
software prices and high software investment fa-
cilitate Al diffusion and reorganize work around
hybrid humanAT teams and oversight roles [r47,
fixler2022]. The labor adjustmentsmore coordi-
nation, assurance, and crossfunctional integra-
tionalign with the misfit of the 2020 interaction
proxy in highwage sectors and explain why cog-
nitive task composition, not social interaction
frequency, is the binding constraint for exposure
measurement [r47].

Third, in pharmaceutical R&D specifically,
post2022 evidence shows pervasive job redesign
rather than clear headcount reduction. Al ac-
celerates virtual screening, literature mining,
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A. Positive Residual Group: No Significant Correlation
(r=0.31, p=0.10, n = 29)

160
® Mean wage: $71.4k

= = =
© o N >
S 3 =3 >

@
=
ol

Average Annual Wage (thousands $)
®

[ ]

é)
g
®

0 10 20 30 40 50
Residual (Model Over-prediction)

B. Negative Residual Group: Significant Negative Correlation
(r = -0.45, p < 0.001, n = 55)
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Figure 1: Prediction residuals from a social-interaction-
based vulnerability model are systematically correlated
with industry wages. The plots show average annual
wage versus model residuals for industries grouped by (A)
positive residuals and (B) negative residuals. While the
positive residual group shows no significant correlation
with wages (r = 0.31, p = 0.10), the negative residual
group exhibits a significant negative correlation (r = -
0.45, p < 0.001) and a substantially higher mean wage
($89.5k vs. $71.4k). This bias demonstrates that
interaction-based proxies systematically over-predict Al
exposure for higher-wage, knowledge-intensive industries.
(Source: [r24])

and trial analytics, but expands human re-
sponsibilities in validation, data curation, in-
terpretability, and continuous monitoring across
modelinformed drug development and clini-
cal workflows [r54]. In parallel, regulators
have codified responsibilities that institution-
alize new roles across the total product life-
cyclee.g., predefined change control plans, ex-
plicit monitoring and drift detection, version-
ing/traceability, bias auditing, explainability,
humanoversight policies, and audit readinessim-
plying MLOps/lifecycle owners, modeltracking
stewards, independent verification and valida-
tion reviewers, bias/fairness auditors, and cross-
functional governance bodies [r59]. Organiza-
tional case evidence is comnsistent: a leading
biopharma created dedicated ML engineering
roles, centralized recruiting, and communities

of practice, expanding its Al discovery team by
~10% and commercial analytics by ~25% in six
months, while adopting twospeed delivery and
IRBlike review mechanisms to scale safely [r72].
Together, these findings demonstrate that Al in
pharma is shifting work toward oversight and or-
chestrationamplified by regulatory lifecycle gov-
ernancerather than causing broad displacement
of scientists or project managers [r54, r59, r72].

These patterns inform nearterm predictions for
drug discovery under rapid model improvement
and scaffolding. As foundation models become
good enough for many document and codeheavy
tasks, gains will come from specialized orches-
tration: tooluse agents that chain retrieval, code
execution, and lab control; robust experiment
tracking; and enterprisegrade model registries.
The residual analyses imply that exposure in
knowledge work was mismeasured by interac-
tion proxies, so expect higherthananticipated
automation of textcentric tasks (protocol draft-
ing, dossier assembly, PV case triage), paired
with growth in managerial, QA, and safetygov-
ernance intensity to satisfy lifecycle controls [r1,
r12; r24, r59]. Pharma organizations that adopt
the twospeed operating model (platform engi-
neering plus embedded Al product teams), for-
mal guardrails, and IRBlike review should see
faster pilottoproduction conversion without dis-
proportionate displacement, as oversight capac-
ity scales with usecase throughput [r72]. Au-
tomated labs will compress iteration cycles but
increase demand for data stewardship and in-
spectionreadiness documentation; given the lit-
eratures emphasis on data heterogeneity and re-
alworld validation gaps, data governance and
model assurance will be the gating factors, not
model raw performance [r54, r59)].

Finally, market structure and geography are
likely to reconfigure as Al spreads across the
value chain. Cost and enrollment advantages
in China, combined with agentic designmaketest
loops, may shift more preclinical asset origina-
tion eastward, while US/EU incumbents concen-
trate on program selection, regulatory strategy,
and lifecycle governanceconsistent with skillbi-
ased reallocation toward coordination and as-
surance in highwage ecosystems [r47]. The
surge in consumer demand for peptide and
metabolic agents suggests intensified competi-
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tion in modalities amenable to Alassisted de-
sign and rapid iteration, reinforcing the need
for robust bias/robustness testing and postmar-
ket monitoring as these pipelines scale [r59].
With healthcare costs outpacing inflation, pay-
ers and regulators are likely to reward Al that
demonstrably improves adherence, safety, and
operational efficiency, further increasing the pre-
mium on transparent monitoring and auditable
change control. Across these scenarios, the cen-
tral prediction is stable: Al will elevate the rel-
ative demand for managerial, analytical, and
governance skills, deepen MLOps and PV over-
sight benches, and reallocatenot eliminatescien-
tific work in pharma R&D and professional ser-
vices [rd7, r54, r59, r72].

Trajectory Sources

Trajectory rl:

## ANSWER: Multiple Linear Regression
Model for Predicting Industry Vulnerability to
Task Automation

#4## Model Summary

A multiple linear regression model was suc-
cessfully built using the SIl.csv dataset with
84 industries to predict ‘affectedgnare’ based on
‘communicationgpare’ and ‘customergy...

Trajectory r12: NAICS 541 (Professional, Sci-
entific, and Technical Services) ranks 8th out of
84 industries with a residual of -11.47 percentage
points, where the regression model over-predicts
its vulnerability (24.47% predicted vs. 13.0%
actual), placing it among industries where the
2020 metric most underestimat...

Trajectory r24: The hypothesis that resid-
uals indicate productivity gains versus labor
replacement is contradicted: positive resid-
ual industries show no correlation with wages
(r=0.31, p=0.10), while negative residual indus-
tries show a significant negative correlation (r=-
0.45, p<0.001), where larger under-predicti...

Trajectory r47: Across Profes-
sional/Scientific/Technical ~ Services  (541),
Publishing  (511),  Securities/Commodities
(523), and Insurance (524), the 2022present
literature synthesized here predominantly
supports a skillbiased technical change narra-
tiverising demand for Al and complementary
managerial /cognitive skil...

Trajectory r54: Evidence from 2022present
sources indicates that Al adoption in pharma-
ceutical R&D is primarily driving job redesign
for research scientists, bioinformaticians, and
R&D project managers toward model valida-
tion, data governance, and Alhuman coordina-
tion, with little documented evidence of automa-
tio...

Trajectory r59: The hypothesis is supported:
post2022 FDA /EMAaligned publications artic-
ulate new or more explicit personnel responsi-
bilities and implied roles for AI/ML governance,
lifecycle/change control, monitoring, bias audit-
ing, explainability, and audit readiness that were
not specified in pre2022 guidance...
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Trajectory r72: The hypothesis is supported:
major consulting firmsmost concretely BCGdoc-
ument that pharmaceutical companies are insti-
tuting new Al-centered roles, team structures,
and governance-like mechanisms, with at least
one biopharma reporting measurable headcount
and retention gains after reorganizing for...
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AT Efficiency Gains Are Insufficient to Offset Structural
Cost and Policy Frictions in US-China Biotech Compe-

tition

Summary

Quantitative benchmarking shows that plausible
Al-enabled automation savings in US biotech-
relevant sectors are large in absolute terms but
cover only about one-fifth of the structural
USChina labor cost gap. Rising policy fric-
tions and constrained data access further limit
the translation of Al capability into sustained
cost competitiveness, and there is no compara-
tive evidence that formal Al governance models
causally improve core R&D metrics, implying
that strategy must couple selective automation
with policy navigation and outcome-tied organi-
zational redesign.

Background

Biopharma R&D is simultaneously experiencing
rapid advances in Al and automation and inten-
sifying international competition, especially be-
tween the US and China. While frontier mod-
els and automated laboratories promise faster
hypothesis generation, designmaketest cycles,
and potential cost reductions, these technolog-
ical possibilities interact with structural wage
differentials, evolving regulatory regimes, and
tightening control over scientific data. Under-
standing how these forces combineand where Al-
derived efficiency gains are likely to be captured
or bluntedis essential for predicting the trajec-
tory of drug discovery productivity and the bal-
ance of competitive advantage.

Results & Discussion

The central finding is that the scale of feasi-
ble Al-driven savings, even under generous ex-
posure assumptions, is materially smaller than
the USChina labor cost gap in biotech-adjacent
sectors.  Using US employment in NAICS
541 (9,707,600 employees; 13% Al-exposed task
share) and NAICS 325 (851,100; 18%), the
analysis defined Potential Annual Al Savings
as Employment (E US Average Wage (E Al-
exposed share and Baseline Labor Cost Gap
as Employment (E (USChina wage differen-
tial) [r9]. With midpoint wage assumptions

($100,000 US; $30,000 China), potential savings
sum to $141.5B across the two sectors versus
a $739.1B baseline labor cost gap, yielding an
AT coverage ratio of 0.191 and a $597.6B short-
fall; chemicals shows somewhat higher cover-
age (25.7%) than professional services (18.6%)
[r9]. Sensitivity analyses indicate that $§2030%
wage variation or even a doubling of Al-exposed
shares leaves a majority of the gap intact (cov-
erage ~38%), underscoring the structural mag-
nitude of wage differentials relative to plausi-
ble automation gains in the near term [r9]. Al-
though static and labor-focused, the benchmark
robustly frames why Al alone is unlikely to erase
cost disadvantages and where complementary
levers are required [r9].

AI-Driven Automation Savings vs Labor Cost Gap
in US Biotech-Relevant Sectors

mmm Potential AL Savings AI covers only 19.1% of labor cost gap
e Labor Cost Gap (US vs China)

$679.58

Annual Cost (Billions USD)
I
>
15

Figure 2: Potential savings from Al-driven automation
are insufficient to close the structural US-China labor
cost gap in biotech-relevant sectors. The figure compares
estimated annual potential Al savings with the baseline
labor cost differential for the US Professional & Technical
Services (NAICS 541) and Chemicals (NAICS 325)
sectors, along with their combined total. Across both
sectors, total potential savings of $141.5 billion cover
only 19.1% of the total $739.1 billion labor cost gap,
highlighting that technology alone is unlikely to erase the
competitive disadvantage from wage disparities. (Source:

[x9])

Non-technological frictions further constrain the
conversion of Al capability into realized compet-
itive advantage. Recent US policy initiatives,
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including executive actions such as EO 14105,
expand outbound investment screening in criti-
cal technologies (Al, semiconductors, quantum)
with broad definitions of US persons and height-
ened compliance requirements that plausibly
extend to biotech partnerships with Chinese
CROs/CMOs, raising due-diligence costs and le-
gal uncertainty [r10, ahmadi2023, agten2024].
In parallel, more restrictive scientific publisher
data-access policies limit availability of high-
quality training datasets, complicating repro-
ducibility and slowing iteration in model devel-
opment crucial for discovery applications [r10,
chandrasekhar2025, lucchi2024].  While bio-
specific causal estimates are scarce and evidence
remains largely qualitative, the cross-source syn-
thesis indicates these policy and data-access
headwinds are material and likely to redirect or
slow Al adoption pathways absent targeted mit-
igation [r10, liu2024].

At the organizational level, evidence since 2022
supports case-based associations between spe-
cialized Al teams and lab-in-the-loop platforms
and faster milestones, but does not show quan-
titative, causal links from formal AI governance
structures or specific organizational models to
improved R&D efficiency metrics. Reported
examples include discovery-to-clinic intervals
ranging from nine to <30 months and consult-
ing projections of 2550% time and cost reduc-
tions, yet these are not adjusted for confounders
and lack counterfactuals, leaving governanceout-
come links unproven [r74, barbosu2024]. Per-
ception data reinforce this gap: a survey finds a
significant association between perceived Al im-
portance and investment frequency (x? = 49.97,
p < 0.001), but no significant link between high-
budget Al spending and perceived efficiency,
highlighting the need to move from sentiment to
audited performance metrics [r74, kritikos2025].
Reviews consistently call for multi-firm bench-
marking with standardized endpoints (time-to-
IND, phase transitions, cost-per-candidate) and
proper controls for modality, therapeutic area,
and spend to evaluate organizational designs
and governance rigorously [r74, dermawan2025,
malheiro2025]. Taken together, the emerging
pattern is consistent with the view that near-
term gains depend more on problem-specific
scaffolding and tight modelexperiment integra-
tion than on formal governance itself, at least

until stronger outcome-linked evidence accumu-
lates [r74].

These results have several implications for pre-
dicting drug discovery trends under intensify-
ing USChina competition. First, given that
plausible Al savings cover only about one-fifth
of the wage-based gap and that policy/data
frictions are rising, Al cannot be expected to
restore cost parity; competitive strategy will
likely require selective automation targeted at
high-exposure tasks, proactive policy naviga-
tion, and organizational redesign tied to mea-
surable endpoints to capture value [r9, r10, r74].
Second, US firms are likely to prioritize high-
complexity, high-communication discovery pro-
grams that are less susceptible to both automa-
tion and wage-based competition, while exploit-
ing domains such as chemicals/process opera-
tions where combining AI with robotics and pro-
cess automation could push total savings be-
yond 40% of the labor gap, as hypothesized
for NAICS 325 [r9]. Third, as frontier models
and automated labs improve, realized value will
be bounded by investment-screening and data-
access constraints unless firms build compliant
collaboration structures, expand synthetic and
consented data assets, and institutionalize lab-
in-the-loop pipelines with clear KPIs and au-
dited outcomes [r10, r74]. Finally, if routine
computational tasks continue to commoditize,
labor demand will likely shift toward experi-
ment design, data engineering, and regulatory-
facing roleswith any aggregate cost relief from
role substitution remaining modest relative to
the cross-border wage spread quantified hereand
market opportunities in shorter-cycle modalities
will accrue to ecosystems that minimize execu-
tion costs and cross-border frictions [r9].
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Trajectory Sources

Trajectory r9: The potential cost savings from
Al-driven automation in US biotech-relevant
sectors ($141.5 billion annually) represent only
19.1% of the fundamental labor cost gap ($739.1
billion annually) compared to China, confirming
that Al savings alone are insufficient to over-
come China’s labor cost advantage...

Trajectory r10: Recent US regulatory initia-
tivesembodied by outbound investment screen-
ing measures and restrictive data access poli-
ciescreate significant non-technological barriers
that are likely to inhibit or redirect AI adop-
tion in US biotech, potentially undercutting its
competitive edge against international...

Trajectory r74: The hypothesis is not sup-
ported:  evidence since 2022 shows case-
based associations between specialized Al
teams/platforms and faster discovery timelines,
but no quantitative, causal links between
formal AI governance structures or specific
AT organizational models and improved R&D
efficiency metrics...
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AI-Related Clinical Trial Activity Prioritizes High-Cost
Chronic Diseases over Lifestyle Interventions

Summary

Analysis  of 2022present ClinicalTrials.gov
records shows that AI/ML is mentioned far
more often in trials for high-cost chronic dis-
eases than in lifestyle indications. Sponsor-type
differences appear in one analysis but failed
to replicate in a curated sample, and the
distribution of Al application types does not
differ significantly across cohorts.

Background

As Al capability, data availability, and digitally
enabled operations expand across biomedicine,
there is increasing interest in where Al is actu-
ally being translated in clinical research. A com-
mon narrative is that Al will preferentially tar-
get high-margin lifestyle categories; an alterna-
tive view is that it will be deployed first against
high-burden, high-cost chronic diseases where
clinical and economic incentives are strongest.
Establishing where current Al activity is con-
centrated in clinical trials can clarify near-term
translational trajectories and guide expectations
for drug discovery, diagnostics, and care deliv-
ery.

Results & Discussion

The central question was whether recent Al-
related clinical trial activity skews toward
lifestyle indications or toward high-cost chronic
diseases. Using fulltext queries of ClinicalTri-
als.gov from 2022 to the present, AI/ML men-
tions were counted across two predefined co-
horts: lifestyle (GLP1/obesity/cosmetic derma-
tology) and chronic disease (chronic kidney dis-
ease, congestive heart failure, Alzheimers). The
counts yielded 93 lifestyle versus 312 chronicdis-
ease trials, corresponding to a lifestyletochronic
rate ratio of 0.30 with a 95% confidence inter-
val of 0.240.38 (Poisson approximation), a re-
sult that is highly significant (p < 0.001) and
does not support the lifestyleskew hypothesis
on this source alone [r20]. Because 2022present
Google Patents results were not available, cross-
source deduplication and combined document
totals could not be computed, so the inference at
this stage is limited to the clinicaltrial registry

[r20].

Qualitative inspection of trial records illustrates
both the breadth of AI use and key caveats.
Lifestyle entries include Aloptimized weightloss
coaching, semaglutide cohorts analyzed with
supervised ML, multiomics ML in obesityre-
lated fatty liver, behavioral Al in semaglutide
populations, and nutrition studies that train
AI/ML on GLP1 response curves, while chron-
icdisease entries include CKD risk model valida-
tion, behavioral Al to increase peritoneal dial-
ysis uptake, and Albased wearable monitoring
in heart failure [r20]. However, some obesity
records contain Al only as a keyword without
methodological detail, introducing falsepositive
risk in fulltext counting; platform indexing be-
havior, device/vendor term spillover, and post-
ing/publication lags are additional sources of
bias to consider when interpreting these tallies
[r20].

Sponsor composition shows inconsistent signals
across analyses. A 2(E3 chisquared test found a
statistically significant difference (p < 0.05) in
lead sponsor types, with lifestyle trials showing
a relatively higher proportion of Tech/Digital
Health sponsors, while chronicdisease trials were
predominantly Academic/Hospital or Pharma-
ceutical /Biotech sponsored [r38]. In contrast,
a curated 2022present set contained only Aca-
demic/Hospital/Other sponsors across both co-
horts, eliminating betweengroup contrasts and
precluding replication of the sponsormix differ-
ence [r61]. These discrepant results likely reflect
samplesize limitations, selection effects, and po-
tential sponsor misclassification, underscoring
the need for broader, harmonized sampling be-
fore drawing firm conclusions about sponsor pro-
files [r38, r61].

The functional distribution of AI application
types also appears similar across cohorts un-
der current data. Classifying trials into Di-
agnostic/Imaging, Drug Discovery/Biomarker,
Operational Efficiency, and Digital Therapeu-
tic/PatientFacing, a 2(E4 chisquared test across
12 lifestyle and 17 chronicdisease trials yielded
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x? ~ 6.55 with 3 degrees of freedom (p ~ 0.09),
indicating no statistically significant difference
in application mix [r55]. Chronicdisease tri-
als concentrated in Diagnostic/Imaging (13 of
17), whereas lifestyle trials were more hetero-
geneous (6 Diagnostic/Imaging, 2 Drug Discov-
ery/Biomarker, 2 Operational Efficiency, 2 Dig-
ital Therapeutic/PatientFacing), providing no
support for the hypothesis that lifestyle trials
preferentially favor patientfacing digital thera-
peutics [r55].

Taken together, registry evidence indicates that
nearterm Al clinical activity is more concen-
trated in highcost chronic diseases than in
lifestyle indications, and that both cohorts are
currently dominated by diagnostic/imaging im-
plementations rather than patientfacing tools
[r20, r55]. The sponsor landscape remains un-
settled given conflicting analyses and small sam-
ples, suggesting caution in attributing differ-
ences to sectoral strategies at this time [r38, r61].
Because the present conclusion rests on Clinical-
Trials.gov alone, integrating 2022present patent
filings and performing crosssource deduplication
is a critical next step; prespecified followups in-
clude testing whether the lifestyletochronic rate
ratio remains below 1.0 after adding patents,
and whether obesity/GLP1 accounts for a larger
share of Alcentric documents than cosmetic der-
matology within the lifestyle group [r20]. As
these datasets mature, this framework can be
reapplied to track whether AI deployment con-
tinues to align with chronic disease burden and
care efficiency or shifts toward more consumer-
facing indications [r20, r55].

Trajectory Sources
Trajectory r20: I cannot answer.

Trajectory r38: The chisquared analysis reveals
a statistically significant difference (p < 0.05) in
the distribution of lead sponsor types between
lifestyle and chronic disease trials, with lifestyle
trials showing a relatively higher proportion
of Tech/Digital Health sponsors compared to
predominantly Academic/H...

Trajectory r55: The chisquared analysis indi-
cates no statistically significant difference (2
~6.55, df=3, p~0.09) in the distribution of
AT application types between the lifestyle and
chronic disease cohorts, and the observed pat-
tern does not support the hypothesis that
lifestyle trials favor Digital Therapeutic/...

Trajectory r61: The analysis did not support
the hypothesis, as no trials were sponsored by
Tech/Digital Health, with all trials classified as
Academic/Hospital/Other across both cohorts
(NCT05231824, NCT06753318, NCT07009964).
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