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The MoA methodology demonstrates how combining multiple LLMs can optimize various tasks like reasoning, language generation, and data extraction. By using layered agent structures, this system significantly improves performance over using single models like GPT-4 alone​.3 The advantage lies in MoA’s ability to harness the strengths of various models, some acting as proposers (generating diverse outputs) and others as aggregators (refining and combining 

those outputs into high-quality responses). This collaborative structure offers superior performance in specific tasks like AlpacaEval 2.0 and MT-Bench​.3

Overall, these findings converge on the effectiveness of using a multi-model or agent approach to optimize LLM performance in specialized domains such as medical research and systematic reviews. The collaborative nature of the MoA structure seems to be its most potent feature, leveraging the diverse strengths of different models. This has wide-ranging implications for fields that rely heavily on data extraction, analysis, and decision-making, where LLMs can 

now perform tasks faster and with greater precision than human analysts.

This proof-of-concept study utilized immunology PubMed abstracts.6-10 The statistically significant superior performance of MoA is expected to be even more visible when analysing larger volumes of data due to the complexity challenge. The advantages of specialization seen in MoA could increase with document size. With larger documents, the need for layered processing becomes even more pronounced. This layered approach could capture more detailed 

relationships between different parts of the document, like linking the methodology to the statistical results or aligning clinical significance with the literature review. 

This advantage can lead to better decision-making in clinical trials, R&D, and market access by providing more reliable data interpretation, enhancing cost-effectiveness analyses, and strengthening value-based pricing strategies. MoA’s ability to improve real-world evidence generation and health outcomes predictions can also support stronger negotiations with payers and regulators, ultimately driving innovation and ensuring data-driven strategies in drug 

development and market positioning.
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Automated treatment optimization has emerged as a transformative approach in personalized medicine, leveraging computational 

methods to tailor therapy regimens to individual patient characteristics.1 Early work demonstrated how pharmacokinetic/pharmacodynamic 

models, combined with Bayesian feedback loops, can optimize drug dosing for narrow-therapeutic-index agents, significantly improving 

efficacy and safety in routine clinical practice. Beyond dosing, reinforcement learning has been explored to derive dynamic treatment 

policies—for example, in sepsis management and mechanical ventilation—by framing clinical decision-making as a sequential decision 

problem, optimizing long-term patient outcomes in observational health data.2 More recently, causal machine learning methods have been 

applied within precision medicine frameworks to estimate individual treatment effects and guide therapy selection, highlighting the 

potential for data-driven strategies to improve decision support in complex care pathways.3

Despite these advances, most existing automation frameworks focus on single-disease paradigms or finite decision points but are not 

readily adaptable to complex, multi-stage diseases. Immune-mediated conditions like ulcerative colitis involve heterogeneous patient 

trajectories, multiple lines of therapy, biomarker-defined subpopulations, and evolving real-world outcomes. Traditional rule-based or 

single-agent algorithms struggle to capture the interplay between induction, maintenance, and rescue therapy decisions, leading to 

suboptimal personalization and limited generalizability. There is a critical need for architectures that can decompose multifaceted 

treatment pathways into atomic decision units, aggregate insights across diverse model outputs, and refine recommendations through 

iterative feedback loops.

Concurrently, real-world evidence (RWE) has gained prominence as a complement to randomized controlled trials. Under the 21st 

Century Cures Act, the U.S. FDA established its RWE Program to evaluate how electronic health records, claims data, and registries can 

support regulatory decision-making for drugs, biologics, and medical devices.4 Integrating RWE into automated treatment optimization 

pipelines is therefore essential for ensuring that AI-driven recommendations are grounded in both clinical trial data and real-world practice 

patterns.
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To design novel AI architecture that could seamlessly ingest and leverage RWE—including electronic health records, claims databases, 

and patient registries from various publications—within a multi-stage reasoning pipeline. This novel framework will:

1.Aggregate insights from heterogeneous LLM agents (Mixture-of-Agents, MoA) alongside data from publications.5

2.Decompose complex treatment pathways into atomic decision units via Atom-of-Thought (AoT) reasoning.6

3.Refine and personalize final recommendations through test-time textual differentiation (TextGrad).7

By integrating RWE alongside randomized trial results, the system will generate multi-faceted insights—covering guideline concordance, 

biomarker stratification, safety signals, and real-world utilization patterns—for treatment sequence optimization in ulcerative colitis (UC) 

and chronic pulmonary obstructive disease (COPD).

Our treatment‐sequence optimization pipeline (Figure 1) begins by harnessing a MoA architecture, based on each model’s internal training data, to 

generate a broad set of candidate regimens. The clinical question—“What is the optimal, based on patient outcomes, first‐, second‐, and third‐line 

sequence for ulcerative colitis, combining RCT, guidelines and real‐world evidence?”—is issued in parallel to three proposer models (Meta‐Llama‐3.1-8B-

Instruct-Turbo; Mistral-7B-Instruct-v0.3; Qwen2-72B-Instruct). Each model produces an independent rationale, which is then fed back into the same three 

proposers for two further refinement layers. Finally, all layer-3 outputs are synthesized by the DeepSeek-R1 aggregator under a system prompt that 

enforces critical, evidence-based synthesis. This multi-layered MoA stage yields an integrated MoA output that combines RCTs and guideline 

recommendations with emerging RWE insights.

Next, we apply AoT reasoning to the MoA output, using GPT-4.1 via LangChain. In this phase, the composite recommendation is decomposed into a small 

directed acyclic graph of atomic (not further broken apart) sub-questions—such as “After TNF inhibitor failure, which treatment shows the best durability in 

RWE cohorts?”—and each node is independently solved. The answered sub-questions are then automatically contracted back into a simplified master 

question, with consolidated step-by-step logic. Two recursive AoT iterations focus the reasoning on key inflection points in the treatment pathway, 

sharpening clarity and clinical relevance.

Finally, we refine and personalize the AoT‐vetted sequence via TextGrad, our textual backpropagation framework. We treat the blended MoA + AoT 

recommendation outputs as a trainable variable and fix the original clinical question. TextGrad’s optimizer (TGD) applies three gradient‐style update steps, 

guided by a DeepSeek backward engine. At each step, a TextLoss prompt evaluates alignment with guidelines, RCT evidence, and RWE patterns, while 

hard constraints enforce the required structure (First-line, Second-line, Third-line) and alignment of specific, non-predefined, patient subgroups to tailored 

sequences (can flexibly select the alignment inputs per user requirements). This iterative optimization sharpens both the accuracy and the explanatory 

depth of the final recommendation, yielding a clinically coherent, expert‐grade treatment plan for ulcerative colitis. This pipeline was applied across diverse 

therapeutic areas, including UC and COPD, to demonstrate the flexibility and accuracy across different treatment sequence optimization problems. 

Figure 1: Multi-Stage LLM Pipeline for Treatment Sequence Optimization: MoA → AoT → TextGrad

By benchmarking all three outputs side-by-side, we saw a clear evolution in 

both transparency and clinical utility. The UC MoA table (Table 1) crisply 

illustrated how three independent LLM proposer models could be combined 

via a DeepSeek-R1 aggregator to yield a unified first-, second-, and third-

line treatment sequence—yet it remained largely conceptual, without trial 

data or subgroup stratification. The UC AoT (Table 2) then made the 

underlying reasoning explicit, decomposing the recommendation into six 

targeted clinical questions and re-contracting them into a coherent 

pathway. Finally, the UC TextGrad-refined table (Table 3) delivered the 

richest, most actionable output: each therapy line was paired with precise 

trial outcomes, real-world metrics, and explicit patient-subgroup guidance. 

This progressive refinement—from high-level model synthesis to fully 

evidence-anchored clinical decision support—highlights how successive 

reasoning layers can transform a conceptual LLM output into a dense, 

data-driven summary.

Table 1:  MoA Example Output for UC

Table 2: AoT Example Output for UC

Table 3:  TextGrad Example Output for UC

Our multi-stage AI pipeline—combining MoA, AoT reasoning, and TextGrad test-time refinement—demonstrates a clear progression from 

broad, conceptual regimen proposals to fully evidence-anchored, patient-stratified treatment sequences for UC and COPD. The MoA stage 

swiftly synthesizes diverse guideline and RWE perspectives into a cohesive sequence; AoT then decomposes this into atomic clinical 

questions and recontracts them into a logically transparent pathway; and finally, TextGrad backpropagates FDA-endorsed trial data, real-

world outcomes, and hard structural constraints (first-, second-, third-line) into the recommendation, yielding an expert-grade plan with 

explicit subgroup guidance (Table 7).

Beyond UC and COPD, this architecture is readily generalizable to any condition characterized by multi-stage decision pathways and rich 

RWE availability—for example:

• Oncology therapy sequencing: Integrating trial protocols and registry data to optimize induction, consolidation, and maintenance regimens 

in leukaemia or lymphoma.

Layered Collaboration: MoA harnesses heterogeneous LLM proposers and an aggregator to blend RCT guidelines with real-world usage 

patterns, yielding a robust initial regimen.

Transparent Decomposition: AoT’s Markov-style DAG (Directed Acyclic Graph) extraction and contraction phases expose each clinical 

sub-question, ensuring interpretability and logical rigor.

Evidence-Anchored Refinement: TextGrad applies textual gradients against prespecified trial and RWE metrics, enforcing structure and 

subgroup alignment to produce a fully validated, actionable treatment plan.

Scalable Generalization: The MoA→AoT→TextGrad framework can be applied to other complex, multi-stage diseases—such as sepsis 

protocols, oncology treatment algorithms, and precision dosing pipelines—where sequential decision-making and RWE integration are 

critical.

Table 7:  Summary of novel AI methodology utilized for treatment sequence optimization

RESULTS

Sub-Questions Output Summary

1. Foundational non-
pharmacologic 
interventions?

• Smoking cessation: single most effective to slow 
progression; offer behavioural support + pharmacotherapy 

(varenicline, bupropion, NRT).

• Pulmonary rehabilitation: improves exercise tolerance, 
symptoms, QoL; reduces hospitalizations.

• Vaccinations (influenza, pneumococcal, COVID-19): 
lower infection-triggered exacerbations.

2. Initial pharmacologic 
therapy?

• LAMA/LABA combination inhaler (e.g., 
tiotropium/olodaterol): dual bronchodilation superior to 

monotherapy for symptom control & 15–25% greater 
exacerbation reduction; once-daily, single-inhaler → better 

adherence.

• LAMA monotherapy: may suffice for low-symptom, 
infrequent-exacerbation patients.

3. Escalation for 
persistent 

symptoms/exacerbatio
ns?

• Add ICS → triple therapy (ICS/LAMA/LABA) if ≥2 
exacerbations/yr and eosinophils ≥100–300 cells/μL

• Risks: ↑ pneumonia (especially older/low BMI).

• ICS/LABA if LAMA intolerant.

4. Further escalation for 
refractory cases?

• PDE4 inhibitor (roflumilast) for chronic-bronchitis 
phenotype with frequent exacerbations despite triple 

therapy: ↓exacerbations 15–20%; GI side-effects limit use.

• Anti-IL-5 biologics (mepolizumab) for severe 
eosinophilic COPD (eosinophils ≥300/μL) with persistent 

exacerbations: ↓exacerbations 20–40% in targeted 
subgroup.

5. Tailoring to patient 
subgroups?

• Frequent exacerbators: escalate early to triple therapy, 
then PDE4/biologic if needed.

• Eosinophilic phenotype: consider earlier ICS or biologic.

• Chronic bronchitis: add PDE4 inhibitor.

• High pneumonia/CV risk: avoid ICS if possible; choose 
safest devices.

• Adherence/device factors: favour once-daily, single-
inhaler regimens.

6. In-class & between-
class drug 

comparisons?

• Within-class (e.g., tiotropium vs. umeclidinium): similar 
efficacy/safety → device, dosing, cost decide.

• Between-class: LAMA/LABA > monotherapy; ICS added 
only for exacerbation-prone/eosinophilic patients; PDE4 
inhibitors & biologics reserved for specific phenotypes.

• Real-world: adherence highest with simple, once-daily 
single-inhaler regimens.

Stage Agents & Interventions Key Trial Data
Real-World 

Insights
Patient 

Considerations

1st-Line

Non-pharmacologic

• Smoking cessation (varenicline 
+ counselling)

• Pulmonary rehab (8 wk 
home/hybrid)

• Vaccinations (COVID-19, PCV20, 
flu)

Pharmacologic

• LAMA/LABA combo 
(tiotropium/olodaterol, 

umeclidinium/vilanterol)

• EAGLES: 34 % 
1-yr quit rate 
(varenicline)

• TONADO: +120 
mL FEV₁ vs 

mono

• 30 % ↓ 
hospitalization 
post-rehab;40 
% real-world 

dropout

• 75 % 
adherence 

once-daily vs 
50 % twice-

daily 
(COPDBREATH

E)

• Universal for all 
patients

• Preferred in 
GOLD; once-daily 

improves 
adherence

2nd-Line

Frequent exacerbators (≥2/yr)

• Eosinophilic (eos ≥300): 
ICS/LAMA/LABA triple 

(fluticasone/umeclidinium/vilante
rol)

• Non-eosinophilic (eos <100): 
LAMA/LABA + azithromycin (250 

mg 3×/wk)

• Chronic bronchitis: Roflumilast 
or erdosteine

• IMPACT: 25 % ↓ 
exacerbations 

with triple

• MACRO: 27 % 
↓ with 

azithromycin

• REACT: 17 % ↓ 
with roflumilast

• 40 % 
clinicians start 
ICS at eos ≥150 

(COLDEN)

• Limit azithro 
to 1 yr for 

stewardship

• Eosinophils 
guide ICS

• Monitor for 
↑pneumonia 

(ICS) and GI AEs 
(roflumilast)

3rd-Line

Refractory eos (eos ≥300):

Mepolizumab (anti-IL-5)

Persistent exacerbators: 
LAMA/LABA + ICS/LABA (e.g., 

salmeterol/fluticasone) if triple 
not tolerated

• METREX: 20 % 
↓ exacerbations 
(mepolizumab)

• BOREAS: 
emerging data 
for dupilumab

• Only ~8 % of 
eligible receive 
biologics (cost)

• Biologics for 
severe 

eosinophilic 
COPD

• Cost and 
access limit use

Similarly to UC, this treatment-sequence optimization pipeline was applied to COPD as per tables 4,5, and 6.

Table 4:  MoA Output for COPD Table 5:  AoT Output for COPD

Table 6:  TextGrad Output for COPD

Treatment 

Step

When to Use / 

Escalation 

Trigger

Preferred 

Agents
Patient Subgroups 

Key Evidence / 

Rationale
Monitoring & Safety 

Induction 

(1st-line)

• New moderate–

severe flare  

start immediately • 

Re-evaluate at ≤ 4 

weeks

Systemic 

steroids ± 

ongoing 

5-ASA

• Applies to all patients 

at presentation

IV/PO steroids 

remain fastest 

inducer of 

remission

• Limit to ≤ 8-12 wk 

taper • 5-ASA kept 

only for maintenance 

benefit

Early 

Advanced 

Tx (1st-

line 

biologic / 

small-

molecule)

Steroid-refractory / 

steroid-dependent 

after ≤ 4 wk

Inflix. 

(TNFi)

• Hospitalised acute-

severe • Young, high 

inflammatory burden

ACT-1: 60 % wk-8 

remission; real-

world 35 % 

colectomy 

reduction

TB screen; combine ± 

azathioprine to curb 

antibodies

Vedoliz.

• Elderly / infection or 

malignancy risk • Latent 

TB / C. difficile history

EU registry: 42 % 

fewer 

hospitalisations vs 

TNFi

Slower onset (6-10 

wk); but lowest 

systemic infection risk

Upadaciti

nib 

(JAK1)

• Needle-averse / strict 

oral preference • Prior 

biologic failure needing 

rapid oral option

U-ACHIEVE: 63 

% wk-8 remission

CV/VTE & zoster risk; 

check lipids, 

vaccinate, avoid if 

high thrombotic risk

Second-

line (after 

1st agent 

fails)

Partial Mayo > 4 

at wk 8 or loss of 

response

Risankizu

mab (IL-

23)

• Biologic-naïve 

needing durable control 

• Multi-exposed but 

infection-concerned

SURPASS-UC: 65 

% wk-52 

remission; 30 % ↓ 

relapse vs TNFi 

(RWE)

Slower onset (8-12 

wk); favourable long-

term safety

Ozanimod 

(S1P)

• Prior anti-TNF 

exposure • Wants oral 

but JAK contraindicated

True North: 27 % 

wk-10 remission; 

oral convenience

7-day dose titration; 

baseline ECG, ocular 

exam

Third-line / 

Rescue

Failure of ≥ 2 

advanced classes 

or high-grade 

dysplasia

• Unused 

IL-23 

(risankizu

mab/ustek

inumab) • 

Ozanimod 

(if not yet 

tried)

• Multi-refractory: IL-23 

performs best • Young, 

QoL focused: consider 

early trial enrolment or 

surgery

AGA 2023: 

recommend 

colectomy 

discussion after 

two classes fail

Annual retinal check 

for ozanimod; 

reinforce shared 

decision-making on 

surgery

Definitive 

Surgery

≥ 2 advanced 

therapy failures or 

complications 

Total 

collect. 

with IPAA

• Persistent steroid or 

biologic dependence • 

Severe adverse drug 

events

Modern 

laparoscopic IPAA 

offers > 90 % 

long-term 

satisfaction

Pre-op fertility 

counselling; pouchitis 

education

Limitations: 

• Susceptibility to bias – Because outputs reflect the quality and biases of the source LLMs and real-world evidence feeds, 

recommendations may propagate unseen errors unless confirmed in prospective clinical studies.

• Limited scope– Development relied mainly on just two conditions (UC & COPD); how well the approach applies to other disease areas is 

still unknown.
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