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Automated treatment optimization has emerged as a transformative approach in personalized medicine, leveraging computational Our treatment-sequence optimization pipeline (Figure 1) begins by harnessing a MoA architecture, based on each model's internal training data, to both tansparency and slinical utity, The UG Mo tble (Table 1) orisply Table 3: TextGrad Example Output for UC
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models, combined with Bayesian feedback loops, can optimize drug dosing for narrow-therapeutic-index agents, significantly improving | sequence for ulcerative colitis, combining RCT, guidelines and real-world evidence?”—is issued in parallel to three proposer models (Meta-Llama-3.1-8B- | Via @ DeepSeek-R1 aggregator to yield a unified first-, second-, and third- L oo Agents
line treatment sequence—yet it remained largely conceptual, without trial g9

efficacy and safety in routine clinical practice. Beyond dosing, reinforcement learning has been explored to derive dynamic treatment 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 QJdata or subgroup stratification. The UC AoT (Table 2) then made the

policies—for example, in sepsis management and mechanical ventilation—by framing clinical decision-making as a sequential decision | proposers for two further refinement layers. Finally, all layer-3 outputs are synthesized by the DeepSeek-R1 aggregator under a system prompt that [underlying reasoning explicit, decomposing the recommendation into six how moderale™ | systemic IV/PO steroids | » Limit to < 8-12 wk
targeted clinical questions and re-contracting them into a coherent | |hgyction steroids +| « Applies to all patients | remain fastest | taper+ 5-ASA kept

problem, optimizing long-term patient outcomes in observational health data.2 More recently, causal machine learning methods have been § enforces critical, evidence-based synthesis. This multi-layered MoA stage yields an integrated MoA output that combines RCTs and guideline Jpathway. Finally, the UC TextGrad-refined table (Table 3) delivered the | (1st.tine) [S2t mmediately <" &= = "ok presentation ratcorof | oy for maintonance

. igy » . . . . . .. . . . . . . . . . . : ; . ; i ; i Re-evaluate at < 4 .. ,
applied within precision medicine frameworks to estimate individual treatment effects and guide therapy selection, highlighting the § recommendations with emerging RWE insights. richest, most actionable output: each therapy line was paired with precise S | 5-ASA remission benefit
trial outcomes, real-world metrics, and explicit patient-subgroup guidance. weeks

potential for data-driven strategies to improve decision support in complex care pathways.3 This progressive refinement—from high-level model synthesis to fully

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 [Jevidence-anchored clinical decision support—highlights how successive | g
reasoning layers can transform a conceptual LLM output into a dense, Advanced ACT-1: 60 % wk-8

Despite these advances, most existing automation frameworks focus on single-disease paradigms or finite decision points but are not | directed acyclic graph of atomic (not further broken apart) sub-questions—such as “After TNF inhibitor failure, which treatment shows the best durability in Jdata-driven summary. Tx (st [Steroid-refractory + Hospitalised acute- | remission: real- | TB screen: combine &
readily adaptable to complex, multi-stage diseases. Immune-mediated conditions like ulcerative colitis involve heterogeneous patient RWE cohorts?”—and each node is independently solved. The answered sub-questions are then automatically contracted back into a simplified master Table 1: MoA Example Output for UC line |steroid-dependent severe » Young, high | world 35% | azathioprine to curb

trajectories, multiple lines of therapy, biomarker-defined subpopulations, and evolving real-world outcomes. Traditional rule-based or | question, with consolidated step-by-step logic. Two recursive AoT iterations focus the reasoning on key inflection points in the treatment pathway, blologle/ | after= 4wk nflammatory burden | - colectomy antibodies
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treatment pathways into atomic decision units, aggregate insights across diverse model outputs, and refine recommendations through Finally, we refine and personalize the AoT-vetted sequence via TextGrad, our textual backpropagation framework. We treat the blended MoA + AoT » Srcine: 123 nhibitors (. stekinumab/ isankizumab) r novel agent (S1P) malignancy risk « Latent fewer
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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) therapy failures or| collect.
. . . Early use of advanced therapies lowers colectomy rates; vedolizumab surgery : H . Severe adverse drUg _ :

and Chr0n|C pUlmOnary ObStI"UCtIVG dISGaSG (COPD) 6. What does RWE say about shows fewer serious infections in clder adults; MA switching after failure COITIp|ICGtIOI"IS with IPAA events Iong term education

sequencing and outcomes? outperforms within-class cycling; JAKs work post-biologic but need risk
screening; IL-23s give durable remission as third-line.
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Similarly to UC, this treatment-sequence optimization pipeline was applied to COPD as per tables 4,5, and 6. Our multi-stage Al pipeline—combining MoA, AoT reasoning, and TextGrad test-time refinement—demonstrates a clear progression from
Table 4: MoA Output for COPD Table 5: AoT Output for COPD broad, conceptual regimen proposals to fully evidence-anchored, patient-stratified treatment sequences for UC and COPD. The MoA stage
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