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Patient trajectory modeling, which predicts future clinical events using data from longitu-
dinal electronic health records (EHRs), is expected to be of value for personalizing disease
management. Yet the adoption of powerful deep learning (DL) models is often hindered by
their “black-box” nature, creating a barrier to clinical trust. This challenge is compounded
when modeling complex temporal dependencies between lab test results, treatments, and
clinical events in the EHR, and is further exacerbated by the persistent difficulty these models
face in generalizing across diverse patient populations, varying data elements, and different
disease states.

This dissertation develops novel interpretable and generalizable frameworks for patient
trajectory modeling, motivated by the hypothesis that models that account for the full
dynamics of a patient’s history will produce more reliable predictions than simpler models,
and that these predictions can also be made transparent and robust across diverse clinical
contexts. The work is structured around four complementary aims that collectively affirm this
hypothesis while innovating in terms of both deep learning methods and interpretable learning
tools. It begins by developing an interpretable and generalizable deep learning framework for

predicting survival in metastatic prostate cancer from pre-metastasis serial PSA values and



treatments, establishing the value of trajectory-based modeling in a focused clinical setting.
Building on this foundation, the work then advances from discrete-time modeling to a more
precise continuous-time framework by introducing a model that learns continuous latent
trajectories and uses a divide-and-conquer interpretation to explain how clinical changes drive
outcomes. To broaden generalizability beyond training task-specific models, the dissertation
next develops a multi-agent system that leverages a chain of large language model (LLM)
agents with a long-term memory to reason over long, noisy, and heterogeneous EHR data
for zero-shot cancer early detection. Finally, the work enables the self-evolving capability of
this multi-agent system through an evolving experience pool and multi-agent reinforcement
learning for lung cancer early detection, allowing the system to continuously adapt to new
patient cohorts.

Through these complementary aims, this research traces an arc from task-specific prediction
to generalizable and self-evolving reasoning, powered by DL-based sequential models and
LLM-based systems. It shows that faithfully modeling the temporal information in patient
histories can make the predictions accurate, robust, and interpretable, with interpretability
and generalizability advancing together rather than in tension. In doing so, this dissertation
seeks to contribute to the development of more trustworthy Al tools that can support

personalized clinical decision-making across a spectrum of complex medical domains.
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GLOSSARY

BIDIRECTIONAL ENCODER REPRESENTATIONS FROM TRANSFORMERS (BERT): An encoder-
only, transformer-based language model to encode texts into embeddings for downstream
tasks.

CLINICAL DECISION SUPPORT: Systems designed to assist healthcare professionals by
providing relevant, evidence-based clinical insights or recommendations.

ELECTRONIC HEALTH RECORD (EHR): A computer system for storing and managing im-
portant patient information documented during clinical care, including but not limited
to structured data like diagnoses, laboratory tests, medications, procedures, and vital
signs, and unstructured data like clinical notes and radiology reports.

FINE-TUNING: A supervised learning process that trains a pretrained language model by
updating its parameters using labeled data.

IN-CONTEXT LEARNING (ICL): A technique where LLMs learn to perform tasks given a
few examples provided within the input prompt, without additional parameter updates
or fine-tuning.

LANGUAGE MODEL (LM): A computational model that estimates the probability distribu-
tion of a sequence of tokens. Learning the statistical patterns of language, it enables
advanced natural language processing tasks such as text generation, prediction, transla-
tion, and comprehension.

LARGE LANGUAGE MODEL (LLM): An advanced LM characterized by its massive scale up
to billions of parameters and trained on internet-scale datasets. This vast scaling unlocks
emergent capabilities, allowing the model to perform complex reasoning, generation, and
comprehension tasks with minimal or no task-specific training (zero-shot or few-shot
learning).

LARGE LANGUAGE MODEL AGENTS (LLM AGENTS): LLMs enhanced with advanced ca-
pabilities such as memory construction and retrieval, coding, strategic planning, collab-

oration with other models, and tool calling.

XV



LATENT TRAJECTORIES: Unobserved, continuous underlying health states or disease
progressions inferred by a model from observed, often noisy and irregularly sampled,
clinical data.

LLM-BASED MULTI-AGENT SYSTEM: A computational framework composed of multiple
interacting LLM agents that collaborate, debate, or divide tasks to solve complex
problems, such as reasoning over long and highly heterogeneous EHR data.

LONG-SHORT TERM MEMORY (LSTM): A recurrent neural network (RNN) architecture
designed to model temporal sequences and long-range dependencies. By employing
specialized gating mechanisms, LSTMs mitigate the vanishing gradient problem inherent
in standard RNNs, enabling effective processing of long sequential data.

MULTI-AGENT REINFORCEMENT LEARNING (MARL): A subfield of RL where multiple in-
teracting agents learn to make decisions in a shared environment, used to optimize
complex, long-horizon tasks such as step-by-step clinical reasoning.

PATIENT TRAJECTORY MODELING: The computational process of analyzing longitudinal
patient histories for downstream tasks such as predicting future clinical events, tracking
disease progression, and supporting personalized disease management.

PRETRAINING: The training phase where an LM learns from large-scale unlabeled text
corpora using self-supervised objectives to capture language patterns.

PROSTATE-SPECIFIC ANTIGEN (PSA): A protein biomarker often measured via serial blood
tests; continuous tracking of PSA values is a crucial component in prostate cancer care.

REINFORCEMENT LEARNING (RL): A machine learning paradigm where an agent learns
to make optimal sequential decisions by interacting with an environment. Through a
process of trial and error, the agent receives feedback in the form of rewards or penalties
and continuously updates its policy to maximize cumulative rewards over time.

REJECTION SAMPLING IN LLM: A technique where a model generates multiple candidate
responses, evaluates them (often using a reward model), and retains only the highest-
scoring outputs for final selection or further training.

RETRIEVAL-AUGMENTED GENERATION (RAG): A method that enhances LLM generation
by incorporating relevant information retrieved from source data (e.g., external knowl-

edge base, raw long-context data) into the input context.
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SCALING LAWS: Empirical relationships demonstrating that LLM performance improves
predictably in tandem with increases in computational resources, model size, and
training data, thereby allowing models to internalize increasingly complex linguistic
and semantic representations.

SELF-EVOLVING CAPABILITY: The ability of an Al system to continuously adapt and
improve its capabilities over time through techniques like learning from experience or
reflection without requiring complete retraining from scratch.

TRANSFORMER: A deep learning architecture that relies entirely on self-attention mecha-
nisms to process sequential data in parallel. By dynamically weighing the contextual
importance of all tokens in an input, it serves as the foundational architecture for
modern large language models.

WORLD MODEL: A model architecture that builds an internal, abstract representation of
the environment to simulate physics and predict the consequences of actions.
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Chapter 1

INTRODUCTION
1.1 Context and Motivation

Longitudinal electronic health records (EHRs) provide a temporal view of a patient’s health,
capturing the complex relationships of lab results, treatments, and clinical events over time.
A promise of this data is the ability to move beyond static snapshots of health and instead
model the full dynamics of disease progression [26]. This is the core goal of patient trajectory
modeling: to leverage these rich, temporal dynamics to predict clinical outcomes, personalize
treatments, and ultimately improve patient care. In recent years, deep learning models
have shown potential for this task, as they are uniquely capable of capturing the complex,
non-linear patterns within this data [37, 124, 171, 91]. However, despite their predictive
power, the widespread adoption of these advanced models in routine clinical practice is slow,
hindered by concerns about their trustworthiness [205, 79]. In this dissertation, we focus on
two significant barriers to building this trust: a lack of dynamic interpretability and a failure
of generalizability [101].

The first barrier, interpretability, presents a unique challenge in the context of patient
trajectories. Clinical decisions are rarely based on a single data point; rather, they rely on
dynamic patterns. For example, acute kidney injury is defined by the changes in creatinine
[190], and variations in blood biomarkers may indicate risk of diseases [54, 187]. Current
explanatory tools are often not built for this [116, 186]. They may identify key features at
a single moment but fail to explain how the evolution of a patient’s trajectory—-including
the features’ trends, rates of change, and complex interactions over time—-drives a model’s
prediction. This is an important gap. We lack the tools to interpret these models dynamically.

Furthermore, a truly interpretable model must faithfully represent the process it is model-



ing. Patient trajectories are inherently continuous-time processes, yet they are frequently
approximated using summary features or discrete-time models, which may fail to capture the
underlying biological dynamics accurately. These unique aspects create a significant challenge:
developing models that faithfully emulate a patient’s continuous-time biological dynamics
and provide clinically meaningful, dynamic interpretations.

The second critical barrier is generalizability. Although the value of dynamic patient
information is recognized, their practical superiority over simpler models using static summary
features remains unproven and even debated in many settings [79]. The generalizable value
of this information across different healthcare systems needs to be shown before their wide
adoption. However, due to data heterogeneity across healthcare systems [59]—which differ in
protocols, EHRs, and demographics—and temporal drifts, such as new imaging technologies
[69], coding changes [128] or changes in patient population, models trained on one cohort often
fail to adapt to new populations without complex re-engineering. This fragility often renders
traditional external validation infeasible or unreliable [215], highlighting an urgent need for
more flexible modeling paradigms and alternative methods to evaluate their generalizable

value.
1.2 Research Problems and Contributions

Building on the two barriers identified above, this dissertation frames trustworthy patient
trajectory modeling as a set of four concrete research problems. We state each problem
explicitly, then present the contribution that addresses it. These problems trace a progression
from interpretability in a focused clinical setting, to faithful continuous-time modeling, to
generalization across tasks and data elements, and finally to systems that continue to improve

as new patients are seen.

Research Problem 1 In a focused clinical setting where dynamic patient information has
long been collected but is typically reduced to summary features (e.g., PSA doubling time or

nadir PSA in metastatic prostate cancer), it remains unclear whether the full longitudinal



trajectory carries added prognostic value beyond these summaries, and whether that added

value is robust across cohorts that differ in protocols, populations, and available data elements.

Contribution 1 We develop TrajSurv-mPC, an interpretable and generalizable deep
learning framework for survival prediction in metastatic prostate cancer (mPC) patients using
serial prostate-specific antigen (PSA) values and treatment histories. We demonstrate the
generalizable added value of dynamic information over summary features on two different
cohorts and two sequential model backbones, through both internal and external validation.
To make external validation feasible, we created a harmonized subcohort from one institute
compatible with the cohort from the other institute. This generalizability of added value
is more relevant as available clinical data evolves and may vary across cohorts. We further
conduct three interpretation analyses to verify how TrajSurv-mPC dynamically aggregates
the temporal dependencies between serial PSA and treatments, thereby leveraging the added

value of trajectory information.

Research Problem 2 Patient trajectories are inherently continuous-time biological pro-
cesses, but most existing trajectory models discretize time and offer only static feature
interpretations. This raises the question of how to learn latent representations that evolve
continuously in a way that aligns with a patient’s clinical progression, and how to interpret
such representations so that clinicians can see how dynamic changes of features jointly drive

predictions over time.

Contribution 2 To advance from discrete-time modeling to a more precise continuous-time
formulation, we develop TrajSurv-Cont, which learns continuous latent trajectories that align
with patients’ evolving clinical status. We evaluate TrajSurv-Cont on two real-world public
EHR datasets through internal and external validation. We also develop a novel end-to-end
interpretation approach for TrajSurv-Cont that respects the dynamic and continuous-time

nature of clinical progression, explaining how clinical feature changes drive the evolution of



the latent trajectory and link to the outcome. We compare this interpretation approach with

existing methods to show its complementary value in explaining patient trajectories.

Research Problem 3 Existing patient trajectory models are typically tailored to a specific
task, requiring labor-intensive feature engineering and model training using long, noisy, and
heterogeneous EHR data. There is therefore a need for a more flexible modeling paradigm
that can reason over raw longitudinal EHRs and generalize to multiple tasks, populations,
and data elements, without complex feature engineering or task-specific retraining, while

remaining clinically interpretable.

Contribution 3 Moving beyond task-specific models, we develop Traj-CoA, a generalizable
multi-agent system for patient trajectory modeling on long and noisy EHR data. We design a
simple yet effective preprocessing pipeline to convert EHR data into an LLM-friendly format,
and use a chain-of-agents architecture with a long-term memory to model longitudinal records.
We evaluate the generalizability and interpretability of Traj-CoA on cancer early detection
tasks across 15 cancer types, using data from UWMC and Truveta. Traj-CoA demonstrates

superior performance and temporal interpretability consistent with clinical knowledge.

Research Problem 4 Static predictive models, including LLM-based multi-agent systems,
do not leverage the experience accumulated as new patients are seen, and therefore may be
suboptimal. The open question is how to design a patient trajectory model that continually
refines its temporal reasoning from its own experience, mirroring how clinicians refine judgment
through accumulated cases, so that interpretability and performance improve together over

time.

Contribution 4 We develop Traj-Evolve, a self-evolving multi-agent framework for patient
trajectory modeling that learns from its own experience as it processes more patients,
continually refining its temporal reasoning and learning from “patients-like-me”. This approach

enhances performance by actively learning from accumulated experience from evolving



populations. Interpretability is improved as Traj-Evolve mimics clinical practice, where
diagnostic judgment is further refined by retrieving similar patients. We evaluate Traj-Evolve

on UWMC lung cancer data and analyze its self-evolving dynamics.

1.3 Guide for the Reader

The remainder of this dissertation is organized as follows. Chapter 2 reviews background
literature and motivation across the four research problems. Chapter 3 presents TrajSurv-
mPC and the added value of full PSA trajectories for metastatic prostate cancer survival
prediction. Chapter 4 introduces TrajSurv-Cont and its continuous-time interpretation
framework. Chapter 5 develops the Traj-CoA multi-agent system and evaluates it for cancer
early detection across UWMC and Truveta. Chapter 6 presents Traj-Evolve and its self-
evolving dynamics on lung cancer early detection. Chapter 7 summarizes the key contributions,

discusses limitations, and outlines directions for future work.



Chapter 2

BACKGROUND AND MOTIVATIONS

In this chapter, we review background literature that motivated our contributions in
trustworthy patient trajectory modeling, including learning from PSA trajectory for progressed
metastatic prostate cancer survival prediction in Chapter 3, continuous-time patient trajectory
modeling for survival prediction in Chapter 4, a generalizable multi-agent framework for
patient trajectory modeling in Chapter 5, and a self-evolving multi-agent system for patient

trajectory modeling in Chapter 6.

2.1 Learning from PSA Trajectory for Metastatic Prostate Cancer Survival
Prediction

In patients with localized prostate cancer, up to 46.8 per 10,000 person-years will eventually
progress to metastatic prostate cancer (mPC) [143]. mPC exhibits varied disease progression
and survival |2, 65, 53]. Decision-making about optimal mPC management must account
for drivers of this variability, including cancer clinical features, the pace and pattern of
recurrence, progression after the primary treatment, and patient characteristics, such as
comorbid conditions. Individualizing treatment for mPC is therefore a considerable challenge
[2, 139]. Novel metrics, including imaging modalities like PSMA-PET /CT and genomic tests,
such as somatic DNA damage-repair assays [119, 60, 69], may be useful in this regard for a
subset of patients. Yet, their high cost and limited accessibility present significant barriers to
their widespread use [132, 24]. This raises the question of whether the wealth of routinely
collected information in patients’ clinical records might be leveraged instead of, or in addition

to, these metrics, to more accurately and accessibly personalize prognosis.

The potential for serial clinical data to guide disease management has long been under-



stood in clinical practice. Practical algorithms to utilize this data for prognostication and
treatment decision-making have been developed across a spectrum of conditions and care
settings, such as mortality prediction in intensive care [124| and heart failure prediction [37].
While algorithms and methods continue to evolve, key challenges of generalizability and
interpretability persist. Model performance, typically assessed in independent cohorts, often
degrades due to identifiable differences in patient populations and data quality [129, 149].
This challenge is compounded when models rely on hand-curated features, whose calculation
methods can vary across sites [187] and may limit cross-cohort generalization [129]. While
modern deep learning architectures can mitigate these issues by learning high-level features
directly from the longitudinal data [163], their inherent complexity often creates a "black box"
problem [149]. Without sufficient model interpretation, this lack of transparency remains a
significant barrier to clinical trust and adoption, particularly when models must interpret
complex and dynamic patient trajectories.

In prostate cancer, longitudinal measurements like serial PSA are used in existing prognos-
tic models, but typically through hand-curated summaries like PSA doubling time (PSADT)
or nadir PSA [187, 183, 197]. Whether the full PSA trajectory adds prognostic value remains
unclear. In this study, we hypothesized that the full, dynamic trajectory of serial PSA values,
when integrated with baseline characteristics and treatment history, offers a richer source of
prognostic information over summary features. Notably, our goal is not to develop a single,
fixed model that can generalize across cohorts; rather, we demonstrate the generalizable
added value derived from incorporating a patient’s entire longitudinal PSA history over
hand-curated summary features. This type of generalizability is more relevant as available
clinical data evolves and may vary across cohorts; for example, some more contemporary
cohorts may also include information from novel imaging or genomic data.

To facilitate the understanding of this added value, we present TrajSurv-mPC in Chapter
3. Specifically, we developed a flexible deep learning framework to leverage the temporal
dependencies in pre-metastasis patient trajectory, including baseline clinical features, serial

PSA values, and treatment histories to predict post-metastasis overall survival (OS). The deep



learning framework can be adapted to different sequential models including long-short term
memory (LSTM) and Transformer. We evaluated the added prognostic value through internal
and external validation, benchmarking TrajSurv-mPC on two fundamentally different cohorts
against models that utilize summary features. To verify how TrajSurv-mPC leverages the
temporal information within the trajectory, we designed complementary analyses including a

post-hoc hidden state clustering analysis, a proactive simulation study, and a case study.
2.2 Learning Continuous Latent Trajectory for Trustworthy Survival Prediction

Accurate and transparent survival prediction is crucial for trustworthy clinical decision making
[11]. Longitudinal EHRs, which capture patients’ evolving clinical status through irregularly
sampled clinical features, provide rich temporal information for survival prediction [98].
Although deep learning models have been developed to leverage this information and enhance
accuracy, two key challenges remain unresolved: accurately modeling continuous clinical
progression and transparently linking that progression to survival outcomes [205].

To accurately model the continuous clinical progression, it is important to aggregate
irregularly sampled clinical features within a continuous-time framework in a clinically aligned
way. Recurrent Deep Survival Machines (RDSM) [130] and Dynamic-DeepHit [98] leveraged
recurrent neural networks (RNNs), which aggregate clinical features at discrete times, poten-
tially discarding the underlying continuous-time patterns. Recent continuous-time models,
including neural ordinary differential equations (NODEs) [31], ODE-RNN [161], and neural
controlled differential equations (NCDEs) [86], map irregularly sampled time series into the
continuously evolved latent states in the latent space through differential equations. SurvLa-
tentODE [124] leveraged ODE-RNN to model time-varying clinical features, aggregating
them into continuous-time latent states. However, without high-quality supervision signals
to guide the latent states at earlier time points, it may learn latent states’ trajectories that
do not consistently align with the patient’s actual clinical progression, even if the ultimate
latent state is shown to be clinically relevant. These may lead to suboptimal modeling of

clinical progression and suboptimal prediction accuracy.



To transparently link the clinical progression to the outcome, it is essential to provide an
end-to-end interpretation of how changes in clinical features, i.e., feature velocities, lead to
the outcome. However, existing models mainly interpret the contribution of clinical features’
absolute values at observed time points or limit the interpretation to the last latent state
without an end-to-end framework. For example, Dynamic-DeepHit offered interpretability
through partial dependence-based feature importance, which measures feature importance
by calculating the changes in predicted risk when varying the value of a target feature
from its minimum to its maximum, temporal attention weights, and predicted risks over
time [98]. SurvLatentODE interpreted the last latent state through clustering [124]. Other
interpretation tools include SHAP [116]| and permutation feature importance 21|, which are
frequently used for interpreting machine learning models with static features. Despite these
efforts, there is still a lack of methods that provide an end-to-end explanation of how feature
velocities drive the evolution of the latent trajectory and finally lead to the outcome. This is
a critical gap, as clinicians recognize the predictive value of feature velocities in longitudinal
data besides their absolute values. For example, creatinine kinetics are used to define acute
kidney injury [190].

Among the various model families, the family of neural differential equations (NDEs)
offers unique opportunity for continuous-time modeling [31, 86]. NDEs have been widely
used in bioinformatics to model the continuous-time evolution of cell states and NDEs’ vector
field has been used to explain the cellular dynamics through RNA velocity [155, 194]. We
hypothesize that this type of model can be used to learn continuous latent trajectories from
longitudinal EHR to model patient trajectories, facilitating trustworthy survival prediction.
Specifically, we present TrajSurv-Cont in Chapter 4. TrajSurv-Cont is an NDE-based model
that learns continuous latent trajectories aligned with the patients’ actual clinical progression
for more accurate and transparent survival prediction. We evaluated the model through
internal and external validation on two large-scale real-world EHR datasets. To facilitate
end-to-end interpretation of such a continuous-time model, we designed a divide-and-conquer

approach to split the prediction process into feature-to-trajectory and trajectory-to-outcome
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processes, thereby explaning how clinical feature changes drive the evolution of the latent

trajectory and finally lead to the outcome.
2.3 Generalizable Multi-Agent Framework for Patient Trajectory Modeling

Longitudinal EHRs provide rich, temporal data for modeling patient trajectories and predicting
clinical outcomes [77|. Effective temporal reasoning is critical to unlocking this potential [40].
For instance, tracking a lung nodule’s evolution is key to diagnosing cancer [134]. Traditional
approaches required complex feature engineering and task-specific models, including recurrent
neural networks (RNNs) [172, 25, 37, 130, 98, 157|, NDEs [124, 10|, and encoder-based
transformers [107, 159, 94, 145]. Recently, EHR foundation models [160, 200, 171, 229] have
demonstrated zero-shot generalizability by pre-training on large structured datasets. However,
they are often constrained by limited code sets and short context windows (< 16k tokens),
preventing them from fully leveraging the rich information in unstructured text or modeling
very long patient histories. As a contrast, modern large language models (LLMs) promise
a more generalizable, zero-shot paradigm for clinical prediction [166, 174, 226]. Yet, the
promise of LLMs is hindered by the unique challenges of EHR data: extremely long patient
histories and inherent noisiness of the recorded clinical data [40, 91].

Patient trajectories accumulate multimodal data over years, creating records that often
exceed the context windows of LLMs [91]. Even models with large context windows are
hampered by the “lost-in-the-middle” problem, where performance degrades on long inputs as
they struggle to attend to the middle of a long input sequence [112, 40]. Recent efforts to
adapt LLMs for longitudinal EHR [40, 91] have shown that LLMs tend to fail on temporal
reasoning over long EHR. While methods like temporal instruction tuning were proposed [40],
these efforts have been largely confined to short EHR data or intensive care unit (ICU) data
(< 16k tokens). Temporal reasoning on very long EHR data over 32k or even 128k tokens
remains an unclear challenge.

EHR data are inherently heterogeneous and primarily designed to support clinical care

rather than research [87|. Consequently, they often contain noise arising from inconsistent
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formats, typographical errors, missing data, and irregular sampling. For many predictive
tasks, only a small portion of a patient’s record is informative, while abundant irrelevant
data can obscure key predictive signals. Early methods sought to address these challenges by
enforcing standardized EHR formats [157] or applying extensive feature engineering during
preprocessing [172, 25|, which are difficult to generalize across diverse healthcare systems.
Recently, LLMs offer a more flexible and broadly applicable framework for processing such
data [242]. Yet, existing applications of LLMs in the EHR domain remain limited: many
are restricted to single data modalities [241|, while others struggle to capture temporal
dependencies in long and complex patient histories [40, 91]. These gaps highlight the need

for a mechanism to isolate relevant events scattered throughout patient histories.

Several strategies exist to manage long-context inputs for LLMs. These include memory-
based methods, which utilize an external memory to store and dynamically update the context
[34, 232[; retrieval-augmented generation (RAG), which retrieves relevant information based
on the query to augment the model’s input [58|; and agent-based approaches. Agent-based
systems leverage memory, reflection, planning, and inter-agent communication to reason
over extended contexts [111]. For instance, frameworks like LongAgent and chain-of-agents
(CoA) segment the context into manageable chunks and employ multi-agent collaboration
to process them [234, 231], forming a multi-agent system (MAS). Despite their success in
the general domain, the application of these long-context modeling methods in healthcare
remains limited, primarily confined to question-answering tasks [225, 102, 9]. Consequently,
patient trajectory modeling with LLMs, typically prediction tasks, over long and noisy EHR

remains an underexplored practical challenge.

We hypothesize that LLMs, with their vast pretrained knowledge and generalizability, hold
the promise for a more generalizable and powerful paradigm for patient trajectory modeling,
thereby facilitating predictive tasks. In Chapter 5, we present Traj-CoA, a generalizable
multi-agent framework consisting of chain-of-agents and a long-term memory for patient
trajectory modeling over long and noisy EHR data. We used cancer early detection task as

the use case, and evaluated Traj-CoA on data from two organizations, UWMC and Truveta,
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with different data elements. Specifically using Truveta data, we evaluated Traj-CoA’s multi-
cancer early detection ability on 15 cancer types. Traj-CoA achieved comparable performance
as trained ML and DL models. We demonstrated Traj-CoA’s interpretability and clinical
relevance in temporal reasoning through topic modeling, case studies, statistical analyses,

and LLM-as-a-judge evaluation.
2.4 Self-Evolving Multi-Agent System for Patient Trajectory Modeling

Extracting and reasoning over clinically relevant signals from long and noisy patient trajectories
is challenging, and a substantial body of work has been developed to learn from longitudinal
EHR data [36, 37, 107, 159, 89, 141, 221|, including LLM-based approaches for generalizable
modeling from heterogeneous data [173, 210, 241, 40, 91, 220, 118, 240, 222].

Despite these advances, existing LLM-based longitudinal EHR systems share a fundamental
limitation: they are static. Every patient is processed in isolation, relying solely on the LLM’s
frozen parametric knowledge and a fixed prompt. This stands in sharp contrast to expert
clinical practice, where diagnostic judgement is continually refined by accumulated experience
with similar patients, a process that is central to how clinicians recognise atypical presentations,
such as early lung cancer in a never-smoker with an otherwise unremarkable history [51, 140].
For example, for lung cancer early detection, where cases are rare, clinically heterogeneous,
and often subtly distinguished from controls by patterns distributed across years of records,
the inability of a system to learn from past verified cases can be a material bottleneck to
performance and robustness, particularly in minority subgroups such as never-smokers.

Emerging research on self-evolving LLM agents directly addresses this gap. Rather than
treating the model as immutable, self-evolving agents continually update their behaviour
through interaction and feedback, evolving their memory, prompts, tools, or parameters as
new experience accumulates [57, 232]. Memory-based approaches save the problem-solving
trajectories as experience into an external database, which could guide future decisions through
retrieval-augmented generation (RAG) [170, 233, 203, 238, 180]. In parallel, reinforcement-
learning (RL) based approaches such as reward-ranked fine-tuning (RAFT) [45, 206] and
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multi-agent RL variants [117, 109, 227| enable collaborative agent systems to internalise
successful reasoning patterns directly into their parameters. In healthcare, self-evolving
agents have been explored in synthetic or simulated patient interactions [102, 13] and medical
question answering [30]. Designing self-evolving systems for patient trajectory modeling in
predictive tasks like lung cancer early detection poses a distinct challenge: it requires complex
temporal reasoning over years of noisy, multimodal data and the ability to draw actionable
insights from rare clinical cases. Existing techniques may not readily applicable for this
scenario and performance remains unclear. To our knowledge, no prior work has designed
self-evolving agents to enhance longitudinal EHR modeling for high-stakes, real-world clinical
predictive tasks.

We hypothesize that incorporating self-evolving designs into patient trajectory models can
improve the system’s performance as it has seen more patients. In Chapter 6, we present Traj-
Evolve, a self-evolving multi-agent framework for patient trajectory modelling that extends our
prior Traj-CoA architecture (Chapter 5) with two complementary evolutionary mechanisms,
an evolving experience pool (ExPool) and multi-agent reinforcement learning (MARL).
Collectively, these mechanisms enable Traj-Evolve to learn from its own experience as it
processes more patients, continually refining its temporal reasoning and learning from “patients-
like-me”, eventually improving performance over time. These two mechanisms transform
patient trajectory modelling from a static, isolated prediction task into a continuously
improving clinical learning system. To our knowledge, this is the first self-evolving multi-agent
framework for longitudinal EHR modeling applied to a real-world clinical prediction task.
We demonstrate that Traj-Evolve achieves state-of-the-art discrimination for one-year lung
cancer prediction in the overall population and never-smoker population in UWMC data. We
further provide detailed analyses of the self-evolving dynamics, supporting the vision of a

continuously improving clinical decision-support system.
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Chapter 3

TRAJSURV-MPC: LEARNING FROM PSA TRAJECTORIES
FOR INTERPRETABLE AND GENERALIZABLE SURVIVAL
PREDICTION IN METASTATIC PROSTATE CANCER

This chapter is adapted from a paper titled “TrajSurv-mPC: Learning from PSA Trajec-
tories for Interpretable and Generalizable Survival Prediction in Metastatic Prostate Cancer”
authored by Sihang Zeng, Lukas Owens, Lucas J. Liu, Sigrid Carlsson, Jonathan S. Fainberg,
Vincent P. Laudone, Martin W. Schoen, Isla P. Garraway, and Ruth Etzioni, under revision

at JCO Clinical Cancer Informatics.

In this chapter, we develop TrajSurv-mPC, a deep learning framework that utilizes pre-
metastasis patient trajectories to predict post-metastasis overall survival (OS) for metastatic
prostate cancer patients progressing from localized disease. To demonstrate its architectural
robustness, the framework’s sequential modeling was implemented with both LSTM [68|
and Transformer [186] backbones. The models utilized baseline characteristics alongside
longitudinal PSA and treatment data to predict OS from the time of metastasis detection. To
demonstrate the generalizable added value of pre-metastasis PSA trajectory over summary
features, we conducted separate internal validations on two largely distinct cohorts (MSK
and VA) and performed a cross-cohort external validation by training on a harmonized VA
sub-cohort and testing on the MSK cohort. We explicitly addressed model interpretation
through three complementary analyses, including post-hoc clustering, a proactive simulation
study, and a case study, to confirm the clinical plausibility of TrajSurv-mPC’s predictions.
Our findings make the case that prognostic algorithms for mPC may, in general, benefit from

incorporating longitudinal PSA information via a TrajSurv-mPC-like approach.
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3.1 DMethods

We were provided access to patient data from two cohorts: Memorial Sloan Kettering (MSK)
and Veterans Affairs (VA). The distinct clinical environments permitted rigorous evaluation of
TrajSurv-mPC’s generalizability. The Central VA Institutional Review Board and Research
and Development and the Fred Hutch Cancer Center Institutional Review Board both
approved this retrospective cohort study. The Strengthening and Reporting of Observation
Studies in Epidemiology (STROBE) reporting guideline was followed.

3.1.1 Study Population

We utilized data from two independent cohorts, MSK (n=403) and VA (n=9,984). The MSK
cohort consisted of patients treated with radical prostatectomy (RP) between 2000 and 2022
who subsequently progressed to metastatic disease. Metastasis was ascertained via manual
chart review. The VA cohort comprised veterans diagnosed with localized prostate cancer
between 2005 and 2019 who developed metastasis, identified via a validated natural language
processing algorithm [12|. To ensure sufficient data for trajectory modeling, we excluded
patients in either cohort with fewer than three PSA measurements or those developing
metastasis within one year of the primary event (RP for MSK; diagnosis for VA). Detailed

inclusion criteria and variable definitions are provided in the Appendix A.1.

3.1.2 Data Preparation and Feature Extraction

For TrajSurv-mPC, we extracted baseline clinical features (e.g., age, Gleason score, stage),
longitudinal PSA measurements, and treatment histories (radiation therapy (RT) and hormone
therapy (HT) for MSK; RP, RT, anti-androgen therapy (AAT), and androgen deprivation
therapy (ADT) for VA) prior to metastasis detection. PSA values were log-transformed and
interpolated to monthly intervals. logPSA and treatments were used to create sequential
patient trajectories. The primary outcome was OS measured from the date of metastasis

detection, and the prediction task was to predict post-metastasis OS using pre-metastasis
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information. To evaluate the added value of trajectory modeling, we compared TrajSurv-mPC
against standard machine learning models trained on baseline features supplemented with
summary features derived from the patient trajectory (e.g., PSA doubling time, time to
metastasis). Specific preprocessing steps, feature lists, and imputation methods are detailed

in the Appendix A.1.

3.1.8  TrajSurv-mPC Framework

TrajSurv-mPC is a flexible deep learning framework designed to process sequential patient
trajectories (Figure 3.1). To demonstrate its architectural robustness, the framework’s core
sequential modeling was implemented using both LSTM [68] and Transformer encoder [186|
backbones. In both architectures, a patient’s baseline clinical features are first encoded
to initialize the sequence, serving as the initial hidden and cell states for the LSTM, or
as the initial prefix token for the Transformer. The model then processes the sequence of
logPSA and treatment data at monthly intervals. We employed unidirectional LSTM and
causal attention masking in the Transformer to emulate real-world patient progression and
prevent information leakage from future time steps. To ensure the models capture relevant
temporal disease dynamics, we utilized a multi-task learning strategy [230] with two shared
auxiliary objectives: predicting the subsequent month’s PSA value and the probabilities of
treatment initiation. Finally, the sequence representation at the time of metastasis is fed into
a non-linear Cox proportional hazards component 38, 84] to predict survival. Detailed model

architecture and training procedures are provided in the Appendix A.2.1.

3.1.4 Internal Validation

To evaluate the added value of full trajectory over summary features on distinct clinical
settings, we compared TrajSurv-mPC with LSTM and Transformer backbones against four
established models: Cox proportional hazard model (CoxPH) [38], random survival forest
(RSF) [74], gradient boosting [56|, and DeepSurv [84]. Models were developed separately for

each cohort using a 70% training, 10% validation (for hyperparameter tuning via grid search
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Figure 3.1: An illustration of TrajSurv-mPC framework and its complementary interpretation

analyses. (A) TrajSurv-mPC uses a sequential model (e.g., LSTM, Transformer) and multi-
task learning strategy to learn clinically relevant survival prediction from baseline clinical
features and the patient trajectory; (B) The clustering analysis probes whether the final
hidden states represent clinically meaningful patterns and corresponding outcomes; (C) The
simulation study validates the learned temporal patterns through predictions across simulated
patient groups with different synthetic PSA trajectories; and (D) The case study analyzes the

correspondence between changes in the patient trajectory and trends in the predicted risk.

[110]), and 20% testing split. The survival prediction performance was evaluated using the
concordance index (C-index), reported as the mean and standard deviation across 10 random
splits. To isolate the specific contributions of the auxiliary tasks and baseline features, we

performed an ablation study, which is detailed in the Appendix A.3.2.
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3.1.5 Cross-Cohort External Validation

To demonstrate the generalizability of TrajSurv-mPC, we conducted a cross-cohort external
validation by training on a harmonized VA sub-cohort and validating on the full MSK cohort.
We first identified a sub-cohort of patients within the VA cohort (n=587) who had RP
within 3 months of diagnosis, matching the post-RP condition of the MSK cohort. Feature
sets were harmonized to ensure compatibility: granular VA treatment variables (ADT and
AAT) were aggregated into a unified HT variable, and AJCC overall stages were mapped
to approximate pathologic T stages (Stages 1-2 — T0-T2; Stage 3 — T3; Stage 4 — T4).
Furthermore, PSA trajectories were temporally aligned by defining the date of RP as time
zero. Models utilized a common intersection of baseline features (CCI, age, Gleason score,
derived T stage, and pre-RP PSA). We created patient trajectories using logPSA, RT, and
HT for TrajSurv-mPC, while comparison methods used summary features including time to
metastasis, the type of salvage therapy, time to salvage therapy, and PSA values at metastasis
and the highest recorded level. This harmonization strategy enabled a direct evaluation of

model generalizability across these distinct clinical settings.

3.1.6  Model Interpretation

To verify the clinical relevance of TrajSurv-mPC’s predictions, we designed a post-hoc
clustering analysis and a proactive simulation study for interpretation. We conducted the

interpretation analyses on the MSK data using the best-performing external validation model.

Clustering Analysis

The final hidden state summarizes the patient’s pre-metastasis status. To analyze the clinical
relevance of this representation, we conducted unsupervised clustering of final hidden states
through k-means clustering [66], with the optimal cluster number determined by silhouette
analysis. We generated Kaplan-Meier survival curves for each cluster to demonstrate the

prognostic stratification capacity of the learned latent representations. We also compared the
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clinical feature differences between clusters.

Simulation Study

While deep learning models can achieve high predictive performance, they operate as “black
boxes”. They are prone to learning spurious correlations or relying on simplistic shortcuts
[153, 76], such as baseline features or highest PSA value, while ignoring complex temporal
dynamics. Without a dedicated interpretation analysis, it remains unclear whether TrajSurv-
mPC has learned the underlying mechanisms of the temporal dependencies between PSA
and treatments, or if it is merely relying on these shortcuts. Therefore, we designed a
proactive mechanistic validation analysis. We hypothesized that if TrajSurv-mPC’s temporal
aggregation was functioning correctly, it should assign different risk scores to patients with
distinct treatment response patterns, such as sustained response versus non-response, aligned
with established clinical knowledge.

We generated five synthetic patient groups (n=1,000 each) emulating distinct post-RP
scenarios: (1) No Treatment; (2) No Response (salvage treatment administered but PSA
trajectory unchanged); (3) Response and Recurrence (immediate PSA drop after treatment
followed by immediate rise); (4) Short-Sustained Response; and (5) Long-Sustained Response.
Synthetic patients were created by combining bootstrapped baseline features and parameters
from the MSK cohort with mathematically defined PSA and treatment trajectories specific
to each scenario (Figure 3.4A). For each group, we obtained the final predicted risk scores
of the patients. We then compared the predicted risks across groups to assess whether the
differences are clinically relevant, thereby validating our hypothesis. Detailed generation

protocols and trajectory equations are provided in the Appendix A.2.2.

3.1.7 Case Study

To analyze how TrajSurv-mPC dynamically aggregates patient trajectories, we selected two
representative patients with different PSA trajectories from each cohort. We then computed

predicted risk scores at monthly intervals throughout their pre-metastasis period, using the
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hidden states at certain times. Finally, we compared the trends of these dynamic predictions
against the observed patient trajectories to assess the model’s ability to integrate temporal
information and update prognostic estimates in clinically relevant ways. TrajSurv-mPC with

LSTM trained on each cohort was used in this analysis.

3.1.8 Statistical Analysis

Experiments were performed using Python 3.10. We assessed TrajSurv-mPC’s performance
improvement over the best comparison model in external validation using bootstrapping with
1,000 iterations. In the clustering analysis, risk stratification was evaluated via log-rank tests,
and feature differences were compared using Wilcoxon Rank Sum (continuous), Chi-squared
(categorical) tests, and median differences (MD). Simulation group risks were compared using

Kruskal-Wallis one-way ANOVA and Wilcoxon Rank Sum test.
3.2 Results

3.2.1 Cohort Description

The MSK (n=403) and VA (n=9,984) cohorts represented clinically distinct populations
(Table 3.1). The VA cohort was older, had a higher burden of comorbidities, and experienced
higher overall mortality compared to the MSK cohort. Treatment landscapes also differed
substantially: the MSK cohort consisted exclusively of post-RP patients receiving salvage
therapies, whereas the VA cohort included a diverse mix of primary therapies, with only

15.7% of patients having undergone RP.

3.2.2 Internal Validation Performance

TrajSurv-mPC demonstrated better performance in predicting post-metastasis OS compared
to models utilizing summary features across both sequential architectures (Figure 3.2A). In
MSK cohort, TrajSurv-mPC achieved C-indices of 0.723 (LSTM) and 0.747 (Transformer),
higher than comparison models (C-indices 0.650-0.677). In VA cohort, TrajSurv-mPC yielded



Table 3.1: Patient Characteristics for the MSK and VA Cohorts

Characteristic Category MSK (n=403) VA (n=9,984)
Age (Mean, SD) 62.05 (7.42) 66.77 (8.09)
6 8 (20%) 2,645 (26.5%)
7 206 (51.1%) 4,044 (40.5%)
Gleason Grade 8 59 (14.6%) 1,421 (14.2%)
9-10 130 (32.3%) 1,661 (16.6%)
Unknown 0 (0.0%) 213 (2.1%)
TO-T2 62 (15.4%) -
T3 301 (74.7%) -
T Stage
T4 40 (9 9%) -
Unknown (0.0%) -
11 9,205 (92.2%)
111 317 (3.2%)
AJCC Overall Stage
v 8 (0.5%)
Unknown - 414 (4.1%)
0 257 (63.8%) 4,575 (45.8%)
CCl 1 67 (16.6%) 2,396 (24.0%)
2+ 9 (19.6%) 3,013 (30.2%)
RP 403 (100.0%) 1,565 (15.7%)
RT 129 (32.0%) 6,306 (63.2%)
Therapy Type* HT 292 (72.5%) -
ADT ~ 6,521 (65.3%)
AAT - 5,839 (58.5%)
RP 0.00 (0.00) 1.03 (2.01)
RT 3.00 (2.53) 1.53 (2.50)
Therapy Time in Years** (Mean, SD) HT 3.65 (3.58) -
ADT - 2.62 (3.48)
AAT - 3.27 (3.66)
Time to Metastasis in Years** (Mean, SD) - 5.84 (3.97) 6.73 (3.87)
log PSA at Diagnosis (Mean, SD) - 1.94 (0.72) 1.79 (1.14)
Post-metastasis Follow-up in Years (Mean, SD) - 5.03 (3.58) 3.12 (2.99)
Death events - 187 (46.4%) 5,960 (59.7%)

*Patients may have received multiple therapy types.

**Therapy time and time to metastasis measured from diagnosis.

21
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C-indices of 0.711 (LSTM) and 0.754 (Transformer), with comparison models’ C-indices
ranging from 0.657 to 0.673.
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Figure 3.2: Internal and external performance comparison. (A) TrajSurv-mPC achieves a
higher C-index compared to models using summary features in separate internal validations
on MSK and VA cohort across two different backbones, LSTM and Transformer; (B) TrajSurv-
mPC with both backbones achieve higher C-index than comparison methods in the cross-cohort
external validation (train on VA post-RP sub-cohort, test on MSK). Error bar shows the

standard errors of the performance estimates.

3.2.8  FExternal Validation Performance

In the cross-cohort external validation, TrajSurv-mPC demonstrated improved performance
over comparison methods utilizing summary features. TrajSurv-mPC achieved C-indices of
0.693 (LSTM, bootstrapping p=0.02) and 0.708 (Transformer, bootstrapping p=0.008), com-
pared to baseline models (0.635-0.651) (Figure 3.2B), indicating that the granular prognostic
signal captured by the full PSA trajectory is robust to cross-institutional heterogeneity and

modeling architectures, offering generalizable added value beyond static summary features.
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3.2.4  Clustering Analysis

The clustering analysis identified two distinct patient clusters (Figure 3.3A) with significantly
different prognoses (p<<0.001). As shown in Figure 3.3B, Cluster 2 (n=121) was associated
with a significantly poorer post-metastasis OS outcome compared to Cluster 1 (n=282).
Patients in the high-risk Cluster 2 had a significantly higher logPSA (p<0.001, MD=1.99,
1.07 vs 3.06), shorter PSADT (p=0.002, MD=-3.17 months, 4.37 vs 1.20 months), larger
proportion of Gleason score 9-10 (p<<0.001, 26% vs 46%) and higher utilization of hormone
therapy (p<0.001, 57% vs 78%) (Figure 3.3C).

3.2.5  Simulation Study

As shown in Figure 3.4B, the No Response group received the highest median predicted risk
score, while the Long-Sustained Response group received the lowest (p<<0.001). Notably,
despite identical PSA progression, the No Response group showed a significantly higher
risk than the No Treatment group. These validate our hypothesis that the model correctly
learned to associate different treatment response patterns with varying levels of mortality risk,
leveraging the temporal dependencies in the patient trajectory rather than purely relying
on baseline or trivial features. The fact that it confirmed our expectations increases our

confidence that TrajSurv-mPC is learning the correct mechanisms.

3.2.6 Case Study

Figure 3.5 shows that the predicted risk score evolves in response to changes in the PSA
trajectory, including increases in PSA and responses to therapy. For example, patient P1 had
no response to the therapy, reflected by a sudden increase in predicted risk thereafter. In
contrast, patient P2’s predicted risk drops after treatment initiation, reflecting the patient’s
PSA response to treatment. From the VA cohort, patient P3 demonstrates an increasing
predicted risk for a persistent PSA despite AAT and ADT, while the predicted risk drops along

with the response to RT. Patient P4 has a sudden increase in predicted risk for the limited
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Figure 3.3: Clustering Analysis on the MSK cohort using an external validation TrajSurv-
mPC (Transformer) model. (A) The t-SNE plot visualizes the distribution of final hidden
states of the two clusters; (B) The KM curve shows statistically significant differences in
post-metastasis OS in the two clusters; and (C) Comparisons of clinical summaries between
the two clusters with p-values and median differences. PSADT is capped at 40 months for

infinite values.

response to AAT and RT. This demonstrates the model’s ability to integrate longitudinal

data and dynamically update a patient’s prognostic assessment in a clinically relevant way.
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Figure 3.4: Simulation Study to proactively probe whether TrajSurv-mPC’s temporal aggre-
gation is clinically relevant using TrajSurv-mPC (Transformer). (A) The sampling process
to generate synthetic patients with 5 different treatment response patterns in the study;
and (B) The distributions of predicted risk score for OS among different groups, where No
Response group has the highest risk and Long-Sustained Response group has the lowest risk.
(ns: non-significant, *: p<0.05, **: p<0.01, ***: p<0.001, ****: p<0.0001)
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Figure 3.5: Case study displaying the logPSA trajectory with treatments recorded in the
data and their corresponding predicted risk score over time from TrajSurv-mPC (LSTM)
model. Treatments that are not recorded in the data are unknown and thereby omitted.
The predicted risk score at each time is obtained by the hidden state at that time point
passing through the FC for survival prediction, representing an estimated risk profile for
post-metastasis OS at that time point. The relative changes of the risk score reflect how

TrajSurv-mPC dynamically integrates longitudinal patient trajectory over time.

3.3 Conclusion

We developed TrajSurv-mPC, a deep learning framework that predicts post-metastasis

OS using pre-metastasis patient trajectories, demonstrating improved prognostic accuracy
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over summary-feature models in internal and external validations across distinct cohorts.
Complementary analyses revealed its ability to capture clinically relevant temporal patterns.

To assess the generalizability of the PSA trajectory signal, we evaluated TrajSurv-mPC
across two fundamentally different healthcare settings: a specialized tertiary referral center
(MSK) and a national integrated health system (VA). These cohorts exhibited substantial
heterogeneity in demographics, available clinical features, treatment paradigms (post-RP vs.
mixed), and metastasis ascertainment methods. By demonstrating improved performance in
both separate internal validations and a cross-cohort external validation, we established that
the prognostic signal embedded in pre-metastasis PSA dynamics is robust to institutional
variability and generalizable across distinct clinical populations.

Our primary objective was to evaluate the added prognostic value of the full PSA trajectory,
rather than to establish a singular state-of-the-art architecture. To ensure our findings were
not artifacts of a specific architectural choice, we evaluated the TrajSurv-mPC framework
using both LSTM and Transformer backbones. Both models improved over comparison
methods in internal and external validation, confirming that the prognostic signal is robust
and intrinsic to the longitudinal trajectory data itself, regardless of the specific modeling
backbone. TrajSurv-mPC with Transformer yielded better performance than with LSTM,
consistent with recent studies on its advantages in modeling sequential data [186, 178]. The
interpretation analyses further verified that TrajSurv-mPC could leverage the added value of
PSA trajectory by learning temporal dependencies between PSA and treatments.

Existing OS prediction models |63, 175, 184, 55, 177, 64] have focused mostly on either
de novo metastatic prostate cancer at initial diagnosis or metastatic castration-resistant
prostate cancer (mCRPC). These represent fundamentally different disease states in the
continuum of care compared to our focus: patients progressing to metastasis from localized
disease. Consequently, we were not able to identify existing published models that serve as
direct empirical comparators for this specific clinical setting. Instead, we used insights from
the broader literature to inform the summary features, such as PSADT [187] and time to

metastasis [55], that we included in our comparison models.
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Looking forward, we anticipate that integrating PSA trajectories with emerging modalities,
such as PSMA-PET/CT [69] and genomic features [23] will further refine prognosis. Our
finding that the pre-metastasis PSA trajectory adds value in predicting outcomes in two
cohorts with different patient populations and data elements offers some confidence that this
will be the case in future settings. In conclusion, TrajSurv-mPC represents a step toward
personalized prognostic modeling for metastatic prostate cancer, demonstrating the potential
for the added value using data routinely recorded in the longitudinal EHR of prostate cancer

patients.
3.4 Limitations

First, while we demonstrated relative improvements of TrajSurv-mPC over comparison
models, the study was restricted to a core set of widely accessible clinical features. The
moderate performance (C index 0.70-0.75) may likely be improved by incorporating additional
laboratory variables with known prognostic value, such as hemoglobin [63, 64|, alkaline
phosphatase [175, 64|, and novel biomarkers. As new prognostic metrics and tools become
available |69, 50, 176, 41|, we expect that PSA trajectory would provide similar added value
from its dynamic information complementary to these static metrics, but this would be
indeterminate without rigorous experiments. Second, the model’s survival predictions are
marginalized over treatments received after metastasis. Although this provides a useful
average prognosis under common practice, it limits the ability to predict outcomes for specific
treatments. Third, potential inaccuracies in ascertaining metastatic progression may impact
the results. Cancer registries primarily document metastatic disease present at diagnosis, but
the metastasis detection from subsequent progression is not standardized across healthcare
systems and can lead to variability in endpoint capture. While the VA cohort used an NLP
approach to ascertain metastasis, the algorithm had high validity (PPV 0.969, NPV 0.944)
[12]. While a ~3% misclassification rate could theoretically bias towards longer survival times
and attenuate sensitivity, this uncertainty is unlikely to materially affect TrajSurv-mPC’s

overall prognostic performance. Finally, our model predicts OS using predominantly prostate
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cancer-related features. This is an inherently challenging task, as non-cancer-related deaths
are common in an elderly population with prostate cancer recurrence. A future model focused
on prostate cancer-specific survival might yield predictions more directly attributable to the

disease course, but the cause of death was not reliably available in our datasets.
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Chapter 4

TRAJSURV-CONT: LEARNING CONTINUOUS LATENT
TRAJECTORY FOR TRUSTWORTHY SURVIVAL PREDICTION

This chapter is adapted from a paper titled “TrajSurv: Learning Continuous Latent
Trajectories from Electronic Health Records for Trustworthy Survival Prediction” authored
by Sihang Zeng, Lucas Jing Liu, Jun Wen, Meliha Yetisgen, Ruth Etzioni, and Gang Luo,
published at the Machine Learning for Healthcare Conference 2025. [221]

We introduce TrajSurv-Cont, which learns continuous latent trajectories from longitudinal
EHR for trustworthy survival prediction. To ensure the accurate modeling of continuous
clinical progression, TrajSurv-Cont uses a neural controlled differential equation (NCDE) [86]
to aggregate clinical feature changes over time into continuous latent trajectories, and designs
a time-aware contrastive learning (TACL) objective to explicitly align the latent trajectories
with actual clinical progression. TACL not only improves the prediction accuracy, but also
learns clinically aligned latent trajectories that split the model into feature-to-trajectory
and trajectory-to-outcome processes. This enables a divide-and-conquer approach for end-
to-end transparency, leveraging a learned vector field and latent trajectory clustering. The
implementation of TrajSurv-Cont is available at https://github.com/zengsihang/TrajSurv.

The contributions of TrajSurv-Cont include:

e Accurate modeling of continuous clinical progression improves trustwor-
thiness for longitudinal EHR analysis. With NCDE and TACL, TrajSurv-Cont
accurately models the continuous clinical progression, improving prediction accuracy

and enabling transparency.

e Divide-and-conquer approach improves end-to-end model transparency.


https://github.com/zengsihang/TrajSurv
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TrajSurv-Cont achieves its end-to-end transparency by splitting the model into feature-

to-trajectory and trajectory-to-outcome steps for interpretation.

I .
A [ Latent States Patient States |
| Time-aware (Severity, Trend) |
: Contrastive Learning (, .s"’ V) !
] "® — |
! 7 A I » !
! A t t ]
| Time Mask @ !
b oo _ (decreasing similarity over time) "~ _ !
e T LT T T T T T —— — A
—
- - >~ }———m Event
C A )
= A A Censored
~_ > _
= 4 _——A >
| ——— L o — R e .
_________ 1
| NCDE Vector Field ! . | @ Clinical features__ Ciinical progression |
! I - — 1 | (observed) (unobserved) |
I -~ ~@ L= Sar A ; !
- i .‘f ~ ‘ ! Latent state === Latent trajectory !
B dz dX c Latent Trajectory Clustering
_(t) = fo (Z(t)) (t) —_———— Improve
dt dt — ~ -
y . Feature - ~
Columns of Vector Field f Importance 7 \
Creatinine P { /_\/ )
Urea Nitrogen \
) Feature /
Bicarbonate N
> Relevance N — _— Deteriorate

— — ——

Figure 4.1: An illustration of TrajSurv-Cont and its two-step interpretation. (A) Model
architecture. (B) TrajSurv-Cont’s vector field interpretation. (C) TrajSurv-Cont’s latent

trajectory clustering.

4.1 Methods

4.1.1  Problem Formulation

Survival Prediction

We consider a right-censored survival dataset D = {(X*, T%,§")} X, consisting of N patients
with longitudinal EHR data X, time-to-event 7%, and event indicator §°. For each patient i,

the longitudinal EHR data X* = {(t;, :1:3) i, represents an irregularly sampled time series
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of clinical features, where x; € R? is a d-dimensional clinical feature vector at time t;, and
¢ = 0 is defined the same for all patients as a starting time point (e.g., time of admission).
X' is irregularly sampled, which means that the total number of observations n; and intervals
between observations vary across patients, with clinical features containing missing values.
The time-to-event 7" is defined by the time from the last observation #}, to the event of
interest (e.g., in-hospital death) or censoring (e.g., discharge). The event indicator §* = 1 if
the event occurs and ¢° = 0 if censored.

The task of survival prediction is to model the survival distribution given X* up to the

last observation, predicting the hazard function:

Al = tim Pt<T < tZtAtm > t, X1 (1)
or equivalently, the survival function S(¢|X?) = P(T" > t|X?).

In this study, we aggregate longitudinal EHR data X% in a shared latent space Z, where
the patient status at time ¢ is encoded as a latent state z; € Z. The latent state z] summarizes
the patient’s historical information up to ¢ without knowing the clinical features after ¢, and
the continuous latent trajectory 7* = {z{,¢ € [0,} ]} summarizes how latent states evolve in
Z. We seek to train a clinically aligned latent space Z for accurate and transparent survival
prediction, where the continuous latent trajectory 7¢ represents patients’ clinical progression.

For simplicity, we omit the superscript ¢ in the following sections, except where differentiation

between patients is required.

Clinical Alignment

To make the continuous latent trajectory clinically meaningful, we have to align the entire
latent space with the clinical meaning of patient states, where a patient state captures
the patient’s current condition and the trend in the current condition. We define clinical
alignment for latent states z; at a given time point ¢ as the property whereby close latent

states correspond to similar patient conditions and their ongoing trends, while distant latent
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states correspond to distinct conditions or trends. This definition allows us to assess the local
clinical relevance of the latent space at any specific time. However, directly comparing latent
states at different time points does not provide a reliable measure of clinical alignment across
these points. This is because the distance between z; and zy (where t # ') could arise from
genuine differences in patient states or simply from drift over time. Therefore, we consider
entire latent trajectories 7, which inherently encode both time and the evolution of patient
states. We define clinical alignment for latent trajectories as the property whereby similar
trajectories represent similar evolutions of patient conditions, while dissimilar trajectories
represent distinct evolutions. This definition focuses on the overall pattern of change over time,
rather than point-to-point comparisons of individual latent states. As the trend information
is inherently included in the evolution of patient conditions, it is not used as a separate metric
to define clinical alignment for latent trajectories.

To practically capture clinical alignment, we utilize existing clinical assessments of severity
as proxies for the patient’s condition. These assessments represent established clinical
knowledge about patient conditions. Examples of such assessments include the Sequential
Organ Failure Assessment (SOFA) score and the Acute Physiology And Chronic Health
Evaluation (APACHE) score for intensive care unit (ICU) settings, and the Model for End-
Stage Liver Disease (MELD) score for chronic liver disease. We denote the severity at time ¢
as s; and define the ongoing trend of severity as v; = (Sy1ar — Si—ar)/2AL, representing the
changing rate of severity at t. The choice of At is tailored to the specific clinical scenario,
ensuring that the severity trend captures meaningful changes in the patient’s condition over
time, rather than merely reflecting noise from small time intervals. Both severity and its
trend can be high-dimensional if the assessment involves multiple components (e.g., different

components in the SOFA score).

4.1.2  TrajSurv-Cont: Model Architecture

In this section, we introduce the architecture of TrajSurv-Cont. TrajSurv-Cont uses an

NCDE to map irregularly sampled clinical features in longitudinal EHR into continuous latent
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trajectories, where the last latent states are linked to the survival outcomes. We further
design a time-aware contrastive learning objective (TACL) to align latent trajectories with

actual clinical progression. Figure 4.1A shows an illustration of TrajSurv-Cont.

Mapping Longitudinal EHR to Continuous Latent Trajectories

TrajSurv-Cont uses NCDE as an encoder to aggregate temporal information from longitudinal
EHR data. NCDE is a latent state-based method that learns continuous-time latent states
driven by an irregularly sampled input process [86]. Similar to previous work [165], the use
of NCDE in TrajSurv-Cont is motivated by its ability to capture the underlying continuous
process from irregularly sampled clinical features, rather than discretely modeling the data
(e.g., RNNs and transformers) or modeling through latent trajectories that only depend on

initial values (e.g., NODESs).

Specifically, TrajSurv-Cont maps longitudinal EHR & = {(t;, 7;)}}_, into a continuous
latent trajectory 7 = {z,t € [0,t,]}. Following previous practices [86, 125], the longitudinal
EHR is interpolated into a continuous control signal {X;,t € [0,%,]} through the cubic
Hermite splines with backward differences scheme such that X,, = (;,¢;) € R*"!. The initial
observation X is mapped into a d,-dimensional latent space using a feed forward network

(FFN) g4 : R*! — R?%. Subsequent continuous-time latent states are the solutions to an

NCDE parameterized by a vector field fp : R% — Ré=x(d+1).

2 = 29 + / fo(zs)dXs (4.2)
0

where zgp = g4(Xo), t € [0,t,], and the integral is a Riemann-Stieltjes integral. Therefore,
the latent trajectory 7 is the solution to an NCDE controlled by the underlying process of
irregularly sampled clinical features. This transformation is realized through the vector field

fo, which maps the changes of clinical features d.X; into the evolution of latent states.



35

Linking Latent Trajectory to Survival Outcome

Because TrajSurv-Cont transforms irregularly sampled clinical features into evolved latent
states, the last latent state z;, accumulates the temporal information up to t,. Therefore, z;,
is used as an aggregated predictor for the survival outcome. Similar to DeepSurv [84], we use
a nonlinear Cox proportional hazard model leveraging an FFN for more accurate prediction.
In particular, the hazard function A(¢|X") is decomposed into a baseline hazard Ao(¢) and the

exponential of a risk score r, where 7 is derived from z;, through an FFN G, : R?% — R:
A(X) = At|ze,) = Ao(t) -7 = Ao(t) - exp (Gy(z4,)) (4.3)

We optimize TrajSurv-Cont’s survival prediction using two loss functions. The first is
the negative partial likelihood loss, commonly applied in Cox proportional hazard models
[38]. For any t > 0, the risk set R(t) is defined as the index set of patients still at risk (i.e.,
surviving equal or longer than ¢): R(t) = {i|T; > t}. The negative log partial likelihood loss

Lpr, is then formulated as:

N

1 : exp(r?)
Lpp =— I(6"=1)lo 4.4
PL Noot ; ( ) log ZkeR(Ti) exp(r®) (4.4)

where Ns—; is the number of patients who experienced the event and I(.) is the indicator
function. Minimizing Lp; corresponds to maximizing the risk score of patients who had
events, relative to those who survived longer. To further improve the concordance of predicted
risk scores between patients, similar to previous work [192], we introduce a smoothed pairwise
ranking loss Lpr to encourage patients with shorter survival times to have higher risk scores

through pairwise ranking, defined as:

1 - i k i
Lpr = N > )]1(5@ = o (r* —rh) (4.5)

=1 keR(T"
where o(z) = 1/(1+exp(—z)) is the sigmoid function, providing a smoothed and differentiable

approximation of the indicator function. The final survival loss Lsygry is the sum of the two
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loss functions.

Lsury = Lpr, + Lpr (4.6)

Clinical Alignment of Latent Trajectory

Previous studies have shown that linking the last latent state z;, to the survival outcome could
learn clinically meaningful last states, where closer states represent similar outcomes [124].
However, because there is no explicit supervision on prior latent states, TrajSurv-Cont’s latent
trajectory 7 is not guaranteed to be clinically aligned, i.e., the proximity of latent trajectories
may not correspond to similar clinical progression, though they ultimately arrive at a clinically
meaningful distribution. This may affect trustworthiness because the clinical progression
information is not accurately and transparently captured. To ensure TrajSurv-Cont’s latent
trajectories reflect clinical progression, we design a TACL objective.

While aligning two continuous-time processes, the latent trajectory and clinical progression,
is challenging, the TACL objective simplifies this alignment by only aligning anchor latent
states with high-quality labels while accounting for the time intervals between them. It is
inspired by the anchor-based methods that select representative anchor points to enhance
computational efficiency and reduce noise [209], facilitating robust alignment. Although
the alignment is performed at discrete time points for a latent trajectory, we expect it to
propagate across the timeline due to the time-aware design and the continuous-time nature
of the latent space, allowing for consistent alignment throughout the entire trajectory.

We use latent states at observation time points as anchor latent states. For simplicity, we
denote the set of anchor latent states as Z = {2} = Ufil{z,ﬁj 0. To avoid confusion, in
the remainder of this section, |Z| will refer to the number of anchor latent states in a single
batch, and the subscripts will refer to distinct anchor latent states and their properties.

Specifically, we align anchor latent states z; across all patients in a batch with their
corresponding severity s; and severity trend v; through contrastive learning [85]. The
contrastive learning guides anchor latent states with similar labels, which are severity and

trend in our scenario, to be closer in the latent space. Because both severity and its trend
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are continuous variables, we employ a contrastive learning for regression framework called
Rank-N-Contrast [223]. This framework learns the latent distance based on the rank of label

distance. If we directly adopt Rank-N-Contrast, we have the negative log-likelihood loss:

1zl 12|

Lrne = ’Z|2 ZZI exp Slm(zl,zj)//ﬁ) (4.7)

i=1 j=1 szS exp(sim(z;, 2x) /K1)

where S;; = {zk|k # 4, |si — sk| + 0|vi — vg| > |s; — sj] + 8|lv; — v;]} is the set of latent
states with larger label distance with z; than the label distance between z; and z;, 0 is a
hyperparameter that balances the severity and its trend, x; is a hyperparameter that controls
the sensitivity of contrast, and sim(-, ) is the similarity between two latent states.

However, this direct adoption does not account for the time intervals between latent states,
which may inadequately capture the time-dependent nature of clinical progression. Therefore,
we introduce a time mask ®(;,¢;; ko) = exp(—'t%;j') applied to the log-likelihood term in
Lrne, forming our TACL objective. The time mask penalizes the contrasts between latent
states separated by larger time intervals. This allows latent states with a large time interval
to separate even if they share similar patient states. The hyperparameter o controls the
strength of this penalty and can be adjusted for different clinical scenarios to reflect the time
sensitivity of clinical progression. Formally, the TACL objective L1 ¢y is defined as:

1Z] 12

Lracr = Z Z O(t;,t5; ko) log exp(sim(zi, 2)) k1) (4.8)

i=1 j=1 sze’si,j eXp(Sim<Ziyzk)/f€1>

Overall, TrajSurv-Cont’s loss function is:

L = Lsyry + aLracr (4.9)

where a adjusts the relative strength of clinical alignment to survival prediction.

4.1.3  TrajSurv-Cont: Model Interpretation

While the relationship between changes in clinical features and survival outcomes is complex,

TrajSurv-Cont’s latent trajectory divides and conquers this process into two steps: mapping
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longitudinal EHR into continuous latent trajectories and linking latent trajectories to survival
outcomes. The transparency can then be achieved by analyzing NCDE’s vector field to
understand how changes in clinical features lead to the evolution of latent trajectories, and
by clustering latent trajectories to identify key clinical progression patterns linked to different

survival outcomes. An illustration of model interpretation is shown in Figure 4.1B and C.

Step 1: Vector Field Interpretation

The vector field fy maps the changes of clinical features into continuous latent trajectories.
To further understand this transformation, we first transform the integral form of the NCDE

4.2 to the derivative form:

dz dX
S0 = fo ) S0 (1.10)

For a specific time point ¢, the vector of latent velocity 3—?(15) is computed as the product
of the matrix fy(z(t)) and the vector of clinical feature velocity %X (t). Expanding the matrix
fo into column vectors, the latent velocity can be represented as the linear combination of the
columns of fy weighed by the clinical feature velocity. Therefore, each column of fy represents
the influence of a unit change in a specific clinical feature on the magnitude and direction of

the latent state’s moving velocity. We analyze the columns of fy as follows:

e Feature Importance: The magnitude of each column indicates the importance of the
corresponding clinical feature in driving latent state evolution. Features with larger

column magnitudes have a greater impact on the evolution of the latent state.

e Feature Relevance: The cosine similarity between two columns captures the relevance
of the corresponding features in driving latent states evolution. If the cosine similarity
is high, it suggests that similar changes in these features tend to move the latent state
in similar directions. Conversely, if the cosine similarity is low, it indicates that similar

changes in these features tend to move the latent state in opposing directions.

This approach provides an elegant and interpretable framework for understanding how

changes in clinical features drive latent state evolution and produce the latent trajectory,
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through the feature importance and relevance. Practically, instead of analyzing the vector
field at specific times for specific patients, we estimate the average vector field fy by sampling
latent states z(t) across patients and time points and averaging their vector field fy(z(¢)). This
average field provides an overall perspective on feature importance and relevance. We note
that these average patterns may not generalize to individual cases and should be interpreted

cautiously.

Step 2: Latent Trajectory Clustering

Trained with the TACL objective, TrajSurv-Cont’s continuous latent trajectory is expected
to be clinically aligned. This means that similar latent trajectories, reflecting the evolution
of underlying patient states, can correlate with similar clinical progression and survival
outcomes. To investigate this, we employ dynamic time warping (DTW) [127], a time series
clustering method that finds optimal alignments between sequences of different lengths and
outputs distances. Using DTW, we cluster latent trajectories (7,7 = 1,..., N) into C' distinct
groups. We visualize the cluster centroids—derived using the DTW barycenter averaging
algorithm—in the latent space. We compute the average severity trajectory over time for each
cluster, aiming to reveal key clinical progression patterns. We further assess the association
between the clusters and survival outcomes using Kaplan-Meier (KM) curves, hypothesizing

that latent trajectory patterns may serve as prognostic indicators.

4.2 Experiments

In this section, we briefly introduce the experiment settings and refer readers to the Appendix
for more details.

4.2.1 Dataset and Setup

We evaluated TrajSurv-Cont’s survival prediction performance on two real-world EHR datasets

in the ICU setting, MIMIC-III 78] and eICU [146]. Similar to prior work [124], the prediction
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task is to estimate time to in-hospital mortality based on longitudinal EHR data in the first
36 hours of admission. This prediction task is crucial for timely care and optimal resource
allocation in ICU [124].

In ICU, the SOFA score assesses the performance of six organ systems (respiration,
coagulation, liver, cardiovascular, neurologic, and renal), with each component ranging from
0 to 4 and higher scores indicating more severe organ dysfunction. The overall SOFA score
is the sum of these 6 components and higher scores indicate a higher risk of ICU mortality
[168]. In the experiments, we used the SOFA score and its six components as s;, representing
patient conditions over time. SOFA scores s; were processed hourly from forward-imputed
data, and SOFA trends v; were computed by the SOFA’s average changing rate over 4-hour

intervals (At = 2) to smooth fluctuations and capture meaningful trends.

4.2.2  MIMIC-IIT and eICU Cohort

The MIMIC-III cohort included 20,258 hospital admissions and 53 clinical features in 1-hour
resolution. The eICU cohort included 116,503 hospital admissions and 53 clinical features
in 1-hour resolution. Both cohorts featured irregularly sampled time series data. To ensure
computational efficiency, the time series data was pre-processed to only include hourly time
points with more than 20 observed features (See Appendix B.1.5 and B.2.1). For both cohorts,
to was defined as the time of hospital admission, and the time-to-event T was the time from
the last record (¢,,x,);t, < 36 to in-hospital mortality. Patients who survived were right
censored at discharge. Clinical features were standardized. Each dataset was randomly split

into training (70%), validation (10%), and test sets (20%).

4.2.83  Comparison Methods

We compared the survival prediction performance of TrajSurv-Cont with three machine
learning models, one clinical model, and four deep learning models. The machine learning
models included the Cox proportional hazards model with elastic net penalty (CoxPH) [38],

gradient-boosted Cox proportional hazards model (Boosting) [38, 56], and random survival
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forest (RSF) [74]. For the clinical model, we computed the longitudinal overall SOFA scores
every 4 hour to create an aggregated 9-dimensional SOFA feature, and applied the Cox
proportional hazards model (SOFA) for survival prediction. In the deep learning category,

we evaluated models designed for survival prediction using longitudinal EHR data, including

RDSM [130], SurvLatent ODE (SLODE) [124], and Dynamic-DeepHit (DDH) [98].

4.2.4  FEvaluation Metrics

We evaluated survival prediction performance using three commonly used time-dependent
metrics: the concordance index (C-index), the time-dependent Brier score, and the dynamic
area under the curve (AUC). The C-index and dynamic AUC measure the model’s dis-
crimination ability to distinguish patient risks. The Brier score assesses both the model’s
discrimination ability and its calibration. Specifically, we implemented the metrics using
the concordance index ipcw, brier score, and cumulative dynamic_auc functions from
scikit-survival module [147]. We computed the average across quartiles of follow-up times
in the dataset for these metrics. We reported the average performance across 5 runs with
different random seeds. Hyperparameters were tuned on the validation set.

For TrajSurv-Cont, we further evaluated the clinical alignment between latent states and
patient states by computing Spearman’s correlation between latent distance and SOFA or

SOFA trend distance at each time point.

4.3 Results

4.8.1 Survival Prediction Performance

Table 4.1 presents the survival prediction performance across comparison models and TrajSurv-
Cont. Compared to existing models, TrajSurv-Cont achieved a higher C-index and dynamic
AUC and comparable Brier score, indicating improved discrimination and competitive cali-

bration performance. (For more details, see Appendix B.1)
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Table 4.1: Survival Prediction Performance Comparison, mean 4 std. Bold values indicate

the best performance among all models or deep learning models for a given metric.

MIMIC-IIT eICU

Model C-index Brier AUC C-index Brier AUC

CoxPH 0.706 £ 0.012 0.058 £ 0.002 0.698 £+ 0.012 0.751 £+ 0.007 0.044 £+ 0.001 0.733 £ 0.007
ML Boosting 0.766 £+ 0.014 0.054 £+ 0.002 0.754 £+ 0.014 0.781 £+ 0.005 0.043 £ 0.001 0.761 £ 0.005

RSF 0.784 £ 0.013 0.053 + 0.002 0.774 4+ 0.014 0.804 + 0.004 0.042 4+ 0.001 0.783 + 0.004
Clinical SOFA 0.754 £+ 0.012 0.053 £ 0.003 0.729 £+ 0.013 0.755 £+ 0.006 0.044 £+ 0.001 0.726 £+ 0.006

RDSM 0.772 £ 0.012 0.061 £ 0.002 0.757 £ 0.012 0.796 £+ 0.004 0.048 £+ 0.001 0.779 £ 0.004

SLODE 0.762 £ 0.018 0.064 £+ 0.004 0.745 £+ 0.020 0.780 £ 0.007 0.045 £ 0.000 0.756 £ 0.007

DDH 0.768 £+ 0.014 0.072 £ 0.005 0.748 £+ 0.014 0.818 £+ 0.005 0.051 £ 0.002 0.796 £ 0.005
DL TrajSurv-Cont 0.803 + 0.011 0.056 + 0.002 0.790 + 0.013 0.823 + 0.006 0.044 + 0.001 0.803 + 0.006

Ablation Study To examine how our additional objectives improve the performance over
vanilla NCDE, we conducted ablation studies on MIMIC-IIIT by removing the time mask in
Lracr (Al), removing the entire L7 (A2), and removing both Lracr and Lpr (A3). As
shown in Figure 4.2A and B, comparing A2 and A3, we found that adding £pg improves the
performance over vanilla NCDE. Comparing A1 and A2, we found that contrastive learning
slightly improves the discrimination ability, potentially due to additional supervision for the
latent states. TrajSurv-Cont outperforms both A1l and A2, implying the validity of our model

design involving the time-dependent nature of clinical progression.

Cross-Cohort Generalization To assess out-of-distribution generalization, we performed
a cross-cohort evaluation by training TrajSurv-Cont on the full MIMIC-III training set and
testing it on a random sample of 4,000 patients from the elCU dataset. The model achieved
a C-index of 0.760 and a Brier score of 0.038, demonstrating robust performance on unseen

data from different hospital systems.
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Figure 4.2: Ablation study showing improved (A) C-index and (B) Brier score. Spearman’s
correlation between latent distance and label distance, (C) SOFA distances, and (D) SOFA
trend distances, with or without the TACL objective.

4.83.2  Clinical Alignment Performance

Figure 4.2C and D shows how the correlations change over time with and without TACL on
MIMIC-III data. Without TACL, the model has relatively high correlations with SOFA and
SOFA trend at the end of the 36-hour period, while they drop significantly in the middle.
This suggests that despite the clinical alignment of the last latent state, the evolution of
latent states does not align with the clinical progression. Trained with the TACL objective,
TrajSurv-Cont retains the correlations at the end, and has significantly higher correlations
with SOFA and slightly higher correlations with SOFA trend in the middle of the 36 hours.
This suggests that latent states across the time horizon are more clinically aligned with

patient states. Therefore, the evolution of latent states better reflects the clinical progression.
4.3.8 Interpretation

In this section, we validate TrajSurv-Cont’s two-step interpretation process with known
clinical knowledge on the test set of MIMIC-III data at the population level.

Feature Importance and Relevance from TrajSurv-Cont’s Vector Field

From the columns of fy (Figure 4.3A), we obtained feature importance and feature relevance

following the procedure in section 4.1.3. As shown in Figure 4.3B, the top 15 influential
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features are ranked by the magnitude of the columns in the average vector field. Among the
most important are blood urea nitrogen, total bilirubin, white blood cell count, creatinine,
and hematocrit. These findings are consistent with previous ICU studies identifying these as
significant indicators of patient states [35, 75|. For instance, blood urea nitrogen, creatinine,
hematocrit, lactate, and PH were identified among the top 6 significant clinical features
in a previous study [35]. The feature importance derived from the vector field provides a
dynamical perspective, suggesting that changes in these features drive latent state shifts more

rapidly than others.

Additionally, we plotted a heatmap of cosine similarities between columns of the vector
field to reveal specific relationships among features (Figure 4.3C), providing an understanding
of feature relevance in driving latent state transitions. For instance, creatinine and urea
nitrogen display high positive cosine similarity, suggesting that their similar change patterns
result in latent state shifts in nearly identical directions. This alignment is clinically consistent,
as both are indicators of kidney function, where elevated levels may indicate renal impairment
[71]. In contrast, urea nitrogen and bicarbonate show a high negative cosine similarity,
meaning their parallel increases or decreases drive latent states in opposing directions. This
finding aligns with evidence that urea nitrogen and bicarbonate are often inversely related in
certain conditions [137, 17]. For example, bicarbonate supplementation is associated with

reduced blood urea nitrogen levels in chronic renal failure patients [137].

These relationships derived from TrajSurv-Cont’s vector field confirm known clinical
associations while illustrating how TrajSurv-Cont captures the dynamical interdependencies
between features that influence latent state evolution. We found these interpretations to be
robust across different random data splits. For instance, blood urea nitrogen, total bilirubin,
and white blood cell count were consistently ranked as top-5 important features, and the
cosine similarity between creatinine and urea nitrogen remained stable at 0.60 £ 0.06 across
three different random seeds. Note that the feature importance and relevance were data-driven

and should be interpreted with caution.
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Figure 4.3: Feature importance and relevance derived from TrajSurv-Cont’s vector field.
(A) Columns of the average vector field; (B) Features with top 15 importance; (C) Cosine

similarities between selected features.

Latent Trajectory Clustering

Clustering latent trajectories using DTW, we obtained four clusters. Figure 4.4A shows the
centroids of four clusters in the latent space, dividing the space into subdomains. Examining
the average SOFA score trajectories (Figure 4.4B) of these clusters reveals four distinct
disease progression patterns. ISQI cluster starts with high SOFA scores that decrease rapidly
(initially severe, quickly improving - ISQI). ISK cluster maintains a consistently high SOFA
score with a slight increase early on, indicating an initially severe condition that gradually
worsens (initially severe, keep - ISK). IMK cluster and IMSI cluster exhibit lower SOFA scores,
with scores remaining stable over time for the former (initially mild, keep - IMK) and slowly
improving for the latter (initially mild, slowly improving - IMSI). These clusters suggest that
TrajSurv-Cont’s continuous latent trajectories represent different clinical progression patterns
in the ICU.

The KM survival curve for each cluster reveals distinct survival patterns aligned with

the clinical progression identified in the latent trajectories, hence stratifying risks. The
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Figure 4.4: Clustering of latent trajectories with (A) the centroids of clusters; (B) the average

SOFA trajectories of clusters; and (C) survival curves of clusters.

ISQI subgroup, characterized by severe initial conditions that rapidly improve, shows the
highest survival probability over time, suggesting that patients with early improvement
after critical onset are less likely to experience adverse outcomes. In contrast, the ISK
subgroup, with consistently high severity and a gradually worsening trend, displays the
lowest survival probability, indicating a sustained high risk. The IMSI and IMK subgroups,
representing milder initial conditions with slow improvement or stability, show intermediate
survival outcomes. The statistically significant separation among the KM curves highlights
the strength of TrajSurv-Cont’s continuous latent trajectories in capturing meaningful clinical

progression patterns, effectively stratifying risk based on the evolved patient conditions.

4.3.4  Case Study

A case study of two patients in MIMIC-IIT demonstrates TrajSurv-Cont’s patient-level
interpretation of how latent trajectories lead to predictions consistent with actual clinical

progression.

For patient P1, TrajSurv-Cont predicts a favorable survival outcome after the last obser-
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Figure 4.5: Case studies of two patients (P1 and P2). (A) Predicted survival probability
after the last observation; (B) Continuous latent trajectories until the last observation; (C)
Average phenotypic properties of S1 and S2 of the latent space; (D) Evidence from EHR
for P1, including the ground truth SOFA trajectory and the discharge note; (E) Average
phenotypic properties of S3, S4, and S5; (F) Evidence from EHR for P2, including the ground
truth SOFA trajectory and the Diagnosis codes.

vation (Figure 4.5A). This prediction is supported by several aspects of P1’s latent trajectory.
First, as shown in Figure 4.5B, P1’s latent trajectory falls within the ISQI subgroup, indicating
a generally positive prognosis. Additionally, P1’s latent trajectory sequentially goes through

regions S1 and S2 on the latent space, where the phenotypic properties of latent space (see
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Appendix for the calculation) show severe but improving neurologic symptoms at S1 and
mild symptoms at S2 (Figure 4.5C). This is consistent with P1’s actual SOFA trajectory and
discharge note, confirming neurologic improvement post-coronary artery bypass surgery on
the first admission day (Figure 4.5D).

For patient P2, TrajSurv-Cont predicts a poor survival outcome following the last obser-
vation (Figure 4.5A). This result is supported by P2’s latent trajectory (Figure 4.5B). P2’s
trajectory shows a sudden shift from the IMSI subdomain to ISK subdomain, suggesting
an abrupt deterioration mid-visit. P2’s trajectory passes through S3, S4, and S5 regions,
which indicate initial presentation with mild symptoms (S3) that progress to multiple organ
dysfunction (S4 and S5). In the absence of discharge notes, we compared this interpretation
to P2’s actual SOFA trajectory, diagnosis codes, and actual survival time, showing consistency
with a sepsis diagnosis and rapid decline leading to death within 300 hours.

This case study suggests TrajSurv-Cont’s potential to provide clinicians with interpretable

insights consistent with patient outcomes and clinical progression.
4.4 Discussion

In this study, we propose TrajSurv-Cont, a method for survival prediction that learns
continuous latent trajectories from longitudinal EHR. TrajSurv-Cont leverages NCDE to
capture the continuous process of evolving clinical features, mapping this evolution to
continuous latent trajectories. We further incorporate a TACL objective to ensure the clinical
alignment of these trajectories, improving both accuracy and transparency. Paired with
a two-step divide-and-conquer interpretation process, TrajSurv-Cont enables trustworthy
survival prediction, achieving competitive prediction performance and superior transparency.

With increasing emphasis on the need for reliable and transparent Al systems in healthcare,
TrajSurv-Cont provides a viable direction for the transparent modeling of longitudinal EHR
by learning clinically aligned continuous latent trajectories and interpreting the model through
a divide-and-conquer approach. The divide-and-conquer interpretation process provides a

dynamical perspective on how the temporal changes of clinical features link to the outcome,
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enriching existing interpretation methods and fostering trust in the model’s outputs. By
providing a clear and visual representation of clinical progression, TrajSurv-Cont contributes
to the development of trustworthy AI tools for clinical use.

A key innovation in TrajSurv-Cont lies in its TACL objective. This objective works as
a soft regularization to the latent space by explicitly aligning the latent trajectory with
actual clinical progression while respecting its time-dependent nature. By contrasting latent
representations of patient states at different time points, TACL encourages the model to learn
trajectories that are not only predictive of survival but also clinically meaningful. This enables
clinically meaningful vector field analysis and cluster patterns in our two-step interpretation
process. Through our ablation, we found that TACL improved both performance and clinical
alignment.

The patient’s clinical progression is a complex and dynamic process, and TrajSurv-Cont’s
TACL offers insights into how latent trajectories align with this process. Our analysis reveals
that TACL learns latent states that correspond more closely to severity levels than to severity
trends (Figure 4.2C and D). This finding is consistent with prior research showing that mean
and peak SOFA scores are stronger ICU prognosticators than changes in SOFA (A-SOFA)
[52], suggesting that TACL may prioritize the most salient dimensions of multidimensional
patient states. Future research may further refine this alignment by incorporating more
comprehensive patient state definitions or advancing alignment techniques. As one of the early
efforts, TrajSurv-Cont establishes a framework for transparent longitudinal EHR modeling
by quantifying patient states, aligning latent trajectories with clinical progression, and
interpreting with a divide-and-conquer approach.

Our work builds upon and extends previous research utilizing NCDEs. While studies
like TE-CDE [165] and CoxSig [20] have employed NCDEs for tasks like continuous-time
counterfactual prediction and dynamical survival prediction, they have largely underexplored
the rich information contained within the latent trajectory and vector field. TrajSurv-
Cont specifically leverages NCDE’s capacity to represent the continuous nature of clinical

progression transparently and quantitatively, linking clinical feature evolution to the latent
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trajectory. Crucially, the feature importance and relevance derived from the NCDE vector
field provide a novel and elegant way to interpret how changes in different clinical features
jointly influence changes in the latent space. For example, similar changes in creatinine and
urea nitrogen lead to the similar transition of latent states.

Finally, TrajSurv-Cont holds considerable potential for clinical translation. Its accurate
survival prediction and risk stratification can facilitate clinical resource allocation and decision-
making. Critically, as shown in the case study, the interpretable outputs provided by TrajSurv-
Cont can empower clinicians by providing insights into the prediction process, fostering trust
and acceptance in clinical settings. While comprehensive clinical validation across diverse
cohorts remains necessary, we believe TrajSurv-Cont represents a significant step toward
trustworthy Al tools in clinical practice and can inspire the development of future explainable

AT models for longitudinal EHR data.
4.5 Limitations

Our model design relies on an existing clinical assessment like SOFA as the supervision signal.
While these assessments offer a practical way to quantify patient states, they do not fully
represent patient states and reduce the model flexibility in various clinical contexts, as not
all clinical contexts provide such assessments. Future research may explore purely data-
driven methods to ensure clinical alignment or define patient states more comprehensively
using more adaptable labels, such as knowledge graphs or key clinical variables, rather than
pre-existing assessments. Furthermore, future research is needed to understand the clinical
alignment between latent trajectories and clinical progression from a more holistic view.
Finally, population-level properties may not fit individual cases, and we leave individual-level

vector field analysis for future studies.
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Chapter 5

TRAJ-COA: A GENERALIZABLE MULTI-AGENT
FRAMEWORK FOR PATIENT TRAJECTORY MODELING FOR
CANCER EARLY DETECTION

This chapter is adapted from two papers published at NeurIPS 2025 GenAl4Health
Workshop and under review at npj Digital Medicine, titled “Traj-CoA: Patient Trajectory
Modeling via Chain-of-Agents for Lung Cancer Risk Prediction ” authored by Sihang Zeng,
Yujuan Fu, Sitong Zhou, Zixuan Yu, Lucas Jing liu, Jun Wen, Matthew Thompson, Ruth
Etzioni, and Meliha Yetisgen, and titled “TrajOnco: a multi-agent framework for temporal
reasoning over longitudinal EHR for multi-cancer early detection” authored by Sihang Zeng,
Young Won Kim, Wilson Lau, Ehsan Alipour, Ruth Etzioni, Meliha Yetisgen, and Anand
Oka, respectively [220, 222|. Results in this chapter were also submitted as abstracts and
published at ISPOR 2026 and ASCO 2026 as a poster and oral presentation, respectively.

In this chapter, we introduce Traj-CoA, a generalizable multi-agent framework for patient
trajectory modeling. Traj-CoA employs a chain-of-agents architecture [231] with an external
long-term memory system to perform complex temporal reasoning on long patient histories.
Our framework accepts a unified XML input that minimizes feature engineering and decom-
poses the longitudinal EHR into manageable time-aware chunks for more effective reasoning
and summarization. These chunks are processed through a multi-agent workflow comprising
a chain of specialized worker agents and a manager agent, which interact with a long-term
memory module (LTM). We evaluate Traj-CoA on two separate clinical tasks on cancer early
detection, predicting lung cancer diagnosis within 1 year and multi-cancer early detection
at 1 year, using data from University of Washington Medical Center (UWMC) and Truveta,

respectively. The main contributions of this work are:
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e We propose Traj-CoA, a generalizable multi-agent framework for temporal reasoning

over long and noisy EHRs.

e To handle data noisiness, worker agents process unified XML inputs in sequential

time-aware chunks, extracting salient signals for the task while removing localized noise.

e To manage long contexts, Traj-CoA leverages multi-agent communication and LTM for

effective temporal reasoning with global context.

e We demonstrate Traj-CoA’s strong zero-shot performance and interpretability on two

clinical tasks with data from two organizations.

5.1 Method

In this section, we introduce Traj-CoA, a generalizable framework for patient trajectory
modeling with longitudinal EHR. We outline the problem formulation and Traj-CoA’s core
components: a unified data preprocessing pipeline that represents heterogeneous EHR in an
XML format with time-aware chunking, a chain-of-agents (CoA) workflow that sequentially
processes the long and noisy EHR, and a long-term EHR memory system that memorizes
detailed clinical events. The framework is described in a general context before being applied
to specific use cases of cancer early detection. An illustration of Traj-CoA is shown in

Figure 5.1a.

5.1.1 Problem Formulation

We consider a patient trajectory as a longitudinal, multimodal sequence of n observations
from the EHR, denoted as X = {x;, m;, t;}?_,. Each tuple consists of a timestamp ¢;, a data
modality m; (e.g., diagnosis, lab result, clinical note), and the corresponding event data x;
within the modality. A prediction task 7T is defined as a mapping f : X — y, where y is the

label of a task-specific outcome that occurs after the final observation time ¢,,. We seek a
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Figure 5.1: a. Traj-CoA architecture consisting of a chain of worker agents, a manager agent,

and LTM. b. Study design on UWMC lung cancer data. c. Study design on Truveta data.

generalized framework that learns task 7 with minimum task-specific data preprocessing and

model training.

The task is challenging due to the inherent properties of EHR data. The observation
window (t; to t,) may span over years. The data itself is heterogeneous, potentially from
different EHR vendors and with inconsistent coding systems (e.g., ICD-9 vs. ICD-10) across
patients; irregularly sampled, with non-uniform time gaps between observations; and noisy,
containing missing data and irrelevant events to 7. An effective solution must therefore
identify task-related events from this long, noisy data and model their temporal patterns in a
generalizable manner. For instance, while lung nodule growth indicates cancer risk [134], this
temporal pattern is often scattered in EHRs, requiring algorithms to extract and interpret

these critical dynamics.
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In this study, we consider two clinical tasks on cancer early detection to evaluate the
general Traj-CoA framework: (1) Lung cancer early detection using UWMC data.
Given the full patient trajectory X spanning up to 5 years before a reference date t,, the
task is to predict whether the patient will be diagnosed with lung cancer within the following
year. (2) Multi-cancer early detection using Truveta data. Given the full structured
patient trajectory X before 1 year prior to the diagnosis or index date, the task is to predict
whether the patient will be diagnosed with one of the 15 cancer types at 1 year. For both

tasks, we have y = 1 for cases and y = 0 for controls.

5.1.2  Data Preprocessing

To handle the noisy, long, and heterogeneous EHR data X', we design a simple yet effective
preprocessing pipeline to create a unified input representation X. Instead of relying on the
complex task-specific feature engineering and cleaning common in prior work [25, 193, 195],
our approach preserves the heterogeneity in the data while transforming it into an LLM-
friendly format for reasoning. This consists of two steps: data unification into XML format

and time-aware chunking.

Data Unification We convert a patient’s entire multimodal history X" into a single, unified
XML format X. This strategy is motivated by the proven ability of LLMs to effectively
comprehend structured, tag-based data [15] and inspired by similar practice on EHR data [40].
As illustrated in Figure 5.1a, we organize the longitudinal data chronologically within a
nested XML structure. The root contains patient demographics, followed by a sequence of
timestamped records, each encapsulating all data modalities and events observed at that
time. This approach yields a clean, well-structured representation of the patient’s timeline

for Traj-CoA, preserving the data heterogeneity in text format.

Time-Aware Chunking Long XML inputs pose computational and reasoning challenges for

LLMs. For example, in the UWMC lung cancer dataset, the 75th percentile token count reaches
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120k (Table 5.1). Despite large context windows (>128k tokens) in recent LLMs, performance
degrades significantly with longer contexts due to the “lost-in-the-middle" phenomenon, where
models fail to process information from the middle sections effectively [112].

To address this limitation, we follow the CoA approach [231] which splits the context into
chunks and uses multi-agent communication to ensure sequential information aggregation
and seamless reasoning (see Section 5.1.3). Instead of hard chunking based on a fixed chunk
size, we design a time-aware chunking strategy that avoids missing timestamp information
caused by chunking. Specifically, we partition the XML EHR input into chunks of maximum
k tokens while preserving temporal ordering and timestamp completeness. Since our data
structure is organized by timestamps, we split XML input into segments by timestamp, which
are aggregated into chunks under the token limit £. When a single timestamp’s records
exceed k tokens, we split them further while maintaining the original timestamp for each
resulting chunk. This dynamic process converts the full XML input X into a temporally
coherent series of C' chunks {cy, ¢o..., cc}, guaranteeing that all information within any given

chunk is closely related in time. Note that the number of chunks C' may vary by patient.

5.1.8  Chain-of-Agent

We adapt the CoA algorithm [231] to reason over the chunked longitudinal EHR data. The
vanilla CoA consists of two stages involving a chain of worker agents to conduct temporal
reasoning chunk-by-chunk and a manager agent for the final prediction. Instead of relying on
task-specific feature engineering or model training, CoA operates via task-specific instructions
provided to its LLM agents, an approach that offers greater flexibility and efficiency for
complex reasoning tasks. [231, 162]

In stage one, a series of worker agents W; sequentially process each chunk ¢;. Each
worker agent takes the current chunk c¢;, a task-specific instruction Iy, and the summary
message 5;_1 from the preceding agent as input. Its function is to extract salient task-related
information from c¢;, analyze temporal patterns in relation to the aggregated summary, and

produce an updated summary message .S;. This sequential process allows for the progressive
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task-related information aggregation across the entire longitudinal EHR. The operation of

each worker agent is defined as:
Si = W, (Iw, Si—1, ¢:) (5.1)

In stage two, a manager agent M receives the final summary message Sc from the last
worker agent W along with a task-specific instruction I;. The manager agent’s role is to
synthesize the comprehensive information contained in S¢ to produce the final output O.

This is formulated as:
O =M (I, Sc) (5-2)

The CoA framework transforms a long-context reasoning problem into a structured agent
communication chain, with each agent assigned a shorter context, thereby improving the
reasoning quality and mitigating the LLM’s “lost-in-the-middle” phenomenon common in

long-context reasoning. [231]

5.1.4 Long-Term Memory

In our experiments, we found that a direct application of the vanilla CoA framework to
longitudinal EHR data can lead to the progressive abstraction and loss of critical task-related
information over long sequences. In other words, early clinical events may be vital for accurate
prediction but may be “forgotten” by the final summary message Sc. To mitigate this, we
introduce a structured long-term memory (LTM) module storing task-related events and
timestamps, denoted by M.

LTM is populated during stage one, where each worker agent extracts new clinical events
or risk factors that are potentially task-related, and stores their contents and timestamps
as entries F; in M. To prevent overwhelmingly redundant entries caused by EHR “copy-
forwarding”, [200] we employ a deduplication mechanism: each agent’s prompt is augmented
with the last k£ events from M and is instructed to only store new, unrecorded information.

In stage two, the manager agent’s decision-making is augmented by the global context in M,
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conditioning its output on both the final summary message S and the entire memory M.

The Traj-CoA’s operation is thus redefined as:

Sz,Ez :Wl (IW,Si,l,ci,M[—k: ]) (53)
O = M(Iy, Sc, M) (5.5)

where M|[—Fk :| denotes the last k events in M, and @& means concatenation. The LTM module
serves two primary functions: (1) it constructs a distilled clinical timeline, effectively reducing
the noise inherent in raw EHR, and (2) it provides the manager agent with a structured
global context complementary to the unstructured worker agents’ summary, enabling more
robust reasoning across the entire patient history.

Crucially, the extraction heuristic for populating LTM is intentionally inclusive. Worker
agents identify a slightly broader set of events potentially relevant to 7, rather than strictly
filtering for those with an immediate, obvious connection to the task. This design choice
acknowledges that local worker agents lack the global context to definitively assess an event’s
long-term significance. By preserving a richer, slightly redundant set of events in M, we
delegate the final synthesis and attribution of importance to the manager agent, which can

leverage the complete temporal context for a more informed judgment.
5.2 Results on UWMC Data

5.2.1 Clinical Context

Lung cancer remains one of the most lethal malignancies, yet early detection provides a
critical window of opportunity to significantly improve patient prognosis and survival rates
[95, 43]. Accurate estimation of lung cancer risk from longitudinal EHRs is important for
optimizing screening protocols and facilitating earlier clinical intervention. However, modeling
the complex patient trajectories that precede a diagnosis presents a significant clinical

challenge [135]. Over time, patients accumulate diverse, multimodal data encompassing



58

subtle symptoms, lifestyle factors, and chronic comorbidities. The early predictive signals of
malignancy are often deeply embedded within these extensive and inherently noisy clinical
histories, making it difficult to accurately estimate a patient’s lung cancer risk.

The complexity is further amplified in real-world clinical pathways where risk assessment
is often anchored to a specific radiological event, such as chest X-ray or CT. In this context,
the patient has already undergone radiological imaging due to prior clinical indications.
Consequently, the predictive rask requires distinguishing radiological findings associated with
primary lung cancer from those attributable to benign conditions or existing comorbidities,
such as cardiovascular disease [105]|. Successfully differentiating these nuanced, overlapping
clinical presentations requires a holistic integration of the patient’s long-term history rather
than relying on isolated snapshots of their health. Traj-CoA offers a solution for temporal
reasoning over longitudinal multimodal EHRs for accurate risk estimation, summarizing
dynamics such as enlarging nodules or the gradual exacerbation of respiratory symptoms

which might otherwise be obscured by the sheer volume of data.

5.2.2 Dataset

We experimented on a proprietary case-control dataset from UWMC on lung cancer risk
assessment. Each instance in the dataset is anchored to a specific chest-related radiology exam
(chest X-ray, chest CT, or abdomen CT) capable of visualizing the lungs. The prediction task
is to determine, at the time of this index exam (¢, ), whether a patient will receive a primary
lung cancer diagnosis within 1 year. Cases are defined as subjects diagnosed with primary
lung cancer within one year of the index exam, with diagnoses cross-validated against a state
cancer registry. Controls are subjects with no cancer diagnosis. Cases and controls were
matched at a 1:10 ratio on the time and type of the index exam. For each instance, up to five
years of the patient’s longitudinal EHR history prior to the index exam were recorded. This
rich, multi-modal data encompasses both structured records (e.g., ICD codes, lab results,
vitals) and unstructured text (e.g., clinical notes, radiology reports). The study design is

illustrated in Figure 5.1b.
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Table 5.1: Dataset Statistics by Case-Control Status. Values shown as median (IQR) unless

otherwise specified.

Variable Cases Controls
(n=28) (n=272)

Sex (Female/Male) 14/14 115/157

Year of last record 2015.5 (2014.0-2018.0)  2016.5 (2013.0-2018.0)

Year span 4.0 (2.0-5.0) 4.0 (1.0-5.0)

XML tokens 61,270 (28,675-121,722) 51,610 (19,442-132,777)

# Timestamps 42.5 (24.0-79.8) 38.5 (14.0-96.0)

# EHR System 1 notes 7.5 (1.0-29.3) 8.0 (0.0-29.0)

# EHR System 2 notes 3.5 (0.0-12.8) 4.0 (0.0-14.0)

# Radiology reports 10.0 (4.8-17.3) 8.0 (3.0-15.3)

# Diagnosis codes 156.0 (92.8-271.3) 128.5 (42.5-349.3)

# Medication codes 42.0 (17.8-135.3) 64.0 (9.0-184.5)

# Procedure codes 98.0 (51.5-197.8) 106.5 (38.0-231.5)

# Lab codes 186.0 (26.8-439.3) 201.0 (49.8-523.0)

# Vital sign codes 28.0 (0.0-91.0) 20.0 (0.0-79.5)

We randomly sampled 13,629 instances (1,239 cases and 12,390 controls) for model
development, which were further randomly split into a training (12,266 samples) and validation
(1,363 samples) set. These data were used for fine-tuning and not used under a zero-shot
setting. From the rest, we randomly sampled 300 instances (28 cases and 272 controls) to
construct a test set for feasible and fair evaluation. We highlight that the token count of XML
input is substantial, with an interquartile range (IQR) of 28k—121k for cases and 19k—132k
for controls in the test set (Table 5.1).
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5.2.3  Fxperimental Settings

We used MedGemma-27B [166] as the base model of Traj-CoA, with a default chunk size of
8k tokens and a maximum of 15 chunks to accommodate contexts up to 120k tokens. We
benchmarked Traj-CoA against four baseline categories: (1) ML: logistic regression (LR)
and XGBoost [32] trained on summary EHR features. (2) DL: The RNN-based trajectory
models RETAIN [37] and PatientTM [172]. (3) BERT-based: Clinical ModernBERT (C-
MBERT) [99], fine-tuned with LoRA [72] using an 8k context window. (4) LLM: Zero-shot
MedGemma using two strategies: direct prompting (Vanilla, up to 64k context) and RAG

with a bge-m3 [29] retriever on the time-aware chunks.

For LR, XGBoost, and RETAIN, we used diagnosis codes as input features. For PatientTM,
we used the text descriptions of medical codes and unstructured notes as input. For BERT
and LLM methods, we used the same XML input and employed a middle truncation strategy
for context beyond the window. Specifically, we alternately selected texts from the beginning
and end of the patient record until the context window limit is met, maintaining their
relative chronological order. Compared to left truncation, where the most recent records
are used, this method retains a longer and more challenging temporal span for evaluating
temporal reasoning. We further report the performance using left truncation for BERT and
vanilla baselines in Appendix C.1.1, a case study in Appendix C.1.3, and error analysis in

Appendix C.1.4.

We evaluated all methods on AUROC and the best F1 score among all thresholds, with
its corresponding precision and recall. We report AUPRC and discuss the differences in
the Appendix C.1.1. For BERT, the risk score was derived from the output logit. For all
LLM-based methods, we prompted the model to output a risk score between 1 and 10. Further
experimental details are in the Appendix C.1.5.
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Table 5.2: Performance comparison of different models. Bold indicates the best AUROC and
F1 among all models or zero-shot models. SF'T means supervised fine-tuning. The average

performance (mean=std) for Traj-CoA across 5 runs with different random seeds is reported.

Model Family Model Prediction Context AUROC Precision Recall F1
Method Window

LR SET — 0.741 0.306 0.393 0.344
ML

XGBoost SET — 0.763 0.367 0.393 0.379

RETAIN SFT — 0.757 0.346 0.321 0.333
DL

PatientTM SFT — 0.730 0.361 0.464 0.406
BERT C-MBERT SET 8k 0.749 0.367 0.393 0.379

Vanilla Zero-shot 32k 0.743 0.345 0.357 0.351
LLM RAG Zero-shot 1k x 32 0.753 0.221 0.607 0.324
(MedGemma)

Traj-CoA (w/o LTM) Zero-shot 8k x 15 0.748 0.183 0.821 0.299

Traj-CoA Zero-shot 8k x 15 0.766 £+ 0.019 0.358 £+ 0.057 0.436 £ 0.105 0.380 + 0.018

5.2.4 Results

Table 5.2 reports the performance of each method. Vanilla MedGemma with a 32k context
window and RAG with top 32 chunks of maximum 1k tokens each achieves an AUROC of
0.74-0.75. However, expanding vanilla MedGemma’s context to 64k degrades its performance
to an AUROC of 0.714, suggesting difficulty in utilizing longer input sequences effectively
(Table C.1). In contrast, Traj-CoA, with its 120k context and dedicated design, substantially
outperforms all zero-shot baselines, achieving an AUROC of 0.766 and an F1 score of 0.380,
outperforming most SFT baselines and comparable to the best. These results highlight Traj-
CoA’s superior capability to conduct temporal reasoning over very long EHRs, overcoming

the limitations observed in standard long-context models.

Ablation Study To analyze the contribution of the LTM component, we performed an

ablation study by removing it from our architecture. As detailed in Table 5.2, this modification
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significantly impairs model performance, causing an absolute drop of 1.8% in AUROC and
8.1% in F1 score. This result underscores the importance of maintaining a detailed long-term
memory of clinical events, as it provides predictive signals that are not fully captured by the
evolving summary alone.

To further probe the mechanisms by which Traj-CoA synthesizes temporal information
from longitudinal EHR, we conducted additional analyses to answer five research questions.

We fixed a random seed for the following analyses.

5.2.5  Sensitivity Analysis
Q1: How does the chunk size affect the performance?

Motivated by recent findings that LLM performance can degrade in very long contexts [112],
we analyzed Traj-CoA’s sensitivity to chunk size. To isolate this effect, we fixed the total
context length at 80k tokens and varied the chunk size from 2k to 16k, which correspondingly
adjusted the number of chunks from 40 down to 5. Figure 5.2A shows that performance
peaks with a moderate chunk size of 8k, while both smaller (2k) and larger (16k) chunks
result in lower AUROC scores.

(A) Chunk Size vs AUROC (B) Number of Chunks vs AUROC
(Fixed Max Window = 80k, Log Scale) (Fixed Chunk Size = 8k)
0.775
0.76
8 0.75 8 0.765
5 5
< 074 < 0.755
0.73
0.72 0.745
2 4 8 16 5 10 15 20
Chunk Size (k) [Log Scale] Number of Chunks

Figure 5.2: Sensitivity analysis on (A) chunk size and (B) number of chunks.

This reveals a fundamental trade-off. Small chunks force a long chain of iterative summa-

rizations, risking catastrophic forgetting [88] where early, critical details are abstracted away.
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Conversely, large chunks shorten the chain but are susceptible to the "lost-in-the-middle"
issue [112], where each worker agent fails to identify fine-grained signals within a vast context.
The 8k chunk size appears to provide an optimal balance, preserving local detail while

enabling effective global aggregation.

Q2: How does the maximum context window affect the performance?

We next analyzed how performance scales with the total context window to determine if
more temporal information is beneficial. We fixed the chunk size at 8k and increased the
maximum number of chunks from 5 to 20, thereby expanding the context window from 40k
to 160k tokens.

As shown in Figure 5.2B, AUROC consistently improves as the context window expands.
While the vanilla LLM baseline also improves when scaling from an 8k to a 32k context, its
performance degrades significantly at 64k (Table C.1). In contrast, Traj-CoA maintains its
positive trend up to 160k tokens. This demonstrates that EHRs contain rich, albeit noisy,
predictive signals and that Traj-CoA’s architecture is uniquely capable of leveraging these

ultra-long sequences where standard methods fail.

5.2.6 Temporal Reasoning Analysis

To investigate Traj-CoA’s temporal reasoning, we performed a topic modeling analysis on
the clinical events it identified as salient for lung cancer prediction. We used an LLM-based
pipeline inspired by TopicGPT [142] to systematically categorize these events. First, for all
positive cases, we extracted the relevant events from the model’s final output O. Next, using
Qwen2.5-7B-Instruct [156], we conducted a three-step analysis: (1) each event was classified
into one of seven predefined categories (diagnosis, procedure, lab tests, vital, medication,
health behaviors or symptoms, and demographics); (2) for each category, the top three
common themes were generated based on all events under it; and (3) each event was mapped
to its most relevant theme, if any, or recorded as “Others”. This structured thematic analysis

of the model’s output forms the basis to answering the subsequent Q3-Q5.
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Figure 5.3: Analysis of Traj-CoA’s behavior on UWMC lung cancer early detection task. (A)
t-SNE plot visualizing the distribution of lung cancer related events in all cases’ output O and
sample events (timestamps in sample events are omitted for de-identification purposes). The
events were embedded through nomic-embed-text-v1.5 [133]; (B) Distribution of categories in

the lung cancer related events; and (C) Normalized date distribution of the events.

Q3: Does Traj-CoA reason across diverse event categories?

We sought to verify that Traj-CoA’s reasoning extends beyond trivial heuristics (e.g., identi-
fying smoking status) to encompass a broad range of clinical events. Our analysis confirms
that Traj-CoA identifies salient events from all seven predefined categories. As shown in
the distribution in Figure 5.3B, the most frequently utilized categories are diagnosis, health

behaviors or symptoms, and lab tests.
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The diversity of these identified events is further underscored by the t-SNE visualization
in Figure 5.3A. The event embeddings are scattered across the semantic space rather than
forming a single cluster, indicating that the model draws upon a wide variety of clinical
concepts. The qualitative examples presented in the figure corroborate this ability. This
demonstrates that Traj-CoA performs multifaceted reasoning by integrating signals from a

medically diverse set of events for its predictions.

Q4: Can Traj-CoA reason over the entire time horizon?

To determine if Traj-CoA utilizes the full patient trajectory or suffers from the "lost-in-the-
middle" phenomenon, we analyzed the temporal distribution of the events it identified as
salient. In Figure 5.3C, we plot the normalized date distribution of events from the LTM
(M) and the final output (O).

Both distributions show a concentration of events in the final year before the prediction
date, which aligns with the clinical intuition that recent events are often most critical for
diagnosis. Crucially, however, the model still identifies events from earlier periods. The
presence of historical events in the final output demonstrates that Traj-CoA effectively
synthesizes information over long time horizons, appropriately weighing recent events more

heavily without discarding valuable historical context.

Q5: Is Traj-CoA’s reasoning clinically relevant?

Finally, we assessed the clinical relevance of Traj-CoA’s reasoning by analyzing the themes of
the salient events. The t-SNE visualization of the event embeddings (Figure 5.3A) reveals
that the most frequently identified themes form distinct semantic clusters, indicating thematic
consistence.

Importantly, these data-driven themes align directly with well-established clinical knowl-
edge. The top themes identified include advanced age, anemia, COPD, cough, inflammatory
markers, lung nodules, pneumonia, pulmonary function, smoking, and weight loss. These are

either widely recognized by clinical practice and screening guidelines for assessing lung cancer
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risk [198, 164], or consistent with existing evidence [82, 49, 148]. This validates the model’s
interpretability and demonstrates that its risk predictions are based on clinically meaningful

patterns within the EHR data.

5.3 Results on Truveta Data

5.3.1 Clinical Context

Early detection is an aspirational approach for significantly reducing the burden of cancer
morbidity and mortality [196, 39]. There is an emerging interest in harnessing large-scale
longitudinal electronic health record (EHR) data to model multi-cancer risk [81, 235, 171].
Modeling this risk generally serves two primary purposes: tailoring screening and surveillance
for high-risk individuals, or advancing a future cancer diagnosis for those already exhibiting
subtle clinical signals. EHR data contain detailed records of patient trajectories capturing
these clinical signals, such as diagnoses, laboratory tests, and medications over time. For
example, gradually worsening anemia and repeated imaging for unexplained abdominal pain
may precede the diagnosis of certain cancers [70, 123]. Identifying these evolving clinical
patterns offers a potential modality built directly into routine clinical care to advance the
time of clinical diagnosis.

Depending on the time horizon before a cancer diagnosis and the true disease status of
the patient, EHR-based prediction problems can generally be categorized into three distinct
tasks. First, near-term diagnosis prediction addresses the very short-term horizon (weeks to
months) where a patient is already exhibiting obvious clinical symptoms, aiming to predict
an imminent diagnosis [103]. Second, early detection (or advanced clinical diagnosis) utilizes
a moderate time horizon (1-3 years) to predict short-term cancer risk based on early, subtle,
or evolving clinical signals before full symptomatic disease is recognized. Finally, long-term
risk prediction targets a longer time horizon (5+ years) to predict future cancer risk in
patients who currently do not have the disease, guiding tailored surveillance. These settings

represent increasing levels of difficulty as signals become weaker and more temporally diffuse.
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Specifically for early detection, capturing these subtle, accumulating signals across a patient’s
trajectory requires robust temporal reasoning over longitudinal EHR data [196, 39].

Prior studies detecting early cancer from EHRs have predominantly relied on data from
large national healthcare systems [81, 171]. Multi-cancer early detection with EHRs across
diverse, multi-system environments remains challenging. Existing approaches typically rely
on supervised machine learning (ML) models that require extensive feature engineering and
training data [138, 235, 81]. In addition, their outputs and interpretations, such as hazard
ratios or SHAP values [116], offer limited insight into the complex temporal patterns within
patient histories that jointly shape the evolution of cancer risk.

LLMs have emerged as a flexible and generalizable paradigm, offering evidence-driven
reasoning with improved interpretability. In oncology, prior applications have focused on
short-context tasks such as cancer progression prediction, phenotype extraction, and diagnosis
generation from individual notes or reports [103, 240, 96]. However, extending LLMs to early
detection requires modeling temporal patterns and interactions among diverse clinical factors
over long patient trajectories which may span several years. Conventional single-agent LLMs
struggle with such long-context reasoning due to limitations such as the “lost-in-the-middle”
effect [112], which may lead to the omission of evolving EHR signals. Agent-based LLM
systems have recently been proposed to decompose complex reasoning into coordinated steps
across multiple agents [104], offering a promising approach for temporal reasoning over long
and heterogeneous EHR data.

In this section, we apply Traj-CoA on the task of multi-cancer early detection using
Truveta data. We define multi-cancer early detection as prediction of short-term risk across
multiple distinct cancer types within a shared modeling framework. Traj-CoA addresses this
setting in a zero-shot manner using the same base model and architecture across cancers,
with only minimal prompt adaptation to specify the target cancer type.

Using de-identified structured EHR data encompassing multiple healthcare systems from
Truveta, we evaluated Traj-CoA to predict cancer risk across 15 cancer types. To focus on

early detection and avoid overlap with near-term diagnosis prediction, we imposed a 1-year
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gap between the time of prediction and the diagnosis or index date (Figure 5.1c), leveraging all
available EHR data prior to the time of prediction. In zero-shot settings, Traj-CoA achieved
AUROCSs ranging from 0.64 to 0.80 across cancers and performed comparably to supervised
ML models in a lung cancer benchmark. Notably, its multi-agent design enables effective
temporal reasoning without relying on very large models. In addition to individual-level
predictions, Traj-CoA identifies key clinical events associated with cancer risk, informing our

understanding of the most common factors that portend a future cancer diagnosis.

5.3.2 Data Source and Cohort Construction

Truveta data comprise de-identified EHRs from over 30 US health systems, covering more
than 120 million patients across 900 hospitals and 20,000 clinics. Using these data, we
identified cohorts for 15 cancer types, including liver, lung, prostate, breast, bladder, cervical,
esophageal, endometrial, gastric, ovarian, pancreatic, colorectal cancers, leukemia, multiple
myeloma, and lymphoma, based on clinician-curated diagnosis codes. These represent major
solid and hematologic malignancies commonly studied in early detection research [81, 138|.
We used Truveta Studio to identify the case and control population of 15 cancer types using
clinician curated diagnosis codes, including SNOMED CT, ICD-9-CM, and ICD-10-CM. We
used an existing phenotyping algorithm to define new-onset cancer, which was based on
observation of two diagnosis codes associated with the cancer of interest within two months
of each other, with a cancer-free washout period of 6 months [67, 167|. The first record in
the first qualifying pair was used as the index date for the cases. For controls, we randomly
sampled an index date among all available visit dates, and age/sex matched to the cases in a
1:1 manner, with the ratio aligned with previous studies [22, 179]. The prediction task in this
study was predicting the risk of cancer at 1 year, therefore we used all longitudinal EHR from
the start of the records to 1 year before the index date as the input (Figure 5.1c). Patients
with fewer than 2 visits in the input EHR were excluded during the sampling procedure.
The EHR was structured data, including timestamped conditions, observations, lab results,

medications, and procedures, as well as demographics including birth date, sex, ethnicity,
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and race.

5.3.8  Zero-Shot Multi-Cancer Farly Detection

To evaluate Traj-CoA’s performance across cancer types, we conducted three analyses: (i)
cancer-specific case-control prediction for each cancer, (ii) benchmarking on a lung cancer
cohort against established machine learning models, and (iii) sensitivity analyses on efficiency
and scalability. Unless otherwise specified, GPT-4.1-mini was used as the base model for
both worker and manager agents due to its favorable balance of performance, latency, and
cost. The context length of each XML chunk was set as 16k tokens. We also evaluated a

composite any-cancer prediction task following prior work [235] (Appendix C.2.2).

Cancer-Specific Prediction across 15 Cancers

For each cancer type, we constructed a case-control test set comprising 500 randomly sampled
cases and 500 controls. This moderate sample size was determined to balance the variance
in performance estimates and the experimental costs. Controls were randomly sampled and
matched 1:1 to cases by sex and 10-year age group to reduce demographic confounding. For
Traj-CoA, worker and manager agent prompts were kept consistent across cancer types, with
only the cancer type modified, ensuring comparable model behavior (Appendix C.2.7).
Table 5.3 summarizes baseline characteristics for the 15 cancer-specific case-control cohorts,
with 500 cases and 500 matched controls per cancer type. Median age varied by cancer, from
younger cohorts such as cervical cancer (60.3 years among cases) and ovarian cancer (63.8
years) to older cohorts such as bladder cancer (74.1 years), leukemia (72.6 years), multiple
myeloma (72.3 years), and prostate cancer (72.3 years). Sex distributions were consistent
with disease epidemiology, including predominantly female cohorts for breast, all-female
cohorts for cervical, endometrial, and ovarian cancers and an all-male prostate cohort, while
other cancers had more balanced or male-predominant distributions. Across most cancer
types, the majority of patients were non-Hispanic/Latino and White, though the degree of
racial diversity differed by cohort. Cases generally had longer longitudinal EHR history than



70

[ro-ee el weetis-er Sievl % 09 Si°2] L1z Poot Mo 1l or (9 et Mg T zve P8z S19°g] 0701 Pizreo “19°¢l %61z Pizie el sets (9 er S16°v] j0°rt su 03 TNX
[09 ‘20l 672 [es ‘21l 9% lo6 ‘re) e'¢ lo9 ‘20l 92 ls's ‘91] 2% [e9 ‘20l 92 [rg 2t o l6:9 “20] 0'¢ l[rs 2t vy seak ‘weds YHE
(0°9) og (0°¢) gt (L) Le (97) €2 (0v) 0z (z9) 18 (9°9) gg (97) €2 (zg) 9z umouusy
(0z) ot (s°€) 61 (z1) 9 (87) ve (0°g) g1 (ev) 12 (0°z) ot (97) €2 (7g) L1 atle]
(z0) 1 (7o)e (00) 0 (00) 0 (90) € (zo) 1 (o) e (o) e (00) 0 Id/HN
(Fo)e (s0) ¥ (o) e (9°0) € (zo) 1 (00) 0 (zo) 1 (o) e (90) € NV/1V
(s°2) v1 (81) 6 (9°2) €1 (0%) oz (zv) 12 (¥e) L1 (¥z) et (¥z) et o2 uelsy
(9°8) €¥ (9°21) 88 (9°6) 8¥ (921) €9 (9°01) €9 (921) €9 (z'81) 16 (8°8) vp (z°6) o speld

(0°08) 00% (9°zL) €9¢ (8°82) V68 (8'82) v6€ (vgL) L9g (L) L8e (vgL) L9g (z0L) 198 (8°8L) ¥6€E (z°08) 107 IYM
oy

(8°76) vL¥ (8°26) vor (v'g6) LoV (9°96) €87 (¥°06) 2s¥ (9°€6) 897 (9°26) €97 (7'v6) 2L¥ (8°16) 657 (z'v6) 127 oupyery/ dsty 10N

(z'9) 92 (z'2) 9t (9'9) g€ (¥e) L1 (9°6) 8% (¥9) ze (¥L) Le (9°¢) 82 (z'8) 17 (8'9) 62 ouryery/ dsty
Ayoruyyg

(0°001) 009 (0°001) 009 (8°67) 672 (8°67) 672 (00) 0 (00) 0 (v'z9) 29z (vr'z9) 29z (zve) 122 (zv9) 122 SN

(0'0) o (00)o (z09) 182 (z'09) 192 (0°001) 00 (0°001) 00g (9'2v) seT (9'27) seT (s'sv) 622 (s'sv) 622 sreway
xog
[822 ‘g9l 612 (282 ‘e99l e'ze  [e'6L ‘seol €12 [1'62 ‘Tvol €12 [o'eL ‘9°zsl 979 [e'eL ‘6°zsl 8'89  [6'8L ‘evol e'zL  [o'sL ‘9v9l e'zL  [6'8L ‘vr6sl e'0L  [e'sL ‘2766l €02 £ a8y
008 008 008 00g 00g 00g 00g 00g 00g 00g N
wo osen) w0 osey o ose o ose o ose suooRIRyD

are1s0Ig sryeaIOUE g uenRAQ eUOPATY I ewoydwA

[o-ze Sigre] g 11 Pieces SiLsl oz Pivog vi6e] digt6 Pries Sigtot] xLce 19v6z “i8-el Mg 0t T es 9] setoz [16°¢z SM0°€] 19°6 [retzL S10°L] MLz Pieies 0] %0701 (8oL 1L L] zroe

sus o} TNX

(99 ‘s°0] 92 [os ‘6°1) L7 [0 ‘9°0] 92 le's ‘6°1) 0°¢ I8¢ 20l L2 ezt vy lvo 20 L2 6 ‘0°e] 0°¢ leo ‘670] 82 l68 ‘s°1] 6% saeak ‘weds YHH
(z€) o1 (97) €2 (sv) ve (L) Le (s°€) 61 rv) ez (97) €2 (97) €2 (0v) 0z (9°¢) sz umousuy)
(ze) 11 (o1) 8 (0%) 0z (9°€) 81 (s°2) ¥1 (0°z) ot (z°g) 9z (s°€) 61 (9°€) 81 (ve) et S tle]
(z0) T (00) 0 (z0) 1 (ro)e (00) 0 (o) e (0) ¢ (zo) 1 (zo) 1 (o) e Id/HN
(@o) T (00) 0 o)z (o) e (00) 0 (ro)z (9°0) € (om) ¢ (z'0) 1 (z'0) 1 NV/1V
(re) 2z (0°2) ot (0'7) 0z (z'e) o1 (9°€) 8T (0'2) ot (9°€) 8T (8'9) ve (r2) Tt (9°0) € wersy
(8°11) 69 (9°2) 8¢ (001) 0% (001) 0% (901) €9 (8'9) ve (¥o1) T8 (0°11) ¢ (von) zg (9°¢) 82 REt:S

(0°22) g8e (z'v8) 12v (9'92) e8¢ (0'gL) sLe (z°62) 968 (0'78) 0zv (ov2) e28 (9°22) €98 (z°62) 968 (z'¢8) 9zv oM
oy

(8°€6) 697 (v°26) L8 (0°g6) g9 (8°26) 797 (0°€6) cov (z96) 187 (9°16) 857 (9°06) £5¥ (8°06) 757 (z96) 187 ouryery/ dsty 10N

(z9) 18 (9°2) £1 (02) g (z2) 98 (0°2) ce (s°€) 61 (r8) ev (v6) L¥ (z°6) o (s°€) 61 ouryer/ dstp
Ayoruyyg

(9°17) 802 (9°17) 802 (z'99) 9ze (z°99) 9z (0°69) <62 (0°69) <62 (8°€9) 692 (8°€9) 692 (0°9L) 08¢ (0°92) 08¢ ol

(v'89) 262 (v'89) 262 (8°%€) vL1 (87€) vL1 (0 1v) coz (0 1v) g0z (zov) 182 (zov) 182 (0°v2) ozt (0°v2) ozt srewag
xog
2z ‘2vol eie [e'sL ‘9'a9l 912 [0'9L ‘919l v'69  [8'qL ‘ee9l 6'89  [L'8L ‘e'Tol 0'cL  [9'8L ‘9°zol 9'zL  [v'oL ‘zssl w89 [6'9L ‘a'ssl 069  [L'22 ‘ere9l 212 [e'8L ‘6'e9] T'1L £ to8y
00g 00g 009 00g 00g 00g 00g 00g 00g 00g N
wo osen) wo ose) o ose) o ose o ose ousuegoRIRYD

Sunr

FONST

erwesnay

omsen

[eeFeydosg

Brrve Sto'e] ot MLy Setel Mgt Mgt STl ey

Prevr St e

82z Stge] sigrL PieLy S10°v] et Povez 62l dee Pisee e dget Lee See] et Pereo SienL] e

su3 0} TNX

(19 ‘s°0] L2 le6 ‘ze] ¢e [ro ‘20l a2 leL w1 0w l6¢ ‘s0] €72 l68 ‘o°1] 6% [to ‘s0] g2 les ‘6°1] 6% [0 ‘0°0] 672 le'6 ‘0°e] 0 saeak ‘weds YHH
(7€) L1 (97) €2 (7€) L1 (ev) 12 (z°g) 9z (0g) g1 rv) ez (9°¢) 81 (0v) 0z (s°€) 61 umouuy)
(s°€) 61 (¥e) et (¥v) e (re) et (re) L (0g) g1 (9°¢) sz (9°2) €1 (0°9) og (¥e) et S tle]
(z0) T (Fo)e (90) £ (zo) 1 (90) € (zo) 1 (o) e (00) 0 (o) e (00) 0 Id/HN
(oD ¢ (8°0) ¥ (9°0) € (00) 0 (870) ¥ (om ¢ (om ¢ (00) 0 (ro)z (z'o) 1 NV/1V
rv) 7 (re) gt (o1 8 (z'z) Tt (0°¢) gz (o) 8 (9°€) 8T (8°€) 61 () Tt (81) 6 uelsy
(0e1) 9 (8°6) 67 (o1D) 8¢ (z11) 99 (8°11) 69 (0°01) 0% (9°8) €7 (zo1) 19 (0eD) 99 (87) ve perd

(z've) 128 (9°62) 86¢ (v'8L) z6e (8°62) 668 (T'12) 998 (z°18) 907 (vo) zse (8°6) 66¢ (8°€L) 69¢ (0°28) cev o3uM
ooy

(0°16) ge¥ (0°z6) 09¥ (z°16) 99¥ (9'76) €27 (¥°68) L¥¥ (v°26) 29v (9°06) €57 (9°96) €87 (8°€6) 697 (¥'96) 287 ourgery/ dstg j0N

(0°6) gv (0°8) ov (8°8) 7% (¥¢) Lz (9°01) £9 (9°2) 8¢ (v6) L¥ (7e) L1 (z9) 18 (9°¢) 81 ouryery/ dstp
Ayoruyyy

(00) 0 (00) 0 (9°8v) €ve (9°87) eve (00) 0 (00) 0 (ro)e (ro)e (0°gL) o€ (0°gL) o€ oreN

(0°001) 009 (0°001) 009 (v19) L92 (¥19) LsT (0°001) 00 (0°001) 00 (9°66) 867 (9°66) 861 (0°22) cet (0°22) cet srewrsy
xog
lovs ‘o2l v'99  [ops ‘erscl 129 [8°62 Vo9l goL (262 ‘co9l €'0L  [8'89 ‘0°8¥] 0°09  [6'89 ‘2°9¥] €09 [p'9L ‘0°09] 9'89  [e'9L ‘0°09] T'89  [8°08 ‘0°col z'EL  [2°08 ‘T'29] TWL £ to8y
00s 00s 00s 00s 00% 00% 00% 00% 00s 00s N
wo osen) wo ose) 10 oseD o oseD o oseD onstegoRIRYD

[eragomopuE [e30010[00) [eatasep) asworg woppeld

9Seq e0LTd
Sursn Us03X T YIIM PIJRIIIISd Sem JuUnod ueyo) TINX YHH (%) U aIe e0vl pue ‘A)oruyje ‘Xos (]| werpeur are junoo

uoyo) TINX YHH pue ‘ueds YHH 8y ‘snje)s (013100 /osed pue odA) 1e0ued Aq SOI)SLIO)ORIRYD SUIPSRH :€'G 9[(R],



71

controls, with median EHR span for cases typically around 4-5.5 years versus 2.3-3.0 years for
controls. Similarly, EHR XML token counts were usually higher among cases than controls,
indicating greater documentation volume; this difference was especially pronounced for liver,
gastric, esophageal, lung, bladder, pancreatic, leukemia, and multiple myeloma cohorts.
Model discrimination varied across the 15 cancer types (AUROC 0.64-0.80; Figure 5.4a).
Performance was highest for liver and lung cancers and lowest for colorectal cancer, while
most other solid and hematologic malignancies demonstrated comparable discrimination with
AUROCs above 0.70. This indicates that the framework generalizes across diverse cancer

types, albeit with cancer-specific variations in predictive accuracy.
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Figure 5.4: Zero-shot prediction performance of Traj-CoA on Truveta data. a. Area
under receiver operating characteristic (AUROC) of cancer-specific prediction on each cancer
type; b. ROC curves and c. precision-recall curves for different methods on the lung cancer

benchmark.
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Benchmarking on Lung Cancer Cohort

To benchmark zero-shot performance, we compared Traj-CoA with logistic regression (LR),
k-nearest neighbors (KNN), XGBoost [32], and a single-agent baseline on an age- and sex-
matched lung cancer cohort of 500 random cases and 500 controls. For supervised models,
we derived summary feature vectors from longitudinal EHR data, retaining features with at
least 1% frequency (1,253 features) following prior work [106]. The single-agent baseline used
the same base LLM, the same XML input representation, and the same final risk output
format as Traj-CoA, but processed the entire available input in one pass. Supervised models
were trained and validated on a separate dataset of 170,464 cases and 166,903 controls using
an 8:2 split, while LLM-based methods remained zero-shot prediction.

On this benchmarking cohort, Traj-CoA achieved an AUROC of 0.785, outperforming
the single-agent baseline (AUROC = 0.765) and substantially exceeding the performance of
logistic regression and KNN, while performing slightly below XGBoost (AUROC = 0.796)
(Figure 5.4b,c). These results indicate that Traj-CoA, despite not being trained specifically
for cancer prediction, achieves performance comparable to a trained gradient boosting model
and markedly surpasses conventional linear and distance-based approaches for lung cancer

early detection.

Sensitivity Analyses

To evaluate the scalability and efficiency of Traj-CoA, we conducted sensitivity analyses

examining (1) base model selection, (2) patient trajectory length, and (3) context detailedness.

Base model selection We replaced the default base model (GPT-4.1-mini) with alternative
GPT models, including GPT-40, GPT-4.1-nano, GPT-4.1, GPT-5-nano, GPT-5-mini, and
GPT-5. For reasoning models, we used a medium reasoning effort setting. All models were
evaluated within the identical Traj-CoA multi-agent framework on the lung cancer benchmark.

We observed that more advanced reasoning models (e.g., GPT-5) did not substantially
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Figure 5.5: Sensitivity analyses on the scalability and efficiency of Traj-CoA on
Truveta data. a. AUROC and median runtime of Traj-CoA on the lung cancer benchmark
using different base models. The radius of each point is proportional to the API price of
the input token of the model. The pink dashed line represents the Pareto front. Among
these base models, GPT-4.1-mini achieved a balance between performance, latency, and cost.
b. Improved predictive performance when expanding the maximum length of left-truncated
patient trajectory. c. LLM-as-a-judge comparison between one-stage Traj-CoA and two-stage
Traj-CoA. The one-stage model had better clinical reasoning, completeness of detail, and
temporal reasoning than the two-stage model. d. The two-stage model achieved lower latency

especially for very long EHR sequences.

outperform smaller models such as GPT-4.1-mini (Figure 5.5a). We hypothesize that this is

because the Traj-CoA architecture decomposes complex EHR understanding into smaller,
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well-defined subtasks with structured inter-agent communication and summarization. This
design reduces the need for complex global reasoning within a single model invocation, thereby
diminishing the performance advantage typically associated with larger reasoning models on
complex tasks.

Within each model family, larger models generally achieved improved predictive per-
formance, but at the expense of higher computational cost and increased latency (Figure
5.5a). Overall, GPT-4.1-mini provided the most favorable balance between runtime, cost,

and predictive performance, and was therefore selected as the default base model.

Patient trajectory length To assess the impact of patient trajectory length, i.e., how
far back in a patient’s history Traj-CoA uses for prediction, we conducted experiments on
the lung cancer benchmark using left-truncated EHRs with varying maximum token limits,
simulating scenarios where only partial historical data are available. Specifically, we truncated
the input EHR XML to retain only the most recent 2k to 256k tokens before prediction.
Increasing the trajectory length from 2k to 256k tokens extended the average history
from 0.5 to 5.7 years and improved AUROC from 0.614 to 0.789 on the same benchmark
(Figure 5.5b). These results indicate that longer patient trajectories consistently improve
predictive performance, suggesting that richer longitudinal clinical information provides
stronger signals for cancer risk assessment. Overall, the findings demonstrate that Traj-
CoA benefits from extended patient records when available, supporting its scalability and

applicability to comprehensive real-world EHR data.

Context detailedness For patients with very long EHRs, the number of sequential worker
agents increases proportionally, resulting in high latency due to the inherently sequential
design of the framework. To mitigate this limitation, we evaluated a two-stage architecture
(Figure C.1). In this variant, each EHR chunk was first processed independently by a
preprocessor agent in parallel. The preprocessor extracted informative events, which were

then concatenated into a shorter, structured XML representation for downstream consumption
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by the Traj-CoA pipeline. This design reduces the number of sequential worker agents and
converts part of the workflow from sequential to parallel execution.

The two-stage approach reduced average latency by 25% relative to the one-stage model
(32.3 vs. 48.5 ), with larger gains in patients with very long EHRs (Figure 5.5d). Theoretical
complexity analysis was provided in Appendix C.2.1. Predictive performance was largely
preserved (AUROC, 0.78 vs. 0.79). However, compared with the original Traj-CoA framework,
the two-stage model produced less detailed summaries and weaker clinical reasoning (Figure
5.5¢), likely because parallel preprocessors operated without global context, resulting in less
complete information extraction and a more abstract XML representation of the EHR. These
findings indicate that parallel preprocessing in the two-stage model improves efficiency for
very long EHRs, but may reduce summary fidelity and reasoning quality, highlighting a

trade-off between latency and interpretability.

5.3.4 Traj-CoA Generates Clinically Meaningful Patient-level Summaries

Beyond producing a final risk score, Traj-CoA’s sequential worker agents maintain an evolving
summary over time, while the manager agent generates a final structured patient-level
summary for each individual. These summaries provide a condensed view of the patient
trajectory, enhancing interpretability. We evaluated the quality and clinical relevance of these
summaries through: (i) comparison with a single-agent baseline using an LLM-as-a-judge
framework [237] (Section 5.3.4), (ii) human evaluation assessing the fidelity of the summary
(Section 5.3.4), and (iii) a case study illustrating how the worker agents dynamically aggregate

clinical events and update the predicted risk (Section 5.3.4).

Comparison with a Single-Agent Baseline using LLM-as-a-judge Evaluation

Traj-CoA was designed to enhance temporal reasoning over longitudinal EHR through its CoA
and LTM architecture. To assess whether this design improves summary quality, we conducted
a pairwise LLM-as-a-judge evaluation [237| comparing Traj-CoA with a single-agent LLM

baseline on the lung cancer case cohort. Evaluations were performed using GPT-5 configured
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Figure 5.6: LLM-as-a-judge evaluation of Traj-CoA versus a single-agent baseline.
a, Pairwise comparison across five dimensions using GPT-5 with high reasoning effort as the
judge. Bars show the proportions of Traj-CoA wins (blue), ties (gray), and single-agent wins
(green). Traj-CoA outperforms the baseline across all dimensions, with the largest advantage
in Temporal Reasoning (68% wins vs. 23% losses). b, Traj-CoA win rate by EHR length
(input tokens; log scale) for selected dimensions. Solid lines indicate smoothed win rates and
shaded areas indicate confidence intervals. Each scattered point represents the average win
rate over two runs with different candidate orders. For each run, “win” assigns a score of 1.0,

“tie” assigns a score of 0.5, and “loss” assigns a score of 0.0.

with high reasoning effort. We defined five prespecified evaluation dimensions: (i) Clarity &
Actionability, (ii) Clinical Correctness, (iii) Clinical Reasoning, (iv) Completeness & Detail,
and (v) Temporal Reasoning. To mitigate the position bias from the order of two candidates

[169], we report the average win/tie/loss rates over two runs with different candidate orders.

Across all five dimensions, Traj-CoA achieved more wins than losses compared to the
single-agent model (Figure 5.6a), with the largest advantage in temporal reasoning (68%
wins vs. 23% losses). It also outperformed in completeness and detail (64% vs. 33%) and
clinical reasoning (54% vs. 43%), indicating more comprehensive and better-integrated
summaries. Notably, this advantage increased with longer EHRs (Figure 5.6b), suggesting

that the multi-agent design and memory mechanisms are particularly effective for long and
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complex patient trajectories.

Human Evaluation

To assess the fidelity of Traj-CoA-generated summaries, we conducted a human evaluation
with two independent annotators (a PhD candidate in biomedical informatics and a medical
doctor). Annotators assessed whether each identified cancer-related event accurately reflected
the corresponding EHR evidence, labeling events as correct or inaccurate. We randomly
sampled 30 patients from 15 cancer case-control test sets, yielding 113 events. Error modes
were then summarized from the inaccurate events. Disagreements between annotators were
resolved through discussion.

Cohen’s kappa was 0.72, indicating substantial inter-annotator agreement. Of the 113
evaluated events, 102 (90.27%) were annotated as correct. The remaining errors were primarily
attributable to temporal inaccuracies (n = 5) and interpretive inaccuracies (n = 6). Temporal
errors typically occurred when Traj-CoA identified an event as “new" even though it had
been documented previously. Interpretive errors were mainly due to minor hallucinations or
overly assertive inferences, such as adding unsupported qualifiers (e.g., referring to a “fasting
glucose test" when fasting status was not documented in the original EHR) or failing to
preserve clinical uncertainty. In some cases, the system described findings such as “suggestive
of disease progression" or “significantly elevating liver cancer risk" although the available
evidence could also have been consistent with alternative explanations, such as nonspecific
abnormalities or a benign lesion. Overall, these inaccuracies were infrequent and did not

materially compromise the clinical validity or usefulness of the patient summaries.

Case Study

To illustrate the dynamic nature of Traj-CoA’s risk assessment, we present a longitudinal case
study tracking a single patient’s clinical trajectory from 2012 to 2020 (Figure 5.7). As worker
agents process temporal EHR chunks, they extract key events into LTM and continuously

update risk. For example, active smoking in 2012 was recognized and increased the risk to
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Figure 5.7: Dynamic short-term risk prediction and event aggregation by Traj-
CoA worker agents. The top panel displays the patient’s raw EHR data, encompassing
observations, medications, lab results, and conditions from 2012 to 2020. Different temporal
chunks processed sequentially by the worker agents are distinguished by alternating background
colors. The bottom panel shows Traj-CoA’s continuously updated short-term risk prediction
corresponding to the timeline. Key clinical insights synthesized by the agents and stored as
events in LTM are explicitly marked with diamond symbols along the risk trajectory. Two
critical updates are highlighted: (1) In October 2012, an observation confirming ongoing active
smoking shifts the baseline risk. (2) In April 2016, the discovery of multiple pulmonary nodules
and mild COPD triggers a risk escalation to high, with the system’s memory specifically
noting the need for malignancy risk stratification in a smoker, while remaining robust to

alternative inflammatory etiologies such as autoimmune disease.
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moderate, while the emergence of multiple lung nodules in 2016, combined with prior smoking
history and COPD, escalated the risk to high. This demonstrates how Traj-CoA’s sequential
agents conduct clinical reasoning by synthesizing historical context with emerging events to

dynamically update patient-level risk.

5.8.5 Traj-CoA Generates Population-level Insights in Cancer Risk

Each patient-level summary contains the cancer-related events identified by Traj-CoA, enabling
aggregation into population-level insights for the cancer. In this section, (i) we use lung cancer
as a case study to characterize the thematic EHR signals underlying Traj-CoA’s risk estimates
for this cancer type (Section 5.3.5), and (ii) we summarize the top five themes identified across
all 15 cancer types together with the cross-cancer patterns derived from these summaries
(Section 5.3.5). In the Appendix C.2.3, we further analyze shared temporal patterns in
predicted risk trajectories and the reasons for risk transitions derived from worker agents’
outputs. These analyses illustrate Traj-CoA’s utility not only as a predictive model, but also
as a framework for generating interpretable population-level insights from longitudinal EHR

data.

Thematic EHR Signals Underlying Lung Cancer Risk Estimation

We use lung cancer as an example to illustrate how the cancer-related events in the final
summaries can be aggregated for population-level interpretation. Specifically, we applied a
topic modeling approach similar to TopicGPT [142] to uncover common themes within these
cancer-related events. In lung cancer, the events identified by Traj-CoA form distinct, clinically
interpretable clusters (Figure 5.8a), with the dominant themes (Figure 5.8b) reflecting
established risk factors, comorbidities, and early symptoms across various event categories,
including advanced age [108|, smoking exposure, COPD [191], respiratory symptoms like
shortness of breath and chronic cough [148], lung nodules [115], and laboratory abnormalities
like anemia [144]. Traj-CoA also captured signals associated with benign or stable trajectories,

such as normal imaging and serially normal laboratory findings, indicating that its predictions
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Figure 5.8: Thematic patterns of lung cancer-related events identified by Traj-CoA
among case patients. a. UMAP projection of cancer-related events output by Traj-
CoA, demonstrating coherent clustering of events into clinically interpretable themes across
demographic factors, comorbid diagnoses, health behaviors, laboratory findings, medications,
procedures, radiology, symptoms, and vital signs. b. Distribution of the most frequently
identified events within each category, highlighting dominant population-level signals such as
smoking exposure. Note that the counts were the mentions of all identified events within

each category, which can be more than one for each patient.
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integrate both positive and negative evidence. These patterns not only illustrate that the
aggregation of Traj-CoA’s output summaries recovers known clinical associations, but also
show how Traj-CoA integrates these multidimensional clinical signals into interpretable

estimates of lung cancer risk.

Cross-Cancer Relationships

Extending the topic modeling analysis across all 15 cancer types showed that Traj-CoA can
generate interpretable, data-driven insights across diseases (Figure 5.9). Using each patient’s
full set of identified cancer-related events as an individual summary, the summary-level
UMAP analysis [121] revealed that patients with the same cancer type tend to occupy nearby
regions of the latent space, indicating that Traj-CoA captures meaningful within-cancer signal
structure rather than diffuse, nonspecific comorbidity patterns (Figure 5.9a). Consistent
with this, the similarity matrix showed greater thematic resemblance within major cancer
groupings, including gastrointestinal, hematologic, and genitourinary cancers, while still
preserving disease-specific profiles (Figure 5.9b). The prevalence analysis further clarified
the dominant signals underlying each cancer risk and cross-cancer relationships, consistent
with clinical knowledge. For instance, colorectal cancer was characterized by metabolic
factors [216, 122] and iron-deficiency anemia [28]| (Figure 5.9¢). From these prevalent themes,
common themes among cancer types can be derived. Examples of these derived cross-cancer
relationships include that gastrointestinal cancers were linked by metabolic and nutrition-
related themes 27|, hematologic malignancies were linked by cytopenia- and anemia-related
symptoms [80], and lung and bladder cancer shared smoking-associated signals [185]. Obesity-
related and broader metabolic themes recurred across multiple cancers. These results highlight
Traj-CoA’s utility not only for prediction, but also for generating population-level insight

into shared and cancer-specific themes from longitudinal EHR data.
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Figure 5.9: Cancer-specific themes and relationships derived from patient sum-
maries. a. UMAP of patient summaries colored by cancer type, showing that patients
with the same cancer tend to cluster together. b. Heatmap of median cosine similarity
between patients from pairwise cancer types, highlighting higher within-cancer similarity and
relationships among related cancers. c. Top prevalent themes identified for each cancer type

from patient summaries.
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5.53.6 Discussion

In this study, we applied Traj-CoA for 1-year multi-cancer early detection from longitudinal
structured EHR data. Across 15 cancer types, Traj-CoA showed variable discrimination
in a zero-shot setting, with AUROCSs ranging from 0.64 to 0.80, and the majority of them
exceeding 0.70. It achieved performance on the lung cancer benchmark comparable to that
of a supervised XGBoost model, despite requiring no task-specific training. Beyond risk
estimation, the framework generated patient-level summaries linked to temporally ordered
clinical evidence and recovered clinically coherent population-level themes across cancers,
suggesting Traj-CoA’s potential in both prediction and interpretation from routine EHR
data.

From a clinical perspective, this study lies in the area of multi-cancer early detection,
where longitudinal history, risk factors, early symptoms, and physiologic changes may jointly
indicate short-term cancer risk. This setting is clinically relevant because it could support
earlier diagnosis and more timely screening [39]. Prior EHR-based approaches have shown
promise in multi-cancer early detection [81, 138|, but have often required supervised training
and offered limited interpretability. In contrast, Traj-CoA harnesses LLMs to demonstrate
consistent zero-shot performance on Truveta data spanning more than 30 US healthcare
systems and produces rich thematic interpretation from the summaries consistent with clinical

knowledge.

Traj-CoA demonstrated variable performance across the evaluated cancer types, with the
strongest performance observed in liver cancer and more challenging results in colorectal cancer,
aligning with prior studies [235, 81|. It remains unclear exactly why this variability exists. It
is possible that some cancers inherently lack detectable clinical signals in structured EHR data
more than 1 year prior to diagnosis, often presenting instead with nonspecific symptoms closer
to diagnosis [47]. To analyze whether this was the case, we performed sensitivity analyses
using time gaps of 0.5, 1, 2, 3, 4, and 5 years (Appendix C.2.4). Performance generally

improved as the time gap decreased, suggesting the presence of stronger predictive signals
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nearer to diagnosis (Figure C.4). However, these gains were not uniform across cancer types,
supporting variable cancer signal evolutions. For example, performance for liver and lung
cancer appeared to saturate at a 1-year gap, whereas colorectal cancer showed substantially

better performance at 0.5 years than at 1 year.
5.4 Conclusion

In this chapter, we developed Traj-CoA, a training-free multi-agent framework designed to
perform temporal reasoning on long and noisy multimodal longitudinal EHR data for patient
trajectory modeling. Results of Traj-CoA on distinct data from UWMC and Truveta and on
different clinical tasks have shown its generalizability over different populations, clinical tasks,
and data elements, and its interpretability in identifying cancer-related events in cancer early
detection tasks.

The main technical contribution of Traj-CoA is a zero-shot, multi-agent framework
that combines temporal decomposition with explicit memory to enable interpretable and
generalizable modeling of long patient trajectories. By converting multimodal EHR data into a
unified, LLM-friendly XML representation and organizing it into temporally coherent chunks,
Traj-CoA avoids extensive feature engineering, which is costly and difficult to generalize.
Its CoA design, coupled with LTM, separates local signal extraction from global synthesis,
allowing the model to capture complex temporal dependencies that are difficult for single-agent
LLMs due to long-context limitations such as the “lost-in-the-middle” effect [112].

Compared to conventional EHR ML models that require task-specific training [106, 221],
EHR foundation models with limited interpretability [229, 160, 171], and prior single-agent
LLM approaches that struggle with long-context reasoning [40, 91, 200|, Traj-CoA explicitly
structures temporal reasoning and embeds interpretability directly into the inference process
through evidence-linked summaries and extracted clinical events. Its zero-shot formulation
further enables generalization across populations, clinical tasks, and data elements through
minimal prompt adaptation.

Traj-CoA demonstrates favorable scaling properties in base model size and patient trajec-
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tory length. First, the CoA with LTM design decomposes a complex longitudinal reasoning
task into simpler sequential subtasks, enabling effective temporal reasoning even with smaller
models such as GPT-4.1-mini and MedGemma, with only a modest performance gap between
GPT-4.1-mini and larger and more expensive models such as GPT-5 in the Truveta study.
Second, performance improved as more historical patient trajectory was retained in both
cohorts, suggesting that Traj-CoA can effectively leverage richer longitudinal EHR context.
In addition, Traj-CoA’s output quality advantage over a single-agent baseline increased with
longer patient trajectories in the Truveta study, further supporting its strength in long-horizon
temporal reasoning.

Broadly, our findings suggest that CoA reasoning with LTM constitutes an interpretable
and generalizable framework for modeling long-term patient trajectories. Integrating tool use
or agent skills [208] and specialized subagents for distinct modalities such as lab values may
enable more flexible and complete reasoning across heterogeneous data streams. Emerging
medical agent frameworks [73, 236, 104| suggest a direction in which multiple agents with
complementary expertise jointly deliberate over complex cases. Traj-CoA’s temporal reasoning
could provide longitudinal enrichment to such often cross-sectional multi-agent designs,
thereby paving the way for more dynamic and adaptive clinical problem-solving across various

long-horizon tasks.
5.5 Limitations

Although Traj-CoA is a task-agnostic framework, it requires carefully crafted prompts for
specific tasks to optimize the performance. Research into prompt optimization [158] or
data-driven hypothesis generation [151, 152] could reduce this dependency and allow for more
general modeling of patient trajectories. From a study design perspective, we used 1:10 and
1:1 case-control matching in the UWMC and Truveta studies, respectively. Although these do
not reflect true cancer incidence, AUROC provides an unbiased metric for the performance.
In a sensitivity analysis using an unmatched lung cancer cohort with a 1:250 case-to-control

ratio using Truveta data, which approximated the cumulative incidence rate in the database,
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Traj-CoA achieved a higher AUROC of 0.871 (95% CI, 0.855-0.885) likely due to age as a
major predictor. Finally, while we have validated the fidelity of LLM-generated summaries
and themes through human evaluation and known clinical knowledge, inaccuracies exist and

they should be interpreted or used with caution.
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Chapter 6

TRAJ-EVOLVE: A SELF-EVOLVING MULTI-AGENT SYSTEM
FOR PATIENT TRAJECTORY MODELING IN LUNG CANCER
EARLY DETECTION

This chapter is adapted from a paper titled “Traj-Evolve: A Self-Evolving Multi-Agent
System for Patient Trajectory Modeling in Lung Cancer Early Detection” authored by Sihang
Zeng, Matthew Thompson, Ruth Etzioni, and Meliha Yetisgen, under review at EMNLP
2026.

In this chapter, we present Traj-Evolve, a self-evolving multi-agent system built on top of
Traj-CoA for early lung cancer detection. Traj-Evolve has two self-evolving mechanisms, an
experience pool (ExPool) and multi-agent reinforcement learning (MARL). ExPool contains
past verified predictions and their ground truth diagnostic status, explicitly providing “patients-
like-me” when predicting for a new patient. In contrast, MARL internalizes experience into the
parameters of the worker and manager agents, facilitating better inter-agent and agent-memory
collaboration.

We evaluate Traj-Evolve on a large longitudinal cohort from the University of Washing-
ton Medical Center (UWMC), matched at a 1:10 case-to-control ratio, using five years of
multimodal EHR history to predict incident lung cancer within the subsequent year. We
benchmark against a comprehensive suite of baselines spanning clinical risk models, classical
machine learning, sequential deep learning, clinical BERT-based models, and state-of-the-art
LLM-based systems, on an overall population and a never-smoker population. We further
demonstrate the self-evolving dynamics of the two mechanisms.

The main contributions of this work are:

e We introduce Traj-Evolve, to our knowledge, the first self-evolving multi-agent framework
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for longitudinal EHR modelling applied to a real-world clinical prediction task.

e We design two complementary evolutionary mechanisms: an evolving ExPool that
provides non-parametric, few-shot “patients-like-me” retrieval, and a MARL proce-
dure that parametrically optimises inter-agent and agent-memory collaboration using

rejection-sampled high-reward trajectories.

e We demonstrate that Traj-Evolve achieves state-of-the-art discrimination for one-year

lung cancer prediction in the overall population and the never-smoker population.

e We provide detailed analyses of the self-evolving dynamics, supporting the vision of a

continuously improving clinical decision-support system.

6.1 DMethods

6.1.1 Study Design and Participants

This retrospective case-control study utilized a UWMC longitudinal dataset to predict first
primary lung cancer diagnoses within a one-year prediction period [239]. The index date
for prediction of both cases and controls was defined as the completion time of a qualifying
chest-related radiology exam (chest CT, abdomen CT, or chest X-ray). To model patient
trajectories, up to five years of EHR history prior to the index date was utilized. This
multimodal EHR data encompasses both structured records (diagnosis, medication, lab, vital,
and procedure) and unstructured text (clinical notes and radiology reports).

Eligible patients were over 40 years old. Cases were defined as individuals with a valid
primary lung cancer diagnosis, excluding those with prior cancers. To ensure predictions
informed early detection and excluded active diagnostic workups, the index exam for cases
was required to be completed between two months and one year prior to diagnosis. Controls
were defined as individuals with no cancer registry records of any cancer type; their index

exams were selected to guarantee at least three years of cancer-free follow-up. To ensure
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Figure 6.1: Overview of the Traj-Evolve architecture and self-evolving workflow.
The top panel illustrates the self-evolving process, wherein the system accumulates experience
from prior verified patients to iteratively update the ExPool and optimize model parameters via
MARL. The bottom panel details the pipeline. Longitudinal EHRs are processed sequentially
by worker agents to summarize the patient journey and distill relevant temporal events into an
LTM module. A manager agent subsequently synthesizes the final worker summary, memory
contents, and retrieved historical cases (“patients-like-me”) from the ExPool to generate a
final lung cancer risk prediction alongside clinical reasoning. Verified predictions are then

used to update the ExPool and the agents for self-evolution.

longitudinal data, included patients should have an active clinical encounter history exceeding
120 days within the prior five years. Controls were matched to cases based on the index
exam type and date (overlapping within a three-month window) using a 1:10 case-to-control

matching schema.
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The matched cohort was randomly partitioned into mutually exclusive training (n=13,629)
and validation (n=300) sets, with the remainder assigned to a held-out test set. To assess
model performance and generalizability, we constructed two evaluation cohorts via independent
random sampling from this test set: an overall cohort of 1000 patients (90 cases, 910 controls)
encompassing all smoking statuses, and a never-smoker cohort of 835 patients (27 cases, 808

controls).

6.1.2 Data Preprocessing and Temporal Reasoning

To prepare the longitudinal EHR for comprehensive temporal reasoning by Traj-Evolve, we
followed the data preprocessing methodology established in our previous work [220, 222|.
Specifically, multimodal longitudinal EHR were unified into a LLM-friendly XML format and
segmented into chronologically ordered chunks to avoid LLMs’ performance degradation on
long-context data.

Similar to our previous work, Traj-Evolve equips its temporal reasoning capability through
chain-of-agents (CoA) and a long-term episodic memory (LTM). Within this architecture
(Figure 6.1), a sequence of worker agents iteratively processes the time-aware XML chunks. As
each agent reviews a specific temporal window, it updates an accumulated patient summary,
effectively capturing the progression of the patient’s health status over time. Ultimately,
the final worker agent produces a comprehensive unstructured summary that encapsulates
the entire five-year observation period. Simultaneously, these agents identify and extract
salient lung cancer-related clinical events, such as emerging symptoms, relevant diagnoses,
and medical interventions, distilling them into LTM. This episodic memory module filters out
the extensive noise in raw EHR irrelevant to lung cancer, yielding a condensed, structured
timeline of the patient’s longitudinal history. A manager agent then synthesizes the last
worker’s summary alongside the distilled temporal events within the LTM to formulate a
final reasoning trace and risk estimation (an integer between 1 and 10) for lung cancer.

However, while this multi-agent mechanism successfully models the temporal dynamics of

an individual patient’s trajectory, its zero-shot nature treats each patient in isolation, relying
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training data, which then optimizes the worker and manager agents.
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solely on the LLM’s internal knowledge. This diverges from expert clinical practice, which
also relies on past experience on similar patients and reasoning processes (Figure 6.1). To
bridge this gap and emulate experiential learning, we introduce two self-evolving mechanisms

for Traj-Evolve: an evolving experience pool (ExPool) and multi-agent reinforcement learning

(MARL).

6.1.3 Ewvolving Experience Pool (ExPool)

To emulate the accumulation of clinical experience over time, we developed an evolving pro-
cedural memory module termed ExPool (Figure 6.2A). As Traj-Evolve generates predictions
that can be subsequently verified against ground-truth diagnostic status (e.g., confirmed
cancer diagnosis or confirmed benign status), these verified reasoning traces can serve as
experience for future cases. Correct predictions may offer reusable diagnostic patterns, while
incorrect predictions may expose model vulnerabilities and trigger self-reflection. These
data-driven patterns evolve the system beyond its current boundary, forming the self-evolving
capability. To capture the current system’s boundary, i.e., the optimal diagnostic ability, we
constructed ExPool using a rejection sampling approach that selected best-of-N from a set of
roll-out reasoning traces. For each patient in the training set, we generated m independent
reasoning roll-outs utilizing an elevated LLM temperature to induce trajectory diversity. The
optimal reasoning trace for each patient was selected based on prediction accuracy: the trace
yielding the highest predicted risk was chosen for confirmed cases, and the lowest predicted
risk for controls. Notably, these optimal reasoning traces may mix correct and incorrect
predictions, which provides different signals for ExPool. These selected traces populate
ExPool, a vector database where the retrieval keys are the final worker agent summaries
(encoded into embeddings via nomic-embed-text-v1.5 [133]), and the values comprise the
manager agent’s reasoning, predicted risks, and actual diagnostic status. ExPool expands
dynamically as new verified patient trajectories are incorporated.

During inference, ExPool functions using a retrieval-augmented generation (RAG) [100]

mechanism (Figure 6.2A). For each new patient, the final worker summary is encoded using
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the identical embedding model to conduct a similarity search within ExPool. The top k most
semantically similar historical cases (“patients-like-me”) are retrieved. The reasoning traces
and verified diagnostic status of these retrieved patients are then integrated as in-context,
few-shot examples for the new patient’s manager agent. This retrieval process triggers
in-context learning [46], fostering pattern recognition and critical reflection. As ExPool
continuously scales with newly diverse verified patients, the retrieval of highly specific clinical
neighbors becomes increasingly precise, shifting the system from standalone prediction to a

progressively self-evolving predictive framework.

6.1.4 Multi-Agent Reinforcement Learning (MARL)

While ExPool enables retrieval-augmented in-context learning, it does not update the un-
derlying model parameters nor directly optimize the intermediate temporal reasoning steps.
To intrinsically enhance the system’s reasoning and multi-agent collaboration, including the
agent-memory interactions, we implemented a MARL framework (Figure 6.2B). Specifically,
we adopted reward-ranked fine-tuning (RAFT) [45], a reinforcement learning approach that
optimizes models using the reasoning trace with the highest reward among all self-generated
roll-outs.

Parallel to the construction of ExPool, we generated diverse reasoning traces via elevated
LLM temperature roll-outs. Similarly, ground-truth diagnostic labels were utilized as the
reward signal for rejection sampling. However, in MARL, we restricted our training dataset
strictly to correct reasoning traces, defined by a predicted risk score of > 6 for confirmed
cases and < 4 for controls. By filtering for these optimal roll-outs, we ensure the models
learn directly from their most logically sound and clinically accurate reasoning pathways.

To preserve the specialized roles within the framework, the optimization was decoupled for
worker and manager agents. Worker agents were trained using worker’s input-output pairs.
To maintain longitudinal balance, we sampled interactions from the first, the last, and two
randomly selected intermediate worker agents per reasoning trace. This training step explicitly

optimizes sequential inter-agent temporal reasoning and agent-memory collaboration, refining
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how effectively lung cancer-related clinical events are progressively summarized and distilled
into the LTM. Conversely, the manager agent was trained using only manager-specific traces.
This refines its capacity for risk prediction by optimizing how worker summary and the
distilled evidence in LTM are synthesized and aggregated into a final risk estimation.

As the verified patient cohort expands, this MARL approach benefits from larger training
data and drives continuous self-evolution through reinforcing successful temporal reasoning
and collaborative memory distillation to progressively enhance the system’s intrinsic diagnostic

capabilities.

6.1.5 Combining FxPool and MARL

The final Traj-Evolve framework integrates the two complementary self-evolving mechanisms,
ExPool and MARL. While ExPool facilitates few-shot prediction by retrieving patients-like-
me, it does not update underlying model parameters. Conversely, MARL parametrically
optimizes temporal reasoning and agent-memory interactions based on prior experience, yet it
lacks an explicit mechanism to incorporate similar patient cohorts during final risk estimation.
By unifying these approaches, the worker agents and the manager agent are explicitly trained
to temporally reason over the patient trajectory while synthesizing more accurate predictions
derived from retrieved patients-like-me within the ExPool (Figure 6.2C).

To generate the training reasoning traces that incorporate patients-like-me while strictly
preventing data leakage, we implemented a leave-one-out cross-retrieval strategy. For each
patient in the training cohort, the remainder of the training set served as a dynamic ExPool
from which the top £ most semantically similar patients were retrieved during the MARL
roll-out phase. The resultant reasoning traces were subsequently filtered using the established
MARL rejection sampling approach. This methodological synthesis yields optimal traces that
benefit from the augmented context provided by patients-like-me from the dynamic ExPool,
thereby generating potentially better training data compared to MARL in isolation. The
worker and manager agents were subsequently trained using the standard MARL protocol,

while inference was conducted utilizing the standard ExPool RAG methodology.
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6.1.6 FEvaluation and Analysis

We benchmarked Traj-Evolve against a comprehensive suite of baseline models, categorized
into: a traditional clinical risk model (LCRAT) [83]; standard machine learning (ML) models
(logistic regression and XGBoost [32]); sequential deep learning models (RETAIN [37]| and
PatientTM [172]); a specialized clinical BERT-based model (Clinical ModernBERT [99]);
and static LLM-based systems utilizing GPT-OSS-20B [136] with or without long-context
modeling strategies (zero-shot vanilla LLM, RAG, and Traj-CoA [220]).

To ensure feasible and fair comparisons, input data modalities were tailored to each
model’s specific architectural requirements. Standard ML models utilized structured medical
codes, whereas PatientTM incorporated both codes and unstructured clinical texts (i.e.,
clinical notes and radiology reports). For BERT- and LLM-based architectures, we employed
the unified XML-formatted EHR representation that preserved multimodal information,
including codes, free text, and numerical laboratory values. For long sequences exceeding

model context limits, left-truncation was applied to prioritize the most recent clinical records.

Supervised baselines, Clinical ModernBERT, and the MARL-optimized Traj-Evolve were
trained on the same training set. In contrast, the ExPool variant of Traj-Evolve operated in
a few-shot manner, dynamically retrieving “patients-like-me” from the ExPool constructed
using the training set, while zero-shot baselines operated without access to the training set.
Optimal hyperparameter configurations for all trained baselines were determined using the
validation set. During MARL, Traj-Evolve’s worker and manager agents were fine-tuned

using QLoRA [44] for one epoch.

Our primary evaluation focused on binary risk classification. We assessed predictive
performance on the hold-out test sets primarily using the area under the receiver operating
characteristic curve (AUROC), area under the precision-recall curve (AUPRC), and F1-score,
with other metrics including sensitivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV) reported in the Appendix. To quantify uncertainty, we

reported the bootstrap average and standard error for all metrics across 1,000 bootstrap
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iterations.

In secondary analyses, we analyzed the reasoning quality and self-evolving dynamics of
Traj-Evolve. Because Traj-Evolve generates both a quantitative risk score (ranging from
1 to 10) and an explicit natural language rationale, we employed a pairwise LLM-as-a-
judge framework [62]| to compare the clinical validity and reasoning quality of Traj-Evolve’s
rationales against those generated by Traj-CoA and vanilla LLM. Furthermore, to analyze
the system’s self-evolving properties, we tracked predictive performance continuously as the
verified patient cohort dynamically expanded, simulating a real-world, streaming patient

population.

6.2 Results

6.2.1 Lung Cancer Dataset

Baseline demographic, clinical, and lifestyle characteristics of the two test cohorts are sum-
marized in Table 6.1. For overall population, patient trajectories spanned a median of 4.5
years for cases and 3.7 years for controls, and contained tens to hundreds of dated entries
drawn from diagnoses, procedures, laboratories, medications, vital signs, and free-text notes
pulled from UWMC clinical research repository. The per-patient input was also exceptionally
long, with median XML token counts exceeding 60,000 in the overall sample and 80,000
in the never-smoker cases. Time-aware chunking reduced the mean per-chunk token count
to approximately 16,000 (Figure D.1), allowing Traj-Evolve to process the full trajectory
effectively while preserving chronology.

The cohort was clinically heterogeneous across subpopulations. As shown in Figure D.2,
cases had higher frequencies of lung mass, cough, and COPD relative to controls. These
clinical distributions differed significantly between ever-smoker and never-smoker cases: never-
smoker cases exhibited markedly higher rates of lung mass (15.0% vs. 5.8%) and specific
radiographic findings such as ground glass opacity (15.0% vs. 6%). Conversely, ever-smoker

cases presented substantially higher rates of tobacco-related comorbidities, notably COPD
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Table 6.1: Baseline characteristics of cases and controls in the overall and nonsmoker cohorts.

Overall sample

Never-smoker sample

Characteristic Cases (n=90) Controls (n=910) Cases (n=27) Controls (n=808)
Demographics
Age at index date, years, median (IQR) 68 (60-76) 68 (59-78) 74 (64-78) 68 (58-80)
Sex, n (%)
Female 49 (54.4) 423 (46.5) 24 (88.9) 463 (57.3)
Male 41 (45.6) 487 (53.5) 3 (11.1) 345 (42.7)
Race, n (%)
White 74 (82.2) 657 (72.2) 21 (77.8) 572 (70.8)
Black or African American 8 (8.9) 102 (11.2) 0 (0.0) 80 (9.9)
Asian 5 (5.6) 77 (8.5) 6 (22.2) 99 (12.3)
Other? 1(1.1) 28 (3.1) 0 (0.0) 22 (2.7)
Unknown” 2 (2.2) 46 (5.1) 0 (0.0) 35 (4.3)
Ethnicity, n (%)
Hispanic or Latino 4 (4.4) 48 (5.3) 4 (14.8) 47 (5.8)
Not Hispanic or Latino 80 (88.9) 758 (83.3) 23 (85.2) 722 (89.4)
Unknown® 6 (6.7) 104 (11.4) 0 (0.0) 39 (4.8)
Clinical index and EHR history
Index year, median (IQR) 2016 (2014-2018) 2016 (2014-2018) 2018 (2016-2018) 2017 (2015-2018)
EHR look-back duration, years, median (IQR) 4.5 (2.0-4.9) 3.7 (1.1-4.9) 4.2 (2.4-4.8) 4.5 (2.8-4.9)
Time to event, years, median (IQR) 0.5 (0.4-0.7) 0.5 (0.3-0.8)
XML token count, median (IQR) 61678 (26535-151282) 51904 (18429-125871) 84406 (46292-131768) 75070 (35060153 634)
Distinct dated EHR entries, median (IQR) 44 (19-113) 39 (12-95) 74 (30-102) 58 (28-114)
Index exam modality, n (%)
Computed radiography (CR) 45 (50.0) 516 (56.7) 15 (55.6 493 (61.0)
Computed tomography (CT) 45 (50.0) 394 (43.3) 12 (444 315 (39.0)
Index exam body site, n (%)
Chest 59 (65.6) 548 (60.2) 18 (66.7) 550 (68.1)
Abdomen /pelvis 8 (8.9) 135 (14.8) 5 (18.5) 140 (17.3)
Extremity® 5 (5.6) 95 (10.4) 2 (7.4) 49 (6.1)
Other 0 (0.0) 4(0.4) 0 (0.0) 4(0.5)
Missing 18 (20.0) 128 (14.1) 2 (7.4) 65 (8.0)
Low-dose CT lung cancer screening, n (%) 1(1.1) 18 (2.0) 0 (0.0) 0 (0.0)
Clinical text and structured data volume, median (IQR)
Epic notes 10 (0-50) 6 (0-28) 32 (7-58) 20 (8-45)
ORCA notes 2 (0-12) 4(0-13) 0 (0-10) 2 (0-12)
Radiology reports 10 (5-19) 8 (3-14) 9 (6-18) 8 (3-15)
Diagnosis entries 144 (53-340) 118 (34-346) 283 (115-377) 202 (86-451)
Medication entries 52 (9-200) 59 (10-164) 77 (37-173) 72 (23-184)
Procedure entries 118 (37-220) 98 (34-221) 100 (72-170) 124 (52-272)
Laboratory entries 167 (54-538) 177 (49-484) 293 (160-627) 230 (93-577)
Vital-sign entries 28 (0-118) 18 (0-83) 81 (22-172) 61 (24-135)
Lifestyle factors
Smoking status, n (%)°
Current 16 (17.8) 82 (9.0) 0 (0.0) 0 (0.0)
Former 29 (32.2) 180 (19.8) 0 (0.0) 0 (0.0)
Never 11 (12.2) 289 (31.8) 27 (100.0) 808 (100.0)
Passive exposure only 0 (0.0) 2 (0.2) 0 (0.0) 0 (0.0)
Unknown® 34 (37.8) 357 (39.2) 0 (0.0) 0 (0.0)
Alcohol use, n (%)
Current use 16 (17.8) 219 (24.1) 10 (37.0) 285 (35.3)
No current use® 30 (33.3) 260 (28.6) 11 (40.7) 426 (52.7)
Unknown® 44 (48.9) 431 (47.4) 6 (22.2) 97 (12.0)




98

(42.0% vs. 13.3%) and emphysema (28.4% vs. 5.3%). The never-smoker group was also
enriched for female and Asian patients (Table 6.1). Therefore, this heterogeneity requires
robust model, and Traj-Evolve addresses this by learning from experience as verified cohort

accumulates.

6.2.2 Performance Comparison

In the overall study population, the self-evolving strategies of the Traj-Evolve framework
demonstrated superior predictive performance compared with baseline models, highlighting
the value of integrating past experiential learning for complex clinical temporal reasoning
(Figure 6.3A). The combined approach, Traj-Evolve (ExPool+MARL), achieved the highest
overall discrimination (AUROC 0.86; AUPRC 0.32; F1 0.42), surpassing the individual
dynamic ExPool variant (AUROC 0.84; AUPRC 0.32; F1 0.39) and the MARL-optimized
variant (AUROC 0.84; AUPRC 0.31; F1 0.41). Traditional approaches struggled to process
the noisy longitudinal data; the standard clinical LCRAT model and the XGBoost machine
learning baseline yielded notably lower AUROCs (0.69 and 0.76, respectively). Furthermore,
the combined Traj-Evolve model outperformed standard LLM pipelines, including zero-shot
generation (AUROC 0.79) and RAG (AUROC 0.81), suggesting that the dual self-evolving
architecture is better equipped to summarize and predict from complex patient trajectories.

Accurate risk stratification among never-smokers represents a critical clinical challenge due
to the absence of overt traditional risk factors. While baseline models exhibited significant
performance degradation in this subgroup (AUROC LCRAT:0.61; XGBoost:0.71; vanilla
LLM:0.76), Traj-Evolve maintained robust discriminatory power (Figure 6.3B). The integrated
Traj-Evolve (ExPool+MARL) strategy achieved the highest performance in this cohort
(AUROC 0.83; AUPRC 0.28; F1 0.31), while the standalone ExPool strategy (AUROC 0.82;
AUPRC 0.27; F1 0.29) and MARL strategy (AUROC 0.82; AUPRC 0.26; F1 0.26) also
performed strongly. The complementary strengths of these combined mechanisms successfully
avoided the severe degradation seen in traditional models. This sustained accuracy indicates

that the framework effectively identifies and synthesizes nuanced, temporally distant clinical
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events rather than over-relying on a history of smoking.

Beyond quantitative risk stratification, pairwise LLM-as-a-judge evaluations confirmed the
qualitative reasoning superiority of the combined Traj-Evolve (ExPool+MARL) framework
over both the vanilla LLM and the static Traj-CoA architecture. When benchmarked against
Traj-CoA, Traj-Evolve achieved an overall preference rate of 69% (Figure 6.3C), demonstrating
notable strengths in executing complex clinical reasoning (73% win rate), capturing fine-
grained details (69% win rate), and maintaining comprehensive temporal reasoning (68%
win rate). These advantages were similarly robust against the vanilla LLM (Figure 6.3D).
Traj-Evolve’s comparative advantage over vanilla LLM scaled positively with sequence length;
its overall win rate increased consistently as patient records expanded toward 1.5 million
tokens (Figure 6.3E). This scaling behavior underscores the self-evolving framework’s distinct

capacity to distill and synthesize exceptionally long, noisy EHR trajectories.

6.2.3 FEvolving Properties of FxPool

To understand the self-evolving capability of the ExPool, we analyzed its retrieval properties
as the pool of verified patient predictions progressively expanded. Sensitivity analyses
demonstrated that a larger ExPool systematically retrieved more clinically similar historical
cases (Figure 6.4A, B, C). As the pool size increased, the average semantic distance between
index patients and their retrieved neighbors consistently decreased. Furthermore, the retrieved
cohorts exhibited increasing Spearman correlations with the anchor patients in terms of
age and predicted risk scores. The clinical purity of the retrieved neighbors, measured by
concordance in case status, sex, and never-smoking status, also improved as the pool evolved,
remaining well above the expected purity of random retrieval.

This continuous expansion revealed a dynamic evolutionary tradeoff between retrieval
diversity and specificity. By evaluating predictive performance across varying retrieval sizes
(k = 5,10,15) and ExPool size, we observed a shift in the optimal number of retrieved
“patients-like-me” (Figure 6.4D). In the early stages of evolution, when ExPool was relatively

small, larger retrieved cohorts (k = 15) were favored, suggesting that early performance may
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Figure 6.3: Model performance comparison for 1-year patient outcomes. (A)
Performance metrics including AUROC, AUPRC, and F1 score across clinical, machine
learning, deep learning, BERT, and LLM model families for the overall population. (B)
Robustness evaluation showing performance metrics for the targeted nonsmoker population.
(C) Pairwise LLM-as-a-judge evaluation displaying the proportion of Traj-Evolve wins, ties,
and Traj-CoA wins across multiple rubrics: Overall, Correctness, Detail, Reasoning, and
Temporal. (D) Pairwise LLM-as-a-judge evaluation comparing Traj-Evolve and vanilla LLM.

(E) Traj-Evolve average win rate against vanilla LLM scaled by token count.
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rely more on broad pool diversity to capture sufficient context. Conversely, as ExPool matured
and densely expanded, smaller, highly specific cohorts (k = 5) yielded the highest AUROC.
This may indicate that a mature ExPool can prioritizes specificity over diversity, leveraging
highly similar neighbors to minimize noise and maximize few-shot accuracy. Throughout this
progression, the few-shot framework consistently maintained an AUROC above the zero-shot

baseline of 0.814.

6.2.4 Fvolving Properties of MARL

To evaluate the evolving properties of MARL, we tracked the training dynamics and predictive
performance of Traj-Evolve optimized with MARL as it processed an expanding cohort of
verified patient trajectories. By filtering for optimal roll-outs through rejection sampling,
the models learned directly from their most logically sound and clinically accurate reasoning
pathways.

Figure 6.5A illustrates the training loss curves for both the worker and manager agents
across the training iterations. Following the decoupled optimization strategy, both agents
exhibited a sharp initial decline in loss and stabilized thereafter, indicating effective inter-
nalization of successful experience. However, the loss curve of the manager agent quickly
converged, while the worker agent’s loss slowly but continuously decreased with more training
samples. This may indicate that the manager agent’s summarization and prediction ability
can be easier to learn, while the worker agents’ temporal reasoning and collaborative memory
distillation consistently benefitting from more verified patients.

This parameter optimization directly translated to progressive improvements in the overall
risk estimation capability as the system accumulated experience. As depicted in Figure 6.5B,
the framework’s discriminative performance continuously evolved as the number of training
samples increased up to 5,000. Aligning this upward trend with the observed loss dynamics
(Figure 6.5A), we hypothesize that these continuous performance gains are driven by two
synergistic mechanisms: the enhanced predictive accuracy of the manager agent and the

progressively refined temporal reasoning of the worker agents.
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Figure 6.4: Evolution of the ExPool. A, As ExPool size increased, average distance from
each index patient to the retrieved neighbors decreased; B, Spearman correlations in age and
risk score between index patients and retrieved neighbors increased; and C, purity by case
status, sex, and never-smoking status increased. Shaded bands indicate variability across
runs; dashed horizontal lines in the purity panel indicate expected purity under random
retrieval. D, Predictive performance during ExPool evolution, measured by AUROC for
retrieval with k = 5, k = 10, and k = 15 patients. Each point indicates average performance
across 3 runs with different random seeds. Shaded bands indicate uncertainty across runs,

and the horizontal dashed line indicates performance without ExPool (AUROC=0.814).
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Figure 6.5: Evolving MARL performance during agent training. A, Loss curves for
the worker and manager agents across training iterations. B, Model performance as the

number of training samples increases, reflecting accumulated experience during training.

6.2.5 Optimization Properties of Traj-FEvolve

To elucidate how the individual self-evolving mechanisms contribute to the model’s enhanced
discriminative ability, we compared the predicted risk score distributions of the Traj-Evolve

variants against the static Traj-CoA baseline (Figure 6.6).

The ExPool mechanism improves predictive performance primarily through conservative
calibration; it systematically lowers the predicted risk scores of control patients, shifting their
distribution downward relative to the Traj-CoA baseline. However, this broader downward
shift also collaterally lowers the predicted risk for some true cases. Conversely, the MARL
optimization uniquely benefits the system by acting on intermediate predictions. It effectively
lifts the predicted risk scores of cases that initially received ambiguous or middle-range scores

under the static model, pushing them toward a higher, more accurate risk estimation.

By integrating both mechanisms, the combined Traj-Evolve (ExPool + MARL) framework
strikes a critical evolutionary balance. It successfully synthesizes the specificity gained from
ExPool’s suppression of control scores with the heightened sensitivity of MARL’s upward

adjustment for mid-range cases, ultimately yielding a distinctly better separation between
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Figure 6.6: Optimization properties of Traj-Evolve’s self-evolving mechanisms.
Density scatter plots comparing the predicted risk scores of Traj-Evolve variants against the
static Traj-CoA baseline. A, The ExPool mechanism improves discrimination primarily by
lowering the predicted risk scores of controls, though it also slightly depresses scores for some
cases. B, The MARL variant predominantly enhances performance by elevating the risk
scores of cases that previously clustered in the middle range. C, The combined ExPool and
MARL framework achieves a complementary balance. Arrows illustrate the strength of how
Traj-Evolve changes the scores over Traj-CoA (wider means stronger). Scattered points are

presented in a jittered way to facilitate visualization.
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cases and controls for optimal predictive performance.

6.2.6 Case Study

To qualitatively demonstrate the nuanced clinical reasoning capabilities enabled by the
ExPool, we examined the diagnostic trajectory of a 50-year-old Asian female never-smoker
with a history of occupational asbestos exposure. The index patient presented with a normal
pulmonary function test (PFT) and cough in 2015, formally documented asbestos exposure
in 2016, and the discovery of a 16 mm non-calcified left upper lobe (LUL) nodule in 2018,
with normal PFT and absence of pulmonary symptoms. She was subsequently diagnosed
with lung cancer.

Traj-Evolve used information from two of the retrieved 10 patients from ExPool. Patient
8 was a Hd-year-old woman who shared the documented asbestos exposure and progressive
pulmonary fibrosis, but lacked a discrete mass and remained cancer-free after 3 years. Patient
10 was a H7-year-old Asian female never-smoker who presented with an 18 mm LUL mass
and was confirmed to have lung cancer within 6 months.

In its generated reasoning rationale, Traj-Evolve explicitly estimated the index patient’s
risk by comparing her longitudinal trajectory to these retrieved cohorts. The manager
agent identified that the index patient “sits biologically between these extremes”, correctly
weighing the mitigating factor of normal pulmonary function against the high-risk modifiers of
progressive environmental carcinogen exposure and a suspicious nodule. The system assigned
a risk score of 7/10. This case exemplifies how the incorporation of verified clinical experience
enables Traj-Evolve to execute robust, comparative clinical judgment in atypical and highly

challenging clinical presentations.
6.3 Conclusion

In this chapter, we presented Traj-Evolve, a self-evolving multi-agent system for longitudinal
EHR modeling, and applied it to the challenging task of one-year lung cancer risk prediction.

Building upon the temporal reasoning foundation of Traj-CoA, Traj-Evolve introduces two
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Figure 6.7: Case study demonstrating Traj-Evolve (ExPool+MARL)’s reasoning for a never-
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how Traj-Evolve balances the shared signals from retrieved patients and the index patient’s

own characteristics.
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complementary self-evolving mechanisms that emulate the experiential learning intrinsic
to expert clinical practice. The non-parametric ExPool functions as a procedural memory
module, enabling the manager agent to retrieve verified "patients-like-me” and ground its
reasoning in concrete historical precedents. In parallel, the parametric MARL framework
leverages rejection-sampled high-reward trajectories to refine the intrinsic temporal reasoning
of worker agents and the synthesis capability of the manager agent. When unified through
a leave-one-out cross-retrieval training strategy, these mechanisms operate synergistically
rather than redundantly.

Detailed analyses of Traj-Evolve’s self-evolving dynamics revealed that ExPool progres-
sively retrieves more clinically homogeneous neighbors and shifts from a diversity-favoring to
a specificity-favoring retrieval regime as it matures, while MARL exhibits decoupled conver-
gence behavior in which manager-level synthesis is learned rapidly and worker-level temporal
reasoning continues to benefit from accumulating experience. Risk-score-distribution analyses
clarified the complementary mechanistic roles of the two components: ExPool primarily
improves specificity by suppressing inflated control scores, whereas MARL primarily improves
sensitivity by elevating ambiguous mid-range case scores.

Taken together, these results support the broader vision of clinical decision-support
systems that do not remain static after deployment but instead continuously refine their
reasoning as verified patient experience accumulates. By coupling explicit case-based retrieval
with parametric reinforcement of successful reasoning pathways, Traj-Evolve offers a concrete
instantiation of how multi-agent LLM systems can move toward continuously evolving,

experientially grounded clinical temporal reasoning.
6.4 Limitations

Several limitations of this work warrant consideration and motivate future research. First,
our evaluation was conducted within a single-institution retrospective case-control design
at UWMC. Prospective and multi-institutional validation will be essential to characterize

calibration, generalizability across health systems and patient populations, and performance
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under genuine deployment prevalence. Second, the self-evolving mechanisms depend on
ground-truth diagnostic labels for both ExPool population and MARL rejection sampling.
In clinical practice, definitive labels for incident lung cancer may take months to years
to materialize and are subject to verification noise, loss to follow-up, and ascertainment
bias. The current framework also assumes that label-conditioned rejection sampling reliably
identifies the most clinically sound reasoning trace, yet a roll-out with the correct final
prediction does not guarantee correct intermediate reasoning. Incorporating process-level
reward signals [228] may mitigate these issues. Furthermore, although Traj-Evolve generates
explicit natural-language rationales and grounds its predictions in retrieved historical cases,
we did not formally evaluate clinician trust, downstream decision-making impact, or potential
harms arising from over-reliance on retrieved analogues. Rigorous human-factors studies,
fairness audits across demographic subgroups, and prospective evaluations of clinical utility
are needed before such systems can be responsibly deployed. Finally, the present work focused
on one-year incident lung cancer prediction with a five-year look-back window. Extending
Traj-Evolve to other outcomes, longer or shorter prediction horizons, and continuously
updating patient trajectories in true streaming settings will be necessary to establish the

framework as a general-purpose paradigm for self-evolving longitudinal EHR modeling.
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Chapter 7
CONCLUSION AND FUTURE WORK

This chapter concludes the dissertation by summarizing its key contributions, discussing

limitations, and proposing directions for future work.

7.1 Key Contributions

This dissertation set out to develop interpretable and generalizable frameworks for patient
trajectory modeling with longitudinal EHRs. The four aims collectively verified the hypothesis
that models built on the full dynamics of a patient’s history can produce more accurate
predictions than simpler models, and that these predictions and the temporal reasoning
process can be made transparent and robust across diverse clinical contexts. Progressively, the
four aims established the added value of trajectory information, advanced from discrete-time
modeling to continuous-time modeling, and generalized patient trajectory modeling beyond

task-specific models with self-evolving multi-agent systems.

Establishing the added value of trajectory information in a focused clinical setting.
Chapter 3 introduced TrajSurv-mPC, a deep learning framework that predicts post-metastasis
overall survival in progressed metastatic prostate cancer patients, using pre-metastasis serial
PSA values and treatment histories. The central contribution is not a single fixed model, but
evidence that the performance improvement over summary-feature-models can generalize
across cohorts, and that the information embedded in the trajectories can be interpret
through our three complementary analyses, consistent with clinical knowledge. These give us
confidence that the patient trajectory contains robust and useful added value for prediction

in this specific clinical task.
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Advancing from discrete-time modeling to more faithful continuous-time model-
ing. Chapter 4 introduced TrajSurv-Cont, which learns continuous latent trajectories from
irregularly sampled longitudinal EHRs using an NCDE, paired with a TACL objective that
aligns the latent trajectory with the patient’s actual clinical progression. This alignment
improved both accuracy and transparency, and enabled a divide-and-conquer interpretation
that splits the model into feature-to-trajectory and trajectory-to-outcome processes. The
contribution is a viable direction for transparent longitudinal EHR modeling: rather than
interpreting feature values at isolated time points, TrajSurv-Cont explains how the velocities
of clinical features drive the evolution of a latent state and ultimately the outcome, offer-
ing a dynamical perspective that complements existing interpretation tools. Furthermore,
TrajSurv-Cont represents the patient trajectory as a latent trajectory, more expressive than

latent states at single time points.

Generalizing beyond task-specific models with a multi-agent framework. Chapter 5
introduced Traj-CoA, a training-free multi-agent framework that performs temporal reasoning
over long, noisy, and multimodal EHRs. By converting heterogeneous records into a unified,
LLM-friendly representation and decomposing them into time-aware chunks processed by a
chain of worker agents, a manager agent, and a long-term memory module, Traj-CoA separates
local signal extraction from global synthesis and mitigates the long-context limitations of
single-agent LLMs. Traj-CoA’s temporal reasoning ability was shown using data from two
organizations and 15 cancer types. The contribution is a generalizable and interpretable
patient trajectory modeling paradigm that reasons over raw trajectories without task-specific

feature engineering or retraining.

Enabling self-evolution through experience accumulation. Chapter 6 introduced
Traj-Evolve, which extends Traj-CoA with two complementary self-evolving mechanisms:
a non-parametric evolving ExPool that retrieves verified “patients-like-me,” and a MARL

procedure that internalizes successful reasoning patterns into the parameters of the worker
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and manager agents. To our knowledge, this is the first self-evolving multi-agent framework
for longitudinal EHR modeling applied to a real-world clinical prediction task. Traj-FEvolve
demonstrates that a self-evolving design can be combined synergistically with temporal
reasoning and prediction in patient trajectory modeling. Analyses characterized how ExPool
and MARL play complementary mechanistic roles in the model’s evolution. The contribution
is a methodological proof-of-concept of a clinical decision-support system utilizing long
patient trajectory data that does not remain static after deployment but continually refines
its reasoning as verified patient experience accumulates.

Across these four contributions, we found that faithfully modeling the temporal information
in patient histories makes predictions more accurate, more robust, and more interpretable,

and interpretability and generalizability advance together rather than in tension.

7.2 Limitations

Each chapter discusses limitations specific to its methods and datasets. Beyond these, several
limitations cut across the dissertation as a whole and motivate the future work below.
First, the evaluations in this dissertation are predominantly retrospective. TrajSurv-mPC
and TrajSurv-Cont were validated on retrospective cohorts, and Traj-CoA and Traj-Evolve
were evaluated on retrospective case-control designs. Although cross-cohort and cross-
organization evaluation provides meaningful evidence of generalizability, retrospective designs
cannot fully characterize calibration, performance under genuine deployment prevalence, or
behavior under prospective temporal drift. Prospective and multi-institutional validation
remains necessary before any of these frameworks could be considered for clinical use.
Second, the frameworks model patient trajectories at a fixed prediction point with a
bounded look-back window, rather than as continuously updating streams. TrajSurv-mPC
and TrajSurv-Cont produce predictions over time but are trained and evaluated on fixed
observation windows; Traj-CoA and Traj-Evolve reason over a defined history up to an index
date. The online prediction capabilities of these frameworks need to be evaluated in real-world

streaming context.
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Third, the dissertation spans two methodological families, DL-based sequential models
(TrajSurv-mPC and TrajSurv-Cont) and LLM-based multi-agent systems (Traj-CoA and
Traj-Evolve), each with distinct trade-offs. The DL models offer faithful continuous-time
dynamics and quantitative, mechanistic interpretation, but require task-specific training. The
multi-agent systems offer generalizability, multimodality, and natural-language interpretability,
but are difficult to provide probabilistic predictions and often generate interpretations that
are descriptive rather than mechanistic. The dissertation demonstrates each family’s value
but does not unify them.

Finally, interpretability is assessed primarily through validation with known clinical
knowledge, case studies, statistical analyses, and LLM-as-a-judge evaluation. While these
approaches successfully interpret the otherwise black-box models, they do not measure
whether the interpretations actually translate to improved clinician decision-making and
trust. Rigorous human-factors studies and prospective evaluations of clinical utility remain

outstanding.

7.3 Future Work

The four aims of this dissertation suggest a natural next question: what would a general-
purpose framework for patient trajectory modeling look like, one that retains the faithful
temporal dynamics and mechanistic interpretability of the DL-based models while also
achieving the multimodality, generalizability, and experiential learning of the LLM-based
systems? Below we outline two complementary research directions toward this goal, agentic
systems and world models, and position the contributions of this dissertation as preliminary

work along each.

7.8.1 Agentic System for Patient Trajectory Modeling

One promising direction is to build agentic systems that more fully leverage the capabilities of
foundation models for patient trajectory modeling. The motivation is that foundation models

have demonstrated strong general reasoning, instruction-following, and tool-use abilities, and
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that agentic harness including decomposition, memory, planning, reflection, and inter-agent
communication can extend these abilities to long-horizon tasks that exceed what a single
forward pass can handle [212, 114]. Patient trajectory modeling is a natural target for this
paradigm, because a patient’s record is long and heterogeneous, requiring a collection of
capabilities to fully understand and leverage. Traj-CoA and Traj-Evolve are preliminary
work toward this agentic direction. We envision a future system equipped with at least three

properties.

Multimodal longitudinal reasoning To achieve comprehensive modeling of patient
trajectory, the system should jointly reason over multimodal data, including structured data,
texts (e.g., clinical notes and imaging reports), images (e.g., pathology images, radiology
images), time series data, genomics data, and other modalities, integrating them along
timeline. Traj-CoA represents an initial attempt by converting heterogeneous data into
a unified XML format for temporal reasoning. However, a fuller system may choose the
best approach for each modality while aggregate multimodal data in a synergistic way. For
example, specific tools, subagents, or encoder modules may be introduced to incorporate
time series data. Recently, EHR foundation models has been developed to learn from patient
trajectories [171, 229, 224|. Incorporating EHR foundation models into the agentic system
may improve its temporal modeling of trajectory data while retaining agentic reasoning

ability.

Self-evolution In a streaming clinical setting, there are two evolving aspects. First, with
new observations and interventions, the modeling of each patient should be updated. Second,
with more patients seen and verified, experience accumulates and should further improve
the system. Traj-CoA and Traj-Evolve provides preliminary realization of these ideas, but
does not unify them in a streaming setting. From a methodological perspective, future work
could extend self-evolution of the agentic system along several axes including evolving the

agents’ tools and skills over time, incorporating process-level reward signals, and supporting
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continual adaptation in true streaming settings with delayed and noisy labels.

Factual reliability In high-stake clinical settings, the system should be grounded by
evidence and uncertainties without hallucinations. Existing work has designed SFT and RL
training paradigms for medical LLMs that incorporate factual validation using knowledge
graphs or web search [201, 181, 182]. However, how to ensure the factual reliability when
dealing with long and noisy patient trajectory data is unknown. In our experiments, we found
Traj-CoA may be overly assertive in some cases (Section 5.3.4). Future work may design

novel methods to ensure faithful modeling.

7.3.2  World Models for Patient Trajectory Modeling

A second, complementary direction is to learn world models of patients: models that learn
good representations of a patient’s state and of how that state evolves over time. This is
motivated by a line of work showing that learning predictive representations in an abstract
latent space can reflect physical and causal dynamics of the world [97, 150, 16, 18]. This
is particularly appealing for patient trajectory modeling because disease progression and
patient state evolution naturally or under interventions can be regarded as a world modeling
problem, learning representations that simulate patient states over time. TrajSurv-Cont is
a preliminary realization of this idea, showing that patient trajectories can be represented
as latent trajectories from which interpretation of the patient dynamics can be achieved.
However, TrajSurv-Cont requires intermediate supervision signals for the TACL objective,
which deviates from the unsupervised or self-supervised principle of the world models. We

envision three properties for world models for patient trajectory modeling.

Self-supervised learning A patient world model should learn the dynamics of patient
states from longitudinal EHRs without relying on task-specific labels, in the same self-
supervised spirit that underlies JEPA and related architectures (97, 16]. This is both a

conceptual and a practical motivation. Conceptually, learning to predict how a patient’s
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representation evolves, rather than learning a mapping to one labeled outcome, encourages
the model to capture the intrinsic structure of disease progression itself, which can then
transfer across outcomes, prediction horizons, and populations. Practically, labels for many
clinical outcomes are scarce, delayed, or noisily ascertained, whereas unlabeled longitudinal
trajectories are abundant; self-supervised pretraining is what has allowed EHR foundation
models to improve sample efficiency and robustness to distribution shift. Therefore, a next step
for TrajSurv-Cont is to replace the external supervision of survival outcome and SOFA labels
with self-supervised predictive objectives, for example, predicting the latent representation
of a patient’s future state from the representation of observed history, following the JEPA
blueprint [97], so that the alignment between latent dynamics and clinical progression emerges
from the data rather than from a hand-chosen label. While there were emerging research on
JEPA for patient trajectory modeling [211, 8], they are mainly based on EHR foundation
models rather than continuous-time models, which may not fully model the complex patient

dynamics.

Interpretability through intrinsic dynamics Because a world model learns how a
patient’s latent state evolves rather than only a feature-to-outcome mapping, the latent space
itself becomes an object of clinical interpretation. Its geometry, its phenotypic structure, and
the trajectories patients trace through it can be examined and related to clinical knowledge,
offering a window into the intrinsic dynamics of disease progression. This is a different
and complementary form of interpretability from the feature-attribution methods commonly
used for EHR models: instead of asking which features mattered at a single time point, it
asks how a patient’s state is moving and why. TrajSurv-Cont demonstrates that this latent
trajectory view is feasible and interpretable for longitudinal EHRs, with its learned vector
field and trajectory clustering explaining how changes in clinical features drive the evolution
of the latent state and link to the outcome. We expect to see similar interpretability on a

continuous-time patient world model.
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Counterfactual prediction and interventions Finally, because a world model represents
dynamics rather than a single fixed outcome, it can in principle be combined with interventions
and used for counterfactual reasoning, asking how a patient’s trajectory would differ under an
alternative treatment. This capability is central to clinical decision support, since clinicians
routinely weigh how outcomes might change under different management choices. The path
toward this capability has been explored by recent works [165, 171, 126 through simulation
of future trajectories under different intervention options. A patient world model that factors
the effect of interventions on latent dynamics, learning not only how a patient’s state evolves
but how that evolution responds to treatment, would move patient trajectory modeling from
prediction toward interpretable decision support. However, these preliminary efforts leave
gap for future work. For example, existing patient world models do not account for the
time-dependent confounding just like what TE-CDE [165] explicitly models. This may induce

confounding bias from the observational EHR data.

7.8.83  Toward a Unified View

A world model learns the dynamics of patient state evolution, providing a simulator for future
patient trajectories. The agentic model can leverage the strong capabilities of foundation
models to plan, reason, act (e.g., tool-calling), and answer for queries on patient trajectories.
A possible combination of the two is using the agentic system as the configurator module [97]
and the world model as the simulator. For any queries from the user, it can be decomposed
by the agentic model, generating an explicit plan for reasoning and simulating on the patient
trajectories. Then the agentic system can call the world model as a tool to accurately simulate
future patient states possibly under certain counterfactual scenarios. The results are then
returned to the agentic system for further reasoning and answer generation. These steps
can be done in a loop, under a model predictive control (MPC) style [1|. Recent advances
have confirmed the feasibility of such a combination system [207, 202] but still fall short in

previously mentioned properties.
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7.4 Final Remarks

This dissertation began from a simple premise that a patient’s history is a trajectory, not
a snapshot, and that modeling its dynamics well can make clinical prediction models more
trustworthy. The four aims pursued this premise from complementary angles, establishing the
added value of trajectory information, modeling it faithfully in continuous time, generalizing
across tasks and data through multi-agent reasoning, and enabling systems that improve
as they see more patients. A recurring theme is that interpretability and generalizability
need not be sacrificed for one another; in each chapter, modeling temporal information more
faithfully improved accuracy, transparency, and robustness together.

The frameworks developed here are steps, not destinations. The trajectory of the field
is encouraging. As foundation models, agentic systems, and world models mature, the
tools available for modeling patient trajectories are becoming both more capable and more
amenable to interpretation. It is my hope that this dissertation contributes, in a modest way,
to a future in which AT tools for longitudinal EHRs are trusted not because they are accurate

alone, but because clinicians can see how they reason about the unfolding story of a patient’s

health.
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Appendix A
TRAJSURV-MPC

A.1 Datasets

A.1.1 Data Curation

All variables in the original MSK data were manually extracted via chart review.

Variables in the original VA data were curated in a mixed way. The detection of metastasis
and Gleason scores was extracted through natural language processing (NLP) algorithms.
Treatments and demographics were existing variables in the patient’s electronic medical
records. The AJCC stage was obtained from the cancer registry. As for the treatments, ADT
groups the use of orchiectomy, leuprolide, goserelin, triptorelin, histrelin, buserelin, degarelix,
or relugolix, and AAT groups the use of flutamide, bicalutamide, nilutamide, enzalutamide,

apalutamide, darolutamide, or abiraterone.

A.1.2 MSK Cohort

The MSK cohort was derived from a larger cohort of 16,025 patients from Memorial Sloan
Kettering Cancer Center with localized prostate cancer treated with radical prostatectomy
(RP) between 2000 and 2022. Time of administration of the first salvage therapy after
biochemical recurrence (BCR, defined as two consecutive PSA measures not lower than 0.1
ng/mL at least 3 months after RP) and time of clinical diagnosis with mPC were recorded,
as were time of death and last follow-up. The metastasis was identified manually from the
patient’s medical records.

We identified 403 progressed metastatic patients for the MSK cohort in this study. Patients

were excluded if they had fewer than three PSA measurements or developed metastasis
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within one year of RP. The baseline clinical features included pre-RP PSA, age, pathologic
Gleason score, pathologic T-stage, surgical margins, lymph node involvement, and Charlson
Comorbidity Index (CCI). The PSA trajectory involved PSA measurements following RP
and before metastasis. The treatment information included the time of administration of the

first salvage therapy, including radiation therapy (RT), hormone therapy (HT), or both.

A.1.3 VA Cohort

The VA cohort was derived from a larger cohort of male veterans at risk of prostate cancer
who received VA care on at least two or more visits between 2005 and 2020 and had a
minimum of five years of follow-up. Localized prostate cancer cases were identified, and
clinical /demographic data were obtained from the VA Multi-OMICS Analysis Platform
for Prostate Cancer (VA-MAPP) database housed on the VA Informatics and Computing
Infrastructure (VINCI) server [189]. Serial PSA measurements and the first initiation of
each prostate cancer therapy, including RP, RT, anti-androgen therapy (AAT), and androgen
deprivation therapy (ADT), were recorded. The metastasis was identified and recorded
through a natural language processing (NLP) algorithm deployed on oncology, urology, and
radiology clinical notes [12].

We identified 9,984 progressed metastatic patients for the VA cohort in this study. Patients
were included if they were in the VA Central Cancer Registry (VACCR), diagnosed with
localized prostate cancer between 01/01/2005 and 01/01/2019, and developed metastasis
before 07/30/2024. Similar to the MSK cohort, patients with fewer than 3 PSA measurements
between diagnosis and metastasis or a time from localized disease diagnosis to metastasis of
less than 1 year were excluded.

The baseline clinical features were measured at localized disease diagnosis, including CCI,
Gleason score, body mass index (BMI), AJCC overall stage, age, and race and ethnicity. All
PSA measurements following localized disease diagnosis and before metastasis were extracted.

The treatment information included the time of initiation of RP, RT, AAT, and ADT.
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A.1.4 Data Preprocessing and Feature Extraction

The model input of TrajSurv-mPC consisted of the pre-metastasis patient data, which
included: baseline clinical features, longitudinal PSA trajectories, and treatment histories
before the detection of metastasis. To prepare these data and account for the inherent
irregularities of real-world EHRs, several preprocessing steps were performed. To handle
the irregularly sampled PSA trajectories (Table A.2, A.4), PSA values were log-transformed
(log(PSA+1)) and linearly interpolated to regular monthly intervals.

For treatment histories, we utilized the first documented initiation of each therapy.
Treatment trajectories were encoded for each therapy as binary monthly indicators (0=pre-
initiation, 1=post-initiation). If a specific treatment was not recorded in the EHR, we
assumed the patient did not receive it. Because the data were extracted via manual chart
review or from comprehensive, integrated networks in VA, where records are linked across
network facilities, we assume that patients with complete diagnosis and metastasis records
were actively receiving care, hence minimizing the impact of incomplete follow-up windows.

The combination of PSA and treatment trajectory formed a sequential multivariate time
series data, which we called the patient trajectory. Specifically, the patient trajectory in the
MSK cohort had 3 dimensions (logPSA, RT, and HT'), while the patient trajectory in the VA
cohort had 5 dimensions (logPSA, RP, RT, AAT, and ADT). Missing baseline clinical features
were imputed using the mean for continuous variables or the mode for categorical variables,
after which all baseline features were standardized. The missingness burden for these baseline
clinical features was exceptionally low. The MSK cohort had 0.0% missingness across all
baseline features (Table A.1). The VA cohort exhibited minimal missingness, limited to
AJCC overall stage (4.1%), BMI (4.1%), and Gleason score (2.1%) (Table A.3). The primary
outcome was OS from the detection of metastasis, with data censored at the last follow-up in
MSK data or 07/30/2024 in VA data.

To establish a performance benchmark and highlight the added value of using the full

patient trajectory, we developed several standard machine learning models for comparison.
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These comparison models utilized the same set of baseline clinical features as TrajSurv-mPC,
but were supplemented with a set of summary features derived from the longitudinal data.
For the MSK cohort, the summary features included: time to BCR, time to metastasis,
the type of salvage therapy administered, time to salvage therapy, the inverse of the PSA
doubling time, and PSA values measured at BCR, at metastasis, and the highest recorded
level. For the VA cohort, the summary features included: time to metastasis, indicator
variables for the utilization of each therapy, time to each therapy, and PSA values at diagnosis,
at metastasis, and the highest and lowest observed levels. Following extraction, all features

were standardized before model training.

Table A.1: Missingness of baseline clinical features in the MSK cohort.

MSK Baseline Clinical Features Missingness (n, %)

Age at RP 0, 0.0%
CCI 0, 0.0%
Lymph node involvement 0, 0.0%
Pathologic Gleason score 0, 0.0%
Pathologic T-stage 0, 0.0%
Pre-RP PSA 0, 0.0%
Surgical margins 0, 0.0%

Table A.2: PSA trajectory characteristics in the MSK cohort.

MSK PSA Trajectory Characteristics Value
PSA measurements per patient, Median (IQR) 18.0 (10.5 — 28.0)
PSA trajectory duration in months, Median (IQR) 54.9 (32.6 — 92.9)

Time Gap between consecutive PSA measurements in months, Median (IQR) 2.7 (1.2 - 3.7)
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Table A.3: Missingness of baseline clinical features in the VA cohort.

VA Baseline Clinical Features Missingness (n, %)

AJCC overall stage 414, 4.1%
Age 0, 0.0%
BMI 412, 4.1%
CCI 0, 0.0%
Gleason score 213, 2.1%
Race/ethnicity 0, 0.0%

Table A.4: PSA trajectory characteristics in the VA cohort.

VA PSA Trajectory Characteristics Value
PSA measurements per patient, Median (IQR) 14.0 (9.0 - 23.0)
PSA trajectory duration in months, Median (IQR) 70.1 (40.3 — 107.6)

Time Gap between consecutive PSA measurements in months, Median (IQR) 3.4 (2.1 -6.0)

A.2 DMethod

A.2.1  TragSurv-mPC Framework

TrajSurv-mPC employs a sequential-model-agnostic deep learning framework to effectively
capture temporal dependencies within clinical features and patient trajectories. We imple-
mented this framework using both unidirectional long short-term memory (LSTM) networks
[68] and causal Transformer encoder [186] architectures.

A key feature of both implementations is the unified integration of static baseline data
and dynamic trajectory data. A patient’s baseline clinical features are first passed through
fully connected layers (FCs) to create an initial state representation. For the LSTM, this

representation is used to initialize the hidden and cell states. For the Transformer, it
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serves as the prefix (the first token) of the sequence. Subsequently, the sequential patient
trajectory (logPSA and treatments) is processed at monthly intervals. For the Transformer
implementation, we applied Rotary Position Embedding (RoPE) [178] and causal attention
masking to the sequence. The causal masking ensures the model strictly adheres to the
temporal flow of the patient’s history, allowing predictions at any given month to depend only
on the prefix and preceding trajectory data, effectively preventing future information leakage.

The primary objective for both architectures is survival prediction. The final sequence
representation, which serves as a comprehensive summary of the patient’s status at the time
of metastasis, is fed into a non-linear Cox proportional hazards model [38, 84|. This is trained
using a partial likelihood loss [38].

To enhance the ability to learn from temporal dynamics, both TrajSurv-mPC imple-
mentations incorporate a multi-task learning strategy [230] with two auxiliary objectives.
Specifically, FCs are applied at each time step to predict the subsequent month’s PSA value
and the probabilities of treatment initiation. These auxiliary tasks are trained with a mean
square error loss for the continuous PSA prediction and a binary cross-entropy loss for the
probabilistic treatment initiation prediction. By explicitly learning these auxiliary tasks,
TrajSurv-mPC is forced to better capture the temporal dependencies underlying the trajectory,

improving the clinical relevance and accuracy of the primary survival prediction.

A.2.2  Synthetic Patient Generation in Simulation Study

We created five simulated post-RP patient groups that each emulate a different clinically
important treatment pattern and PSA history and evaluated TrajSurv-mPC’s predictions in
each group. The five groups were as follows: patients with no salvage treatment exposure
(No Treatment), patients receiving treatment with no PSA response (No Response), patients
receiving treatment with response followed by instant recurrence (Response and Recurrence),
patients receiving treatment with short-term sustained response (Short-Sustained Response),
and patients receiving treatment with long-term sustained response (Long-Sustained Re-

sponse). We hypothesize that TrajSurv-mPC will predict different average levels of risk for
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each of these groups, with No Response having the greatest risk and Long-Sustained Response
having the lowest risk.

For each group, we generated 1,000 patients. The baseline clinical features of each synthetic
patient were randomly sampled with replacement from the MSK cohort. To generate the
monthly PSA trajectory of each synthetic patient, we first randomly sampled the following
parameters from the MSK cohort for each patient: the average slope of pre-metastasis logPSA
(denoted by v), initiation time of salvage therapy (denoted by t), and the time from salvage
therapy to the detection of metastasis (denoted by d). The time of metastasis was then
derived T' =t + d. The treatment trajectory of the No Treatment group was a constant zero
trajectory, and we generated the treatment trajectories for other groups using the initiation
time of salvage therapy ¢ following the same data preprocessing procedure of TrajSurv-mPC.
We then mathematically defined the monthly PSA trajectories (logPSA y against month m)

of the five groups to simulate a post-RP scenario similar to the MSK cohort:

(

v-m, m<T (No Treatment)
v-m, m<T (No Response)
(
V-m, m <t

(Response and Recurrence)

v= v-(m—t), t<m<T
\
(
v -m, m <t
0, t<m<t4+6d (Short or Long Sustained Response)

\ \v-(m—t—@d), t+0d<m<T

where 6 = 0.25 for the Short-Sustained Response group and 6 = 0.75 for the Long-
Sustained Response group. Therefore, a synthetic patient consisted of three independently
generated components: a sampled baseline clinical feature, a treatment trajectory, and a
generated PSA trajectory. The choice of independent sampling was subject to the practicality

and feasibility of the simulation study to probe TrajSurv-mPC’s behavior during temporal

aggregation. We acknowledge that this simulation strategy, which prioritizes variable control,
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does not fully emulate real patients. This sampling process is illustrated in Figure 3.4A. For

each group, we obtained the final predicted risk scores of the patients.
A.3 Experiments

A.3.1 Software Implementation

TrajSurv-mPC and DeepSurv were developed using pycox 0.3.0 [92]. CoxPH, RSF, and
Boosting were developed using scikit-survival 0.21.0 [147]. All experiments were conducted

using Python 3.10.

A.3.2  Ablation Study

To evaluate the contribution of TrajSurv-mPC’s components, we conducted an ablation study
on the MSK cohort using LSTM as the backbone. We systematically removed the baseline
clinical features and auxiliary losses (TrajSurv-O), both auxiliary losses (TrajSurv-B), the
continuous PSA prediction loss (TrajSurv-T), and the treatment initiation prediction loss
(TrajSurv-P), and compared their performance with TrajSurv-mPC.

The removal of baseline clinical characteristics in TrajSurv-O resulted in a C-index of 0.625,
a notable decrease compared to the C-index of 0.682 achieved by TrajSurv-B. This underscores
the significance of incorporating baseline clinical characteristics as the initial patient state.
Furthermore, the models with individual auxiliary losses, TrajSurv-T (C-index=0.705) and
TrajSurv-P (C-index=0.691), both outperformed TrajSurv-B. This demonstrates that the
auxiliary tasks of predicting PSA trajectory and treatment initiation are effective in capturing
the temporal dynamics of the disease. The complete TrajSurv-mPC model, which integrates

all components, achieved the highest performance.
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Table A.5: Architectural comparison between TrajSurv-mPC (LSTM) and TrajSurv-mPC

(Transformer).

Model

Common

Differences

TrajSurv-mPC
(LSTM)

TrajSurv-mPC

(Transformer)

Same baseline features and PSA
trajectories

Same input-output setting
Same multi-task learning
objectives

Same survival prediction loss

e LLSTM as the sequential model

e Baseline features initialize the
hidden and cell states

e Unidirectional LSTM

e Transformer encoder as the se-
quential model

e Rotary position embedding
(RoPE) to improve dependency
modeling

e Baseline features serve as a prefix
token in the sequence

e Causal attention masking
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Appendix B
TRAJSURV-CONT

B.1 Additional Results

B.1.1 Model Calibration

To assess TrajSurv-Cont’s calibration, we generated calibration plots across quartiles of
follow-up times on MIMIC-III data. Figure B.1 illustrates that TrajSurv-Cont’s predicted
risk scores align well with observed outcomes at the median follow-up time but show slight
underestimation at the 25% quartile and slight overestimation at the 75% quartile. Overall,

TrajSurv-Cont’s calibration is competitive with other methods.

B.1.2  Phenotypic Properties of Latent Space

To visually examine the phenotypic properties of the clinically aligned latent space, we plotted
the dominant phenotypes and corresponding severity across regions in the latent space on
MIMIC-IIT data. For each region, we averaged the SOFA component scores of the 50 nearest
latent states, effectively representing the typical phenotype within that area. The dominant
phenotype is then obtained from the highest average SOFA component in that region. As
shown in Figure B.2, distinct regions in this space represent different clinical phenotypes,
while close states reflect consistent dominant phenotypes and severity. For instance, the lower
corner of the latent space corresponds to severe cardiovascular conditions. This demonstrates
that the proximity in TrajSurv-Cont’s latent space indicates similar patient phenotypic

patterns.
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B.1.3  Feature Importance and Relevance of All Features

Figure B.3 and B.4 show the full feature importance and relevance figures from the vector field
interpretation on MIMIC III. We note that these average patterns obtained from data-driven

analysis should be carefully interpreted and should not be directly used in clinical practice.

B.1.4 Interpretation Method Comparison

TrajSurv-Cont’s interpretation is a two-step process: (1) vector field interpretation for the
feature-to-trajectory mapping, and (2) latent trajectory clustering for the trajectory-to-
outcome linkage. The vector field interpretation offers insights distinct from, yet complemen-

tary to, methods like SHAP [116] or permutation importance [14]:

e [t explains how changes in clinical features dynamically influence the magnitude and

direction of the patient’s latent trajectory over continuous time.

e It allows assessment of feature relevance by measuring how similarly features drive this

trajectory evolution via cosine similarity of vector field columns.

Table B.1 compares different interpretation methods. We highlight that TrajSurv-Cont
combines vector field interpretation with latent trajectory clustering, hence enabling end-to-

end interpretation from a dynamical perspective.
B.1.5 Additional Experiments on Model Generalization
We conducted additional experiments on TrajSurv-Cont’s generalization using the MIMIC-III

dataset. The results demonstrate TrajSurv-Cont’s robustness across different settings.

Full vs. Reduced Data We compared the full data (hourly data from the raw database)
and the reduced data (only including hours with more than 20 observed features). The

C-index is 0.806 on the full data and 0.803 on the reduced data, with about 3 times faster
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training on the reduced data. Therefore, we used reduced data during our experiments, which

achieves computational efficiency while preserving fair comparison.

Short Trajectory We performed an experiment using only the data between 18 and 36
hours after admissions, rather than the full 36-hour data in the main paper. TrajSurv-Cont
achieves a C-index of 0.788, compared to 0.803 with 36-hour data, indicating robustness

despite information loss.

Limited Training Data To assess performance with limited training data, we experimented
with a 20% training, 40% validation, and 40% test split on MIMIC-IIT data. TrajSurv-Cont
achieves a C-index of 0.752, compared to 0.746 of RSF, demonstrating generalizability even

with reduced training data.

B.1.6 Interpolation Method

TrajSurv-Cont employs cubic Hermite splines with backward differences for input path
interpolation. This is recommended by prior NCDE literature [86, 125] for its smoothness,
online processing capability, and efficient integration. To explore alternatives, we experimented
with rectilinear interpolation, which is also an online method, yielding a C-index of 0.789,

slightly below TrajSurv-Cont with cubic splines (C-index 0.803).
B.2 Experimental Details

B.2.1 MIMIC-III Cohort

The MIMIC-III cohort includes 20,258 hospital admissions and 53 clinical features in 1-
hour resolution. The dataset has 1,743 events. The 53 clinical features were the lab
and chart events with top occurrence and demographics. The clinical features include
arterial blood pressure diastolic, arterial blood pressure mean, arterial blood pressure systolic,
alanine aminotransferase, alkaline phosphatase, anion gap, aspartate aminotransferase, base

excess, basophils, bicarbonate, bilirubin total, calcium total, calculated total carbon dioxide,
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chloride, creatinine, central venous pressure, eosinophils, free calcium, glucose, heart rate,
hematocrit, hemoglobin, international normalized ratio, lactate, lymphocytes, magnesium,
mean corpuscular hemoglobin, mean corpuscular hemoglobin concentration, mean corpuscular
volume, monocytes, oxygen saturation, pulmonary artery pressure diastolic, pulmonary artery
pressure mean, pulmonary artery pressure systolic, partial pressure of carbon dioxide, pH,
phosphate, platelet count, partial pressure of oxygen, potassium, potassium whole blood,
prothrombin time, partial thromboplastin time, red cell distribution width, red blood cell
count, respiratory rate, sodium, temperature, urea nitrogen, white blood cell count, gender,
age, and body mass index.

The MIMIC-IIT cohort is inherently irregularly sampled. For computational feasibility
and a fair comparison with baselines, we only included hourly time points where more than
20 features were observed. This cohort has an average of 4.02 hourly clinical observations per
patient within the first 36 hours and an overall feature missingness rate of 57.7% across all

time steps.

B.2.2 eICU Cohort

The eICU cohort includes 116,503 hospital admissions and 53 clinical features in 1-hour
resolution. The dataset has 7,958 events. The clinical features include basophils, eosinophils,
lymphocytes, monocytes, polymorphonuclear leukocytes, alanine aminotransferase, aspartate
aminotransferase, blood urea nitrogen, fraction of inspired oxygen, bicarbonate, hematocrit,
hemoglobin, mean corpuscular hemoglobin, mean corpuscular hemoglobin concentration, mean
corpuscular volume, mean platelet volume, prothrombin time, international normalized ratio,
red blood cell count, red cell distribution width, white blood cell count (x1000), albumin,
alkaline phosphatase, anion gap, bedside glucose, calcium, chloride, creatinine, glucose,
magnesium, pH, partial pressure of carbon dioxide, partial pressure of oxygen, phosphate,
platelet count (x1000), potassium, sodium, total bilirubin, total protein, temperature, arterial
oxygen saturation, heart rate, respiration rate, central venous pressure, end-tidal carbon

dioxide, systemic arterial systolic pressure, systemic arterial diastolic pressure, systemic
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arterial mean pressure, pulmonary artery systolic pressure, pulmonary artery diastolic pressure,
pulmonary artery mean pressure, age, and body mass index.

The eICU cohort is also inherently irregularly sampled, and similarly preprocessed. This
cohort has an average of 3.15 hourly clinical observations per patient within the first 36 hours

and an overall feature missingness rate of 55.0% across all time steps.

B.2.3  Hyperparameter Tuning

Hyperparameters were tuned on the validation set. Specifically, for TrajSurv-Cont, we
conducted a random search [19] to tune the hyperparameters. The searching space of key
hyperparameters is shown in Table B.2. The search ranges were informed by common
practice, prior work (e.g., k1 based on Rank-N-Contrast [223]), and empirical observations.
Hyperparameters were tuned for the highest C-index on the validation set, with early stopping

(patience 5) to prevent overfitting.

B.2.4  Optimization

We used AdamW [113] to optimize TrajSurv-Cont. For the NCDE module, we used the
torchede package with torchdiffeq backend. We trained TrajSurv-Cont for 100 epochs, with

early stopping based on the C-index on the validation set, with patience 5. TrajSurv-Cont’s

training and evaluation were performed on a single NVIDIA Tesla T4 or RTX 2080 Ti GPU.

B.2.5  Comparison Methods Implementation

All baseline models underwent hyperparameter tuning using grid search on the validation
set. For CoxPH, RSF, and Boosting, we used the implementations in the scikit-survival

library [147]. For RDSM, we used the auton-survival package [131]. DDH and SLODE were

implemented using the authors’ original publicly available code.
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Figure B.1: Calibration plot comparing TrajSurv-Cont with RSF, SOFA, and RDSM at (A)
25% quartile, (B) median, and (C) 75% quartile follow-up time.

B.3 More Background Information

B.3.1 Neural Controlled Differential Equations

Neural controlled differential equations (NCDEs) extend neural ordinary differential equations
(NODEs) to handle incoming data in an irregularly sampled time series setting. NCDEs
leverage the mathematical framework of controlled differential equations (CDEs) to provide
continuous-time modeling that dynamically adapts to data observations. A key advantage of
NCDEs is their ability to utilize adjoint backpropagation for efficient training. The training
of NCDEs has an overall memory footprint of O(L + H), where L = t,, — t, and H is the
memory footprint of the vector field. This contrasts previous work on NODEs for time series,

which requires O(LH) memory. [86]

B.3.2  Dynamic Time Warping

Dynamic Time Warping (DTW) is a technique used to measure the similarity between two
time series of different lengths or varying speed. Previous work has also extended DTW
to series of latent states, called dynamic state warping [61]|, which is similar to our latent
trajectory clustering. The core of DTW involves constructing a cost matrix where each cell

(1,7) represents the distance between points in the two time series, and then finding the



175

optimal warping path through this matrix. The accumulated cost matrix D is built using the

following recursive formula:

D(i,j) = cost(i,j) + min[D(i — 1,7),D(i,j — 1), D(i — 1,5 — 1)],

where cost(i, 7) is the distance between the i-th and j-th points of the two respective time
series. The final DTW distance is the value of D(n,m), where n and m are the lengths of
the two time series.

In our latent trajectory clustering, the time series in DTW are the hourly extracted latent
states from the continuous latent trajectories and the cost is the L2 distance between latent

states.
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the average severity (SOFA component) of the dominant phenotypes.
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Figure B.4: Heatmap of the cosine similarities between clinical features from the average

vector field.
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Table B.2: Hyperparameter Tuning Ranges. Bold values indicate the final selected hyperpa-

rameters.

Hyperparameter Range

« [0.75,1.0, 1.25]
K1 1,2]

Ko 10, 30, 50]

5 10, 20]

d, 32, 64]
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Appendix C
TRAJ-COA

C.1 UWMC Study

C.1.1 Full Results

Table C.1 presents the complete results for our method, Traj-CoA, alongside BERT and
LLM-based baselines. Traj-CoA, configured with a maximum chunk size of 8k, achieves the
highest AUROC (0.753 — 0.771), outperforming all BERT-based and LLM baselines.

While we observe a divergence between AUROC and AUPRC scores, we argue that AUROC
is the more appropriate primary metric for this clinical prediction task. Recent work by
McDermott et al. [120] demonstrates that while AUROC favors model improvements uniformly
across all positive samples, AUPRC can be a misleading metric that disproportionately rewards
improvements for samples assigned high scores. In the context of cancer risk prediction,
the clinical cost of false negatives is exceptionally high, making the correct classification of
lower-scoring, at-risk individuals paramount. Since AUPRC’s prioritization runs counter to
this clinical need [120], we assert that Traj-CoA’s superior performance on the more robust

and relevant AUROC metric is the most significant finding.

C.1.2 Preliminary Results of Fine-tuning Traj-CoA

To investigate if further training could enhance the predictive performance of Traj-CoA, we
conducted a preliminary study using rejection sampling fine-tuning (RFT) [218]. While our
initial results are promising, we caution that these findings are exploratory. A systematic
application of this method would necessitate a rigorous experimental design and extensive

hyperparameter tuning to ensure robust and generalizable improvements.
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Table C.1: Full performance comparison of BERT-based and LLM baselines and Traj-CoA

on the lung cancer risk prediction task using the left or middle truncation strategy.

Model Family Model Prediction method Context Window Truncation AUROC AUPRC Precision Recall F1
8k Left 0.734 0.256 0.323 0.357 0.339
Clinical ModernBERT BERT SFT
8k Middle 0.749 0.310 0.367 0.393 0.379
4k Left 0.627 0.133 0.191 0.444  0.267
8k Left 0.668 0.211 0.370 0.357 0.364
16k Left 0.738 0.251 0.266 0.607 0.370
32k Left 0.739 0.249 0.313 0.357 0.333
64k Left 0.737 0.235 0.233 0.500 0.318
Vanilla Zero-shot
4k Middle 0.646 0.139 0.169 0.393 0.237
8k Middle 0.647 0.171 0.217 0.357 0.270
16k Middle 0.732 0.256 0.500 0.250 0.333
32k Middle 0.743 0.242 0.345 0.357 0.351
64k Middle 0.714 0.214 0.237 0.500 0.322
MedGemuma 1k x 32 - 0753 0208 0221 0607 0324
2k x 16 - 0.740 0.224 0.313 0.357 0.333
RAG Zero-shot
4k x 8 - 0.731 0.190 0.247 0.643 0.356
8k x 4 - 0.735 0.179 0.215 0.500 0.301
8k x 5 Middle 0.753 0.203 0.262 0.393 0.314
8k x 10 Middle 0.765 0.205 0.217 0.750 0.336
8k x 15 Middle 0.764 0.233 0.291 0.571  0.386
Traj-CoA  Zero-shot 8k x 20 Middle 0.771 0.214 0.255 0.500 0.337
2k x 40 Middle 0.724 0.168 0.131 0.893 0.228
4k x 20 Middle 0.733 0.174 0.203 0.464 0.283
16k x 5 Middle 0.754 0.204 0.163 0.857 0.274

Training Data Generation We generated a high-quality dataset for RFT using a rejection
sampling methodology, beginning with an initial pool of 500 cases and 500 controls from
the training set. For each patient, we generated four candidate reasoning trajectories using
Traj-CoA (8k x 15 chunks setting) with a high sampling temperature of 1.5. A trajectory is
defined as the sequence of inputs and outputs from all worker and manager agents during a
single forward pass.

To select for high-quality reasoning, we applied the following rejection criteria: for cases,

we retained the trajectory that produced the highest predicted risk score, provided it was
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greater than 6; for controls, we retained the trajectory yielding the lowest score, provided it
was less than 4. From each retained trajectory, we constructed RF'T samples by compiling the
input-output pairs from the first and last worker agents, two randomly sampled intermediate
worker agents, and the manager agent. This process yielded a final RFT dataset comprising

2,223 instruction-tuning samples for fine-tuning both agent types.

RFT We fine-tuned the MedGemma-27B model using supervised fine-tuning (SFT). For
memory efficiency, we employed QLoRA [44] with 4-bit quantization, implemented with the
Unsloth [42] and Huggingface TRL [188] libraries. The LoRA rank and a were both set to
32. The model was trained for 3 epochs on two A100 GPUs, using a per-device batch size of
2 and 8 gradient accumulation steps, resulting in an effective batch size of 32. Because the
RFT dataset contained a mixture of data for both worker and manager agents, the single

fine-tuned model serves as a unified base for both agent types in our framework.

Preliminary Results As shown in Table C.2, RFT leads to a notable performance gain
for Traj-CoA. For example, when configured with a 16k x 5 context window, RFT improves
the AUROC from 0.754 to 0.789. This result suggests that fine-tuning on data generated via

rejection sampling is a promising direction for enhancing model performance.

Table C.2: Preliminary results for training Traj-CoA.

Model Family Model Prediction Context AUROC Precision Recall F1
Method  Window

Traj-CoA Zeroshot 8k x 15 0.764 0291 0571  0.386
MedGemma .. coA w/ RFT  RFT 8k x 15 0.775 0.262 0571  0.360
278

Traj-CoA Zero-shot 16k x 5 0.754 0.221 0.607  0.324

Traj-CoA w/ RFT RFT 16k x 5 0.789 0.241 0.714  0.360
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C.1.3 Case Study

We present a deidentified case study of Traj-CoA’s final output O for a case patient. As
shown in Table C.3, the patient is an elderly female with multiple comorbidities (e.g., COPD,
cognitive impairment) and established risk factors, including an advanced age and a history
as a former smoker. She recently had an emergency room visit for shortness of breath and a
chest X-ray with a “prominent interstitial pattern,” both of which are non-specific and could
be attributed to her existing conditions. Traj-CoA demonstrates its ability to synthesize
this heterogeneous information effectively. It correctly identifies that the combination of
long-term risk factors and persistent, concerning symptoms warrants a high-risk assessment
(8/10), showcasing its capability to produce predictions grounded in a holistic view of the

patient’s trajectory.

C.1.4 Error Analysis

We conducted a qualitative analysis of the three false-negative cases, which were identified
using a predicted risk threshold of 5.0. To investigate the model’s failure modes, we performed
a manual chart review of each patient’s 5-year longitudinal EHR data preceding the index
exam. This analysis of why Traj-CoA assigned erroneously low-risk scores aims to reveal its
limitations and guide future improvements.

Case 1 is a patient in her early 70s with a complex medical history that includes a
>40 pack-year smoking history, COPD, and pulmonary hypertension. While the patient
presented with persistent cough, dyspnea, and chest pain, recent imaging showed no suspicious
findings and indicated resolving pneumonia. Traj-CoA reasoned that these symptoms were
manifestations of her known comorbidities, assigning a low predicted cancer risk of 3/10.

Case 2 is a patient in her 50s with a medical history notable for chronic cough and
long-term immunosuppression due to arteritis. Although a PET-CT three years prior revealed
a small nodule, the patient is a never-smoker with no family history of cancer, and subsequent

CT scans showed no new suspicious nodules. Traj-CoA likely discounted the historical nodule
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due to its long-term stability and the patient’s otherwise low-risk profile, assigning a low
predicted cancer risk of 4/10.

Case 3 is a patient in her early 70s with a medical history that includes severe obesity,
hypertension, and asthma. The patient reported a chronic cough and repeated exposure to
fumes. She is a lifelong nonsmoker, and interim exams noted clear lungs. Traj-CoA correctly
identified the exposure to fumes as a lung cancer related event, but attributed respiratory
complaints to asthma and likely over-weighted the patient’s nonsmoker status and negative
exam results, thus assigning a low predicted cancer risk of 2/10.

In conclusion, our error analysis identifies two key limitations of the proposed model.
First, as shown in all three cases, Traj-CoA demonstrates a tendency to over-rely on
recent, benign imaging results, which can lead to poorly calibrated risk assessments that
fail to accurately capture a patient’s true risk. Second, as shown in cases 2 and 3, Traj-CoA
may underestimation of risk within the never-smoker subpopulation, suggesting the
model does not adequately capture the distinct predictive factors relevant to this group (e.g.,
environmental or occupational exposures) [33].

These findings highlight opportunities for future research. To address miscalibration,
future methods may incorporate methodologies designed to produce more reliable predictions,
such as model fine-tuning. To improve fairness and accuracy, we advocate for the development
of models that explicitly stratify by smoking status, either through cohort-specific architectures

or by integrating domain knowledge of non-smoking-related risk factors.

C.1.5 FExperimental Details

Our experiments were conducted using Python 3.10, Huggingface Transformers 4.53.2 [199],
and vLLM 0.9.2 [93]. Models were downloaded from Huggingface. The BERT baseline was
trained on a single NVIDIA A100 GPU; we added a linear layer over the [CLS] token’s final
hidden state to produce logits and optimized the model using a binary cross-entropy loss
with a learning rate of 5e-5, a batch size of 8, and 4 gradient accumulation steps (effective

batch size of 32). We employed an early stopping strategy with a patience of 3 epochs to
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prevent overfitting. For all LLM-based methods, we used default decoding parameters of
Gemma 3: a temperature of 1.0, top-p of 0.95, and top-k of 64. To accommodate the model’s
size and the long-context requirements of the task, inference was performed on two NVIDIA
A100 GPUs, leveraging tensor parallelism. Implementation of Traj-CoA will be released on

GitHub upon acceptance.

C.1.6 Prompts

We present the prompt templates and query for RAG in Table C.4, C.5, C.6, C.7, C.8, C.9,
C.10, and C.11.

C.2 Truveta Study

C.2.1 Two-stage Model Architecture

XML XML . . XML XML
Chunk Chunk Longltudlnal EHR XML Chunk Chunk
[Preprocesso. [Preprocessor Preprocessor Preprocessor [Preprocessor| [Preprocessor| Parallel R
aralle) un
Agent Agent Agent Agent Agent Agent
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Figure C.1: Model architecture of the two-stage approach.

The two-stage model was designed to evaluate whether a partially parallel architecture
could improve runtime performance. As illustrated in Fig. C.1, a set of parallel preprocessor
agents first filtered the XML chunks according to the cancer type of interest, removing

irrelevant events and generating a reduced EHR XML representation. The filtered XML



187

was then re-split into a new set of chunks and processed using the same Traj-CoA pipeline.
Because the preprocessing stage reduces the amount of retained information, the number of
downstream sequential worker agents is correspondingly reduced.

From a complexity perspective, let each original chunk have a token limit of [, and let
the EHR consist of C' chunks in total, so that the total XML length is L = [C. Suppose
each preprocessor reduces the chunk length by a factor of ¢, yielding a new chunk length of
lpew = é. The resulting filtered XML therefore has total length Ly, = éC . If the filtered

XML is then re-split using the same token limit /, which we applied in the experiments, the

number of new chunks becomes C\oyy = %.

Under this formulation, the original one-stage Traj-CoA pipeline has time complexity
O(C), whereas the two-stage model has time complexity O (1 + %), where the constant
term corresponds to the parallel preprocessing stage. This analysis suggests that for short
EHRs (C = 1), the two-stage design provides no runtime advantage. In contrast, when
C > q%l, the two-stage model becomes more efficient than the one-stage pipeline. Moreover,
the relative gain, given by ﬁ, increases with C, indicating that the benefit of the two-stage
architecture in latency is greater for longer EHRs. This theoretical result is consistent with

the empirical findings shown in Fig. 5.5d.

C.2.2  Any-cancer Prediction Performance

Besides prediction by cancer types, we further conducted an evaluation on an any-cancer
prediction task, where the task is to predict the first occurrence of any cancer among 15 cancer
types within the prediction window. We constructed age and sex-matched case-control data
with a 1:1 case-to-control ratio and a total of 9,978 patients through random sampling. This
evaluation framework follows prior multi-cancer early detection studies that assess pan-cancer
performance by aggregating multi-cancer risks into a single composite outcome [235, 204].
Besides similar prompt design for worker and manager agents as the cancer-specific
prediction, to reflect the fact that inferring cancer site is essential in cancer management [90]

and hence valuable to be considered in the prompts, we designed a “max pooling” strategy
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Figure C.2: Any-cancer prediction performance stratified by a. cancer type, b. screening

availability, and c. age groups.

where we require the agents to evaluate which cancer type has the strongest cumulative risk
signal and the overall risk score should reflect this most probable one.

Overall, the AUROC was 0.654 (95% CI, 0.643-0.665), with stratified performance across
cancer types ranging from 0.594 for esophageal cancer to 0.748 for liver cancer (Fig. C.2a).
This was lower than the performance observed for cancer-specific prediction (Fig. 5.4a), likely
because any-cancer prediction is inherently more challenging. Unlike cancer-specific prediction
tasks, which can focus on events relevant to a single malignancy, the any-cancer prediction
task needs to integrate signals across multiple cancer types with overlapping comorbidities
and diverse clinical presentations to produce a composite risk score.

We next stratified the cohort by whether the cancer type has an established routine
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screening recommendation. Cervical [3], lung [6], prostate 7], breast [4], and colorectal [5]
cancers were included in the screening group, and all other cancer types were included in
the non-screening group. Traj-CoA showed similar performance in the two groups, with
an AUROC of 0.652 for screening cancers and 0.671 for non-screening cancers (Fig. C.2b),
indicating robust performance in the any-cancer prediction task irrespective of screening
status.

Finally, we assessed performance across age strata. To reduce imbalance caused by sparse
samples in younger groups, we created an additional age- and sex-matched cohort by randomly
sampling up to 500 cases per 10-year age group, yielding a balanced cohort of 7,193 patients.
Traj-CoA showed varied discrimination across age groups, with AUROCSs ranging from 0.606
to 0.738 (Fig. C.2¢). Performance was highest in adults aged 20-29 years (AUROC, 0.738; n
= 333), lower in middle-aged groups (40-49 years, 0.606; 50-59 years, 0.639), and relatively
stable in older groups (60-69 years, 0.651; 70-79 years, 0.673; 80-89 years, 0.692). The ROC
curves remained above the diagonal reference line across all age strata, supporting predictive

value throughout adulthood.

C.2.3 Age-associated Evolution of Cancer Risk

Each worker agent produces an updated risk level after processing a temporal EHR chunk,
enabling reconstruction of a longitudinal risk trajectory for each patient. Aggregating and
summarizing the risk trajectories for all patients derives population-level risk transition
insights. Using lung cancer cohort as a case study, by aligning these risk updates with patient
age, we derived population-level lung cancer risk trajectories across age bands (40-80 years)
(Fig. C.3). Most individuals entered the record before age 70 with an initial classification
of low or moderate risk. The proportion of patients categorized as high risk increased
progressively after age 60, with the most pronounced expansion observed between 65 and 75
years, consistent with the cumulative effects of aging and comorbidity burden.

We further used GPT-5 to summarize the main rationales for these risk transitions from

the individual-level reasonings generated by Traj-CoA’s worker agents. Across age groups,
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transitions from low to moderate risk were commonly associated with newly documented risk
factors like smoking or stable but suspicious pulmonary abnormalities warranting surveillance.
Escalations from low to high or moderate to high risk were more often linked to deteriorating
respiratory status, including the progression of chronic lung disease, emergence of concerning
symptoms or new abnormal imaging findings. In older age bands, upward transitions more
frequently reflected cumulative baseline risk, including advanced age, chronic inflammation,
multimorbidity, and persistence or progression of structural lung abnormalities, even in
the absence of acute new events. Conversely, downgrades from high to moderate risk
were observed in older adults and were typically associated with clinical stability, lack of
radiographic progression, smoking cessation, or improvement in laboratory abnormalities,
although residual risk often persisted due to underlying structural disease. These findings
demonstrate that Traj-CoA captures dynamic, age-associated transitions in lung cancer risk

at both the individual and population levels.

C.2.4 Sensitivity Analysis on Time Gap

We conducted a sensitivity analysis by changing the time gap between time of prediction and
diagnosis into 0.5, 1, 2, 3, 4, and 5 years. Consequently, the prediction task changes with
various prediction horizons. Overall, AUROC declines as the gap increases, indicating that
prediction is generally easier closer to diagnosis (Fig. C.4). This decline is not uniform across
cancers. Liver cancer maintains the strongest performance across all gaps and appears to
plateau by 1 year, with only modest decline thereafter. Lung cancer shows a similar pattern,
with relatively high performance at short gaps and limited additional gain below 1 year. In
contrast, colorectal cancer shows a more marked improvement at 0.5 years compared with
1 year, suggesting that much of its predictive signal may emerge closer to diagnosis. Most
other cancers show a gradual decrease in AUROC as the prediction window extends, with
performance converging toward a narrower range at longer gaps. The top prevalent themes

identified in the 3-year prediction task were similar to what in the 1-year prediction task (Fig.

C.5).
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C.2.5 FEvaluation

For this binary classification task, we used the area under the receiver operating characteristic
curve (AUROC) as the primary evaluation metric. AUROC is less sensitive to class imbalance
than threshold-dependent metrics, making it appropriate for performance assessment under a
1:1 matching design. It has also been widely used in prior cancer prediction studies [235, 171]
and recommended in recent work on early detection settings [120]. Area under precision-recall
curve (AUPRC) values are reported for completeness but should be interpreted in the context
of the balanced 1:1 case-control design rather than real-world cancer prevalence.

For the LLM-as-a-judge evaluation, we adopted a pairwise comparison framework [62],
using GPT-5 with high reasoning effort as the judge model. For each rubric, the judge
was presented with two candidate responses and asked to select the better one. We defined
five dimensions to assess output quality for cancer early detection, inspired by prior work
in clinical ML and clinical LLM evaluation: (i) clarity and actionability [48], (ii) clinical
correctness [154], (iii) clinical reasoning [154], (iv) completeness and detail [154], and (v)
temporal reasoning [91, 40]. To mitigate the position bias [169], we report the average win

rate over two runs with different candidate orders.

C.2.6 Population-level Insights Analysis

In this section, we describe how we derive population-level insights from Traj-CoA’s generated
outputs. To unify the notation, we define a document as an event in Section 5.3.5 or a

summary in Section 5.3.5, respectively.

Topic Modeling

We designed an LLM-based topic modeling approach, inspired by TopicGPT [142], to identify
dominant themes from a document set D = {d;};,. The approach consists of two stages:
theme generation and theme assignment. First, we randomly sampled ny documents from D

and prompted GPT-5 to discover the top kj, themes # = {h;}*,. Here, random sampling
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was used to limit prompt length while retaining representative content. Next, we prompted
GPT-5 to assign the kj, themes to each document in D; documents not well represented by

any discovered theme were assigned to an “Other” category.

Embedding and Dimension Reduction

To support visualization and quantify the cross-document similarity, we embedded each docu-
ment using OpenAl’s text-embedding-3-large model. We then applied Uniform Manifold Ap-
proximation and Projection (UMAP) [121] to project the embeddings into a two-dimensional

space while preserving their local proximity structure.

C.2.7 Prompt Templates

Our prompt design aimed to maximize generalizability while avoiding extensive cancer-specific
feature engineering. We developed a shared prompt template for cancer prediction in which
worker agents were instructed to update the running summary narrative, identify relevant
risk factors and clinical events, interpret temporal patterns and status changes, and revise
the estimated cancer risk. The manager agent was prompted to synthesize longitudinal
trends, determine the final cancer-related events from the LTM and the final worker summary,
estimate the final cancer-specific risk, and provide supporting clinical reasoning. To preserve
flexibility across cancer types, we did not encode human-curated cancer-specific knowledge
in the prompts, instead relying on Traj-CoA’s internal knowledge to infer disease-relevant
patterns.

The prompt templates of Traj-CoA are presented in Table C.12, C.13, C.14, C.15, C.16,
and C.17. The prompt templates for LLM-as-a-judge evaluation on the lung cancer cohort are
presented in Table C.18 and C.19. The prompt templates for topic modeling in population-level
insights generation are shown in Table C.20 and C.21.



Table C.3: Case study of the final output O of a case patient.

De-identified Patient Lung Cancer Risk Assessment

Risk Evolution Summary

The patient is an -—year—old female with a significant history of COPD and a past smoking history, both
established risk factors for lung cancer. Her medical history is complicated by multiple comorbidities
including dementia, hypertension, and chronic kidney disease (CKD), along with significant frailty and
cognitive impairment, which could potentially delay diagnosis. Chronologically, her COPD was noted on
chest X-rays in - and confirmed in - Her advanced age (- in -, - in -) has been
a consistent risk factor. The patient’s smoking status was documented as ’Former’ in - Recent
presentations (-) for syncope, chest pain, and shortness of breath are concerning, although
initial workup (negative troponin, stable CT head, non-specific CXR showing interstitial pattern) did
not confirm an acute cardiac or neurological event or definitively point to malignancy. The presence
of mild hypoxemia (SpO2 92%) and fever (38.3°C) during the ER visit are non-specific but
warrant consideration in the context of her overall health. Her overall clinical picture remains high-risk
due to age, COPD, smoking history, and persistent concerning symptoms like shortness of breath and
chest pain, even if the immediate cause is unclear.

Final Lung Cancer-Related Events

. -: Patient born in -7 making her - years old in - Advanced age is a risk factor

for lung cancer.

. _: Chest X-ray revealed hyperinflation consistent with COPD. COPD is asso-
ciated with an increased risk of lung cancer.

. _: Diagnosis of COPD confirmed via radiology report (hyperinflation). COPD
is a significant risk factor for lung cancer.

T oot s [l vcors old. Advanced age is a significant risk factor for lung

cancer.

. _: Patient identified as a "Former’ smoker (tobacco_use). Being a former smoker

still carries an elevated risk compared to never smokers.

. _: Chest X-ray shows prominent interstitial pattern in the bilateral lungs. This
finding is non-specific and could represent pulmonary edema, interstitial lung disease, or potentially
an underlying malignancy, although it is not diagnostic.

. _: ER presentation for shortness of breath. Shortness of breath is a common

symptom of lung cancer, but also of COPD, heart failure, and other conditions.

. _: ER presentation for chest pain (unspecified). Chest pain is a potential

symptom of lung cancer, although it can have many other causes.

Final Risk Assessment

Risk Level: 8/10

Reasoning: The patient’s risk is assessed as high (8/10) for developing lung cancer within one year. This
assessment is based on the convergence of several significant risk factors: advanced age (- years), a
confirmed history of COPD (present since at least -) and a documented history as a former smoker.
While the recent chest X-ray finding of a ’prominent interstitial pattern’ is non-specific, it warrants further
investigation in the context of these risk factors. Furthermore, the patient’s presentation with shortness
of breath and chest pain, although potentially attributable to her known COPD or other comorbidities,
are classic symptoms that could also indicate lung cancer. Her significant cognitive impairment and
dementia may complicate symptom reporting and potentially delay diagnosis if malignancy were present.
The combination of established lung cancer risk factors (age, COPD, smoking history) and concerning
symptoms elevates her risk profile significantly, justifying a high-risk assessment despite the absence of
definitive diagnostic findings to date.

193



194

Table C.4: Prompt for the initial worker agent.

INITIAL WORKER SYSTEM PROMPT

You are an expert clinical Al assistant specializing in lung cancer risk assessment from longitudinal EHR data. You are answering the question

of "How likely is this patient to develop lung cancer within one year?" based on the provided EHR data chunk.

Task: Analyze the first chunk of a patient’s longitudinal EHR data, provided in XML format. Your goal is to establish a baseline understanding
of the patient’s lung cancer risk. You should filter out any irrelevant information and focus solely on the clinical aspects that pertain to lung

cancer risk assessment.

Input:
- chunk_xml: A string containing the first segment of the patient’s EHR data.

Instructions:

1. Summarize the Clinical Information: Briefly summarize the key clinical information present in this data chunk. This includes
demographics, diagnoses and symptoms, medications, procedures, abnormal lab results, relevant lifestyle factors, and key statements from the
notes. You should include timestamps for the key clinical information in the summary. Provide a concise overview of the patient’s health status
at the beginning of their record.

2. Identify Initial Risk Factors or Clinical Events: Explicitly list all potential lung cancer risk factors or clinical events found in the data,
such as risk factors, symptoms, abnormal lab results, findings, etc. For each event, provide the timestamp and a detailed description of the event.
3. Assess Initial Lung Cancer Risk: Based on the identified lung cancer related risk factors or clinical events, provide an initial lung cancer

risk assessment for this patient. The risk should be categorized as Low, Moderate, or High. Provide a clear rationale for your assessment.

Output Format:

Your output must be a single, easily parsable JSON object with the following keys:

- summary: A string containing the clinical summary.

- risk_factors_or_clinical_events: A list of JSON objects, where each object details an identified lung cancer related risk factor or clinical event.
- timestamp: The timestamp of the event.
- event: A detailed description of the event.

- risk_assessment: A JSON object indicating the assessed risk level for lung cancer diagnosis within 1 year ("Low’, 'Moderate’, or "High’).
- risk_level: The assessed risk level for lung cancer diagnosis within 1 year ("Low’, 'Moderate’, or "High’).

- reasoning: A string explaining the basis for your risk assessment.

ONLY output the JSON object without any additional text or formatting. Ensure that the JSON is valid and can be parsed easily.

Table C.5: User prompt for the initial worker agent.

INITIAL WORKER USER PROMPT

Here is the first data chunk:
<chunk_xm1>
{chunk_1_xml1}

</chunk_xml1>

Please provide the initial clinical summary and lung cancer risk assessment in JSON format.
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Table C.6: Prompt for the subsequent worker agent.

SUBSEQUENT WORKER SYSTEM PROMPT

You are an expert clinical AI assistant specializing in lung cancer risk assessment from longitudinal EHR data. You are answering the question

of "How likely is this patient to develop lung cancer within one year?" based on the provided EHR data chunk and previous clinical summary.

Task: Analyze a new chunk of a patient’s EHR data, considering the previous clinical summary, risk assessment, and the universal memory of
lung cancer related events. Your goal is to update the patient’s lung cancer risk profile based on new information. You should filter out any

irrelevant information and focus solely on the clinical aspects that pertain to lung cancer risk assessment.

Input:

- previous_summary: A JSON object from the previous agent containing the summary, lung cancer related events, and risk assessment up to this
point.

- memory_events: A list of the last 10 lung cancer related events from the universal memory, providing historical context across all processed
chunks.

- new_chunk_xml: A string containing the next segment of the patient’s EHR data.

Instructions:

1. Update the Summary: Briefly summarize the key clinical information from the new data chunk and DO aggregate it with the previous
summary. You should include timestamps for the key clinical information in the summary. Be sure to aggregate the new information with the
previous summary so that the summary is comprehensive and detailed. Include all important timestamps so far.

2. Identify Risk Factors or Clinical Events: List any new lung cancer risk factors or clinical events, such as risk factors, symptoms,
abnormal lab results, findings, etc.

3. Analyze Temporal Patterns and Status Changes: Describe any significant clinical changes or temporal trends observed between the
previous data and this new chunk (e.g., progression of a disease, initiation of a new treatment).

4. Assess Updated Lung Cancer Risk: Provide an updated lung cancer risk assessment, categorized as Low, Moderate, or High. Your

reasoning should clearly connect the new information, memory events, and temporal patterns to the change (or lack thereof) in risk.

Output Format:
Your output must be a single, easily parsable JSON object with the following keys:
- updated_summary: A string with the summary of the entire clinical information so far. The summary should be concise but detailed and include
timestamps for the key clinical information.
- new_risk_factors_or_clinical_events: A list of JSON objects detailing the new lung cancer risk factors or clinical events that are NOT in the
memory. Be comprehensive and detailed in the list of new events.

- timestamp: The timestamp of the event.

- event: A detailed description of the event, and how it may be related to lung cancer (risk factors, symptoms, abnormal lab results, findings,
etc.)
- temporal_analysis: A string describing clinical changes and temporal patterns so far.
- updated_risk_assessment: A JSON object for the updated risk level for lung cancer diagnosis within 1 year ("Low’, "Moderate’, or "High’).

- risk_level: The updated risk level for lung cancer diagnosis within 1 year ("Low’, ’Moderate’, or 'High’).

- reasoning: A string explaining the rationale for the updated risk assessment.

ONLY output the JSON object without any additional text or formatting. Ensure that the JSON is valid and can be parsed easily.




Table C.7: User prompt for the subsequent worker agent.
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SUBSEQUENT WORKER User PROMPT

Previous Agent Output:
<previous_summary>
{previous_agent_output}

</previous_summary>

Memory Events (Last 10 from Universal Memory):
<memory_events>
{memory_events}

</memory_events>

New Data Chunk:
<new_chunk_xml1>
{new_chunk_xml1}

</new_chunk_xm1>

Please provide the updated and consolidated summary in JSON format.
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Table C.8: Prompt for the manager agent.

MANAGER AGENT SYSTEM PROMPT

You are a senior clinical AI expert specializing in longitudinal lung cancer risk analysis. You are answering the question of "How likely is
this patient to develop lung cancer within one year?" based on the comprehensive outputs from multiple worker agents that have processed a

patient’s EHR data chronologically.

Task: Synthesize the outputs from the last worker agent and the universal memory of all lung cancer related events to provide a final,
comprehensive lung cancer risk assessment and a narrative of the patient’s risk evolution. You should filter out any irrelevant information and

focus solely on the clinical aspects that pertain to lung cancer risk assessment.

Input:

- final_worker_outputs: A JSON object, which is the output from the last worker agent that has processed a patient’s EHR data chronologically.
This object represents the patient’s entire available medical history summarized by the worker agents.

- universal_memory_events: A list of all lung cancer related events from the universal memory, providing complete historical context across all

processed chunks.

Instructions:

1. Synthesize Temporal Trends: Review the sequence of outputs and the complete universal memory. Create a concise narrative that
describes the patient’s clinical journey and the evolution of their lung cancer related events over time. Highlight key events or changes that
significantly impacted their risk profile.

2. Final Lung Cancer Related Events Assessment: Consolidate all identified lung cancer related events from the universal memory and
worker outputs into a final, comprehensive list. Ensure no events are duplicated and all are properly chronologically ordered.

3. Assess Final Lung Cancer Risk: Provide a final lung cancer risk assessment, from 1 to 10, where 1 is the lowest risk and 10 is the highest
risk.

4. Provide Comprehensive Reasoning: Justify your final risk assessment by explaining how the interplay of all lung cancer related events
from the universal memory and their temporal evolution contributes to the patient’s overall risk. This should be your most detailed and

conclusive reasoning.

Output Format:
Your output must be a single, easily parsable JSON object with the following keys:
- risk_evolution_summary: A string containing the narrative of the patient’s clinical journey and risk evolution.
- final_lung_cancer_related_events: A list of strings containing all unique, consolidated lung cancer related events from the universal memory.
- final_risk_assessment: A JSON object for the final risk level for lung cancer diagnosis within 1 year (1 to 10, where 1 is the lowest risk and 10 is
the highest risk).
- risk_level: An integer from 1 to 10, where 1 is the lowest risk and 10 is the highest risk.

- reasoning: A string providing a comprehensive justification for the final risk assessment.

ONLY output the JSON object without any additional text or formatting. Ensure that the JSON is valid and can be parsed easily.




Table C.9: User prompt for the manager agent.
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MANAGER AGENT UsSer PROMPT

All Worker Agent Outputs:
<final_worker_outputs>
{final_worker_outputs}

</final_worker_outputs>

Universal Memory Events (All Events):
<universal_memory_events>
{universal_memory_events}

</universal_memory_events>

Please provide the final risk assessment and narrative summary in JSON format.

Table C.10: User prompt for the Manager agent without universal memory.

MANAGER AGENT User PrRoMPT WiTHOUT MEMORY

All Worker Agent Outputs:
<final_worker_outputs>
{final_worker_outputs}

</final_worker_outputs>

Please provide the final risk assessment and narrative summary in JSON format.

Table C.11: The query for RAG.

LuNnc CANCER QUERY FOR RAG

What is the patient’s risk of lung cancer?
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Figure C.4: Sensitivity analysis on how the time gap between time of prediction and diagnosis

affects predictive performance.
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Figure C.5: Top prevalent themes identified for each cancer type from patient summaries in

the 3-year prediction task.
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INITIAL WORKER SYSTEM PROMPT

You are an expert clinical AI assistant specializing in {cancer type} risk assessment from longitudinal EHR data. You are answering the

question of “How likely is this patient to develop {cancer type} within one year?” based on the provided EHR data chunk.

Task: Analyze the first chunk of a patient’s longitudinal EHR data, provided in XML format. Your goal is to establish a baseline understanding
of the patient’s {cancer_type} risk. You should filter out any irrelevant information and focus solely on the clinical aspects that pertain to

{cancer_type} risk assessment.

Input:
- chunk_xml: A string containing the first segment of the patient’s EHR data.

Instructions:

1. Summarize the Clinical Information: Briefly summarize the key clinical information present in this data chunk. This includes
demographics, diagnoses and symptoms, medications, procedures, abnormal lab results, relevant lifestyle factors, and key statements from the
notes. You should include timestamps for the key clinical information in the summary. Provide a concise overview of the patient’s health status
at the beginning of their record.

2. Identify Initial Risk Factors or Clinical Events: Explicitly list all potential {cancer type} risk factors or clinical events found in the
data, such as risk factors, symptoms, abnormal lab results, findings, etc. For each event, provide the timestamp and a detailed description of the
event.

3. Assess Initial {cancer_type} Risk: Based on the identified {cancer type} related risk factors or clinical events, provide an initial
{cancer_type} risk assessment for this patient. The risk should be categorized as Low, Moderate, or High. Provide a clear rationale for your

assessment.

Output Format:
Your output must be a single, easily parsable JSON object with the following keys:
- summary: A string containing the clinical summary.
- risk_factors_or_clinical_events: A list of JSON objects, where each object details an identified {cancer type} related risk factor or clinical
event.
- timestamp: The timestamp of the event.
- event: A detailed description of the event.
- risk_assessment: A JSON object indicating the assessed risk level for {cancer _type} diagnosis within one year (’Low’, 'Moderate’, or 'High’).
- risk_level: The assessed risk level for {cancer type} diagnosis within one year (’Low’, ’Moderate’, or ’High’).

- reasoning: A string explaining the basis for your risk assessment.

ONLY output the JSON object without any additional text or formatting. Ensure that the JSON is valid and can be parsed easily.

Table C.12: Initial worker system prompt template for multi-cancer early detection.

INITIAL WORKER USER PROMPT

Here is the first data chunk:
<chunk_xm1>
{chunk xml}

</chunk_xm1>

Please provide the initial clinical summary and cancer risk assessment in JSON format.

Table C.13: Initial worker user prompt template for multi-cancer early detection.
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SUBSEQUENT WORKER SYSTEM PROMPT

You are an expert clinical Al assistant specializing in {cancer_type} risk assessment from longitudinal EHR data. You are answering the
question of “How likely is this patient to develop {cancer_type} within one year?” based on the provided EHR data chunk and previous clinical

summary.

Task: Analyze a new chunk of a patient’s EHR data, considering the previous clinical summary, risk assessment, and the universal memory of
{cancer_type} related events. Your goal is to update the patient’s {cancer_type} risk profile based on new information. You should filter out

any irrelevant information and focus solely on the clinical aspects that pertain to {cancer_type} risk assessment.

Input:

- previous_summary: A JSON object from the previous agent containing the summary, {cancer _type} related events, and risk assessment up to this
point.

- memory_events: A list of the last 10 {cancer_type} related events from the universal memory, providing historical context across all processed
chunks.

- new_chunk_xml: A string containing the next segment of the patient’s EHR data.

Instructions:

1. Update the Summary: Briefly summarize the key clinical information from the new data chunk and DO aggregate it with the previous
summary. You should include timestamps for the key clinical information in the summary. Be sure to aggregate the new information with the
previous summary so that the summary is comprehensive and detailed. Include all important timestamps so far.

2. Identify Risk Factors or Clinical Events: List any new {cancer_type} risk factors or clinical events, such as risk factors, symptoms,
abnormal lab results, findings, etc.

3. Analyze Temporal Patterns and Status Changes: Describe any significant clinical changes or temporal trends observed between the
previous data and this new chunk (e.g., progression of a disease, initiation of a new treatment).

4. Assess Updated {cancer_type} Risk: Provide an updated {cancer_type} risk assessment, categorized as Low, Moderate, or High.

Your reasoning should clearly connect the new information, memory events, and temporal patterns to the change (or lack thereof) in risk.

Output Format:
Your output must be a single, easily parsable JSON object with the following keys:
- updated_summary: A string with the summary of the entire clinical information so far. The summary should be concise but detailed and include
timestamps for the key clinical information.
- new_risk_factors_or_clinical_events: A list of JSON objects detailing the new {cancer_type} risk factors or clinical events that are NOT in the
memory. Be comprehensive and detailed in the list of new events.

- timestamp: The timestamp of the event.

- event: A detailed description of the event, and how it may be related to {cancer_type} (risk factors, symptoms, abnormal lab results,
findings, etc.)
- temporal_analysis: A string describing clinical changes and temporal patterns so far.
- updated_risk_assessment: A JSON object for the updated risk level for {cancer_type} diagnosis within one year (’Low’, ’Moderate’, or ’High’).

- risk_level: The updated risk level for {canceritype} diagnosis within one year (’Low’, 'Moderate’, or ’High’).

- reasoning: A string explaining the rationale for the updated risk assessment.

ONLY output the JSON object without any additional text or formatting. Ensure that the JSON is valid and can be parsed easily.

Table C.14: Subsequent worker system prompt template for multi-cancer early detection.
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SUBSEQUENT WORKER USER PROMPT

Previous Agent Output:
<previous_summary>
{previous_agent_output}

</previous_summary>

Memory Events (Last 10 from Universal Memory):
<memory_events>
{memory _events}

</memory_events>

New Data Chunk:
<new_chunk_xm1>
{chunk_xml}

</new_chunk_xml>

Please provide the updated and consolidated summary in JSON format.

Table C.15: Subsequent worker user prompt template for multi-cancer early detection.
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MANAGER AGENT SYSTEM PROMPT

You are a senior clinical Al expert specializing in longitudinal {cancer_type} risk analysis. You are answering the question of “As of
{time_ of _prediction}, how likely is this patient to develop {cancer_type} within one year?” based on the comprehensive outputs from multiple

worker agents that have processed a patient’s EHR data chronologically.

Task: Synthesize the outputs from the last worker agent and the universal memory of all {cancer_type} related events to provide a final,
comprehensive {cancer_type} risk assessment and a narrative of the patient’s risk evolution. You should filter out any irrelevant information

and focus solely on the clinical aspects that pertain to {cancer_type} risk assessment.

Input:

- final_worker_outputs: A JSON object, which is the output from the last worker agent that has processed a patient’s EHR data chronologically.
This object represents the patient’s entire available medical history summarized by the worker agents.

- universal_memory_events: A list of all {cancer_type} related events from the universal memory, providing complete historical context across all

processed chunks.

Instructions:

1. Synthesize Temporal Trends: Review the sequence of outputs and the complete universal memory. Create a concise narrative that
describes the patient’s clinical journey and the evolution of their {cancer_type} related events over time. Highlight key events or changes that
significantly impacted their risk profile.

2. Final {cancer_type} Related Events Assessment: Consolidate all identified {cancer_type} related events from the universal memory
and worker outputs into a final, comprehensive list. Ensure no events are duplicated and all are properly chronologically ordered.

3. Assess Final {cancer type} Risk: Provide a final {cancer_type} risk assessment, from 1 to 10, where 1 is the lowest risk and 10 is the
highest risk.

4. Provide Comprehensive Reasoning: Justify your final risk assessment by explaining how the interplay of all {cancer_type} related
events from the universal memory and their temporal evolution contributes to the patient’s overall risk. This should be your most detailed and

conclusive reasoning.

Output Format:
Your output must be a single, easily parsable JSON object with the following keys:
- risk_evolution_summary: A string containing the narrative of the patient’s clinical journey and risk evolution.
- final_{cancer_type}_related_events: A list of strings containing all unique, consolidated {cancer type} related events from the universal memory.
- final_risk_assessment: A JSON object for the final risk level for {cancer type} diagnosis within one year (1 to 10, where 1 is the lowest risk and
10 is the highest risk).

- risk_level: An integer from 1 to 10, where 1 is the lowest risk and 10 is the highest risk.

- reasoning: A string providing a comprehensive justification for the final risk assessment.

ONLY output the JSON object without any additional text or formatting. Ensure that the JSON is valid and can be parsed easily.

Table C.16: Manager agent system prompt template for multi-cancer early detection.
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MANAGER AGENT USER PROMPT

All Worker Agent Outputs:
<final_worker_outputs>
{final _worker _outputs}

</final_worker_outputs>

Universal Memory Events (All Events):
<universal_memory_events>
{universal _memory _events}

</universal_memory_events>

Please provide the final risk assessment and narrative summary in JSON format.

Table C.17: Manager agent user prompt template for multi-cancer early detection.



LLM JUDGE SYSTEM PROMPT

You are an expert pulmonologist and clinical informatician. Your task is to act as an impartial judge and evaluate the responses of two Al
models (Model A and Model B). These models were tasked with predicting a patient’s risk of developing lung cancer within a specific timeframe,
based on their longitudinal Electronic Health Record (EHR) data. You must critically compare the two outputs based on the ground truth

diagnosis and the specific evaluation rubrics defined below.

You will evaluate the models on five key dimensions. For each rubric, you must determine a winner (“Model A”, “Model B, or “Tie”) and provide
a concise justification for your decision.

1. Clinical Correctness and Plausibility: Assess whether the model’s risk assessment is clinically plausible and consistent with expert knowledge
and the ground truth diagnosis.

2. Completeness and Detail: Assess whether the model identified and utilized the full spectrum of relevant data from the longitudinal EHR,

without omitting critical factors or including irrelevant ones. Assess the depth of the model’s analysis and the comprehensiveness of its reasoning.

3. Clinical Reasoning and Justification: Evaluate the quality of the model’s explanation. This goes beyond what factors were listed (Completenes
and judges how they were used to build an argument.

4. Longitudinal and Temporal Reasoning: Specifically assess the model’s ability to interpret changes over time in the longitudinal EHR data and
connect them to the future risk timeframe ({years} years).

5. Clarity and Actionability: Assess how clear, actionable and understandable the output is. The output should facilitate clinical decision-making

and communication for early detection and prevention of lung cancer.

Output Format (JSON): After your evaluation, provide your response only in the following JSON format. Do not include any text before or

after the JSON block.

{
"evaluation_summary”: {
"overall_winner”: "Model A" | "Model B" | "Tie",
“overall_justification”: “A brief, one-sentence summary of why the overall winner was chosen (e.g., 'Model A provided a more complete and

well-reasoned analysis, despite Model B being more concise.’)"

i
"rubric_comparison”: [
{
"rubric”: "1. Clinical Correctness and Plausibility”,
"winner”: "Model A" | "Model B | "Tie",
"justification”: "Your reasoning for this rubric’s winner."
3
{
"rubric”: "2. Completeness and Detail”,
"winner”: "Model A" | "Model B" | "Tie",
"justification”: "Your reasoning for this rubric’s winner.”
b
{
"rubric”: "3. Clinical Reasoning and Justification”,
"winner”: "Model A" | "Model B" | "Tie",
"justification”: "Your reasoning for this rubric’s winner.”
i
{
"rubric”: "4. Longitudinal and Temporal Reasoning”,
"winner”: "Model A" | "Model B" | "Tie",
"justification”: "Your reasoning for this rubric’s winner.”
b
{
“rubric”: "5. Clarity and Actionability”,
"winner”: "Model A" | "Model B" | "Tie",
"justification”: "Your reasoning for this rubric’s winner.”
¥
]

Table C.18: LLM judge system prompt template.
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LLM JUDGE USER PROMPT

The prediction problem is to predict whether a patient will be diagnosed with lung cancer within {years} years.

The ground truth diagnosis is: {diagnosis}

The model outputs are as follows:

Model A Output:
{model_a_output}

Model B Output:
{model b _output}

Please compare the two model outputs and provide your evaluation in the JSON format specified in the system prompt.

Table C.19: LLM judge user prompt template.

TOPIC MODELING THEME GENERATION SYSTEM PROMPT

You are a clinical NLP analyst. You will receive a collection of patient-level clinical event summaries that all belong to cancer type:

“{cancer _type}”. Each summary is a list of dated clinical events for one patient.

Your task: identify the 5 most common themes across these patient summaries. Each theme should be a short, descriptive label (3-8 words)

that captures a recurring clinical pattern found across many patients.

Rules:

- Derive themes purely from the provided events; do not introduce outside knowledge.
- Themes must be mutually exclusive and collectively representative.

- Order themes from most to least common.

- Return ONLY a JSON list of exactly 5 strings (the theme labels), no extra text.

Table C.20: Topic modeling phase 1 system prompt for theme generation.

TOPIC MODELING THEME ASSIGNMENT SYSTEM PROMPT

You are a clinical NLP assistant. Each patient below has cancer type “{cancer_type}”. The top-5 themes for this cancer type are:

{themes_list}

For every patient you receive, decide which themes (zero, one, or several) are mentioned in their summary. A patient can match multiple themes.

You will receive a JSON list of objects with “id" (integer) and “summary" (string). Return a JSON list of objects with “id" (same integer) and
“themes" (a list of the matching theme labels from the 5 above; empty list if none match). Return ONLY the JSON list, no extra text.

Table C.21: Topic modeling phase 2 system prompt for theme assignment.
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Appendix D
TRAJ-EVOLVE

D.1 Dataset

Figure D.1 demonstrates the token count distributions of total XML tokens and per-chunk
XML tokens. Each agent in Traj-Evolve had fewer input contexts, mitigating the loss-in-the-
middle phenomenon.

To compare the ever-smoker and never-smoker populations in cases and controls, we
extracted features from clinical notes and radiology reports to identify clinical status indicators,
such as symptoms. Specifically, we used GENIE-en-8B [214] to extract the presented sign,
symptom, finding, disease, syndrome, pathologic function, individual behavior, and anatomical
abnormality from the tests. These extracted terms were then clustered into concepts using
CODER++ [219] using agglomerative clustering with a threshold cosine similarity of 0.8
[217, 213|. We then compared the prevalence rates of these concepts between the four groups.

Figure D.2 shows a comparison heatmap among selected concepts.
D.2 Full Performance Comparison

As shown in Table D.1 and D.2, Traj-Evolve with both ExPool and MARL achieved the
best performance across most of the metrics. Traj-Evolve (ExPool) had higher specificity,
while Traj-Evolve (MARL) had higher sensitivity, consistent with our risk score distribution

analysis.
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Figure D.1: Token count distributions by case-control status. Boxplots compare total
XML token counts per patient with mean chunk-level token counts, stratified by case and

control status. The y-axis is shown on a logarithmic scale.
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Table D.1: Model performance comparison for 1-year lung cancer prediction on overall

population. Results are based on bootstrapping with 1,000 iterations and standard error is

reported.
1-year
Model Family Model Fine-tuning Data Modalities
AUROC AUPRC Sensitivity ~ Specificity PPV NPV F1
Clinical LCRAT Zero-shot Clinical 0.690 (0.027)  0.169 (0.028)  0.789 (0.137)  0.538 (0.140) ~ 0.154 (0.033)  0.965 (0.014)  0.252 (0.034)
L LR SFT Codes 0.752 (0.027)  0.267 (0.042)  0.705 (0.081)  0.703 (0.074)  0.197 (0.034)  0.960 (0.009)  0.304 (0.036)
: Xghoost SFT Codes 0.755 (0.027)  0.261 (0.042)  0.713 (0.069)  0.712 (0.057)  0.201 (0.030) ~ 0.962 (0.008)  0.312 (0.034)
oL RETAIN SFT Codes 0.699 (0.029)  0.195 (0.032)  0.661 (0.158) 0.654 (0.157) 0.179 (0.056) 0.953 (0.014)  0.268 (0.044)
PatientTM SFT Codes, Texts 0.683 (0.028)  0.189 (0.033)  0.710 (0.105)  0.595 (0.105)  0.154 (0.026)  0.955 (0.011)  0.249 (0.029)
BERT Clinical ModernBERT SFT All 0.740 (0.027)  0.241 (0.040)  0.674 (0.086)  0.718 (0.077)  0.199 (0.034)  0.957 (0.009)  0.303 (0.036)
GPT-0SS-20B Zero-shot All 0.794 (0.024)  0.262 (0.040)  0.734 (0.067)  0.748 (0.062)  0.230 (0.038)  0.966 (0.008)  0.347 (0.041)
RAG Zero-shot All 0.806 (0.024)  0.296 (0.047) 0.788 (0.067)  0.712 (0.061)  0.218 (0.036)  0.972 (0.008)  0.339 (0.040)
LAt Traj-CoA Zero-shot All 0.814 (0.023)  0.302 (0.059)  0.727 (0.093)  0.767 (0.099)  0.253 (0.053)  0.970 (0.010)  0.371 (0.055)
- Traj-Evolve (ExPool) Few-shot All 0.837 (0.020)  0.315 (0.042)  0.705 (0.049)  0.805 (0.013)  0.271 (0.030)  0.964 (0.007)  0.391 (0.035)
Traj-Evolve (MARL) SFT All 0.843 (0.023)  0.309 (0.042) 0.813 (0.045) 0.798 (0.021) 0.272 (0.032) 0.979 (0.006) 0.408 (0.037)
Traj-Evolve (ExPool+MARL) SFT All 0.860 (0.020) 0.323 (0.045) 0.724 (0.086) 0.841 (0.094) 0.293 (0.057) 0.971 (0.009) 0.417 (0.062)

Table D.2: Model performance comparison for 1-year patient outcomes (Never-smoker Popu-

lation)
1-year
Model Family Model Fine-tuning Data Modalities
AUROC AUPRC Sensitivity Specificity PPV NPV F1
Clinical LCRAT Zero-shot Clinical 0.606 (0.046)  0.046 (0.012)  0.726 (0.123)  0.580 (0.108)  0.059 (0.024)  0.985 (0.005)  0.107 (0.031)
L LR SFT Codes 0.678 (0.046)  0.055 (0.013)  0.690 (0.103)  0.685 (0.088)  0.070 (0.017)  0.985 (0.005)  0.127 (0.027)
: Xghoost SFT Codes 0.706 (0.050)  0.078 (0.022)  0.616 (0.092)  0.819 (0.049)  0.105 (0.026)  0.985 (0.004)  0.178 (0.038)
oL RETAIN SFT Codes 0.571 (0.047)  0.045 (0.015)  0.776 (0.160)  0.442 (0.157)  0.047 (0.018) 0.985 (0.007)  0.087 (0.020)
PatientTM SFT Codes, Texts 0.623 (0.040)  0.043 (0.009) 0.834 (0.109) 0.468 (0.117)  0.051 (0.010)  0.989 (0.006) ~ 0.096 (0.018)
BERT Clinical ModernBERT SFT All 0.755 (0.036)  0.103 (0.037)  0.825 (0.087)  0.640 (0.091) 0.074 (0.017) 0.991 (0.004) 0.134 (0.028)
GPT-0SS-20B Zero-shot All 0.755 (0.049)  0.197 (0.065)  0.622 (0.105)  0.823 (0.069)  0.115 (0.044) 0.985 (0.004)  0.190 (0.065)
RAG Zero-shot All 0.780 (0.047)  0.185 (0.057)  0.697 (0.125)  0.786 (0.111)  0.120 (0.054)  0.988 (0.005)  0.196 (0.069)
_ Traj-CoA Zero-shot All 0.775 (0.048)  0.227 (0.081)  0.665 (0.127)  0.817 (0.115)  0.136 (0.061)  0.987 (0.005)  0.215 (0.080)
Traj-Evolve (ExPool) Few-shot All 0.819 (0.047)  0.269 (0.087)  0.542 (0.105) 0.927 (0.009) 0.194 (0.050) 0.984 (0.005) 0.286 (0.064)
Traj-Evolve (MARL) SFT All 0.822 (0.040) 259 (0.062)  0.728 (0.084) 54 (0.049)  0.158 (0.043)  0.989 (0.004)  0.257 (0.057)
Traj-Evolve (ExPool+ MARL) SFT All 0.835 (0.048) 0.279 (0.082) 0.680 (0.096) 0.905 (0.011) 0.200 (0.048) 0.988 (0.004) 0.309 (0.057)
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Figure D.2: Frequency of selected clinical concepts by lung cancer case status and smoking
status. Heatmap cells show the percentage of patients in each group with the corresponding
concept recorded. Concepts are ordered by the maximum observed frequency across the four

patient groups. COPD = chronic obstructive pulmonary disease.
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